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Understanding gene-disease associations isimportant for uncovering
pathological mechanisms and identifying potential therapeutic targets.
Knowledge graphs can represent and integrate data from multiple
biomedical sources, but lack individual-level information on target organ
structure and function. Here we develop CardioKG, aknowledge graph
thatintegrates over 200,000 computer vision-derived cardiovascular
phenotypes from biomedical images with data extracted from 18 biological
databases to model over a million relationships. We used a variational graph
auto-encoder to generate node embeddings from the knowledge graph

to predict gene-disease associations, assess druggability and identify
drug repurposing strategies. The model predicted genetic associations
and therapeutic opportunities for leading causes of cardiovascular
disease, which were associated with improved survival. Candidate
therapies included methotrexate for heart failure and gliptins for atrial
fibrillation, and the addition of imaging data enhanced pathway discovery.
These capabilities support the use of biomedical imaging to enhance
graph-structured models for identifying treatable disease mechanisms.

Comprehension of gene-disease associations is crucial for deciphering
the molecular mechanisms underlying various diseases and identify-
ing potential therapeutic targets'. Knowledge graphs (KGs) have been
used to systematically model and interrogate the biology regulating
complex systems and diseases at multiple scales of organization® A
KG represents real-world facts and semantic relationships in a graph
structure comprising nodes and edges. Entities withinaKG represent
genomics, transcriptomics, proteomics, molecular functions (MF),
intra-andintercellular pathways, phenotypes, therapeutics and envi-
ronmental exposures®. To construct a KG, information is aggregated
from curated databases, nonstandardized repositories and evolving

ontologies*. Machine learning approaches are applied to map entities
andrelationships to alow-dimensional vector space that represents its
semantic structure more efficiently for downstream prediction tasks’.

While KGs provide a comprehensive framework for predicting
potential gene-disease associations and prioritizing candidates for
furtherinvestigation*®, they lackindividual-level phenotypes encoding
target organ structure and function. In this work we introduce Car-
dioKG, aKGthatintegrates rich computer vision-derived phenotypes
of cardiovascular structure and function from biomedical imaging with
datasourced from diverse biological databases. This approach lever-
ages human‘endophenotypes’, which are closer to the pathophysiology
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of disease than other observable traits, to improve the prediction of
gene-disease associations. We achieve this through developing an
embeddingalgorithmthat preserves the intrinsic properties of nodes
and their directional relationship. We assess the performance of this
vision-augmented KG, using 21 different imaging traits along with
datafrom 18 biomedical databases for the detection of gene-disease
associations and drug repurposing with functional enrichment analysis
toassess the prioritized genes’rolein critical biological pathways. This
work shows how biomedicalimaging possesses semantically meaning-
ful information in multimodal graph-structured models of human
disease for precision medicine applications.

Results

Study overview

The UK Biobank study recruited around 500,000 participants aged
40-69 years between 2006 and 2010’. A substudy recalled partici-
pants for cardiac magnetic resonance (CMR) imaging and computer
vision analysis was subsequently used to measure 21 image-derived
phenotypes capturing dynamic structural and functional systolic and
diastolic traits of the ventricles, atria and aorta®. For building the KG we
selected 4,280 participants who had imaging and a diagnosis of atrial
fibrillation (AF), heart failure (HF), myocardial infarction (MI), hyper-
trophic cardiomyopathy (HCM) or dilated cardiomyopathy (DCM)
(Supplementary Table1), as well as a healthy group of 5,304 participants
to capture arange of phenotypic diversity. The mean age at diagnosis
was 67.6 + 8.8 years and the mean age at CMRwas 69.5 + 6.6 years. The
mean time from diagnosis to CMR was 1.95 + 6.35 years. In total, over
200,000image-derived phenotypes were used in the model. The results
are presented for the three most prevalent and potentially treatable
diseases in our cohort (AF, HF and MI). Baseline characteristics of the
selected participants are summarized in Supplementary Table 2. A
validation group of 489 participants without imaging was used for
assessing drug repurposing outcomes.

We constructed CardioKG, a KG that integrates cardiovascular
image-derived traits with external biomedical databases to model
the complex biological relationships between genes, diseases and
phenotypes. We then trained a variational graph auto-encoder (VGAE)’
togenerate node embeddings from the resulting KG using anapproach
we developed to preserve directional relationships, enabling the appli-
cation of machine learning models to more accurately predict gene-
disease associations. Functional enrichment® analysis was used to
identify related molecular mechanisms, biological processes and
pathways. A druggability analysis' of the predicted genes evaluated
therapeutic potential. Finally, we conducted a drug repurposing™
analysis to identify existing medications that could be repositioned
to target the diseases of interest. Figure 1 shows the overall design of
the study and Fig. 2 shows how the participants were selected. Figure 3
shows how computer vision-derived phenotypes were connected to
other entitiesin the KG.

Ground truth labels for training a machine learning classifier to
predict potential gene-disease and medication-disease pairings were
obtained from DisGeNET" and DrugBank' databases. Associations
not used in the construction of CardioKG were used for training. The
embeddings were concatenated to preserve information from each
model. Enrichment analysis was conducted for the top ten predicted
genes, and we assessed theimportance of related entities and imaging
features. Druggability was evaluated using the Drug-Gene Interaction
database (DGIdb)™.

Data extraction and KG construction

In addition to the imaging data, we aggregated information from 18
biomedical databases (Methods) to extract relevant knowledge on
gene names, disease names, medication names, interactions between
the medications and genes and other related biomedical terms, and
converted the extracted data into a graph structure of nodes and

relationships (Fig. 3¢). A total of 33,277 nodes and 1,195,437 relation-
ships were extracted to construct CardioKG. The nodesincluded genes
(n=18,606), human participants (n =9,584), medications (n=2,106) and
molecular pathways (n =1,707). Phenotypic abnormalities were linked
to humandiseases (n =1,036) and anatomical regions (n =160), which
included 5 structures segmented onimaging measuring 21 traits across
eachselected disease. Databases also included information onair pol-
lutants, biological processes (BP), MF and cellular components (CC).

Embedding algorithm

KG embeddings offer a compact numerical representation of the
graph’sstructure and content, enabling algorithms to learn and reason
over the data. Each node (entity) and edge (relationship) is assigned
avector representation through minimizing a loss function. Here,
we developed an architecture based on a directed variational graph
auto-encoder (DVGAE), which generates embeddings of the KG while
preserving node and relationship properties as well as the directionality
of relationships. Thereconstructed graph accurately represented the
original graph with high edge-wise accuracy of the embeddings (98.1%).
Alternative methods such as Node2Vec”, TransE' and ComplEx” do
not capture node and edge-specific features or directionality, which
are attributes of our KG structure.

Predicting gene-disease associations

Embeddings of genes associated or not associated with disease were
concatenated with the embeddings of each disease of interest (Sup-
plementary Tables 3-5). Ground truth labels for training used Dis-
GeNET, which is a database containing over 2 million gene-disease
associations, involving 29,000 genes and over 42,000 diseases with
4.3 million variant-disease associations'> aggregated from a dozen
repositories that annotate clinically relevant variants (ClinVar) or
genes (ClinGen and Genomics England PanelApp, among others).
Three machine learning algorithms—random forest, support vector
machine (SVM) and artificial neural networks (ANNs)—were trained
onthe concatenated embeddings to predict the association between
the genes and disease using fivefold cross-validation. SVM achieved
thebest performance based onaccuracy (72.4% in HF, 75.0% in AF and
83.3% in MI), specificity (93.0% in HF, 97.0% in AF and 91.7% in MI),
sensitivity (52.0% in HF, 51.6% in AF and 69.2% in MI) and area under
the receiver operating characteristic curve (AUC-ROC, 0.80 in HF,
0.78in AF and 0.83 in MI) (Supplementary Table 6). Hence, SVM was
used to predict potential associations for unlabeled genes without
aknown disease gene-disease association. Each predicted gene was
assigned and ranked by a predicted probability of its association with
disease. The top ten predicted genes (Supplementary Table 7) were
selected as examples for functional enrichment analysis. A compari-
son was made for pathway enrichment using a KG without imaging
traits. A hypergeometric test was used to determine whether a set
of predicted genes is statistically overrepresented in a predefined
reference gene set.

The top ten predicted genes for HF included GATA2, AGRI and
EP300, which were significantly associated with 815 pathways (Sup-
plementary Fig. 1 and Supplementary Information), among which
66 were identified as relevant pathways such as angiogenesis and the
MAPK cascade (Supplementary Fig.2). These findings implicate genes
in signaling cascades that regulate cellular regeneration and aging
as potential genetic modifiers of HF. Variants in the MAPK pathway
havealsorecently beenimplicated ingenome-wide association study
(GWAS) data not used for KG training'®. Without imaging traits, only
four relevant pathways were identified (Supplementary Fig. 2 and
Supplementary Table 7).

In AF, enrichment for prioritized genes including SRC, GATAI
and HSPA8 was identified in 658 pathways, of which 14 were relevant
pathways associated with AF, including processes regulating cardiac
conduction, response to hypoxia and regulation of immune system
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Fig.1| Overview of the KG construction and embedding process. Data were
extracted from UK Biobank and 18 external databases to define entities (for
example, genes, diseases, medications, pathways and imaging features) and their
relationships. a, A schematic diagramillustrating the structure of the resulting
multimodal KG. A DVGAE was then applied to learn low-dimensional embeddings
for each node, preserving both topology and semantic relationships*. b, For
predicting potential gene-disease associations, we used a ground truth of known
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pairs from the DisGeNET" database. Concatenated embeddings were used to
train amachine learning classifier. Pathway enrichment analysis and ranking of
feature importance was performed and potential druggability assessed using
the DGIdb*. ¢, Using the same approach, known medication-disease pairs from
the DrugBank® database were used to predict new therapeutic associations.
Validation was performed using enrichment analysis, outcome analysis and
graph-based methods.

process (Supplementary Fig. 3 and Supplementary Information). These
findings implicate genes that may regulate immune response and
inflammation in AF, emerging as risk factors for arrhythmic disease',
and support a potential role for SRC, which has been proposed as a
promising targetin other cardiovascular diseases?. Without imaging
traits, only onerelevant pathway for AF wasidentified (Supplementary
Table 7 and Supplementary Fig. 3).

Last, in MI, predicted genesincluded PCNA, HTT and SNCA, which
were significantly associated with 406 pathways, including 42 relevant
pathwaysrelated to Ml, suchas apoptosis and cellular response to stress
(Supplementary Fig. 4 and Supplementary Information). Enrichment
analysis without CMR features revealed only four relevant pathways
associated with MI (Supplementary Table 7 and Supplementary Fig. 4).

Druggablity of predicted genes

We assessed the therapeutic potential of the top ten predicted genes
foreach disease using the DGldb, which curatesinformation ondrugs
knowntoinhibit, activate or otherwise modulate the activity of specific
genes or their protein products. This evaluation focused on deter-
mining whether genes prioritized by CardioKG are actionable by
existing drugs. Among the top ten predicted genes, defined as genes
not previously reported as significantly associated with HF, AF or MI
according to DisGeNET, a comprehensive gene-disease association
databaseintegrating information from ClinVar, GWAS Catalog, UniProt,
Orphanet and published literature, five were identified as druggable
(AR,APP,GATA2, EGR1and EP300). These genes have been recognized
as potential therapeutic targets and can be modulated by a total of 48
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Fig. 2| Cohort extraction from UK Biobank. a, The cohort (n = 9,548) used to construct the KG included participants with AF, MI, HF, HCM, DCM and healthy
individuals. b, The group (n = 489) used to validate the predicted medications using survival analysis in drug repurposing, including those with AF or HF taking

medication for RA.

medications. Drugsincluding the monoclonal antibodies ponezumab
and bapinezumab have been identified as potential candidates for
targeting APP for instance (Supplementary Fig. 5).

For predicted genes associated with AF, seven were druggable
(SRC, CASP8, DAPK1,H2AX, HSPA8, EP300 and HNF4A). These genes can
betargeted by 37 medicationsincluding several antidiabetic ‘gliptins’
(dipeptidyl peptidase-4 inhibitors), which have observational evidence
of a potential anti-arrhythmic role in treated patients with diabetes
(Supplementary Fig. 6)*'. Finally for MI, of the predicted genes, two
were identified as druggable (SNCA and H2AX). These genes can be
targeted by four medications, including apoptosisinducers eltanexor
and selinexor (Supplementary Fig. 7). Without CMR features in the
KG, only two genes were identified as potentially druggable for each
of HF (Supplementary Fig. 8), AF (Supplementary Fig. 9) and MI (Sup-
plementary Fig. 7).

Importance of image-derived phenotypes

Theimportance of encoded imaging traits was assessed by PageRank?,
which quantifies node centrality based on the structure of incom-
ing connections, assigning higher scores to nodes connected to
other highly ranked nodes (Supplementary Fig. 10). The CMR entity
had the highest score (51.09-51.60) reflecting imaging’s central
position within the graph and connection density to other node
types (Fig. 4) with left ventricular ejection fraction (LVEF) the highest
ranked feature.

To evaluate their structural role, we conducted an ablation experi-
mentinwhich CMR nodes were removed fromthe graph. This resulted
indecreased performance of the SVM model (Supplementary Table 6).
The CMR nodes function as intermediaries linking anatomical fea-
tures to genetic and disease-level data with their removal affecting
graph connectivity, which impairs the model’s capacity to capture
indirect associations. This leads to predictions that are less aligned

with disease-relevant pathways. Removing environmental variables
such as air pollution did not alter the composition of the top ten pre-
dicted genes for HF. The same genes were identified before and after
exclusion of environmental nodes, with only minor differencesin rank-
ing order (Supplementary Table 8). This consistency indicates that
the model’s predictions are robust, and that environmental factors,
while highly connected in the graph, do not solely drive the gene-
disease associations.

Thenumber of relevant pathways identified for diseases of interest
isalsogreater when CMR features areincluded (x>, P=0.001). Together
these findings indicate that the inclusion of imaging nodes enhances
the KG’s structural and functional complexity, enabling the model to
better leverage interconnected biological datato uncover genes linked
toabroader range of critical pathways.

Minimal model configuration

The minimal model configuration retained strong predictive perfor-
mance. This excluded five entities with lower PageRank scores (pathway
0.6;BP,0.7;CC,0.7; MF, 0.7; phenotype, 0.9), but the top ten predicted
genes for HF remained the same as in the full model, with only minor
differencesin ranking (Supplementary Fig.11). Furthermore, the perfor-
mance based on AUC-ROC was 0.80 for the full entity set and 0.78 for
the minimal configuration. This indicates that the predictive power of
themodelis preserved by the core entity set (disease, gene, exposure,
medication, anatomy and CMR).

Drug repurposing

Embeddings of the diseases of interest and medications either indicated
or contraindicated for them were concatenated and used to train a
model to predict potential disease-medication associations. The pre-
dicted medications were further evaluated through enrichment analy-
ses of their target genes, survival analysis and graph-based validation.
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The KG-based machine learning model identified potential asso-
ciations between HF and a range of existing medications. Among
these, the top ten candidates included methotrexate, topiramate and
ranolazine, prioritized based on their predicted association scores
(Supplementary Table 9). Pathway enrichment analysis of the pre-
dicted medications was performed using known target genes. The
target of methotrexate, DHFR, was linked to regulation of oxidative
stressresponse, whichis akey factor in the pathophysiology of HF and
cardiacremodeling®. In addition, the targets of topiramate, including
SCN5A, SCNIOA, CACNAIC and CACNAID, showed significant associa-
tions with essential HF pathways, such as myocyte contraction and
action potential regulation. The full enrichment analysis results are
showninFig. 5.

Asubset of UK Biobank participants, notincludedinmodel develop-
ment, was used to determine whether any of the predicted medications
were associated with improved survival outcomes in HF. Methotrexate
was the only candidate included in the survival analysis owing to the
limited number of individuals exposed to most of the predicted medi-
cations. Here participants diagnosed with HF and rheumatoid arthritis
(RA) were considered (n=181), since RA isacommonindication for the
use of methotrexate. Three subgroups were identified based on treat-
ment with commonly prescribed RA medications: (1) patients withRA
taking methotrexate (n =121), (2) patients with RA taking sulfasalazine
(n=27) and (3) patients with RA taking hydroxychloroquine (n =33)
(Supplementary Table10). All three medications are disease-modifying
antirheumatic drugs routinely used for the management of RA. Patients
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enriched pathways linked to those genes. This figure excludes associated
nonpharmaceutical substances (glutamic acid, caffeine and cannabidiol). The
same enrichment analysis was carried out for AF and MI (Supplementary Figs. 15
and16). Sa, sinoatrial; AV, atrioventricular.

with HF also being treated with methotrexate for RA had higher survival
probability (hazard ratio 0.65 (95% confidence interval 0.48-0.89),
P <0.01) compared to those treated with hydroxychloroquine and
sulfasalazine (Supplementary Fig.12 and Supplementary Table 11).

To externally validate these findings, we analyzed data from
the BioVU biorepository holding information on over 300,000
participants®. We assessed patients with both HF and RA (n = 6,876).
Toensure unbiased analysis we performed propensity matching using
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the R-package Matchlt®. After this, we used participants being treated
with methotrexate (n =274) or hydroxychloroquine (n=200) and
sulfasalazine (n =16). As an endpoint we defined an ‘adverse event’
as all-cause death or reported class 3 or higher in the New York Heart
Association classification system. Methotrexate showed asignificantly
higher survival probability (hazard ratio 0.71(95% confidence interval
0.5-0.99), P<0.05), supporting the observation from UK Biobank (Sup-
plementary Table 12 and Supplementary Fig.13). A recent large-scale
registry analysis of 900,000 adult patients with RA in the TriNetX
Diamond network reported that methotrexate use was associated with
fewer cardiovascular events, especially congestive HF, compared to
untreated propensity-matched RA patients®.

The medications currently approved for HF and the KG-predicted
medications had high cosine similarity scores (Supplementary Fig. 14),
whichindicates similar vector representations, suggesting they share
similar relational or structural contexts within the graph reinforcing
their potential therapeutic relevance (Supplementary Fig. 14).

A similar analysis was conducted for AF, where the top ten candi-
date medications, including methotrexate, zonisamide, acamprosate
and probenecid, were prioritized (Supplementary Table 13). Enrich-
ment analysis revealed that the target of methotrexate, DHFR, is also
involved in cellular pathways that promote AF?”*, Inaddition, the tar-
gets of zonisamide, including SCN5A, SCN4B and SCN1B, are associated
with relevant pathways in AF, such as the regulation of cardiac muscle
cell membrane repolarization and depolarization (Supplementary
Fig. 15). A similar survival analysis was performed in patients with
bothRA and AF being treated with methotrexate and alternative drugs
(Supplementary Table 14), but no significant differences in survival
probability were observed (Supplementary Fig.17 and Supplementary
Table15). Network-based validation revealed that the predicted medi-
cations shared high cosine similarity with those already indicated for
AF, supportingtheir therapeutic relevance and biological plausibility
(Supplementary Fig. 18).

For MlIthe ten highest-ranking drug candidates, selected based on
their prediction scores, were prioritized (Supplementary Table 16) for
pathway enrichment analysis in the same way. Thisincluded vorinostat,
which targets HDAC6 in the regulation of cellular responses to oxida-
tive stress and the regulation of reactive oxygen species metabolism
(Supplementary Figs.16 and 19). Survival analysis was not performed
asthese drugs are not commonly prescribed. Agraph-based validation
also indicated high cosine similarity between the predicted medica-
tions and those already approved for MI (Supplementary Fig. 20).

Independent validation of predictions

We evaluated the reproducibility of our findings inanindependent UK
Biobank cohort of 33,822 participants with CMR imaging, including
1,173 with AF, 756 with MI, 274 with HF, 25 with HCM and 34 with DCM
(Supplementary Table 17). In this cohort, methotrexate was the high-
est ranked predicted medication for HF (Supplementary Table 18).
Similarly, the same top ten genes were predicted to be associated with
HF with only changesin the ranking of these (Supplementary Table 19).
We also excluded patients with comorbidities (hypertension n =20,
diabetes n =7, chronickidney disease (n =11) and chronic obstructive
pulmonary disease (n=15)), yielding the same top predicted genes,
with only minor changes in ranking (Supplementary Table 20).

Discussion

A KG is asemantic network representing the relationship between
diverse real-world biomedical entities to enable systematic study of
human disease. CardioKG provides a holistic view of cardiovascular
disease by integrating dataacross19 diverse biological databases rep-
resenting relationships between genomics, molecular pathways and
exposures. Here, we show how precision phenotypes, abstracted from
computer vision analysis of the heart and circulation, leverage such
rich interconnected biological data to uncover potential candidate

genes and therapeutics linked to three major causes of morbidity and
mortality worldwide”. We also demonstrate the potential of predicted
drug repurposing to improve patient outcomes in HF. Together this
shows how the performance of disease-specific semantic models can
be substantially improved using cardiovascular imaging.

GWASs find associations between common variants and disease®,
but have limitations in identifying causal mechanisms, rely on single
traitsand do not leverage prior knowledge. While recent efforts using
machine learning, such artificial intelligence-based summarization,
aim to improve GWAS interpretation®, most associated variants still
have individually small effects on traits or diseases and rarely indi-
cate actionable targets. In contrast, KGs have emerged as a powerful
framework for integrating data across multiple domains to predict
potential gene-disease associations®**, An important bottleneck
has been the limited availability of individual-level phenotypes that
canbe linked to other semantic information in the network. Through
leveraging advances in image segmentation and motion tracking in
large biobank populations with MRI, we show how a KG network can
be enriched by quantitative organ phenotypes. In CardioKG, a node
for each image-derived phenotype is semantically linked to nodes
encoding anatomicalsites, genes and diseases. We show how this offers
greater pathway enrichment for discovered genes, a higher yield of
potentially druggable targets and biologically plausible predictions for
drug repurposing. We also introduce a framework that generates KG
embeddings while preserving directionality in node and relationship
properties achieving high reconstruction fidelity.

Taking HF as an example, CardioKG prioritized genes linked to
regulatory pathways that include apoptosis, angiogeneisis, inflam-
mation and tissue hypoxia. One prioritized gene is APP, which is asso-
ciated with amyloidogenic pathways in Alzheimer’s disease, but this
multi-organ condition is also associated with systemic inflammation
and oxidative stress affecting peripheral organs including the heart,
probably associated with A amyloid deposition®. The KG predicted
several pharmaceutical compounds interacting with APP as agonists,
inhibitors or modulators. Among these, the KG also predicted human-
ized monoclonal antibodies as potential therapeutics targeting APP**".
The KG proposed methotrexate, topiramate and ranolazine for drug
repurposing in HF with enriched associations for myocardial contrac-
tion and action potential regulation. Methotrexate also showed a
potential survival benefit in patients with both HF and RA compared
to other treatments. A trial of methotrexate to evaluate its cardiovas-
cular benefits in patients with RA is underway® and it has a favorable
repurposing safety profile and cost-effectiveness®. Its benefits are
independentofreductionsin RA disease activity suggesting the KG has
identified alternative methotrexate-related mechanisms in modulating
cardiovascular risk*’. The KG also prioritized anti-epiletic therapies
thattarget SCN5A-regulatedion channelsin the conduction systemas
treatments for AF, and vorinostat as arepurposed treatment for Ml that
targets HDAC6 regulation of mitochondrial biogenesis*.

The limitations of this work are that the UK Biobank population
is primarily of European descent highlighting the need for enriching
the KGimage phenotypes with more diverse populations. Participants
in the imaging substudy of UK Biobank were invited at random*. The
population is subject to healthy volunteer selection bias but still ena-
bles valid scientific inferences of associations between exposures,
genetic variation and health conditions that are generalizable*. We
considered all causes of HF for model training as coded subtypes had
low prevalence in our population. We could not therefore predict asso-
ciations specific to HF with preserved ejection fraction. This condition
isalsorecognized as anaggregation of several distinct pathobiological
entities**. Technologies for acquiring knowledge from multiple sources
andintegrating theminto aKG structure are still developing, and there
aretechnical challenges for graph completion, knowledge fusion and
efficient reasoning that are areas of active development®. There are no
established standards yet for graph-based biomedical datamodels but
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these may emerge as their use becomes more widespread. The use of
large language models may complement the ability to acquire knowl-
edge fromunstructured text but, on their own, may give inaccurate or
inconsistent results in biomedical knowledge discovery*c.

Our findings point to the potential for vision-based KGs, that
capture phenotypes closely coupled to underlying individual-level
pathophysiology, to accelerate the discovery of potential therapeutics
in cardiovascular science as well as medicine more broadly. Biomedical
imaging encodes additive information in semantic networks and the
versatile architecture of CardioKG is generalizable across multiple
disease use-cases where imaging is available. Future opportunities may
liein personalizing diagnostic strategies through leveraging larger and
more diverse population datasets.

Methods

The UK Biobank cohort study recruited over 500,000 participants aged
40-69 years old from across the UK between 2006 and 2010’ The study
received ethical approval from the National Research Ethics Service
(11/NW/0382) and all participants gave written informed consent. This
research has been conducted under application 40616. To construct
the KG, weincluded 4,280 individuals who had both imaging dataand a
documented diagnosis of AF, HF, MI, HCM or DCM, based onICD-9 and
ICD-10 codes (Supplementary Table1). In addition, a reference group
of 5,304 healthy participants was incorporated to ensure abroad rep-
resentation of phenotypic variability. However, our primary emphasis
was placed on the three most common conditions: HF, AF and MI.

Image-derived cardiovascular phenotypes

CMR imaging was performed on participants to capture two-
dimensional retrospectively gated cine imaging on a 1.5T magnet
(Siemens Healthineers)*. Cine images were acquired in the left ven-
tricular short axis frombase to apex, as well as in the long-axis two- and
four-chamber views. Each cine series consisted of 50 cardiac frames, with
atypicaltemporal resolution of 31 ms. Additional transverse cine images
of the ascending and descending thoracic aorta were also obtained.

The two-dimensional cine images in both short- and long-axis
views were segmented using fully convolutional neural networks,
achieving segmentation quality comparable to that of expert human
readers® (Fig. 3). From these segmentations, quantitative meas-
urements of the left and right ventricles were obtained, including
end-diastolic volume, end-systolic volume, stroke volume and ejection
fraction. Left ventricular mass was computed by multiplying myocar-
dial volume by adensity of 1.05 g ml™.

Atrial volumes were calculated using the biplane area-length
method, where A,,and A,c, represent the atrial areas measured inthe
two- and four-chamber cine views, respectively, and L denotes the
average longitudinal diameter across both views. The formula used
Axch XAsch

L
All CMR-derived measurements were indexed to body surface

area (BSA), which was calculated using the Du Bois formula BSA = 0.0
07184 x height®” x weight®*®, with height in cm and weight inkg. Left
ventricular wall thickness was measured at end diastole as the distance
between the segmented epicardial and endocardial borders.
Circumferential and radial strains were computed from cine

P . ALy .
short-axis images using the formula Eg;, = L—“ where dir represents

either the circumferential or radialdirection,didiris theinitiallength of
alinesegmentinthatdirectionand AL, denotes the changeinlength
over time. Longitudinal strain was estimated from motion tracking in
the long-axis four-chamber view. Segmentation of the aortic cine
images was performed using a spatiotemporal neural network*s. From
these segmentations, the maximum and minimum cross-sectional
areas were extracted. Aortic distensibility was then calculated using
central blood pressure values, obtained via peripheral pulse wave
analysis (Vicorder)®.

wasV= 2 x
3

Data extraction

Data from participantsin UK Biobankincluded CMR, disease records,
air pollution exposure, medication history, age, gender, ethnicity
and body mass index (BMI). These variables represent a comprehen-
sive dataset capturing both phenotypic and environmental factors,
allowing for a holistic analysis of the relationships between genetic
predispositions, lifestyle factors and disease outcomes. CMR imaging
provides detailed structural and functional cardiovascular parameters,
which assess cardiac volumes and mass, diastolic function and aortic
distensibility. Inclusion criteria for the KG experiments and outcome
analysis are shown in Fig. 2. Eighteen external databases were used in
the KG spanning a variety of biomedical domains including genetic
annotations, proteininteractions, pathway enrichment, disease ontolo-
gies and drug-target interactions. Details of the external databases
are given below.

GO. Gene Ontology (GO) isacomprehensive and widely used resource
that provides astandardized framework for representing the attributes
of genes and gene products across all species®. Developed to unify
biological terminology, it serves asatool for organizing and interpret-
ing vast amounts of genomic and proteomics data. GO categorizes
biological knowledge into three main domains: MF, which describes the
specificactivities of agene product, suchasenzymeactivity or binding
affinity; BP, which represents the broader series of events or pathways
that the gene or gene product contributes to, such as cell division or
signal transduction; and CC, which indicates the specific locations
withina cellwhereagene productisactive, suchasthe nucleus, mem-
brane or extracellular region.

HPO. The Human Phenotype Ontology (HPO) provides a structured
and standardized vocabulary to describe human phenotypic abnor-
malities, linking them to underlying genetic causes™. Itis aresource for
integrating phenotypicinformation across different datasets, facilitat-
ing the systematic analysis of phenotype-genotype correlations. The
HPO framework is organized hierarchically, capturing phenotypic
abnormalities at varying levels of granularity, from broad categories,
such as ‘abnormality of the cardiovascular system’ to specific terms,
such as ‘atrial septal defect’. Its curated dataset integrates knowledge
fromdiverse sources, including clinical reports, literature and existing
biomedical ontologies.

Bgee. Bgeeisacomprehensive database of gene expression dataacross
multiple species, offering acurated and standardized resource for com-
parative transcriptomics and functional genomics™. Bgee integrates
gene expression data derived from multiple experimental platforms,
including RNA-sequencing, microarrays and in situ hybridization,
ensuring representation of gene expression patterns across diverse bio-
logical contexts. For this study, we retrieved gene expression data for
humans from Bgee to provide insights into tissue- and organ-specific
gene expression profiles. Bgee employs ontologies such as the Uberon
multispecies anatomy ontology and developmental stage ontolo-
gies to annotate gene expression data systematically. This facilitates
cross-species comparisons to investigate the evolutionary conserva-
tion of gene expression patterns in homologous tissues and organs.
The integration of these ontologies also supports the exploration of
gene functions within their anatomical and developmental contexts,
providing deeper insights into the roles of genes in complex biologi-
cal systems.

CTD. The Comparative Toxicogenomics Database (CTD) is a com-
prehensive resource that connects information about the interac-
tions between chemicals, genes and diseases, enabling studies on
chemical-induced diseases and toxicogenomic relationships through
curated and integrated data’’. By providing manually curated informa-
tionfromscientific literature, the database facilitates the exploration of
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complex molecular mechanisms underlying the effects of environmen-
tal exposures on health. The database also supports the identification
of potential therapeutic targets and biomarkers by linking chemical
exposures to specific genes, pathways and diseases. The database
organizes informationinto structured relationships, such as chemical-
gene interactions, chemical-disease associations and gene-disease
associations. Furthermore, CTD includes information about chemi-
cal properties, dose-response relationships and exposure contexts.

DisGeNET. DisGeNET isacomprehensive knowledge platform that inte-
grates dataon humangene-disease associations fromdiverse sources,
including expert curation, datafromthe scientific literature, databases
ofgenetic variantsand computational predictions, tosupport researchin
genomics and disease biology (version 24.4). As one of the most exten-
sive repositories for gene-disease relationships, DisGeNET provides
a unified framework to explore the genetic underpinnings of human
diseases, encompassing both Mendelian and complex diseases, as well
asrare conditions. The platform organizesits dataintoastructured and
standardized format, enabling integration with other resources and
tools. DisGeNET’s content is derived from a wide array of sources, such
as Clinvar, GWAS Catalog, UniProt and Orphanet, and includes both
experimentally validated associations and computationally inferred
links. This diversity ensures acomprehensive dataset, offering insights
into the genetic basis of diseases from multiple perspectives.

DrugBank. DrugBank (version 5.1.8) is a comprehensive and richly
curated resource that integrates detailed drug data with extensive
information on their mechanisms of action, interactions, targets and
associated pathways". Serving as a tool for drug development, phar-
macological research and clinical applications, DrugBank integrates
chemical, pharmacological and molecular biological data. The data-
base bridges chemistry and biology by linking drugs to relevant pro-
teins, genes and pathways, enabling researchers to study the complex
interplay between therapeutics and biological systems. DrugBank
includes information on a wide range of drug types, including small
molecules, biologics, nutraceuticals and experimental compounds.
For each drug, the database provides comprehensive annotations,
including chemical structures, pharmacokinetics, mechanisms of
action, drug-drug interactions and adverse effects. In addition, it
contains detailed data on drug targets, enzymes, transporters and
carriers, along with their sequences, structures and roles in human
physiology. This supports applications such as drug repurposing,
biomarker discovery and precision medicine.

DrugCentral. DrugCentral isacomprehensive resource that provides
up-to-date, detailed information on FDA-approved drugs, including
their indications, mechanisms of action, pharmacological proper-
ties and therapeutic uses™. It is designed to support a wide range of
pharmaceutical research and development activities, including drug
discovery, repurposing and repositioning studies. DrugCentral facili-
tates theidentification of promising drug candidates, the exploration
of potential therapeutic indications and the optimization of existing
treatments. DrugCentral includes extensive information on the chemi-
cal, pharmacokinetic and pharmacodynamic profiles of FDA-approved
drugs. For each drug, the database provides details such as chemical
structure, molecular weight, drug classification, routes of adminis-
tration and therapeutic indications. In addition, the resource offers
insightsinto the mechanisms of action, targets and molecular pathways
involved, enabling a deeper understanding of how drugs exert their
effects at the molecular and cellular levels.

Mayo Clinic. Information linking symptoms, causes, risk factors,
complications and prevention of 2,227 diseases and conditions was
reused from publicly available web-scraped data from the Mayo Clinic
knowledge base®.

MONDO disease ontology. MONDO is a unified disease ontology
that integrates a wide array of disease classification systems, offer-
ing a harmonized framework for disease annotations and biomedi-
cal research®. By incorporating and standardizing information from
diverseresources, MONDO facilitates consistent and comprehensive
disease categorization, improving the interoperability and integra-
tion of data across various research fields. This integrative approach
enhances the ability to link disease phenotypes to underlying geno-
types, enabling a deep understanding of disease mechanisms and their
genetic foundations. MONDO provides astandardized terminology for
disease classification thatencompasses awide range of diseases, from
rare genetic disorders to common multifactorial conditions.

Orphanet. Orphanetis acomprehensive reference portal dedicated to
rare diseases and orphan drugs™. It provides an extensive collection of
resources thatinclude disease descriptions, diagnostic criteria, genetic
underpinnings, epidemiology and clinical management guidelines. The
portal facilitates the identification and understanding of rare condi-
tions, which are often overlooked owing to their low prevalence. The
database also includes detailed information on orphan drugs, which
are critical for treating rare diseases, and offers access to regulatory
information, market authorization and clinical usage.

Reactome. Reactome is an open-source pathway database that pro-
vides detailed information about the molecular mechanisms underly-
ing biological processes””. It offers comprehensive insightsinto cellular
pathways, their components and how these pathways interconnect with
various physiological and pathological states. By mapping the flow of
biological information across different molecular events, Reactome
enables a deep understanding of cellular processes, such as signal
transduction, gene expression, metabolism and immune response,
aswellas their associations with diseases. Reactome contains curated
pathway annotations, which are continuously updated to reflect cur-
rent research and experimental data. The database includes a wide
variety of biological pathways, spanning simple molecular interac-
tions to complex multistep processesinvolving various biomolecules,
suchas proteins, lipids and nucleic acids. These pathways are not only
specific to humans but also cover pathways from model organisms,
allowing for cross-species comparisons and abroader understanding
of conserved biological mechanisms.

SIDER. The Side Effect Resource (SIDER, version: 4.1) is a compre-
hensive database that provides structured information on the side
effects of marketed drugs, offering insights into drug safety and
pharmacovigilance®. The data are compiled from publicly available
information, including package inserts, clinical trial reports and post-
marketing surveillance data. SIDER contains detailed records of side
effectsassociated with awide range of FDA-approved drugs, capturing
both commonandrare adverse events. The database includesinforma-
tion on the frequency, severity and type of side effects, as well as the
specific patient populations that may be more vulnerable to these
adverse reactions.

Uberon. Uberon is an integrated, cross-species ontology that pro-
vides a comprehensive and standardized description of anatomical
structures across a wide range of organisms®. Uberon facilitates the
integration of anatomical knowledge from different species, enabling
researchersto explore the similarities and differencesin the structures
ofvarious organisms. This ontology bridges the gap between species,
allowing for a unified understanding of biological form and func-
tion. Uberon is designed to be a multispecies resource, covering not
only human anatomy but also the anatomy of model organisms (such
as mice, zebrafish and fruit flies) and nonmodel species, including
plants and microorganisms. This broad scope allows for the compari-
son of anatomical structures across species, providing insights into
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conserved features, evolutionary adaptations and the functional roles
of specific organs and tissues.

STRING. STRING (version:11.5) is acomprehensive database that pro-
vides detailed information on known and predicted protein-protein
interactions, integratingan array of datasources, including experimen-
tal results, curated databases and computational predictions®’. The
database facilitates the exploration of functional associations between
proteins, providing insights into the molecular networks that drive cel-
lular processes. By compiling datafrom multiple sources, STRING offers
a high-confidence representation of protein interactions, enabling
researchersto construct robust proteininteraction networks and better
understand how proteins collaborate to maintain cellular function. The
STRING database integrates information fromadiverse range of experi-
mental methods, including yeast two-hybrid screens, affinity purifica-
tion followed by mass spectrometry, co-immunoprecipitation and
other high-throughput techniques. In addition, STRING incorporates
data from curated databases, such as those focused on biochemical
pathways and molecular function, as well as computational predictions
based on sequence homology, text mining and structural modeling.

BioGRID. BioGRID (version 4.4.198) isa comprehensive, curated reposi-
tory that provides high-quality data on protein, genetic and chemical
interactions across a wide range of organisms, including humans,
model organisms and pathogens®’. By consolidating diverse interaction
datafromvarious sources, BioGRID plays arole in supporting molecu-
lar biology, systems biology and biomedical research. The database is
designedtofacilitate the exploration of molecular networks, offering
insights into how proteins, genes and chemicals interact to regulate
cellular processes, maintain homeostasis and contribute to disease
mechanisms. BioGRID curates datafrom a variety of experimental tech-
niques, including yeast two-hybrid screens, co-immunoprecipitation,
affinity purification-mass spectrometry and synthetic lethal screens.
Inaddition to experimental data, BioGRID integrates information from
computational predictions, enabling researchers to investigate both
direct and indirect interactions within complex biological systems.
This multisource approach ensures that the data within BioGRID are
comprehensive, covering a wide range of biological interactions that
help researchers gain a deeper understanding of cellular functions.
The protein interaction data in BioGRID is valuable for constructing
molecular interaction networks.

Gene regulation. Gene regulation databases play a critical role in
understanding the complex mechanisms that control gene expres-
sion, including the processes that regulate the transcriptional,
post-transcriptional and epigenetic aspects of gene activity (version
2.0)®%. These databases integrate a wide range of information about
how genes are turned on or offin response to various signals and how
they maintain their expression patterns across different biological
contexts. Specifically, these databases provide detailed insights into
transcription factor binding, epigenetic modifications, noncoding
RNA regulation and other molecular interactions that govern gene
expression. One of the key components of gene regulationis the bind-
ing of transcription factors to specific DNA sequences within promoter
regions or enhancers of target genes. Gene regulation databases, such
as TRANSFAC and its module TRANSCompel, provide curated and
experimentally validated data on transcription factor binding sites,
offering researchers the ability to predict which transcription factors
regulate specific genes.

CORUM. CORUM (version 3.0) is acomprehensive, curated resource
dedicated to cataloging protein complexes in mammals, offering
insightsinto the composition, function and interactions of these com-
plexes that are essential for various cellular processes®. This extensive
database serves as a key resource for understanding the molecular

machinery underlying fundamental biological processes, including
signal transduction, gene expression regulation, metabolismand cel-
lular structure. By integrating experimental data from various sources,
CORUM provides an up-to-date repository of information on the assem-
bly, functionand interactions of mammalian protein complexes. Pro-
tein complexes are groups of two or more proteins that interact to
perform specific biological functions within the cell. The formation
andregulation of these complexes are critical for maintaining cellular
homeostasis, controlling signal transduction pathways and enabling
cellular responses to internal and external stimuli.

National Library of Medicine. The National Library of Medicine
hosts a range of biomedical and health-related resources, including
the National Center for Biotechnology Information (NCBI). For the
construction of the KG we incorporated gene and GO term associa-
tions derived from the NCBI Gene database (formerly known as Entrez
Gene). Specifically, we used a processed dataset, which was based
on the publicly available curated associations between genes and
GO terms describing BP, MF and CC*. The associations (n =297,917)
between gene and GO terms from this dataset were incorporated as
links in the KG.

KG construction

Diverse biological databases were integrated to construct CardioKG.
The data from various databases for each entity were harmonized by
creating adictionary that has all the possible ontologies of each node
and then natural language processing library nltk was used to tokenize,
clean and normalize the ontologies before matching with a reference
list. Forinstance, the disease entity HF has various classifications such
as congestive heart disease and left ventricular failure that required
harmonization. The nodes inthe constructed KG were extracted from
12 different entities including genes, diseases, medication, individuals,
CMR, phenotypes, anatomy, BP, CC, MF, pathways and air pollutants,
along with their relationships. The CMR features were incorporated
into the KG as distinct nodes, by connecting them to heart anatomical
regions such as left and right ventricle (Supplementary Fig. 3), with
their corresponding values assigned as properties on the edges con-
nectingthe CMR nodes to other related nodes. Inaddition, individuals’
sex, age, BMI, ethnicity and BSA were integrated as properties within
the correspondingindividual nodes. Hence, the final graph has nodes
(N), properties of nodes (N,), edges (E) and properties of edges (E,) as
showninequation (1)

KG = (N, E, Ny, E,), )

KG embeddings

In the KG, phenotypes, genes and diseases are represented as nodes
connected by diverse relationships such as phenotype-gene, phe-
notype-pathway and gene-disease links. To capture both direct and
indirect relationships, we generated embeddings that aggregate
neighborhoodinformation across multiple hops. This ensures that the
embedding of a phenotype node reflects not only itsimmediate neigh-
bors but also its indirect connectivity through intermediate nodes.
Graphembedding techniques learn low-dimensional representations
of nodes and edges while preserving the graph’s structural properties
andrelational patterns, enabling downstream tasks such as node clus-
tering and link prediction. KG embedding methods, such as Node2Vec"”
and ComplEx”, focus only on graph connectivity and fail to capture
node and relation attributes. Therefore, DVGAE was employed as the
embeddingalgorithmasitintegrates both node and relation properties
for generatingembeddings. The DVGAE is a deep learning model that
uses avariational graph auto-encoder’. However, our DVGAE networks
extend traditional VGAE by handling edge direction, node type as well
asnodeand relation properties in the KG (Supplementary Fig. 21). The
components of the DVGAE are described below.
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Encoder. The encoder uses multiple graph convolutional network
(layers to process four inputs including node type, node proper-
ties, edge properties and edge direction to learn a low-dimensional
latent representation). These embeddings are further enriched with
node-type information to better represent the diversity of node roles
inthegraph. By learning these latent variables, the encoder enables the
modelto effectively capture the underlying relationshipsin the graph
required for graphreconstructionand link prediction. The latent layer
contains the low-dimensional embeddings generated by the encoder
component of the directed variational graph auto-encoder, which
captures the underlying structural and semantic information from
the directed KG. These embeddings serve as compact representations
ofthe nodes, preserving key relational patterns, and are used asinput
for downstream tasks.

Decoder. After the encoder generates the embeddings, the decoder
takesthese embeddings and predicts the presence or absence of edges
between nodes. Specifically, the decoder calculates the dot product
between pairs of node embeddings, which gives a measure of how
strongly connected two nodes are. The final output is a set of prob-
abilitiesindicating whether there should be an edge between each pair
ofnodes. The decoder thus enables the model to reconstruct the graph
structure based on the learned node embeddings.

Validation. For graph-based learning tasks, it is essential for the model
to capture the global structure of the graph, including relationships
between distant nodes. To train the DVGAE model, the dataset was
splitinto training (70%) and validation (30%) subsets. The embeddings
produced by the encoder are used tocompute the reconstruction loss
and theKullback-Leibler (KL) divergenceloss, as defined in equations
(2) and (3). The reconstruction loss evaluates the model’s ability to
correctly predict edges, while the KL loss regularizes the latent space
during training. Training is carried out using a grid search approach
over a set of hyperparameters including learning rate {0.001, 0.01,
0.1}, number of epochs {50, 100, 200} and latent dimension sizes {25,
50,100}. For each combination, the modelis trained and evaluated on
the validation set. The optimal configuration-learning rate of 0.001,
100 epochs, and alatent dimensionsize of 50 was selected based on the
lowestloss. Validationloss is computed after each epoch by comparing
the predicted edges to the true edges in the validation set. Negative
edges are randomly sampled from node pairs that do not exist in the
original graph, providing a contrastive signal for learning. The valida-
tion loss, defined in equation (4), serves as the basis for selecting the
final model, with the configuration yielding the lowest validation loss
chosen as optimal.

Lrecon = _|(91_+| @ z IOg (O(ZIZU) + E) ’ @)

v)EE

where ¢+ denotesthe set of positive (observed) edges, z,and z,are the
learned embedding vectors for nodes uandv, o(-) isthe sigmoid func-
tion and g is asmall constant added for numerical stability.
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wherep;and g;represent thejith dimension of the mean ands.d. vectors
output by the encoder for a given node and/ is the size of the latent
space.

1
Liotal = Lrecon + N X L. 4)

The final DVGAE model, configured with the optimized hyper-
parameters, was used to generate node embeddings. To evaluate the

quality of these embeddings, edge-wise accuracy (equation (5)) was
employed as an evaluation metric. By comparing the reconstructed
graphtothe original graph onan edge-by-edge basis, this metric pro-
vides a quantitative assessment of how well the learned embeddings
preserve the structural properties of the input graph.

[TP|
|original edge set |’

)

Edge-wise accuracy =

where the true positive (TP) is the intersection of the original and
reconstructed edge sets.

Predicting potential gene-disease associations

HF. The embedding vector of the ‘heart failure’ node was concat-
enated with the embedding vectors of both positive and negative
genes (Supplementary Table 3). Positive genes refer to those with a
known association with HF, as identified from the standard database
DisGeNET. Although DisGeNET was used in constructing the KG, only
phenotype-gene and other nonevaluated associations were included,
ensuring that no data leakage occurred during the predictive task.
Negative genes, on the other hand, are those with no association with
cardiovascular diseases, including HF, according to DisGeNET. The
concatenated embeddings were assigned labels of either O or 1, as
defined inequation (6) below.

1, if the gene is associated with HF
label = (6)
0, ifthegeneisnotassociated with HF

Subsequently, three machine learning algorithms—random forest
(hyperparameters n-trees, max-features, max-depth, min-samples-split
and min-samples-leaf), SVM (hyperparameters C, gamma and kernel)
and ANNs (hyperparameters learning rate, dropout rate, batch size
and epochs)—were trained on the concatenated embeddings to pre-
dict the association between the genes and disease using fivefold
cross-validation. Each model was optimized using relevant hyper-
parameters: random forest (number of trees, maximum features,
maximum depth, minimum samples for split and minimum samples
per leaf), SVM (regularization parameter C, kernel coefficient gamma
and kernel type) and ANN (learning rate, dropout rate, batch size and
number of epochs). The performance of the classifiers was evaluated
based on accuracy (as defined in equation (7)), AUC-ROC, sensitivity
and specificity. Accuracy was used as a comparative metric between
the three machinelearning classifiers to identify the best-performing
model, while the embeddings and probability scores produced by
the models inherently capture multihop associations. The classifier
demonstrating the best performance was thenselected and used to pre-
dict potential associations between HF and genes that have unknown
associations with HF. Each gene predicted to have a positive association
with HF was assigned a probability generated by the machine learning
model, which was then used to rank the predicted genes.

Accuracy = &,
TP+FP+TN+FN
true positives (TP), true negative (TN), @

false positive (FP) and false negative (FN).

AF. Theembedding of “atrial fibrillation’ node was concatenated with
the embeddings of both positive and negative genes (Supplementary
Table 7). Positive genes refer to those known to be associated with AF,
while negative genes have no association with cardiovascular diseases,
including AF. The same approach used for HF was then applied to AF to
predict potential associations.

M. In MI, embedding of ‘myocardial infarction’ node was concat-
enated with the embeddings of both positive and negative genes

Nature Cardiovascular Research | Volume 5 | January 2026 | 18-33

29


http://www.nature.com/natcardiovascres

Article

https://doi.org/10.1038/s44161-025-00757-4

(Supplementary Table 5). Then the same approach used for HF and
AF was applied to predict potential associations.

Enrichment analysis

Enrichment analysis was performed for each disease separately to
validate the predicted genes. Ineach disease, the top ten genes, ranked
by their predicted probabilities from the machine learning classifier,
were subjected to enrichment analysis. This analysis aimed to identify
whether these predicted genes were associated with critical pathways
relevant to each disease, including AF, HF and MI. The g:Profiler plat-
form (https://biit.cs.ut.ee/gprofiler/gost) was utilized to performthe
enrichment analysis, identifying significantly enriched pathways asso-
ciatedwiththetoptenpredicted genesineachdisease. The Pvalues of
the enriched pathways were adjusted using the Benjamini-Hochberg
method to control for multiple testing. Subsequently, the enriched
pathways were examined to determine whether they included relevant
pathways associated with the disease. Hence, genes associated with
pathways identified as critical for the disease were considered to be
associated with the disease.

Druggablity analysis

The druggability of the top ten predicted genes for each disease was
evaluated using the DGIdb™ database, which catalogs known drug-
gene interactions from multiple curated sources. DGIdb curates
information ondrugs thatinhibit, activate or otherwise modulate the
activity of specific genes or their protein products. Genes were consid-
ered ‘druggable’ifthey had at least one reported interactionin DGIdb.
This analysis aimed to identify which of the predicted genes protein
couldbe effectively targeted and modulated by existing medications,
providinginsightsinto their potential as therapeutic targets. Five types
of drug-gene interactions were considered in this analysis: agonist,
inhibitor, modulator, activator and antibody. These were selected
becausethey represent the most commonand therapeutically relevant
interaction types associated with druggable genes in prior studies and
databases such as DGIdb®*. While DGIdb includes additional interac-
tion types (for example, binder), our focus was on those with clearer
functionalimplications in gene regulation and therapeutic modulation.

Assessing the importance of imaging data

The importance of the CMR features was assessed from two distinct
perspectivesincluding the structural characteristics of the graph and
theinfluence on the predicted gene associations:

Structural characteristics of the graph. The CMR features were
integrated as nodes in the KG, and to understand how influential they
are the PageRank algorithm® was applied to calculate scores for each
node in the KG. PageRank is a centrality algorithm identifies highly
influential nodes within the graph. It considers the entire structure
of the graph, incorporating both direct and indirect relationships to
quantify anode’s influence as a score. In biological networks, such as
gene-disease associationgraphs, PageRank can highlight critical nodes
thatinfluence overall connectivity and information flow.

Influence on the predicted genes. To assess the influence of CMR
features on the predicted gene-disease associations, the CMR nodes
were excluded fromthe KG. The same methodology was then applied,
including generating node embeddings, predicting gene-disease
associations and conducting enrichment analysis. The results were
compared to the scenario that included the CMR nodes to determine
whether the predicted genes differed. In addition, the analysis exam-
ined whether the inclusion of CMR features led to the prediction of a
greater number of pathways associated with the diseases of interest
(AF, HF and MI). The number of identified critical pathways for each
disease was calculated and employed to quantify the differences in
predicted pathways between the two scenarios, then a chi-squared

test was conducted to evaluate the difference between the two sce-
narios in terms of the number of identified pathways associated with
the diseases.

Minimal model configuration

To evaluate the minimal requirements of our framework, a minimal
model configuration analysis was conducted by retaining only the
core entity types considered essential for prediction: disease, gene,
exposure, medication and anatomy. We excluded five entities with com-
paratively low PageRank scores (pathway, BP, CC, MF and phenotype)
to determine and assess predictive performance. We then reran the
KG-based prediction pipeline and compared the resulting top-ranked
genes to those obtained from the full model.

Drug repurposing

In drug repurposing, the same cohort was used (n=9,584) and the
embeddings representing the disease of interest were concatenated
with the embeddings of medications that are either indicated or con-
traindicated in that disease as defined inequation (8) (Supplementary
Tables 21-23). We used a ground truth of known medication-disease
pairs from DrugBank" database. Although DrugBank wasincorporated
inbuilding the KG, only other nonassessed associations wereincluded
to prevent any dataleakage during the predictive task. Three machine
learning algorithms—SVM, random forests and ANN—were then trained
and validated using this integrated data to predict potential asso-
ciations between the disease of interest and previously unassociated
medications. The validation of the top ten predicted medications
(based on their assigned probabilities) was conducted in two phases.
Initially, an enrichment analysis was performed on the drug targets
to determine whether they were significantly associated with critical
pathways related to the disease of interest. Subsequently, a survival
analysis was carried out to assess the survival probability of individu-
als (with death as the outcome) with the disease who received the
predicted medication. These individuals (n = 489) represent a subset
of patients who were not part of the primary cohort of 9,584 and do
not have imaging phenotype data, as such data were not required for
this validation step. The survival functions were adjusted for age, sex,
BMI and ethnicity. Validation of this survival analysis was conducted
in the the BioVU repository. The endpoint was defined as 'adverse
event’, which is the observation of either all-cause death or diagnosis
of class3 or4inthe New York Heart Association classification system.
To avoid biased estimates, propensity matching was applied, matching
population of participants using any of the medications methotrexate,
hydroxychloroquine and sulfasalazine versus those not using any of
these. Populations were balanced for age, sex, ethnicity and presence
ofischemic heart disease (ICD-10120-125, ICD-9 410-414). A Cox pro-
portional hazards model was run, correcting for age, sex and BML. In
addition, a graph-based validation was conducted by computing the
cosine similarity (equation (9)) between the predicted medication and
those currently used for the treatment or management of HF.

1, ifthemedicationisindicated for the treatment
of the disease of interest
label =
0, ifthemedicationis contraindicated for the treatment

of the disease of interest
(8)

AxB Embeddings of predicted medication (A)
llAlBI )

and embeddings of indicated medications (B).

cos(6) =

Independent validation of predictions
To evaluate whether common comorbiditiesinfluenced the results, we
repeated the analysis by repeating the gene prediction after excluding
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patients with hypertension (n =20), diabetes (n = 7), chronic kidney
disease (n =11) or chronic obstructive pulmonary disease (n =15).

To assess the robustness of the predictions, we applied the same
KG construction and machine learning pipeline to an independent
set of participants from the UK Biobank who were not included in
the original cohort. Predicted associations between genes, diseases
and medications were compared between the original and validation
cohortsto evaluate consistency of the top-ranked entities in HF.

Statistics

All analyses were performed using Python (version 3.12.1) and Neo4j
Desktop (version 5.20.0). Categorical variables were expressed as fre-
quencies and percentages, while continuous variables were reported
asmedians withinterquartile ranges. In g:Profiler, the hypergeometric
test was used to calculate the Pvalues for assessing the significance of
the association between genes and pathways. Subsequently, the Ben-
jamini-Hochberg method was applied to control the false discovery
rate by adjusting the P values for multiple comparisons and a P value
<0.05 was considered statistically significant. The chi-squared test
was performed to assess theimportance of the CMR featuresinterms
of the number of identified pathways associated with the diseases.
The survival functions were estimated based on fitted Cox models.
Propensity matching for cardiovascular disease was performed using
the nearest neighbour method in the R Matchlt package.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Datafrom UK Biobank are available for approved research upon appli-
cation from https://www.ukbiobank.ac.uk/enable-your-research/
apply-for-accessunder theterms of the UK Biobank’s dataaccess policy.
Source data are provided with this paper.

Code availability

Thescripts for data analysis are publicly available via GitHub at https://
github.com/ImperialCollegeLondon/cardioKG and via Zenodo at
https://doi.org/10.5281/zenodo.16025952 (ref. 65).

References

1. Visscher, P. M. et al. 10 years of GWAS discovery: giology,
function, and translation. Am. J. Hum. Genet. 101, 5-22 (2017).

2. Callahan, T. J. et al. An open source knowledge graph ecosystem
for the life sciences. Sci. Data 11, 363 (2024).

3. Li, L. et al. Real-world data medical knowledge graph:
construction and applications. Artif. Intell. Med. 103, 101817
(2020).

4. Chandak, P., Huang, K. & Zitnik, M. Building a knowledge graph to
enable precision medicine. Sci. Data 10, 67 (2023).

5. Ji,S., Pan, S., Cambria, E., Marttinen, P. & Yu, P. S. A survey on
knowledge graphs: representation, acquisition, and applications.
IEEE Trans. Neural Netw. Learn. Syst. 33, 494-514 (2022).

6. Gualdi, F., Oliva, B. & Pinero, J. Predicting gene disease
associations with knowledge graph embeddings for diseases with
curtailed information. NAR Genom. Bioinform. 6, lqae049
(2024).

7. Bycroft, C. et al. The UK Biobank resource with deep phenotyping
and genomic data. Nature 562, 203-209 (2018).

8. Bai, W. et al. Automated cardiovascular magnetic resonance
image analysis with fully convolutional networks. J. Cardiovasc.
Magn. Reson. 20, 65 (2018).

9. Lei, L. etal. Attention-guided variational graph autoencoders
reveal heterogeneity in spatial transcriptomics. Brief. Bioinform.
25, bbae173 (2024).

10.

M.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

29.

30.

31

Xie, L., Peng, Y. Q. & Shen, X. Identifying therapeutic target
genes for diabetic retinopathy using systematic druggable
genome-wide Mendelian randomization. Diabetol. Metab. Syndr.
17, 145 (2025).

Xu, H. et al. Validating drug repurposing signals using electronic
health records: a case study of metformin associated with
reduced cancer mortality. J. Am. Med. Inform. Assoc. 22, 179-91
(2015).

Pinero, J. et al. The DisGeNet knowledge platform for disease
genomics: 2019 update. Nucleic Acids Res. 48, D845-D855 (2020).
Wishart, D. S. et al. Drugbank 5.0: a major update to the drugbank
database for 2018. Nucleic Acids Res. 46, D1074-D1082 (2018).
Freshour, S. L. et al. Integration of the Drug-Gene Interaction
Database (DGIdb 4.0) with open crowdsource efforts. Nucleic
Acids Res. 49, D1144-D1151(2021).

Grover, A. & Leskovec, J. node2vec: scalable feature learning for
networks. KDD 2016, 855-864 (2016).

Bordes, A., Usunier, N., Garcia-Duran, A., Weston, J. & Yakhnenko,
Q. in Advances in Neural Information Processing Systems Vol. 26
(eds Burges, C. J. et al.) 2787-2795 (Curran Associates, 2013).
Trouillon, T., Welbl, J., Riedel, S., Gaussier, E. & Bouchard, G.
Complex embeddings for simple link prediction. In Proc. of the
33rd International Conference on Machine Learning (eds Balcan,
M. & Weinberger, K.) 2071-2080 (PMLR, 2016).

Zheng, S. L. et al. Genome-wide association analysis provides
insights into the molecular etiology of dilated cardiomyopathy.
Nat. Genet. 56, 2646-2658 (2024).

Floyd, J. S. et al. Immune cell subpopulations as risk factors for
atrial fibrillation: the cardiovascular health study and multi-ethnic
study of atherosclerosis. Heart Rhythm 20, 315-317 (2023).

Zhai, Y. et al. Src-family protein tyrosine kinases: a promising
target for treating cardiovascular diseases. Int. J. Med. Sci. 18,
1216-1224 (2021).

Chang, C.Y. et al. Dipeptidyl peptidase-4 inhibitor decreases
the risk of atrial fibrillation in patients with type 2 diabetes: a
nationwide cohort study in Taiwan. Cardiovasc. Diabetol. 16, 159
(2017).

Johannes, M. et al. Integration of pathway knowledge into a
reweighted recursive feature elimination approach for risk
stratification of cancer patients. Bioinformatics 26, 2136-2144 (2010).
Munzel, T. et al. Impact of oxidative stress on the heart and
vasculature: part 2 of a 3-part series. J. Am. Coll. Cardiol. 70,
212-229 (2017).

Roden, D. M. et al. Development of a large-scale de-identified
DNA biobank to enable personalized medicine. Clin. Pharmacol.
Ther. 84, 362-9 (2008).

Ho, D., Imai, K., King, G. & Stuart, E. A. Matchlt: nonparametric
preprocessing for parametric causal inference. J. Stat. Softw. 42,
1-28 (20M).

Cervantes, M., Miles, B. & Sills, M. The potential effects of
methotrexate on cardiovascular outcomes in rheumatoid
arthritis patients: a multi-institutional analysis. Eur. Heart J. 45,
ehae666-3044 (2024).

Xie, W. et al. Mitochondrial oxidative stress promotes atrial
fibrillation. Sci. Rep. 5, 11427 (2015).

Pfenniger, A., Yoo, S. & Arora, R. Oxidative stress and atrial
fibrillation. J. Mol. Cell. Cardiol. 196, 141-151(2024).

Roth, G. A. et al. Global burden of cardiovascular diseases and
risk factors, 1990-2019: update from the GBD 2019 study. J. Am.
Coll. Cardiol. 76, 2982-3021(2020).

Omidiran, O. et al. GWAS advancements to investigate disease
associations and biological mechanisms. Clin. Transl. Discov. 4,
€296 (2024).

Gusey, A. et al. Integrative approaches for large-scale transcriptome-
wide association studies. Nat. Genet. 48, 245-52 (2016).

Nature Cardiovascular Research | Volume 5 | January 2026 | 18-33

31


http://www.nature.com/natcardiovascres
https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access
https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access
https://github.com/ImperialCollegeLondon/cardioKG
https://github.com/ImperialCollegeLondon/cardioKG
https://doi.org/10.5281/zenodo.16025952

Article

https://doi.org/10.1038/s44161-025-00757-4

32. Fang, C. et al. Integrating knowledge graphs into machine
learning models for survival prediction and biomarker discovery
in patients with non-small-cell lung cancer. J. Transl. Med. 22, 726
(2024).

33. Nunes, S., Sousa, R. T. & Pesquita, C. Multi-domain knowledge
graph embeddings for gene-disease association prediction. J.
Biomed. Semantics 14, 11 (2023).

34. Renaux, A. et al. A knowledge graph approach to predict and
interpret disease-causing gene interactions. BMC Bioinformatics
24, 324 (2023).

35. Sanna, G. D. et al. Cardiac abnormalities in Alzheimer disease:
clinical relevance beyond pathophysiological rationale and
instrumental findings? JACC Heart Fail. 7, 121-128 (2019).

36. Landen, J. W. et al. Ponezumab in mild-to-moderate Alzheimer’s
disease: randomized phase || PET-PIB study. Alzheimers Dement.
3, 393-401(2017).

37. Salloway, S., Marshall, G. A., Lu, M. & Brashear, H. R. Long-term
safety and efficacy of bapineuzumab in patients with
mild-to-moderate Alzheimer’s disease: a phase 2, open-label
extension study. Curr. Alzheimer Res. 15, 1231-1243 (2018).

38. Mangoni, A. A. et al. Methotrexate, blood pressure and arterial
function in rheumatoid arthritis: study protocol. Future Cardiol.
20, 671-683 (2024).

39. Mangoni, A. A. et al. Repurposing existing drugs for
cardiovascular risk management: a focus on methotrexate. Drugs
Context 7, 212557 (2018).

40. Johnson, T. M. et al. Investigating changes in disease activity as a
mediator of cardiovascular risk reduction with methotrexate use
in rheumatoid arthritis. Ann. Rheum. Dis. 80, 1385-1392 (2021).

41. Yang, J. et al. Hdac inhibition induces autophagy and
mitochondrial biogenesis to maintain mitochondrial homeostasis
during cardiac ischemia/reperfusion injury. J. Mol. Cell. Cardiol.
130, 36-48 (2019).

42. Littlejohns, T. J. et al. The UK Biobank imaging enhancement of
100,000 participants: rationale, data collection, management
and future directions. Nat. Commun. 11, 2624 (2020).

43. Fry, A. et al. Comparison of sociodemographic and health-related
characteristics of UK Biobank participants with those of the
general population. Am. J. Epidemiol. 186, 1026-1034 (2017).

44. Joseph, J. et al. Genetic architecture of heart failure with
preserved versus reduced ejection fraction. Nat. Commun. 13,
7753 (2022).

45. Peng, C., Xia, F., Naseriparsa, M. & Osborne, F. Knowledge graphs:
opportunities and challenges. Artif. Intell. Rev. 56, 13071-13102
(2023).

46. Hou, Y. et al. From answers to insights: unveiling the strengths
and limitations of ChatGPT and biomedical knowledge graphs.
Preprint at Res. Square (2023).

47. Petersen, S. E. et al. UK Biobank’s cardiovascular magnetic
resonance protocol. J. Cardiovasc. Magn. Reson. 18, 8 (2016).

48. Bai, W. et al. Recurrent neural networks for aortic image sequence
segmentation with sparse annotations. In Medical Image
Computing and Computer Assisted Intervention - MICCAI 2018.
MICCAI 2018. Lecture Notes in Computer Science, Vol. 11073
(eds Frangi, A. et al.) 586-594 (Springer, 2018).

49. Bai, W. et al. A population-based phenome-wide association
study of cardiac and aortic structure and function. Nat. Med. 26,
1654-1662 (2020).

50. Gene Ontology, C. The Gene Ontology resource: enriching a gold
mine. Nucleic Acids Res. 49, D325-D334 (2021).

51. Kohler, S. et al. The Human Phenotype Ontology in 2017. Nucleic
Acids Res. 45, D865-D876 (2017).

52. Bastian, F. B. et al. The bgee suite: integrated curated expression
atlas and comparative transcriptomics in animals. Nucleic Acids
Res. 49, D831-D847 (2021).

53. Dauvis, A. P. et al. Comparative Toxicogenomics Database (CTD):
update 2021. Nucleic Acids Res. 49, D1138-D1143 (2021).

54. Avram, S. et al. Drugcentral 2021 supports drug discovery and
repositioning. Nucleic Acids Res. 49, D1160-D1169 (2021).

55. Shefchek, K. A. et al. The Monarch Initiative in 2019: an integrative
data and analytic platform connecting phenotypes to genotypes
across species. Nucleic Acids Res. 48, D704-D715 (2020).

56. Weinreich, S. S., Mangon, R., Sikkens, J. J., Teeuw, M. E. & Cornel,
M. C. [Orphanet: a European database for rare diseases]. Ned
Tijdschr Geneeskd 152, 518-9 (2008).

57. Jassal, B. et al. The reactome pathway knowledgebase. Nucleic
Acids Res. 48, D498-D503 (2020).

58. Kuhn, M., Letunic, I., Jensen, L. J. & Bork, P. The SIDER database of
drugs and side effects. Nucleic Acids Res. 44, D1075-9 (2016).

59. Mungall, C. J., Torniai, C., Gkoutos, G. V., Lewis, S. E. & Haendel,
M. A. Uberon, an integrative multi-species anatomy ontology.
Genome Biol. 13, R5 (2012).

60. Szklarczyk, D. et al. The STRING database in 2021: customizable
protein-protein networks, and functional characterization of
user-uploaded gene/measurement sets. Nucleic Acids Res. 49,
D605-D612 (2021).

61. Oughtred, R. et al. The BioGRID database: a comprehensive
biomedical resource of curated protein, genetic, and chemical
interactions. Protein Sci. 30, 187-200 (2021).

62. Matys, V. et al. Transfac and its module transcompel:
transcriptional gene regulation in eukaryotes. Nucleic Acids Res.
34, D108-D110 (2006).

63. Giurgiu, M. et al. Corum: the comprehensive resource of
mammalian protein complexes-2019. Nucleic Acids Res. 47,
D559-D563 (2019).

64. Griffith, M. et al. DGIdb: mining the druggable genome. Nat.
Methods 10, 1209-1210 (2013).

65. Rjoob, K. et al. A multi-modal vision knowledge graph of
cardiovascular disease. ImperialCollegeLondon/cardioKG:
cardioKG. Zenodo https://doi.org/10.5281/zenodo.16025952 (2025).

Acknowledgements

The study was supported by the Medical Research Council (grant
MC_UP_1605/13); the British Heart Foundation (grants RG/F/24/110138,
RE/24/130023, CH/F/24/90015 and FS/IPBSRF/22/27059); Bayer AG,

Sir Jules Thorn Charitable Trust [21JTA] and the National Institute for
Health Research Imperial College Biomedical Research Centre. D.P.O'R.
and J.S\W. are supported by the British Heart Foundation’s Big Beat
Challenge award to CureHeart (grant BBC/F/21/220106). The samples
and structured clinical data used for one of the analyses described here
were obtained from NashBio based on data derived from Vanderbilt
University Medical Center’s BioVU biobank, which is supported by
institutional funding, private agencies and federal grants including NIH
funded Shared Instrumentation grant SI00D017985, SIORR025141 and
S$100D025092; as well as CTSA grants UL1TR002243, UL1TRO00445
and UL1RR024975. We are especially grateful to BioVU participants,
who generously volunteered to take part in research.

Author contributions

Conceptualization by D.P.O'R. and K.R. Methodology by K.R., D.P.O'R.,
CB. K.AM.,LC,SL.Z,SK.,ST,PG. and J.Z. Formal analysis by K.R.
and C.B. Resources by D.P.O'R. and W.B. Software by D.S., V.L. and K.R.
Writing—original draft by K.R. Writing—review and editing by K.R.,
D.P.OR.,Ad.M., JSW, LC., C.B., L.Z, M.l. and V.K. Visualization by K.R.
and D.P.O'R. Supervision by D.P.O'R. Project administration by D.P.O'R.
Funding acquisition by D.P.O'R.

Competinginterests
D.P.O'R. receives research support from Bayer AG and Calico Labs,
and is a paid consultant to Bayer AG and Bristol Myers Squibb. J.S.W.

Nature Cardiovascular Research | Volume 5 | January 2026 | 18-33

32


http://www.nature.com/natcardiovascres
https://doi.org/10.5281/zenodo.16025952

Article

https://doi.org/10.1038/s44161-025-00757-4

has received research support from Bristol Myers Squibb, has acted
as a paid advisor to Health Lumen, Tenaya Therapeutics, and Solid
Biosciences, and is a founder with equity in Saturnus Bio. All other
authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary
material available at https://doi.org/10.1038/s44161-025-00757-4.

Correspondence and requests for materials should be addressed to
Declan P. O'Regan.

Peer review information Nature Cardiovascular Research thanks the
anonymous reviewer(s) for their contribution to the peer review of
this work.

Reprints and permissions informationis available at
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2025

Nature Cardiovascular Research | Volume 5 | January 2026 | 18-33

33


http://www.nature.com/natcardiovascres
https://doi.org/10.1038/s44161-025-00757-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

nature portfolio

Corresponding author(s): Declan P O’Regan

Last updated by author(s): Oct 30, 2025

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

=
Y]
=t
=
@
1®)
@)
=
o
=
®
o)
@)
=
=
(e}
wv
c
=
=
o
<

Statistics
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
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Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Data were obtained from the UK Biobank under approved application number 40616. Data access and extraction were performed using the
UK Biobank Research Analysis Platform (UK RAP). The study received ethical approval from the National Research Ethics Service (11/
NW/0382), and all participants gave written informed consent. Custom Python scripts (Python version 3.10) were used within the RAP
environment to filter participants based on imaging availability and clinical diagnoses (ICD-9/ICD-10 codes). Standard libraries such as pandas
(v1.5.3) and numpy (v1.24.2) were used for data manipulation. No commercial software was used for data collection.

Data analysis Custom Python scripts (Python version 3.12.1) and neo4j Desktop (version 5.20.0) were used to run the analysis.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The scripts for data analysis are publicly available at https://github.com/ImperialCollegeLondon/cardioKG(DOI:10.5281/zenodo.16025952). Data from UK Biobank
are available for approved research upon application https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access under the terms of the UK Biobank’s
data access policy.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Sex (biological) was self-reported by participants at recruitment and recorded in the UKBiobank dataset. In our study, sex
( males n = 4893 and females n = 4691) was included as a covariate and incorporated into the model as part of the node
feature set for each individual. It was also adjusted for in downstream analyses, such as survival analysis for drug repurposing
outcomes. Gender identity was not available in the UKBiobank dataset, and therefore was not analyzed in this study.

Reporting on race, ethnicity, or | Ethnicity was self-reported by participants in the UK Biobank at baseline. In our study cohort, over 90% of participants were
i of White European ancestry, reflecting the broader UK Biobank population. Due to this limited ethnic diversity, subgrou
other socially relevant p Y. g pop y. group
groupings analyses by ethnicity were not performed. Other socially relevant variables such as socioeconomic status or gender identity
were not included in the current analysis.

To control for potential confounding, we incorporated available demographic and clinical covariates into our graph-based
model where applicable. Specifically: Age and sex were included as node-level features in the knowledge graph. Disease and
medication nodes were connected via structured diagnostic and treatment codes (ICD, ATC), minimizing subjective or biased
inputs. For downstream validation (e.g., survival analysis in the drug repurposing experiment), we adjusted for age and sex to
account for their known associations with cardiovascular risk and treatment response.

Population characteristics The study population was derived from the UK Biobank, a population-based cohort of approximately 500,000 individuals
aged 40-69 years at recruitment (2006—2010) across the United Kingdom. For this study, we selected 4,280 participants with
both cardiac magnetic resonance (CMR) imaging data and a diagnosis of one of five cardiovascular diseases: heart failure
(HF), atrial fibrillation (AF), myocardial infarction (Ml), hypertrophic cardiomyopathy (HCM), or dilated cardiomyopathy
(DCM), identified via ICD-9/10 codes. An additional 5,304 participants without a cardiovascular diagnosis were included as
healthy controls to ensure representation across the phenotypic spectrum.

The demographic and clinical characteristics of the study population — including age, sex and ethnicity— are provided in
Supplementary Table 2. Consistent with the overall UK Biobank cohort, over 90% of participants were of White European
ancestry

Recruitment Participants were not directly recruited for this study. All data were obtained from the UK Biobank, a large population-based
cohort of approximately 500,000 individuals aged 40-69 years who were recruited across the United Kingdom between 2006
and 2010. Recruitment was conducted by UK Biobank using population-wide mail invitations, and participation was voluntary
following informed consent.

Ethics oversight The study received ethical approval from the National Research Ethics Service (11/NW/0382)

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size The sample was drawn from the UK Biobank, a population-based cohort of ~500,000 individuals. A sub-cohort who underwent cardiac
magnetic resonance (CMR) imaging was used for this study. From this group, we selected 4,280 individuals with imaging data and a diagnosis
of one of five target cardiovascular diseases (AF, HF, MI, HCM, or DCM), and an additional 5,304 healthy controls to ensure broad phenotypic
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variability. This sample size was determined based on the availability of both imaging and diagnostic information relevant to the target
phenotypes.

Over 200,000 image-derived phenotypes (IDPs) were extracted using computer vision pipelines and incorporated into the model. We focused
analyses on the three most prevalent conditions (AF, HF, MI) to ensure adequate statistical power and clinical relevance. The sample size is
considered sufficient given the large number of quantitative imaging traits per participant and the inclusion of both diseased and healthy
individuals for contrastive learning.

Data exclusions  Participants were included if they had (i) available cardiac magnetic resonance (CMR) imaging data and (ii) a documented diagnosis of one of
five target cardiovascular diseases: heart failure (HF), atrial fibrillation (AF), myocardial infarction (Ml), hypertrophic cardiomyopathy (HCM),
or dilated cardiomyopathy (DCM), based on ICD-9/10 codes.We excluded individuals who lacked CMR imaging data or who did not have one
of the five specified cardiovascular diagnoses.Rationale:The goal of this study was to investigate the role of imaging-derived phenotypes in
predicting gene—disease associations. Including only participants with both imaging and disease diagnosis ensured that the model could
leverage structural and functional cardiac traits as features directly relevant to disease status.

Replication To verify the reproducibility of our drug repurposing experiment, we performed survival analysis on an independent validation cohort of 489
participants who did not have cardiac imaging data. This cohort was used to assess whether drugs prioritized by our predictive model (based
on imaging-derived phenotypes and gene—disease associations) were associated with improved survival in a separate population. The
consistent patterns observed supported the validity and generalisability of the drug repurposing predictions. Furthermore, We evaluated the
reproducibility of our findings in an independent UK Biobank cohort of 33,822 participants with CMR imaging, including 1,173 with AF, 756
with MI, 274 with HF, 25 with HCM, and 34 with DCM. All reproducibility checks were successful.
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Randomization  Yes, randomization was applied via a fixed random seeds, ensuring consistent and repeatable results across model runs.

Blinding Blinding was not applicable in this study. All data were pre-existing and sourced from the UK Biobank, and no new data collection was
performed by the investigators. Group allocation (e.g., disease vs. control) was determined based on structured clinical codes (ICD-9/ICD-10)
and imaging availability prior to analysis. Since the analysis was entirely computational and automated using predefined criteria and scripts,
investigator blinding was not relevant.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies D ChlP-seq
Eukaryotic cell lines |Z D Flow cytometry
Palaeontology and archaeology |Z D MRI-based neuroimaging

Animals and other organisms
Clinical data
Dual use research of concern
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Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
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Authentication Describe-any atithentication-procedtures for-each seed stock-tsed-or-novel genotypegenerated—Describe-anyexperiments-tused-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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