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ABSTRACT

Current risk assessment models for predicting ischemic stroke (IS) in patients with atrial fibrillation (AF) often fail to account for the effects
of medications and the complex interactions between drugs, proteins, and diseases. We developed an interpretable deep learning model, the
AF-Biological-IS-Path (ABioSPath), to predict one-year IS risk in AF patients by integrating drug—protein—disease pathways with real-world
clinical data. Using a heterogeneous multilayer network, ABioSPath identifies mechanisms of drug actions and the propagation of comorbid
diseases. By combining mechanistic pathways with patient-specific characteristics, the model provides individualized IS risk assessments and
identifies potential molecular pathways involved. We utilized the electronic health record data from 7859 AF patients, collected between
January 2008 and December 2009 across 43 hospitals in Hong Kong. ABioSPath outperformed baseline models in all evaluation metrics,
achieving an AUROC of 0.7815 (95% CI: 0.7346-0.8283), a positive predictive value of 0.430, a negative predictive value of 0.870, a sensitivity
of 0.500, a specificity of 0.885, an average precision of 0.409, and a Brier score of 0.195. Cohort-level analysis identified key proteins, such as
CRP, REN, and PTGS2, within the most common pathways. Individual-level analysis further highlighted the importance of PIK3/Akt and
cytokine and chemokine signaling pathways and identified IS risks associated with less-studied drugs like prochlorperazine maleate.
ABioSPath offers a robust, data-driven approach for IS risk prediction, requiring only routinely collected clinical data without the need for
costly biomarkers. Beyond IS, the model has potential applications in screening risks for other diseases, enhancing patient care, and providing
insights for drug development.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial 4.0
International (CC BY-NC) license (https://creativecommons.org/licenses/by-nc/4.0/). https://doi.org/10.1063/5.0242570

I. INTRODUCTION cognitive deficits. Approximately 15 x 10° people globally experience

Atrial fibrillation (AF) is the most commonly occurring cardiac
arrhythmia, impacting an estimated 1%-2% of the global population.'
Among the most severe complications of AF are ischemic stroke (IS)
and systemic embolism, which can occur regardless of the specific type
or pattern of AF. IS is a major cause of death globally, often leading to
severe outcomes such as vision loss, speech impairment, paralysis, and

strokes each year, leading to 5 x 10° fatalities and 5 x 10° instances of
permanent disability.” The burden of stroke extends beyond patients
and their families, posing significant social and economic challenges.
Oral anticoagulation therapy has been the primary pharmacologi-
cal approach for reducing stroke risk in AF patients, both diagnosti-
cally and prognostically, but it raises the risk of major bleeding.
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Fortunately, evidence suggests that IS is not an inevitable consequence
of aging if risks are accurately predicted and managed in time.’
Retrospective and prospective studies have identified modifiable risk
factors for IS, which can reduce stroke risk when properly managed.”*
In clinical practice, the CHADS, and CHA,DS,-VASc scoring systems
guide anticoagulation decisions in AF patients.” However, these sys-
tems have shown only moderate predictive accuracy, often resulting in
overtreatment or undertreatment.®

Two major gaps contribute to the limitations in predicting IS risk
in AF patients: (a) The co-occurrence of diseases can influence stroke
risk through a complex network of shared biological pathways and
multifunctional proteins.” Key risk factors for stroke include hyperten-
sion, diabetes, coronary heart disease, AF, heart valve disease, and
carotid artery disease,” yet the biological mechanisms underlying these
associations remain poorly understood;” and (b) medications taken by
patients can affect stroke development, either positively or negatively.
For instance, while statins are primarily prescribed as lipid-lowering
agents, they have been linked to better outcomes post-IS in AF
patients, likely due to their pleiotropic effects on the cardiovascular
system beyond lipid control.'” Conversely, drugs targeting the IL-6
protein pathway may increase IS mortality risk,'' and certain HIV
treatments have been linked to a higher risk of IS."”

These gaps underscore the necessity for research that systemati-
cally integrates heterogeneous drug—protein-disease interactions to
enhance IS risk prediction. To address this need, we constructed a
multilayer network incorporating existing knowledge of disease-
protein—drug interactions. Utilizing a comprehensive Hong Kong-
based cohort focused on an Asian population, we developed a deep
learning model called AF-Biological-IS-Path (ABioSPath) to predict
IS risk in AF patients. Unlike traditional studies that analyze comor-
bidities and medications in isolation, our approach systematically inte-
grates drug-protein and disease—protein interactions, along with
protein—protein and disease-disease relationships, bridging previously
siloed data.

This integration provides a foundation for both IS risk prediction
and modeling of other diseases, enabling exploration of novel molecu-
lar pathways in disease progression. We propose a graph attention net-
work (GAT)-based model that leverages this multilayer network and
large-scale, real-world inpatient data, facilitating robust linkage
between network information and patient data with multiple comor-
bidities and prescriptions. Our findings demonstrate that this frame-
work significantly outperforms traditional risk models while offering
interpretable insights at both cohort and individual levels. At the
cohort level, proteins such as CRP, REN, and PTGS2 emerged as cen-
tral factors associated with IS, while at the individual level, pathways
including PI3K/Akt signaling and cytokine-/chemokine-induced sig-
naling proved critical. These discoveries validate our approach and
establish new directions for integrative methods in stroke risk
prediction.

Il. RESULTS

The characteristics of the research samples are summarized in
Table I. The mean age of the study population was 79.82 years, with
ages ranging from 65 to 107 years. Of the study population, 56.5%
were male. On average, each patient had 4.11 prescriptions during the
study period. Additionally, the average number of diagnoses per
patient throughout the study period was 6.98.

ARTICLE pubs.aip.org/aip/apb

TABLE I. Demographic and clinical characteristics of 7856 AF patients. Age, number
of prescriptions, and diagnoses are presented as mean = standard deviation,
median [interquartile range], and range. Sex and comorbidities (identified by ICD-9
codes) are shown as counts (percentages).

Characteristic Value

Demographics
Age (years) 79.82 £ 7.25; 80.0 [75-85];
range 65-107
Male sex, n (%) 4,439 (56.5)

Clinical characteristics

Number of prescriptions (CID codes) 4.12 = 2.87; 3.0 [2.0-6.0];

range 1-23
Number of diagnoses (ICD-9 codes) 6.98 * 3.67; 6.0 [4.0-9.0];
range 1-35
Comorbidities, n (%)
Essential hypertension (ICD-9) 4352 (55.4)
Diabetes mellitus (ICD-9) 2175 (27.7)

A. Model performance

The performance of the ABioSPath model compared to baseline
models is detailed in Table II. Overall, ABioSPath outperformed all
baseline models across evaluation metrics. In the test set, ABioSPath
achieved an AUROC of 0.782 (95% CI: 0.735-0.829), with sensitivity
of 0.500, specificity of 0.885, PPV of 0.430, NPV of 0.870, average pre-
cision of 0.409, and a Brier score of 0.195. Among the baseline models,
logistic regression performed best in testing (AUROC 0.725, 95% CI:
0.666-0.782), followed by LASSO (AUROC 0.697, 95% CI: 0.642-
0.748), while CHADS, and CHA,DS,-VASc showed lower discrimina-
tive ability. The DeLong test demonstrated statistically significant dif-
ferences (p < 0.01) between ABioSPath and all baseline models. To
assess the impact of incomplete data, we conducted a simulation study
where we randomly removed 50% of the information from patients
with multiple records. The results, presented in Table SIII in the sup-
plementary material, demonstrate a significant decrease in model per-
formance, with the AUROC dropping to 0.684 on the test set.

B. Identifying IS risk in patients using specific
medications

Antiplatelet drugs and ACE inhibitors are recognized for their
ability to reduce the risk of ischemic stroke."” In our dataset, we focus
on aspirin and ACE inhibitors as the effective medical therapies avail-
able. However, despite the use of these treatments, the risk of ischemic
stroke persists. To investigate this further, we identified a subset of
6072 patients who were prescribed both antiplatelet medications
(including aspirin, clopidogrel, and dipyridamole) and ACE inhibitors
(such as lisinopril, ramipril, enalapril, captopril, fosinopril sodium, and
perindopril tert-butylamine).

Table I1I presents the performance of the ABioSPath model and
baseline models on this subset. In assessing residual IS risk within this
group, ABioSPath demonstrated superior performance compared to
other methods, achieving an AUROC of 0.8067, a PPV of 0.504, an
NPV of 0.893, a sensitivity of 0.528, a specificity of 0.883, an average
precision of 0.470, and a Brier score of 0.186. In contrast, the CHADS,
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TABLE II. Comparative performance analysis of IS risk prediction models. Model performance metrics evaluated across training, validation, and test sets include area under
receiver operating characteristic curve (AUROC) with 95% confidence intervals, positive predictive value (PPV), negative predictive value (NPV), sensitivity, specificity, average
precision, Brier score, and DeLong test p-values (compared to ABioSPath). Models compared: ABioSPath, logistic regression, LASSO, CHADS,, and CHA,DS,-VASc. Bold val-
ues represent each model's results from the test set.

Average Delong test ~ Brier

Model Cohort AUROC PPV NPV Sensitivity ~ Specificity ~ precision p-value score
Logistic regression Train 0.745 (0.727, 0.762) 0.449  0.896 0.499 0.876 0.391 <0.01 0.213
Valid 0.735 (0.704, 0.766) 0.473 0.899 0.527 0.879 0.398 <0.05 0.213

Test 0.725 (0.666, 0.782)  0.366  0.905 0.495 0.855 0.339 <0.05 0.221

LASSO Train 0.704 (0.684, 0.723) 0.463 0.881 0.500 0.869 0.325 <0.01 0.292
Valid 0.726 (0.692, 0.760) 0.473 0.880 0.527 0.870 0.344 <0.01 0.280

Test 0.697 (0.642, 0.748) 0.343  0.881 0.426 0.873 0.254 <0.01 0.304

CHADS, Train 0.667 (0.647,0.685)  0.383  0.840 0.366 0.840 0.262 <0.01 0.231
Valid 0.668 (0.633, 0.703) 0.400 0.844 0.375 0.824 0.266 <0.01 0.230

Test 0.675 (0.625, 0.725) 0.302  0.862 0.322 0.837 0.231 <0.01 0.224

CHA,DS,-VASc Train 0.661 (0.642,0.680)  0.332  0.841 0.314 0.862 0.255 <0.01 0.232
Valid 0.658 (0.623, 0.693) 0.350 0.840 0.327 0.852 0.255 <0.01 0.232

Test 0.673 (0.624, 0.722) 0.311 0.863 0.287 0.866 0.221 <0.01 0.220

ABioSPath Train 0.813 (0.798,0.827)  0.503  0.898 0.500 0.900 0.451 0.183
Valid 0.772 (0.737, 0.807) 0.479 0.900 0.530 0.882 0.447 0.196

Test 0.781 (0.735, 0.829) 0.421 0.910 0.500 0.885 0.410 0.195

TABLE Ill. Model performance metrics. Performance metrics were calculated on 6072 patients using antiplatelet and ACE inhibitor medications. Computed model values for
area under receiver operating characteristic curve (AUROC) (with 95% confidence intervals), positive predictive value (PPV), negative predictive value (NPV), sensitivity, specific-
ity, average precision, DeLong test p-values, and Brier score are listed in the table. Bold values indicate best performance.

Average Delong test Brier
Model AUROC PPV NPV Sensitivity Specificity precision p-value score
Logistic regression 0.748 (0.731,0.765) 0.463 0.890 0.528 0.863 0.400 <0.01 0.213
LASSO 0.692 (0.676,0.708) 0.454 0.877 0.528 0.858 0.325 <0.01 0.293
CHADS, 0.667 (0.650,0.685) 0.388 0.830 0.383 0.824 0.279 <0.01 0.233
CHA,DS,-VASc 0.661 (0.643,0.678) 0.352 0.828 0.334 0.846 0.271 <0.01 0.234
ABioSPath 0.807 (0.794,0.822) 0.504 0.893 0.528 0.883 0.470 0.186

and CHA,DS,-VASc models produced the poorest results, followed by
LASSO and then logistic regression.

C. Assessing model robustness for patients not
receiving specific therapies

To assess ABioSPath’s broader clinical utility, we evaluated its
performance in 1787 patients not receiving antiplatelet drugs or ACE
inhibitors. This analysis is crucial as real-world settings often involve
incomplete guideline adherence or limited treatment access. The evalu-
ation aimed to verify the model’s generalizability across different thera-
peutic regimens and its ability to predict IS risk under varied treatment
conditions.

Table IV shows ABioSPath’s performance in patients without
specific therapies, achieving an AUROC of 0.751. Among compara-
tors, logistic regression performed highest (AUROC 0.662),

followed by CHA,DS,-VASc (0.640), CHADS, (0.639), and
LASSO (0.624). The model demonstrated balanced metrics: sensi-
tivity (0.606), specificity (0.758), PPV (0.237), and NPV (0.938). It
also showed superior calibration with the highest average precision
(0.287) and favorable Brier score (0.190). DeLong tests confirmed
significant performance differences between model pairs
(p<0.01), validating ABioSPath’s advantage in patients without
using antiplatelet drugs and ACE inhibitors.

D. Identified pathway results for drugs

ABioSPath incorporates a deep learning approach to understand-
ing the mechanisms of drug actions (MODA) and disease comorbidity
propagations (DCP) in disease risk prediction.'* Among the identified
pathways for all patients, the ten most important pathways for each
patient were selected based on their ranked weights. The aggregated
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TABLE IV. Model performance metrics in patients without antiplatelet or ACE inhibitor therapy. Performance metrics of prediction models in patients not receiving antiplatelet
drugs or ACE inhibitors. Performance evaluation includes for area under receiver operating characteristic curve (AUROC) (with 95% confidence intervals), positive predictive
value (PPV), negative predictive value (NPV) sensitivity, specificity, average precision, DeLong test p-values (vs ABioSPath), and Brier score. Bold values indicate best

performance.

Average Delong test Brier
Model AUROC PPV NPV Sensitivity Specificity precision p-value score
Logistic regression 0.662 (0.616,0.709) 0.178 0.928 0.601 0.658 0.240 <0.01 0.220
LASSO 0.624 (0.590,0.658) 0 0.889 0.338 0.910 0.182 <0.01 0.278
CHADS, 0.639 (0.598,0.680) 0.211 0.905 0.560 0.661 0.170 <0.01 0.220
CHA,DS,-VASc 0.640 (0.600,0.680) 0.213 0.901 0.469 0.723 0.162 <0.01 0.216
ABioSPath 0.751 (0.715,0.787) 0.237 0.938 0.606 0.758 0.287 0.190
pathways from all patients revealed the ten most frequently occurring lll. DISCUSSIONS

ones, as shown in Fig. 1(a). Out of the ten identified pathways, four
originated from CID-2244 (aspirin), three from CID-5362119 (lisino-
pril), two from CID-3440 (furosemide), and one from CID-4510
(nitroglycerin). The key proteins identified in these pathways included
Entrez-1636 (ACE), Entrez-5743 (PTGS2), Entrez-59272 (ACE2),
Entrez-476 (RNA5SP476), Entrez-5972 (REN), Entrez-4843 (NOS2),
Entrez-1559 (CYP2C9), Entrez-1401 (CRP), and Entrez-4311 (MME).
Among the pathways extracted from each patient, the ten most preva-
lent pathways across the entire cohort had counts of 1500, 1282, 1243,
1196, 1173, 990, 982, 942, 902, and 894. After extracting the top twenty
important pathways from each patient, the mean occurrence frequency
of all extracted pathways was 19.229 (SD = 66.26). One-tailed, one-
sample t-tests confirmed that these top ten pathway counts were sig-
nificantly higher than the overall mean occurrence frequency
(p < 0.01), indicating their consistent prevalence across the patient
cohort.

Figure 1(b) illustrates the drug pathways identified for an indi-
vidual patient as an example. This patient had a medical history of
ICDY9-250 (diabetes mellitus), ICD9-272 (disorders of lipoid metabo-
lism), ICD9-401 (essential hypertension), ICD9-427 (cardiac dys-
rhythmias), ICD9-428 (heart failure), ICD9-438 (late effects of
cerebrovascular disease), and ICD9-496 (chronic airway obstruction,
not elsewhere classified). The medications taken included CID-4917
(prochlorperazine maleate), CID-3746 (ipratropium bromide), CID-
3108 (dipyridamole), CID-2244 (aspirin), CID-2153 (theophylline),
CID-2083 (salbutamol (sulphate), CID-5362119 (lisinopril), CID-
38853 (methyldopa), CID-5754 (hydrocortisone), and CID-39186
(diltiazem). The patient was later diagnosed with IS within a one-
year follow-up.

The twenty most significant pathways from drugs to stroke were
identified based on ranked weights, as detailed in Fig. 1(b). Among
these pathways, eight originated from CID-2153 (theophylline), five
from CID-4917 (prochlorperazine maleate), three from CID-2083 (sal-
butamol), two from CID-38853 (methyldopa), one from CID-2244
(aspirin), and one from CID-39186 (diltiazem). The pathways ranged
in length from three to four, with fifty-two proteins appearing in these
pathways. The five most frequently occurring proteins were Entrez-
5290 (PIK3CA), Entrez-7124 (TNF), Entrez-1129 (CHRM2), Entrez-
4804 (NGFR), and Entrez-153 (ADRBI1), with frequencies ranging
from one to five.

In this study, we initially constructed a multilayer network that
integrates existing knowledge about disease—protein—drug interactions.
We then developed a deep learning model, ABioSPath, utilizing this
multilayer network to enhance the prediction of IS risk in individuals
with AF. Experiments conducted on a cohort of 7859 AF inpatients
demonstrated that ABioSPath improved the AUROC by 8% compared
to a standard logistic regression model that independently considered
prescriptions and historical diagnoses.

In subset analyses, our model outperformed existing clinical
standards, which often overlook drug usage, by accurately identifying
high-risk patients even under treatments considered optimal by cur-
rent standards. This capability allows ABioSPath to effectively pinpoint
patients with residual risk. Additionally, ABioSPath provided insights
into the potential mechanistic pathways that contribute to its predic-
tive performance. The model’s high NPV indicates its accuracy in
identifying patients with low stroke risk, which can help clinicians
avoid unnecessary medications and associated risks, such as internal
bleeding.

ABioSPath demonstrated robust performance in patients not
receiving specific therapies, achieving an AUROC of 0.751 (95% CI:
0.715-0.787) in this challenging subgroup, as shown in Table IV.
While performance metrics were modestly lower compared to patients
on specific therapies, ABioSPath consistently outperformed both tradi-
tional risk scores and conventional machine learning approaches. The
performance difference between medicated and non-medicated
patients underscores the importance of incorporating medication data
into the model. Notably, even with this performance gap, ABioSPath
maintained superior predictive accuracy compared to existing clinical
risk scores, demonstrating its reliability as a risk assessment tool
regardless of treatment status.

The integration of heterogeneous biological networks enables
ABioSPath to model disease risk propagation by utilizing rich drug-
protein—disease interactions from a novel perspective. Employing
GAT and Bi-LSTM networks, the model achieves end-to-end predic-
tion while integrating complex network data—a capability beyond the
reach of traditional machine learning algorithms. Incorporating both
node and path attention mechanisms allows the model to identify sig-
nificant biological pathways, distinguishing critical pathways more
effectively than conventional methods. This approach provides
detailed insights into underlying pathways, enabling clinicians to make
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more informed medication adjustments based on deeper biological
understanding. Understanding the rationale behind predictions is cru-
cial in healthcare, as it aids clinicians in decision-making. Our model
tracks the shortest paths within a complex, multilayered network, from
specific drugs to IS. We used the cuGraph shortest path search func-
tion—a GPU-accelerated graph analytics package—to expedite the
process, given the network’s size.'” ABioSPath identifies pathways that
rationalize risk predictions, highlighting the significance of protein-
protein interactions in predicting drug effects and target protein func-
tions at the molecular level. In drug discovery, such interactions are
increasingly critical, offering therapeutic potential for targeting specific
disease mechanisms. Compared to baseline models, ABioSPath excels
in identifying critical pathways from drugs to diseases. These identified
pathways, validated through existing evidence, bolster the model’s
credibility at both the cohort and individual levels.

Figure 1(a) illustrates significant pathways identified by
ABioSPath, highlighting drugs such as aspirin, lisinopril, furosemide,
and nitroglycerin that have a greater impact on IS risk compared to

Transient
cerebral ischemia

\
ofpwebra arterie

ebrovascular disease
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FIG. 1. Protein-mediated pathways linking
medications to ischemic stroke. (a)
Sankey diagram illustrating the ten most
I prevalent protein pathways connecting
medications to ischemic stroke across the
study cohort. The width and color intensity
of connections represent pathway occur-
rence and association strength, respec-
tively. (b) Patient-specific  pathway
analysis demonstrating the mechanistic
relationships between prescribed medica-
tions and stroke outcome. Node classifica-
tion: medications (orange), proteins (blue),
and diseases (green). Node size indicates
pathway occurrence, while color intensity
reflects association strength. Link thick-
ness and darkness correspond to connec-
tion strength between network elements.

Occlusion of I
cerebral arteries

I Disease

Protein-Disease Pathway

other medications. Lisinopril, an ACE inhibitor, promotes vascular
relaxation and dilation, lowering blood pressure.'® Research has shown
a connection between ACE inhibitors and vascular diseases, including
IS."” REN is a key component of the renin-angiotensin system, which
plays a vital role in regulating blood pressure and maintaining fluid
balance.'? Aspirin is widely used to prevent recurrent IS."” Numerous
studies have suggested that PTGS2 may serve as a critical risk factor in
IS, with genetic variation in PTGS2 potentially contributing to the pro-
gression of cardiovascular events.”’ Aspirin use may alter the associa-
tion between the PTGS2 G-765C polymorphism and coronary heart
disease (CHD) risk.”’ The PTGS2 G765C mutation may also be associ-
ated with aspirin resistance.”” Additionally, aspirin can influence the
activity of nitric oxide synthase (NOS), including NOS2.”* NOS2 has
been identified as a stroke-related gene.”” C-reactive protein (CRP) is
also an important risk factor for IS.”* In AF patients, CRP levels corre-
late with stroke risk and other cardiovascular diseases, serving as a key
biomarker for IS risk assessment.”*> Aspirin’s therapeutic efficacy has
been observed in individuals with high CRP levels.”* Evidence further

APL Bioeng. 9, 026104 (2025); doi: 10.1063/5.0242570
© Author(s) 2025

9, 026104-5


pubs.aip.org/aip/apb

APL Bioengineering

supports a connection between furosemide, nitroglycerin, and IS via
identified pathways.*

In a specific case study, Fig. 1(b) reveals that among the top 20
significant pathways, theophylline and prochlorperazine maleate had
the most substantial impact on the patient’s IS risk, as determined by
ABioSPath. The relationship between theophylline and IS is complex
and multifaceted. Our pathway analysis suggests that theophylline is
associated with IS through proteins such as phosphatidylinositol-4,5-
bisphosphate 3-kinase catalytic subunit alpha (PIK3CA) and nerve
growth factor receptor (NGFR). While theophylline is commonly pre-
scribed for asthma and chronic obstructive pulmonary disease
(COPD),” its association with IS remains under-explored. However,
some evidence indicates that theophylline may have a neuroprotective
effect in 1S.”” The PI3K/Akt pathway, inhibited by theophylline, is
linked to the development of diseases such as stroke, with PIK3CA, an
isoform of PI3K, potentially playing a role.””” NGFR is also involved
in the development of IS, with studies suggesting it could be a risk fac-
tor.”" Tumor necrosis factor (TNF) has been identified as a potential
stroke marker due to its role in stroke pathophysiology and involve-
ment in cytokine- and chemokine-induced signaling pathways in
neuroinflammation.”*”

Other drugs, such as aspirin, identified by ABioSPath, are
well-known for their role in preventing blood clots, a leading cause
of IS. Aspirin significantly reduces clot density and strength.”
Similarly, methyldopa may decrease IS risk through its antihyper-
tensive effects.”* Another drug associated with IS risk is prochlor-
perazine maleate. Although current research has not definitively
established a relationship between prochlorperazine maleate and
IS, clinical case reports suggest a potential connection.” Our mod-
el’s findings align with this observation, indicating that prochlor-
perazine maleate might increase IS risk in this patient. This
conclusion is based on a rise in the risk score from 0.559 to 0.566
following drug administration. Thus, our model can identify
potential risks associated with less-studied IS-related drugs, such as
prochlorperazine maleate. While the pathways identified by
ABioSPath were algorithmically derived rather than clinically
observed, they align with existing research, suggesting that some
under-explored pathways may present new targets for IS
prevention.

Cohort-level analyses reveal the occurrence and strength of path-
ways linking drugs to diseases, with statistical testing confirming the
significance of ten key mechanistic pathways. In contrast, individual-
level analyses offer insights into unique drug interactions and relations,
highlighting that different drugs may exert varying influences on spe-
cific diseases. This information highlights the distinction between
cohort-level and individual-level analyses. At the cohort level, certain
drugs and proteins may exert a more significant impact, guiding ther-
apy plans that are broadly applicable to the entire group. In contrast,
individual-level analyses leverage patient-specific information, uncov-
ering unique drug-disease interactions that enable tailored therapeutic
strategies. This difference is further illustrated in our example. Despite
the patient taking common medications such as aspirin, similar to the
cohort, they also take uncommon drugs like prochlorperazine maleate.
These uncommon medications introduce unique physiological charac-
teristics and drug interactions, resulting in different pathway out-
comes. This discrepancy emphasizes the value of personalized analysis
in clinical decision-making. This distinction underscores the strength
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of our model in integrating complex relationships and delivering per-
sonalized predictions, representing a significant advancement in pre-
dictive modeling.

We evaluated our model using the ProBast checklist, ensuring that
the design and validation process minimized bias.”® First, in terms of the
dataset, the model utilizes comprehensive, territory-wide data from all
public hospitals in Hong Kong, reflecting the overall population status in
the region. This approach mitigates representation bias compared to
datasets sourced from a limited number of hospitals, thereby enhancing
the model’s generalizability. Second, our methodology is rigorous,
employing strict criteria in developing and validating the model, includ-
ing random sampling and internal validation through a separate dataset.
This approach minimizes the risk of overfitting and improves the mod-
el's robustness. Third, the model underwent a thorough evaluation,
demonstrating superior performance in calibration, discrimination, and
classification. The DeLong test results further support our model’s effec-
tiveness. Finally, our model ensures the timeliness and relevance of pre-
dictors, as all are derived from historical EHR data and open-source
datasets, thus avoiding look-ahead bias. The 1-year prediction horizon
was strategically chosen to balance clinical utility and temporal con-
straints, ensuring practical applicability in clinical settings.

While ABioSPath demonstrates superior predictive performance
by leveraging routinely collected EHR data and drug-protein interac-
tion networks, we acknowledge important practical considerations for
clinical implementation. Traditional scoring systems like CHADS, and
CHA,DS,-VASc offer the key advantage of rapid manual calculation
at the point of care without requiring computational resources or com-
plex interfaces. This allows physicians to quickly stratify risk during
time-sensitive clinical encounters. Please refer to Sec. IV in the supple-
mentary material for detailed comparisons between ABioSPath and
other existing models for predicting IS risk.

The ABioSPath model aims to maintain clinical utility while pro-
viding deeper mechanistic insights. It can be integrated into existing
EHR systems to automatically calculate IS risk using standard clinical
data inputs like disease history, medications, demographics, and lab
values. An intuitive interface will allow clinicians to review personal-
ized risk assessments, key contributing factors, and relevant molecular
pathways—capabilities unavailable in current scoring systems.
However, successful implementation will require proper IT infrastruc-
ture and workflow integration to ensure the model enhances clinical
decision-making,

This study has several important limitations that should be
acknowledged. First, our analysis was based exclusively on patients
from Hong Kong, which may limit the generalizability of our findings
to other regions. It is essential to validate our model with data from
patients across diverse geographic areas to identify potential variations
and ensure broader applicability. Second, the study did not account for
the temporal sequence of disease onset and prescriptions. While inte-
grating the chronological order of diseases and the corresponding
treatments could introduce additional complexity and noise, it may
also reveal valuable insights, patterns, and relationships that would
otherwise remain hidden. Future research should aim to incorporate
temporal information to gain a more comprehensive understanding of
disease progression and treatment effects. Third, the weighting of the
knowledge graph used in our study presents a complex challenge that
requires further exploration. Currently, fixed weights are assigned to
the connections between drugs and proteins, without considering the
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relative strength of these associations. These weights provide valuable
information about the strength of relationships between entities. To
enhance the accuracy and richness of our model, future work will focus
on assigning weights based on the significance and relevance of differ-
ent chemicals. Fourth, despite incorporating as many predictors as
possible, there are still potential confounders that may have been over-
looked or are difficult to quantify. Fifth, while the adoption of elec-
tronic health record (EHR) systems has increased data availability,
access remains limited in underdeveloped regions, potentially affecting
our model’s performance. Sixth, while shortest paths often capture pri-
mary mechanisms, our approach may overlook complex feedback
loops and secondary pathways that could contribute to drug effects
and disease progression. Further research and analysis are needed to
address these gaps. Refining the model to include more comprehensive
information could improve the knowledge graph’s quality and the
model’s overall performance.

IV. CONCLUSION

This study presents the development of ABioSPath, a deep learn-
ing model designed to predict the risk of ischemic stroke (IS) in
patients with atrial fibrillation (AF). The model demonstrated superior
predictive performance compared to traditional machine learning
models and clinical risk scores. Its use of routinely collected electronic
health records (EHRs), which eliminates the need for expensive bio-
marker testing, makes it a practical option for widespread clinical
application. Additionally, the model’s ability to pinpoint specific path-
ways associated with IS risk offers new opportunities for targeted pre-
vention strategies and personalized care.

V. METHODS
A. Data

The data used in this study comprises two main parts. The first
part consists of electronic health records (EHRs) from inpatients, col-
lected from the Hong Kong Hospital Authority (HA), which oversees
all 43 public hospitals in Hong Kong. For each hospital admission, the
EHRs recorded detailed patient information, including a unique
patient identifier, gender, age, up to 15 diagnoses coded by ICD-9-CM,
admission and discharge dates, and prescribed medications. For each
medication, additional details were recorded: prescription date, British
National Formulary code, drug name, frequency, dosage (value and
unit), quantity, type, and duration of treatment. The dataset spans
three years, from January 1, 2008, to December 31, 2010, and includes
over 5.2 x 10° health records corresponding to 1764 094 inpatients.

The second part of the dataset is a three-layer drug-protein-
disease network, derived from iDPath and the comorbidity network
developed in our previous research, as illustrated in Fig. 2."**’

1. Disease comorbidity network

The disease comorbidity network (DCN) was constructed using
seven years of electronic health record (EHR) data (2000-2007) from
the Hong Kong Hospital Authority. For each hospital admission, up to
15 disease diagnoses were recorded, focusing exclusively on primary
and secondary admissions. The resulting comorbidity network is rep-
resented as an undirected graph, where each node corresponds to a
disease and the weighted edges indicate the co-occurrence frequency
of disease pairs. To minimize noise, co-occurrences with frequencies
lower than 10 were excluded from the network. All diseases in the
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comorbidity network are encoded wusing the International
Classification of Diseases, Ninth Revision, Clinical Modification (ICD-
9-CM) codes.

2. Disease-protein interaction dataset

The disease-protein interaction dataset was developed by linking
diseases to protein-coding genes. It includes associations between dis-
eases and both genes and genetic variants, sourced from DisGeNET’s
expert-reviewed repositories.”® Diseases are identified by ICD-9-CM
codes, and proteins are represented by corresponding genes using
Entrez Gene IDs.

3. Protein-protein interactions

The protein—protein interaction network (PPIN) consists of two
key data sources. The first is the STRING database,” selected for
human-specific interactions with high confidence (score > 0.7). The
second source is from Cheng et al.,*’ which aggregates experimentally
supported interactions from various databases. Proteins in this net-
work are identified by their corresponding Entrez Gene IDs.

4. Drug-protein interactions

The drug-protein interactions dataset integrates multiple sources,
including the PCI network in STITCH,"' data from Cheng et al,”’ the
therapeutic target database (TTD),"” and DrugBank.*” STITCH pro-
vides comprehensive information on chemical-protein interactions,
while TTD focuses on therapeutic targets and associated diseases.
DrugBank offers a detailed database on drugs and their targets. In this
dataset, drugs are identified by PubChem CIDs, and proteins by their
Entrez Gene IDs.

The three-layer network is composed of the disease comorbidity
network (DCN), the protein—protein interaction network (PPIN), and
the drug network (DN), as illustrated in Fig. 2. The DCN provides
insights into how diseases may progress from one to another, illustrat-
ing patterns of comorbidity. The PPIN reveals the interactions between
proteins, mapping the complex web of protein relationships. In the
DN, there are no direct links between drugs; instead, connections
between drugs and proteins are mediated through drug-protein inter-
actions. Additionally, interlayer links connect the DCN and PPIN,
highlighting disease—protein relationships through the disease—protein
interaction dataset. The network comprises 13 758 nodes in the PPIN,
1077 nodes in the DCN, and 27 230 nodes in the DN.

B. Sample selection

The sample selection criteria are detailed in Fig. 3. Patients with
AF were identified using the ICD-9-CM code 427.31. For IS, the ICD-
9-CM codes 433 (occlusion and stenosis of precerebral arteries), 434
(occlusion of cerebral arteries), 435 (transient ischemic attack), and
436 (acute, but ill-defined, cerebrovascular disease) were used."*
During the study period, 7859 patients were diagnosed with AF, of
whom 1309 (25%) developed IS within 12 months. These patients
were included in the analysis as positive cases. All prescriptions prior
to the first occurrence of IS and diagnoses preceding the last diagnosis
of AF were included in the analysis.

We acknowledge that the observed stroke rate in our study was
relatively high compared to other studies. Several factors may account
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for this discrepancy. First, our model accounted for recurrent strokes,
which could increase the observed incidence rate. Second, the age
demographic of our study cohort was skewed toward older individuals,
who inherently have a higher risk of stroke. Additionally, we excluded
patients for whom subsequent medical records were unavailable; many
of these exclusions were likely due to patients remaining healthy and
not experiencing a stroke in the year following their initial data entry.
Moreover, 6057 patients were excluded due to incomplete prescription
records, and an additional 5 patients were excluded because their med-
ications could not be mapped in the network, suggesting that the actual
stroke rate may be lower than reported. Furthermore, our analysis
included patients who did not survive beyond one year. Considering
all these factors provides a comprehensive explanation for the elevated
stroke rate observed in our study.

C. The ABioSPath model

Figure 4 illustrates the overall design of ABioSPath, which con-
sists of two main modules: a wide module and a deep module, inspired
by the popular wide and deep model developed by Google."” The deep
module processes pathways with heads and targets related to a
patient’s prescription information and historical diagnoses to predict
the probability of developing IS within 12 months, using a deep neural
network architecture. The underlying assumption of the model is that
the risk of IS tends to propagate along the shortest paths within the
drug-disease-protein network, which often represent the most direct
and significant mechanisms of action for a drug target, a concept sup-
ported by several studies."*****” While longer paths exist in biological
systems, focusing on the shortest paths helps identify biologically plau-
sible and interpretable connections that simplify complex causal rela-
tionships. This approach provides two key advantages in our
knowledge graph framework: it enhances model interpretability by
reducing pathway complexity, and it maintains biological relevance by
capturing primary mechanistic relationships. Though other clinically
relevant pathways exist, the shortest path methodology offers an effec-
tive balance between biological significance and computational

tractability, enabling the identification of critical pathways while pre-
serving the clarity of causal relationships in the network. The model
specifically identifies the shortest paths between source nodes (e.g., his-
torical drugs and diagnoses) and the target node (IS) within the net-
work, based on a patient’s prescriptions and diagnosis history. The
deep module comprises two identical submodules: a drug module and
a disease module.

In the drug module, a graph attention network (GAT) is applied
to the heterogeneous graph to capture both local and global topological
connectivity, representing each node as a vector or embedding."* For
each node in the graph, GAT generates unique embeddings. These
embeddings replace the nodes in each patient’s specific pathways, fol-
lowing the sequence of nodes to form raw path vectors. These raw
path vectors are then utilized by a bidirectional long short-term mem-
ory (Bi-LSTM) neural network to capture sequential information."’
The Bi-LSTM processed path embeddings are further refined through
a node attention layer, which generates new path embeddings for each
pathway. A subsequent path attention layer processes these node-
refined path embeddings to identify the most significant pathways,
producing aggregated final drug path embeddings.

The disease module employs the same framework independently,
following the same principles to generate disease path embeddings.
Finally, both the drug and disease path embeddings are concatenated
and passed through a three-layer multilayer perceptron to predict the
“deep probability” of developing IS within the next 12months.
Additional discussion and experimental results regarding the selection
of two distinct components for biological and comorbidity pathways
are available in the supplementary material.

The wide module employs a one-hot encoding technique to inte-
grate relevant patient information, including previous diagnoses, pre-
scriptions, age, and gender. In this encoding scheme, diseases are
represented by a vector of length 555, drugs by a vector of length 109,
age by a vector of length 3 (categorizing age groups as below 65, 65-
75, and above 75), and gender by a binary vector of length 2. These
encodings are combined into a single vector of length 669. This
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comprehensive vector is then input into a fully connected layer to
compute the “wide module probability” of developing IS within the
next 12 months.

The final layer of the model combines the scores from both the
wide and deep modules using a weighted sum to generate a compre-
hensive prediction of an individual’s risk of developing IS within the
next 12months. This approach leverages not only patient-specific
demographic and clinical information but also integrates general
knowledge about drug—protein-disease interactions embedded within
the multilayer network. We hypothesize that this enriched knowledge
incorporation enhances the accuracy of predicting an individual’s risk
of developing IS.

Importantly, the model is designed to provide explanations for
how each predicted result is generated. Transparency is crucial in any
model, especially in the healthcare industry, as it enhances credibility
and trustworthiness among healthcare professionals and patients."”
We utilize node and path attention layers to combine node embed-
dings along pathways, generating a comprehensive embedding for
each path.

The node attention mechanism uses a trainable linear layer net-
work and a softmax function to identify the most significant nodes
within each path during the aggregation process. Similarly, path atten-
tion follows a similar calculation schema as node attention to identify

the most influential pathways, based on the integrated node vectors
processed through node attention. Following this, the model assigns
attention weights to indicate the relative importance of nodes and
paths. This approach allows the attention layers to (a) differentiate the
significance of nodes within each path and (b) evaluate the contribu-
tion of each path to the final prediction. Through these mechanisms,
the model enhances interpretability, enabling healthcare professionals
to better understand the factors contributing to the risk prediction,
thereby facilitating more informed clinical decision-making.

D. Model evaluation

The research samples were randomly divided into three sets: 70%
(5503 patients) for model derivation, 20% (1571 patients) for model
validation, and 10% (785 patients) for testing. Two baseline models
were adopted for comparison: a logistic regression model and a least
absolute shrinkage and selection operator (LASSO) model, both utiliz-
ing one-hot embeddings along with clinical risk scores.”’ The LASSO
and logistic regression models utilize the same input features as the
wide component of our architecture. The feature space consists of a
669-dimensional vector created through one-hot encoding of patient
characteristics. Specifically, this vector comprises binary encodings of
555 distinct diagnoses, 109 different medications, age stratified into
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three categories (<65, 65-75, and >75 years), and patient sex. Each
model processes this high-dimensional input to produce a single out-
put probability score for stroke risk prediction. Please refer to Table SI
in the supplementary material for further details. The performance of
all models was evaluated using several metrics: sensitivity, specificity,
positive predictive value (PPV), negative predictive value (NPV), aver-
age precision, and the area under the receiver operating characteristic
curve (AUROC). The logistic regression model was trained using five-
fold cross-validation on the training dataset, employing the elastic net
method for regularization. The optimal alpha value was determined to
be 1075, with an L1 ratio of 0. The model’s performance was subse-
quently tested on both the validation and test datasets. Similarly, the
LASSO model was trained with fivefold cross-validation, utilizing L1
norm regularization. A parameter search identified the optimal alpha
value as 0.01. The LASSO model’s performance was also tested on the
validation and test datasets. Both models used the same vector length,
consistent with that of the wide module. To evaluate pathway signifi-
cance, we first identified the top twenty most important pathways for
each patient based on their predictive contribution to stroke risk. We
then quantified the occurrence frequency of each identified pathway
across the entire patient cohort, where the occurrence count represents
how many times a specific pathway was selected as one of the top
twenty important pathways among all patients. This systematic
approach enabled us to identify consistently important biological path-
ways in stroke risk prediction by measuring their recurrence across the
study population.

SUPPLEMENTARY MATERIAL

See the supplementary material for details on baseline models,
the rationale for ABioSPath’s two-component design, ABioSPath’s per-
formance with incomplete data, and comparative analyses with exist-
ing IS risk prediction studies.
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