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Abstract—The growing availability of electronic health records
(EHR) presents increasing opportunities for data-driven applica-
tions in healthcare. These records, however, are represented using
disparate coding systems and often suffer from fragmentation
and structural inconsistencies. Such data fragmentation can
lead to substantial performance gaps across different predictive
tasks. In this work, a framework is proposed in order to
mitigate these artefacts and enable multi-task predictions. To
address performance gaps, we introduce a concurrent loss that
guides the learning process over fragmented entities. To address
structural misalignment, we propose a neural message-passing
algorithm that enables the integration of ontological information.
Experiments conducted on cardiovascular disease (CVD) patients
demonstrate that the proposed system overcomes prediction
gaps across multiple clinical tasks, including laboratory tests,
diagnoses, medications, and mortality prediction, performed con-
currently. The results highlight the potential of ontology-aligned
representation learning for high-precision decision-making in
healthcare systems.

Index Terms—Electronic Health Records, Neuro-symbolic AI,
Graph Neural Networks, Ontology Alignment, CVD, Concurrent
Prediction

I. INTRODUCTION

The amount of stored data as electronic health records
(EHR) has grown significantly in recent years, now including
an immense quantity of interactions, events and interconnected
information. The increasing availability of clinical datasets has
enabled predictive models to support decision-making tasks
such as diagnosis prediction [1], medication recommendation
[2], and laboratory testing [3], with the goal of improving
patient treatment. However, the predictive performance of
data-driven models can be substantially impaired by errors
and inconsistencies in patient records. In particular, legacy
EHR systems rely on multiple medical terminologies to encode
patient data, which differ both semantically and structurally.
These diverse terminologies introduce significant data frag-
mentation and can lead to adverse outcomes, such as prescrip-
tion or procedural oversights [4].

Ontology alignment is a technique that addresses semantic
inconsistencies in EHR by mapping diverse data elements to a
unifying resource, i.e. a reference ontology [5]. Prior work has
demonstrated that semantic alignment is a critical step toward
resolving ambiguous representations and enabling robust pre-
dictive modeling [6]. Moreover, biomedical ontologies encode

rich domain-specific and hierarchical knowledge that can be
leveraged to improve precision in downstream prediction tasks
[7]. Despite these advantages, extending ontology alignment
to support concurrent predictions while maintaining the high
level of precision required for clinical adoption, remains an
open research problem [3].

Recent advances in Graph Neural Networks (GNN) have
provided a powerful framework for modeling the heteroge-
neous structure of EHR for downstream tasks via node and
link prediction [8]. GNNs in particular excel at capturing local
and global dependencies across diverse biomedical concepts,
medical codes, and patient admission records, through non-
linear neural operators and iterative message passing. As a
neurosymbolic paradigm, GNN-based approaches can facili-
tate a wide range of clinically relevant predictive as well as
alignment tasks with high accuracies [9].

In this paper, we propose a framework that enables mul-
tiple high-precision clinical tasks by integrating ontological
knowledge with patient information through neuro-symbolic
message passing. To this end, a set of intra- and inter-graph
message expressions are derived to facilitate the transfer of
task-relevant information over variably structured spaces [10].
We then introduce a multi-objective function that combines
task-specific and hierarchical learning for concurrent predic-
tions. While single and general purpose methods over real-
world EHR exist, to the best of our knowledge learning
adaptive representations via ontology-aligned message passing
for concurrent tasks is a novel approach.

The rest of this paper is organized as follows. We provide a
description of different clinical tasks from the literature along
with existing paradigms in GNN-based predictive modeling
in Section II. The proposed framework using a dual-space
message passing mechanism is presented in Section III, includ-
ing objective functions and algorithmic specifications. We run
experiments using the records of patients with Cardiovascular
Disease (CVD) from two real-world datasets, described in
Section IV-A. Concurrent performance results are presented
in IV-B and the contribution of ontology alignment to multi-
task performance at scale is presented in IV-C.
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Fig. 1: The alignment and prediction framework with neural message passing for concurrent clinical tasks.

II. RELATED WORK

A summary of the state-of-the-art research for relevant
applications based on heterogenuous graph representation
learning are provided in this section. For the diagnosis task,
the proposed model in [1] constructs patient record graphs
from medical codes and external knowledge bases, using a
neural graph encoder to generate embeddings for patients and
diseases, enabling inductive inference for new patients. The
approach in [7] casts this objective as a link prediction task
using relational graph neural networks. For the single task
of diagnosis code prediction and through alignment with a
reference ontology, it achieves high precision levels required
for adoption in practical settings. For medication recommen-
dations, the approach in [11] leverages drug features from an
external knowledge base to complement patient information,
thus improving baseline precision, recall, and f1 metrics. The
method in [3] forms entities and encounters/visits as a bi-
partite graph and applies message passing for laboratory ob-
servation prediction, jointly with medication recommendation.
In contrast, mortality prediction is performed at visit level as
node prediction and has been the subject of research as a stand-
alone task [12]. In our work, we propose a mixture of link and
node prediction objectives that support these applications in a
multi-task setting [13].

III. METHOD

In this section, we present the proposed hybrid framework
for EHR representation through alignment with a reference
ontology, as illustrated in Figure 1. We conceptualize EHR
data as a graph, focusing on medical codes as nodes and repre-
senting their associations via edges (e.g. a patient has diagnosis
Hypertension). Conversely, the reference ontology is provided
as a directed acyclic graph that organizes medical concepts
by unique identifiers (i.e. code) via parent-child relationships
(e.g. Disease to Cardiovascular Disease to Hypertension). The

representations for each graph is learned using a different
embedding model that depends on the topological and struc-
tural information it contains. In particular, we consider one
embedding space to learn the representations over the EHR
data and a different embedding space to learn the ontological
representations. The dual representations are aligned using
neural messages passed between a set of anchoring nodes [14].

More formally, let Op denote the set of medical observa-
tions, Dp denote diagnoses, and Mp denote medications from
P patients. The set of all encoded EHR organized across visits
is given by Cp = Op∪Dp∪Mp. For a given patient p, the t’th
visit vtp contains a subset of codes from Cp (i.e. vtp ∈ Cp). In
this work, the inter-visit relations for a given patient are not
considered and the superscript t is dropped when appropriate.
Conversely, concepts from a reference ontology Cq are orga-
nized as a collection of ontology observations Oq , diagnoses
Dq , and medication codes Mq , i.e. Cq = Oq ∪ Dq ∪ Mq .
The correspondence between patient and ontology sets is
established through a non-empty set A of anchors, such
that for any pair (p, q) ∈ A, the node p (corresponding
to an observation, diagnosis, or medication from the patient
data) matches the node q (corresponding to an observation,
diagnosis, or medication in the ontology). In particular, the
set of anchor pairs for observation AO, diagnosis AD, and
medication AM are provided as A = AO ∪ AD ∪ AM .

The latent representations are learned by applying neural
message passing in two settings: along paths inside visits
and ontological subgraphs (intra), as well as, across edges
that connect anchor nodes (inter). Specifically, a collection
of edges Rp captures the relationships among entities within
a visit vp (i.e. visit to diagnosis, observation, or medication
codes). In parallel, a separate collection of edges Rq is taken to
encode semantic relations within the ontology (i.e. parent-child
relation). Lastly, anchor representations are aligned through a
dedicated relation (i.e. equivalent) and message computations.



These intra-visit, intra-ontology, and cross-anchor message-
passing operations form the basis of the proposed representa-
tion learning framework, as detailed out in the next section.

A. Patient Graph Message Computations
The patient graph Gp includes information related to patient

visits encoded by Cp. The representations for patient visits are
learned using an L layer graph neural network. For each node
pi from a visit vtp composed of heterogeneous neighbors Ni,
type-aware messages propagated along edges Rp guide the
learning process that is contextually and clinically meaningful.
At each layer l, we compute the aggregated message m

(l)
pi for

node pi as: m
(l)
pi = m

(l)
⟲pi

+ m
(l)
→pi , where m

(l)
→pi and m

(l)
⟲pi

are the contributions from neighbors and self representation,
respectively. The neighbor message term m

(l)
→pi is defined as:

m(l)
→pi

=
∑
r∈Rp

∑
j∈N r

i

1

ci,r
W(l)

r h(l)
pj
, (1)

where Rp denotes the set of relation types in Gp, N r
i is the

set of r-type neighbors of node pi, W
(l)
r is a relation-specific

transformation matrix, and ci,r is a normalization constant
(based on the relation-wise degree). The self-information sig-
nal term is defined as:

m
(l)
⟲pi

= W
(l)
0 h(l)

pi
, (2)

where W
(l)
0 is a learned transformation for the node’s self-

embedding. The updated node representation h
(l+1)
pi is then

computed by applying a nonlinear activation function to the
aggregated message: h(l+1)

pi = σ
(
m

(l)
pi

)
, where σ is a point-

wise nonlinearity such as the sigmoid function. This two-step
formulation improves model interpretability and modularity
while preserving the inductive relational biases critical for
downstream clinical tasks (as shown in Figure 2a).

B. Ontology Graph Message Computations
The ontology graph Gq encodes structured clinical knowl-

edge in the form of hierarchical concepts and relations. The
representations for ontological concepts are learned using
neural message passing over an L layer graph neural network.
A set of directed edges Rq shapes the flow of information
by guiding traversals across the graph’s semantic structure,
influencing how node features are aggregated and propagated
within the ontology. At each layer l, the aggregated message
m

(l)
qi for node qi is computed as: m(l)

qi = m
(l)
⟲qi +m

(l)
→qi , where

m
(l)
→qi and m

(l)
⟲qi are the contributions from neighbors and

self representation, respectively. The neighbor message term
is computed by:

m(l)
→qi =

∑
r∈Rq

∑
j∈N r

i

1

ci,r
W(l)

r h(l)
qj , (3)

where Rq are relation types, N r
i is the set of r-type neighbors,

and W
(l)
r is a relation-aware operator, and ci,r is a normal-

ization constant (based on the relation-wise degree). The self-
information message is computed by:

m
(l)
⟲qi = W

(l)
0 h(l)

qi , (4)

where W
(l)
0 is a learned transformation for the node’s self-

embedding. The updated node representation is then given
by: h

(l+1)
qi = σ

(
m

(l)
qi

)
, where σ is a pointwise nonlinearity

such as the sigmoid function. By explicitly separating self-
information and neighbor aggregation, relational as well as
hierarchical information are preserved (as shown in Figure 2c).

C. Alignment Graph Message Computations

The alignment graph Ga contains anchor pairs between
the patient graph Gp and the ontology graph Gq . Ontological
knowledge transfer is achieved through inter-graph message
aggregation and transformation as follows. For a node pi in
the patient graph, the incoming message aggregation from its
ontology neighbors at layer l is computed by: m′(l)pi = m

(l)
⟲pi

+

m
′(l)
→pi , involving self-information message m

(l)
⟲pi

defined as
before and the inter-graph message term given by:

m′(l)→pi
=

∑
j∈N ′

i

1

ci
W(l)

s h(l)
qj , (5)

where W
(l)
s denotes the alignment weight matrix, N ′

i the set
of aligned ontology neighbors, and ci a normalization constant
(e.g., based on degree distribution). Similarly, for a node qi
in the ontology graph, the incoming message from patient
neighbors at layer l is computed by: m′(l)qi = m

(l)
⟲qi +m

′(l)
→qi ,

involving self-information message m
(l)
⟲qi defined as before

and the inter-graph message term given by:

m′(l)→qi =
∑
j∈N ′

i

1

ci
W(l)

s h(l)
pj
, (6)

where W
(l)
s denotes the alignment weight matrix, N ′

i the
set of aligned patient neighbors, and ci a normalization
constant (e.g., based on degree distribution). The updated
representations are then computed by applying a nonlinearity
to the aggregated messages h

(l+1)
pi = σ

(
m
′(l)
pi

)
and h

(l+1)
qi =

σ
(
m
′(l)
qi

)
, where σ denotes a pointwise nonlinearity such

as the sigmoid function. These cross-graph updates ensure
bidirectional alignment by exchanging mutual information
between anchor nodes (as shown in Figure 2b).

D. Concurrent Predictions

In the remaining part of this section, we introduce an
objective function to combine task-specific and ontological
features. In particular, a mixture of link prediction tasks
between each visit node and nodes representing clinical codes
for diagnosis, medication, and observation are considered [13].
Mortality is determined based on a binary classification on a
patient’s visit representation as a node prediction task [15].

Link Prediction: over the patient graph Gp, we employ a
DistMult decoder [16] to score relations between visits and
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clinical codes as triples (s, r, t) using a margin-based ranking
loss defined by:

Lp
link =

1

|T |
∑

(s,r,t)∈T
(s′,r,t′)∈Tneg

max(0, γ − f(s, r, t) + f(s′, r, t′)),

(7)
with the bi-linear inner product given by f(s, r, t) =
⟨hs,hr,ht⟩. Here, hs and ht denote node embeddings for
patient visits vp ∈ Vp as source and clinical codes Cp as
tail, with hr embedding their specific relation. Here, γ is the
margin (set to 1.0), T is the set of positive triples, and Tneg
denotes corresponding negative samples. Negative edges are
generated at 1-to-1 positive to negative ratio, by corrupting
either the source or tail node uniformly at random. During
evaluation, a link is predicted as positive (or negative) if its
score is above (or below) a decision threshold λ (set to 0.5).
Standard precision, recall, and f1-scores are reported on pos-
itive (existing) and negative (non-existing) edges accordingly.
A similar loss term Lq

link is utilized for the ontology graph Gq .
Node Prediction: for a visit vp ∈ Vp given a patient p with

a set of corresponding medical codes Cp, we obtain a visit-
level representation by: hp = g

(
{hc : c ∈ Cp}

)
, where g(.)

is a pooling operator. The pooled embedding hp is mapped
to a binary value for patient survival prediction at visit level
by: ŷp = σ(w⊤hp + b), where σ(·) is the logistic sigmoid, w
and b are learnable parameters, and ŷp ∈ [0, 1] is the predicted
probability of survival. The model is trained with binary cross-
entropy loss:

Lvisit = − 1

|DS |
∑
p∈DS

(
yp log ŷp + (1− yp) log(1− ŷp)

)
, (8)

where yp ∈ {0, 1} is the ground-truth survival label for patient
p’s visit and DS is the set of patient visits used for training.
This formulation encourages the model to embed visit-level
embeddings towards survival outcome prediction. In this pa-
per, the long term relation between visits is not considered
and mortality predictions are made based on individual visits
independently.

Algorithm 1 Ontology-Aligned Message Passing
Input: Patient graph Gp, Ontology graph Gq , alignment pairs A.
Output: Updated messages m(l)

pi
, m(l)

qi
.

1: for each patient node pi in parallel do ▷ patient updates
2: Compute self-message m

(l)
⟲pi

by Eq. (2)

3: Compute relational message m(l)
→pi

by Eq. (1)

4: Aggregate message: m(l)
pi
← m

(l)
⟲pi

+ m(l)
→pi

5: end for

6: for each ontology node qi in parallel do ▷ ontology updates
7: Compute self-message m

(l)
⟲qi

by Eq. (4)

8: Compute relational message m(l)
→qi

by Eq. (3)

9: Aggregate message: m(l)
qi
← m

(l)
⟲qi

+ m(l)
→qi

10: end for

11: for each pair (pi, qj) ∈ A in parallel do ▷ alignment updates
12: Compute patient cross-message m′(l)

→pi
by Eq. (5)

13: Aggregate message: m′(l)
pi
← m

(l)
⟲pi

+ m′(l)
→pi

14: Compute ontology cross-message m′(l)
→qj

by Eq. (6)

15: Aggregate message: m′(l)
qj
← m

(l)
⟲qj

+ m′(l)
→qj

16: end for

Concurrent prediction loss: to jointly optimize link and
visit-level predictions, we define a concurrent loss as the sum
of the three individual objectives:

Lconcurrent = Lp
link + Lq

link + Lvisit. (9)

By aggregating these losses, the model is encouraged to learn
embeddings that are simultaneously discriminative at each task
and relationally consistent across edges. This unified objective
allows the encoder to capture complementary information
across the different prediction tasks, leading to more robust
and generalizable representations.

In order to optimize the concurrent objective, node and
edge representations are iteratively updated (see Algorithm
1) in the patient graph Gp and ontology graph Gq per layer,
leveraging the alignment set A. For each patient graph node pi,
the self-messages are computed based on Eq. 2 and relational
messages via Eq. 1, aggregated as mpi

. Similarly, for ontology
graph nodes qi, it computes and aggregates self (via Eq.
4) and relational messages (via Eq. 3) into mqi . Alignment
pairs (pi, qj) ∈ A enable cross-graph message passing, where



patient and ontology nodes exchange cross-messages to refine
their embeddings (via Eq. 5 and Eq. 6).

IV. EXPERIMENTATION & RESULTS

A. EHR Datasets & Reference Ontology

We use publicly available repositories containing tabu-
lar data to generate patient graphs and limit the scope to
records from patients that are hospitalized for Cardiovascular
Disease (CVD). The selected records are grouped by visits
and structured around three core concepts, namely Diagnosis,
Medication, and Lab Observations, similar to [17]. The two
datasets are:

MIMIC III: containing data associated with admissions
to critical care units, including ICD-9 coding for diagnosis
and procedures, LOINC for lab observations, and NDC for
drugs/medication [18].

eICU: a multi-center dataset containing high-granularity
admission data, including ICD-9 coding for diagnoses, LOINC
identifiers for lab observations, and RxNorm terminology for
medication [19].

The CVD admissions selected for experimentation include
diagnosis ICD-9 code in the range 410-430 which categorize
various forms and severities of heart failure. We identify and
include admissions for those patients that have at least one
of the above ICD codes associated with them. Three relation
types are created, namely ‘has lab code’, ‘has diagnosis code’,
and ‘has drug code’ to link each visit to respective entities in
the patient graph Gp. We note that a patient’s visit vp may
include entities from one or multiple coding systems which
we reconcile through ontology alignment.

For domain specific alignment of entities, we utilize
the Systematized Nomenclature of Medicine Clinical Terms
(SNOMED CT). SNOMED is a comprehensive ontology used
to encode clinical information, including diagnosis, medica-
tion, and observations in a single, unifying resource. Mappings
from EHR codification (e.g. ICD, LOINC, NDC, etc) to
SNOMED concepts are publically available as reference sets1.
Alignments along with their transitive closures are added via
the ‘equivalent’ and ‘subclass’ predicates, respectively, to Ga.

After processing the CVD visits and generating one-to-one
and one-to-many maps for available entities, the alignment
graph includes 570 diagnosis, 255 drug, and 458 lab codes in
the case of MIMIC III dataset (1,360 unique nodes including
transitive closures), as well as, 1,580 diagnosis, 761 drug, and
495 lab codes in the case of eICU dataset (13,999 unique
nodes including transitive closures), as shown in Table I.

B. Concurrent Performance

We report on the performance of the proposed framework
for Concurrent Clinical Prediction with Ontology-Aligned
Message Passing (CCP-OAMP) using precision, recall, and
f1-scores. In this set of experiments, training and evaluation
were repeated across 10 independent runs, using Algorithm
1 with L = 2 layers to optimize the objective function in

1https://www.snomed.org/maps

TABLE I: Statistics for CVD patient graph Gp, ontology graph
Gq , and alignment graph Ga using MIMIC III and eICU
datasets, in terms of the number of unique codes for diagnosis
Dp, medication Mp, and lab observations Op.

MIMIC III eICU
Gp Gq Gp Gq

|Dp| 149 570 399 1580
|Mp| 969 255 191 761
|Op| 327 458 188 495
|Ga| – 1360 - 13999
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Fig. 3: Comparison of mean and varience in F1 Score across
tasks between baseline models and proposed CCP-OAMP
(dark blue), over 10 independent runs using 100 patient visits
from MIMIC-III (top) and eICU (bottom) datasets. Model
categories are: Meta-path Models (M) in purple, Graph Trans-
formers (G) in light blue, Clinical specific (C) in green, and
Hyperbolic (H) in yellow.

Eq. 9. In each run, a subset of 100 random patient visits (i.e.
|DS | = 100) is selected for training and evaluation with node
and edge stratification.

For comparison, we consider four categories of baseline
models ranging from graph-based to EHR-specific methods.
The first category consists of models that rely on Meta-paths
(M) for heterogeneous structure learning, including Meta2vec
[20], MAGNN [21], and HSGNN [22]. The second category
of baseline models include Graphormer [23] and GraphGPS
[24] which encode graph-structured information (G) using
a Transformer architecture. The third category of models
consists of hierarchical learning on a Hyperbolic manifold (H),
including HGCGE [25] and AttH [26]. In the fourth category,
we consider models developed specifically for clinical tasks
(C), including GRAM [27] and MDP-GRL [28]. All models
were trained with default parameters on 80% of data and tested



TABLE II: Concurrent performance by the proposed
CCP-OAMP model on graphs with 100 patient visits
from MIMIC III and eICU datasets in terms of Preci-
sion, Recall, and F1 Score for Link Prediction (Diagno-
sis/Observations/Medication) and Node Prediction (Mortality).

Dataset Link Prediction Node Prediction
Precision Recall F1 Precision Recall F1

MIMIC III 1.00 0.87 0.92 0.92 0.90 0.90
eICU 1.00 0.85 0.91 0.99 0.99 0.99

on 20% of data held separately.
As shown in Figure 3, the proposed CCP-OAMP model

achieves consistent f1-scores (over 0.90 points) across diverse
tasks and on both MIMIC III and eICU patient graphs with
SNOMED alignments. In category M models, performance
in this experiment setting remains below 0.90 points. Among
these models, Meta2Vec and MAGNN exhibit relatively better
performance due to the utilization of meta-paths which guide
and transfer heterogeneous information. Models in category
C exhibit performance below 0.80 points in f1-score. GRAM
(developed for visit-level prediction incorporating code hier-
archies) is observed to under-perform in multi-task settings.
MDP-GRL (developed for multi-label prediction) also exhibits
under-performance which is attributed to fragmentations in
codification. Among models in category G, the concurrent
performance falls below 0.60 points in large part due to the
diversity of tasks that require multiple levels of structure-aware
learning. For instance, GraphGPS (with modular components
for structural encoding of data given a single task) lacks an
explicit architecture to deduce interactions among tasks [29].
The Hyperbolic (H) models including AttH and HGCGE,
despite having explicit hierarchical encoding, fail to capture
chain-like data structures common specially in clinical graphs.
As evident, baseline models that treat input graphs as structure-
less or non-fragmented underachieve in comparison.

The proposed CCP-OAMP model separates embedding
spaces to capture mixed interactions (i.e. a dual-space rep-
resentation) and mitigates data fragmentation for concurrent
predictions with hierarchical alignment. As a result, CCP-
OAMP achieves consistently high performance across tasks
and on diverse patient graphs, further detailed in Table II. Over
patient graphs from MIMIC III, the model achieves f1-score
of 0.92 on diagnosis, observations, and medication related link
prediction tasks, as well as f1-score of 0.90 on mortality node
prediction task. Over patient graphs from eICU, f1-scores of
0.91 and 0.99 are achieved across different link and node
prediction tasks. Notably, CCP-OAMP attains high precision
(above 0.90 in all cases), a key requirement for adoption in
practical clinical settings.

C. Effect of Ontology-aligned Message Passing

We conduct a second set of experiments to showcase the im-
portance of information exchange through ontology-alignment
for multi-task purposes. More specifically, a number of patient
graphs are generated with increasing sizes from 50 to 500 vis-
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Fig. 4: Performance gaps with and without ontology-aligned
message passing (OAMP), in terms of F1 Score for Link
Prediction (Diagnosis/Lab/Medication) over MIMIC-III (top)
and eICU (bottom) graphs with increasing size, from 50 visits
(|DS | = 50) to 500 visits (|DS | = 500). Mean and variance
values over 10 independent runs are displayed.

its in increments of 50 (i.e. |DS | = 50 to |DS | = 500). Entity
representations are learned via link prediction by optimizing
the objective function in Eq. 9 using Algorithm 1, under two
different settings: with and without alignment updates. Across
ten runs, test f1-scores (mean and variance) are calculated and
displayed in Figure 4, as a function of scale with increasing
graph size.

It can be observed that ontology-alignment has a crucial role
in learning useful and task-specific embeddings by ensuring
information exchange among nodes with disparate representa-
tions (i.e. fragmented codification). Over patient graphs from
MIMIC III, without OAMP a single task dominates (i.e.
diagnosis code prediction) while others continually deteriorate
(i.e. lab observation and medication code prediction). This
leads to a widening gap in concurrent performance due to
fragmented and structure-less representations. Over patient
graphs from eICU which is a multi-center dataset, without
ontology alignment concurrent performances are severely im-
pacted by the fragmentations in codification (f1-scores below
0.60). Remarkably, concurrent scores with OAMP uniformly
converge around and above 0.80 points given the large quantity
of alignments (|Ga| = 1, 360 and |Ga| = 13, 999). Concurrent
prediction, as evident, requires capturing complex interactions
among a diverse set of task-specific nodes (diagnosis, medica-
tion, and observation codes in this case) and without OAMP
severe performance degradation is exhibited at scale.



V. CONCLUSIONS

In this work, we introduce a concurrent prediction frame-
work that leverages ontology-aligned message passing to
transfer both task-specific and structure-dependent information
in a dual-space setting. Experiments on real-world datasets
demonstrate that the model learns robust representations capa-
ble of supporting multiple downstream CVD prediction tasks,
concurrently. The method consistently outperforms established
baselines, achieving average precision, recall, and f1-scores
of 0.98, 0.86, and 0.90. These results underscore the model’s
effectiveness in capturing heterogeneous clinical interactions
and highlight the crucial role of implicit structural information
in multi-task clinical prediction.

DECLARATION ON GENERATIVE AI
Generative AI tools were used in a limited capacity. AI

tools were used to assist with visual quality (color selection,
font-size, etc in figures) and minor editing of the text (latex
commands, etc), for better readability. The original implemen-
tation, experiment design, results, and any conclusions drawn
are produced without employing Generative AI tools.
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