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ABSTRACT

The growing availability of electronic health records (EHRs) presents ever more opportunities
for data-driven applications in healthcare. However, these records often suffer from fragmen-
tation and structural inconsistencies, where key contextual elements are frequently missing. In
this work, we present a system that enhances clinical predictions based on representation learn-
ing through ontology alignment. To address data gaps, we introduce a dual-space strategy that
guides the learning process over heterogeneous entities. To address structural conformity, we
introduce a hyperbolic message passing algorithm that allows the integration of hierarchical in-
formation. Our experiments, focused on cardiovascular disease (CVD) patients, demonstrate
that the system improves performance across multiple tasks, including lab test, diagnosis, med-
ication, and mortality prediction, performed concurrently. The results highlight the potential of
ontology-aligned representation learning for high-precision and multi-purpose decision-making
in healthcare systems.

1 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. As such, data integration
can play a transformative role in the coming years for model development and decision making in health care. The
integration processes however remain largely (semi) manual, introducing costly clinical errors—such as prescrip-
tion mistakes and procedural oversights— stemming from incomplete knowledge, ambiguous records, or gaps in
communication |[Franklin et al.| (2005); Velo & Minuz (2009); Ross et al.| (2009). With the growing availability
of clinical datasets, predictive models have the potential to mitigate such risks, optimize clinical procedures, and
ultimately improve patient treatment. This motivation has led to advances in research across many predictive tasks
concerning diagnosis|Choi et al.|(2017b); Sun et al.| (2021); Wu et al.|(2021);|Choi et al.|(2020); Ma et al.| (2018),
medication Shang et al.|(2019);|Yang et al.|(2021); Mishra & Shridevi|(2024), and medical procedures Fouladvand
et al.| (2023); [Mao et al.| (2022)), focusing on single and secondary-care use cases. Their adoption for primary-
care and multi-purpose systems is however constrained by the requirements for high precision, incorporation of
expert knowledge, as well as technological challenges due to heterogeneous, multi-source data|Ferraz et al.|(2025).

Graph representation learning offers a powerful approach for modeling the complex structure of EHR in
data-driven health care Zhang et al.| (2021). In particular, graph neural networks are able to capture local
and global dependencies across diverse EHR sources, including patient histories and medical codes, through
non-linear neural operators and message passing. These techniques can enhance predictive performance and
patient centric decision making in many clinical tasks ranging from disease prediction to drug recommendation.
In practical settings however, the quality of graph-based representations is undermined by data incompleteness
and inconsistencies as a source of noise originating in legacy systems Mohamed et al.|(2021)).

The presence of noise remains a significant obstacle in graph-based modeling, very often leading to ambiguous
representations. To address this issue, domain-specific ontologies and coding systems can be leveraged as a
source structured medical knowledge to help reduce inconsistencies. In|Hao et al.,| (2021) for instance, a graph
learning approach is proposed that maps data sources to a domain specific reference ontology in order to resolve
ambiguous representations. Learning EHR representations through alignment for single down stream tasks is
further investigated in Mehryar| (2025). Existing approaches remain largely task-specific, and their applicability
across diverse clinical objectives is limited.

In order to enable multi-purpose and high-precision applications, in this paper we proposes a framework that
enhances concurrent performance by integrating ontological knowledge with patient representations through hy-
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Figure 1: The embedding and alignment framework with dual-space hyperbolic neural message passing for onto-
logical representation learning and concurrent prediction over clinical records.

perbolic 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 |lyer et al.[(2022). We then introduce a
multi-objective function that combines task-specific and hierarchical learning for concurrent predictions. While
single and general purpose methods over real-world EHR exist, to the best of our knowledge learning adaptive
representations via ontology-aligned hyperbolic message passing for concurrent applications is a novel approach.

2 METHOD

In this section, we present the proposed hybrid framework for EHR representation through alignment with a
reference ontology, as illustrated in We conceptualize EHR data as an structureless graph, focusing on
medical codes as nodes and representing 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
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 structural
information it contains. In particular, we consider one hyperbolic space to learn the representations over
the EHR data with curvature x; and a different hyperbolic space to learn the ontological representations with
curvature xo. The dual representations are aligned using neural messages passed between a set of anchoring nodes.

More formally, let O, denote medical observations, D,, denote diagnoses, and M,, denote medications over data
from P patients. The set of all encoded EHR organized across visits is given by C, = O, U D, U M,,. For a
given patient p, the t’th visit v; contains a subset of codes from C, (i.e. v; € Cp). Conversely, concepts from
a reference ontology C, are organized as a collection of ontology observations O, ontology diagnoses D,, and
ontology medications Mg, i.e. C; = Oy U D, U M,. 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 ¢ (corresponding to an
observation, diagnosis, or medication in the ontology). In particular, the set of anchor pairs for observation Ao,
diagnosis Ap, and medication 4, are provided as A = Ap U Ap U Ay,.

The latent representations are learned by applying neural message passing in two settings: along paths inside visits
and ontology subsets (intra), as well as, across edges that connect anchor nodes (inter). Specifically, a collection
of edges R, captures the relationships among entities within a visit v; (e.g. visit to diagnosis, procedure, or
medication). In parallel, a collection of edges R, is taken to encode semantic relations within the ontology,
spanning observations O, findings D,, and substances M,. In addition, anchor representations are aligned
through dedicated message computations. These intra-visit, intra-ontology, and cross-anchor message-passing
operations form the basis of the proposed representation learning framework. In particular, in this work we
consider a hyperbolic space with xk; = 0 corresponding to the Euclidean space for message passing over the
patient graph (structure-less) and a hyperbolic space with ko = 1 corresponding to the Poincare model to represent
the ontology graph (hierarchical), as described in the following sections.
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2.1 PATIENT GRAPH MESSAGE COMPUTATIONS

The patient graph G, includes structure-less information related to patient visits encoded by C,,. The representa-
tions for patient visits are learned using hyperbolic neural message passing in an L layer graph neural network.
For each node p; from a visit vf, composed of heterogeneous neighbors N;, type-aware messages propagated along
edges R, guide the learning process that is contextually and clinically meaningful. At each layer /, we compute
the aggregated message mz(fi) for node p; as:

m(l) = m(l) + m@pl 1)

where m@pi and mgiji are the contributions from neighbors and self representation, respectively.

The neighbor message term m(_l),h is deﬁned as:

= 3 3w @

re€Ry, jENT
where R, denotes the set of relation types in G, ./\/'[ is the set of
r-type neighbors of node p;, Wr(l) is a relation-specific transfor-
mation matrix, and c; ,- is a normalization constant (based on the

relation-wise degree). The self-information signal term is defined
as:

miy, = Wi h), 3
where Wél) is a learned transformation for the node’s self-

embedding. The updated node representation h(l+ ) is then com- Figure 2: Patient messages between node p;
puted by applying a nonlinear activation functlon to the aggre- andnode p; shown as circles and trainable pa-

!
) _ o m(i) rameters shown as squares.

I+1 . o
gated message: h( + » ) where o is a pointwise non-

linearity such as the sigmoid function. This two-step formulation separates the accumulation of information from
relational neighbors and the transformation into a new representation space. This separation improves model in-
terpretability and modularity while preserving the inductive relational biases critical for downstream clinical tasks
(as shown in Figure[2).

2.2 ONTOLOGY GRAPH MESSAGE COMPUTATIONS

The ontology graph G, encodes structured clinical knowledge in the form of hierarchical concepts and re-
lations. The representations for ontological concepts are learned using hyperbolic neural message pass-

ing over an L layer graph neural network with k9 = 1 corresponding to the Poincaré model. In
the Poincaré model, embeddings lie in the curved space B¢ = {z € R? : |z < ¢} with
¢ = 1, well-suited for representing hierarchical structures |[Liu et al. (2019). A set of directed

edges R, 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 [,
the aggregated message mg{) for node ¢; is computed as:
l
mi) = miy, +ml,. @

where m(_l?qi and mgzh_ are the contributions from neighbors and

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

= 3 3 -

rER JENT Ci,r

expll (W logZ (), (5)

where R, are relation types, N, are r-type neighbors, and W(l)
isa relatlon aware operator, and ¢i,» 1s a normalization constant
(based on the relation-wise degree). The self-information message

is computed by: Figure 3: Ontology messages between node

. . ¢; and node g; shown as circles and trainable
m&h = exp? (W(() ) logf, (hg?))7 (6) parameters shown as squares.
where W((Jl) is a learned transformation for the node’s self-embedding. The updated node representation is then
given by: thf” =0 (m(gli)), where o is a pointwise nonlinearity such as the tanh(h) function applied in tangent

space. Projection and mapping are done using logB (.) and exp?(.). Mobius addition and multiplication are
used to combine terms. By explicitly separating self-information and neighbor aggregation through hyperbolic
transformations, this design captures both local and relational information while preserving hierarchical structure
(as shown in Figure[3).



Under review as a conference paper at ICLR 2026

2.3 ALIGNMENT GRAPH MESSAGE COMPUTATIONS

Alignment between the encoded representations in the patient graph G, and the ontology graph G, is achieved
through inter-graph message aggregation and transformation. The component is aimed to transfer ontological
knowledge over to the clinical domain. For a node p; in the patient graph, the incoming message aggregation from
its ontology neighbors at layer [ is computed by:

m;)(il) = mg; + m’_(f;”, 7

involving self-information message mgggi defined as before and the inter-graph message term given by:

1
() __ l B l
ml = > ~WOlogn (b)), ®)
JEN]
) . . . , w. ] W,
where W5~ denotes the alignment weight matrix, AV, the set of m]
aligned ontology neighbors, and ¢; a normalization constant (e.g., AN
based on degree distribution). Similarly, for a node g; in the ontol- L™ N 1
ogy graph, the incoming message from patient neighbors at layer I O O i
l is computed by: g m J
. :
m/® =m&) +mQ ©) 0
involving self-information message mgzi defined as before and
the inter-graph message term given by:
1 Figure 4: Alignment messages between pa-
m _ Z expB v O M
Mg = Z i expy (W hpj ), (0)  tient node p; and ontology node ¢; shown
JEN] as circles and trainable parameters shown as
squares.

where Ws(l) denotes the alignment matrix matrix, /\/,-/ the set of
aligned patient neighbors, and ¢; a normalization constant (e.g.,
based on degree distribution). The updated representations are then computed by applying a nonlinearity to the

aggregated messages hl(,lfl) =0 (mlp(il)) and ht(zlfl) =0 (m;(f)) , Where o denotes a pointwise nonlinearity such

as the sigmoid or tanh function. These cross-graph updates ensure bidirectional alignment by exchanging mutual
information between matched nodes in both graphs (as shown in Figure [).

2.4 CONCURRENT PREDICTIONS

In the remaining part of this section, we introduce an objective function to combine task-specific, generalizable,
and ontological features across patient and ontology graphs using the following formulations:

DistMult Decoder: over the patient graph G,, we employ a DistMult decoder to score triples (s, r,t) using a
margin-based ranking loss:

1
Lk = 7 > max(0,y — f(s,7,t) + f(s',7, 1)), (11)
(8,7 t)ET,(8",1,t") E Tneg

where the DistMult scoring function is defined as f(s,r,t) = (hg, h,, h;), with h, and h; denoting node em-
beddings and h,. the relation embedding. Here, -y is the margin (set to 1.0), 7 is the set of positive triples, and
Tree denotes corresponding negative triples. We perform a stratified edge split to construct training and valida-
tion sets while preserving the distribution of relation types. Positive edges are divided according to the specified
train—validation ratio, and an equal number of negative edges are generated by randomly corrupting either the
source or destination node of each positive edge. This ensures balanced, relation-aware datasets suitable for link
prediction evaluation.

Méobius Decoder: over the ontology graph G,, we employ a Mobius decoder to score triples (s,r,t) using a
margin-based ranking loss:

1
E{Zink = m Z maX(Oxy—ga(&nt) +@(8/,T,t/)),
(8,m,t) €T, (8,7 t") ETreg

where the Mobius scoring function is defined as (s, 7,t) = —dB(egT)7 eﬁ”)Q, with e{"”) = expg (W, log§(hy))

is the translation in the tangent space at the origin and ey) =h; ®. h,. Here, h,, h; € Bg are node embeddings
from the hyperbolic graph neural network, b,. is a relation-specific bias, and dg denotes hyperbolic distance in
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the Poincare ball BZ. The margin + is set to 1.0, 7 is the set of positive triples, and Thee denotes corresponding
negatives. Stratified edge splits are applied to preserve relation-type distributions, with negatives generated by
randomly corrupting source or target nodes.

Visit-level prediction: in the patient survival task (i.e. mortality prediction), each visit v; € V), for patient p is
represented as a subgraph G/ = (C},£!), where C, C C, denotes the medical codes (observations, diagnoses,

or substances) associated with the visit, and 6’; are their induced relations. Message passing constrained within

each visit subgraph, ensures that embeddings capture intra-visit structure. After L layers of message passing, we
obtain embeddings {h. | ¢ € C;;} for the codes in visit v;. A visit-level representation is then computed using a

permutation-invariant pooling operator: hg =f ({hc 1c€ Clt)}), where f(.) can be mean pooling, max pooling,
or attention-based aggregation. The pooled embedding hz is mapped to a binary prediction of patient survival after
visit t: g = o(w "hl + b), where o(-) is the logistic sigmoid, w and b are learnable parameters, and !, € [0, 1]
is the predicted probability of survival. The model is trained with binary cross-entropy loss:

1 N N
Low=—1p = 2 (vhlog 5 + (1 = yh)Tog(1 — 31)),
TR () € Dyain

where y; € {0, 1} is the ground-truth survival label for patient p at visit ¢. This formulation encourages the model
to embed visit-level towards survival outcome prediction.

Concurrent prediction loss: to jointly optimize link and visit- Algorithm 1 Hyperbolic Neural Message Passing
level predictions, we define a concurrent loss as the sum of the Input: Patient graph G,,, Ontology graph G, alignment

three individual objectives: pairs A. N
Output: Updated messages mfoj), mfh).

L concurrent = ‘cﬁnk + ‘Clqink + Lyisit- (12) 1: for each patient node p; in parlallel do b patient updates
2: Compute self-message m(oL by Eq.
. . K3
By aggregating these losses, the model is encouraged to learn 3. Compute relational message m "), by Eq.
embeddlpgs that are §1multaneously dlscnm{natlye at eagh tz}sk 4:  Aggregated message: m{) ¢ m{) 4 m{)
and relationally consistent across edges. This unified objective 5. ondfor ’
allows the encoder to capture complementary information across
the different prediction tasks, leading to more robust and gener- ?/ for cach ontology node g; in %a)rallel do > ontology updates
alizable representations. + Compute self-message m,; by Eg.
8: Compute relational message mg)qi by Eq.
In order to optimize the concurrent objective, node and edge rep-  9:  Agoregated message: m() « m® 4 m®)
. . . . . . - TG 4 —a;
resentations are iteratively updated (see Algorithm 1)) in the pa-  10: end for ‘
tient graph G, and ontology graph G, per layer, leveraging the
alignment set .A. Nodes aggregate two types of information: a 11 ﬁt;rdzii;h pair (p;, q;) € Ainparalleldo > alignment
self-message that encodes their own state, and a relational mes- 1. compute patient cross message m’) by Eq.
sage that captures structural dependencies from connected nodes. 13: Aggregated message: m'®) « m® 4 m/@©
For each patient graph node p;, the self-messages are computed i b O P
. . - . 14: Compute ontology cross-message m_,; . by Eq.
based on equation [3|and relational messages (via equation 2} ag- 15: ) @ 30
gregated as my,. Similarly, for ontology graph nodes g;, it com- 16. Aggregated message: m, 4= My Mo
. end for

putes and aggregates self (via equation [6) and relational mes-
sages (via equation E]) into mg,. In addition, alignment pairs
(pi,q;) € A enable cross-graph message passing, where patient and ontology nodes exchange cross-messages
to refine their embeddings (via equation[§]and equation[T0). This joint propagation enriches representations with
both intra-graph and inter-graph knowledge, supporting downstream tasks such as outcome prediction, classifica-
tion, and clinical decision support.

3 EXPERIMENTS

In this section, we conduct experiments under a concurrent prediction framework, where structure-less and hi-
erarchical objectives as well as the visit-level loss function are jointly optimized through the above unified loss
function (see relation[I2). The experiments are conducted on three sets of real-world EHR datasets to investigate
the predictive power of the proposed framework in practical settings. We compare the results against existing
methods, including non-Euclidean and EHR specific models, to further understand the different aspects of hy-
brid, concurrent representation learning. We also include ablation results to highlight advantages from proposed
architectural changes in the following subsections.

Datasets: we use three sets of EHR data, namely MIMIC-III Johnson et al.| (2016), MIMIC-IV |Johnson et al.
(2021)), and eICU [Pollard et al.| (2018)), focusing on patients hospitalized for Cardiovascular Disease (CVD) dis-
ease based on ICD codes. The scope includes medication, hospital procedures, diagnoses, patient demographics,
and lab results. MIMIC-III includes 38,597 adult patients and 49,785 admissions, using ICD-9 terminology for
diagnosis; MIMIC-IV covers a more recent period with improved data quality, using both ICD-9 and ICD-10
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terminologies; and eICU comprises ICU records from multiple U.S. sites (2014-2015), with diagnosis, medica-
tion, and procedure codes. Clinical codes (e.g. ICD, NDC, LOINC) are mapped to unique identifiers and aligned
with SNOMED C as the ontology graph of choice, resolving ambiguities with conjunctive relations (and)
and membership relations (is a) to enhance contextual knowledge for downstream tasks (see Appendix for details).

Baselines: we consider different baseline models in order to investigate the various aspects of the proposed frame-
work ranging from graphical and EHR specific to manifold learning models, that include:

* Meta-path Models (M): in terms of graphical methods that rely on generating meta-paths for structured data,
Metapath2vec |Dong et al.|(2017) introduces meta-path based random walks and feature learning via skip-gram
model; MAGNN [Fu et al| (2020) further introduces intra-metapath and inter-metapath aggregation for neigh-
borhood selection; and HSGNN [Liu et al.| (2020) proposes heterogeneous representation learning via similarity
graphs.

* Graph Transformers (G): to capture local and global interactions, Graphormer|Ying et al.|(2021) encodes graph-
structured information using a Transformer architecture; and GraphGPS Rampasek et al.|(2022) combines local
message passing with global attention.

* EHR Models (K): in terms of models focusing specifically on EHR data, GRAM |Choi et al.| (2017al) captures
ancestor relationships among medical concepts via graph attention; EHR2HG |Sun et al.| (2022) applies hyper
graph convolution for capturing higher order patient-disease relations; and MDP-GRL |Guo et al.|(2025) applies
multi-hop neighbor feature aggregation using patient knowledge graphs for contextual enrichment.

* Hyperbolic (H), Euclidean (E), Dual-space (D): in terms of learning on manifolds, HGCGE |Bao et al.| (2025)
applies graph convolution operations in the hyperbolic space; AttH |Chami et al| (2020) combines reflection
and symmetric embeddings based on hyperbolic transformations for link prediction over heterogeneous knowl-
edge graph; and GIE |Cao et al.| (2022) learns knowledge graph representations through interactions between
Euclidean, Hyperbolic, and Hyper-spherical spaces.

Training: all models are trained using L opcuren: Objective function in relation and the adaptive stochastic
gradient optimizer |Kingma & Bal (2014) with a learning rate of 0.01 for 10 epochs or using the Riemann Adam
Bécigneul & Ganeal (2018) to conform to the curvature of the manifold in case of hyperbolic spaces. To ensure
statistical robustness, training and evaluation were repeated across 10 independent runs, each with randomly re-
initialized model parameters. In each run, a subset of 100 visits is selected for training and evaluation at random
based on the medical codes from each visit. All models are trained on 80% of data and tested on 20% of data
separately held, with node and edge stratification, and negative samples generated uniformly at random. The
RGCN was initialized with 2 layers and hidden dimensionality of 64. MAGNN was trained using metapath-based
aggregation with 64 hidden units, 32-dimensional attention vectors, and 2 attention heads. The GPSTransformer
(dim = 32, PE = 4, RW-PE = 10) was configured with 1 attention head and 1 layer and GraphTransformer was
configured with 2 layers, 4 attention heads, and 8 spectral features. Metapath2Vec, HSGNN and EHR2HG models
used hidden dimensions of 64, 32 and 32, respectively. All hyperbolic models are set to have a hidden dimension
of 16. For concurrent training, our proposed model is set with k1, = 0 and ko = 1, while HGCGE and AttH are
trained with ¢ = 1 as curvature parameter.

3.1 PERFORMANCE USING CONCURRENT LEARNING

We evaluate and report the performance of the proposed hyperbolic neural message passing model over EHR data,
named HNMP-EHR, using precision, recall, and F1 score on multiple tasks, including mortality classification,
diagnosis outcome prediction, lab even detection, and medication recommendation. The results are summarized
in Table Overall it can be observed that due to the specific nature of EHR data wherein the tree-like visit
records are highly structure-less whereas the ontological information are highly structured, the proposed model
can achieve the most gain in performance by learning over independent embedding spaces and subsequently
aligning the representations thorough cross message passing. Methods without an explicit mechanism to do
so, seemingly fail to capture structural disparities present in EHR datasets. To this effect, our proposed model
performs consistently across all selected datasets and among the different model categories, further elaborated in
what follows.

Among general purpose and EHR specific models, high performance is achieved on single tasks however by
different methods (details can be found in the Appendix). In terms of individual performance over MIMIC III
and MIMIC 1V visits, EHR2HG for Diagnosis prediction and Lab test detection, as well as, Metapath2Vec for
medication recommendation and mortality prediction stand out with F1 scores over 0.90 points that is acceptable
in practical settings. Over eICU dataset, meta-path based models including MAGNN and Metapath2Vec similarly
achieve near perfect performance on a given subset of tasks, however not at once. In this category, models that

"nttps://www.snomed.org/
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Table 1: Concurrent performance of HNMP-EHR (highlighted) in comparison with baseline models across
MIMIC III, MIMIC 1V, and eICU datasets in terms of Precision, Recall, and F1 score. In each type category,
the best and second best F1 scores are boldfaced and underscored respectively. In each case, the mean value and
standard deviation averaged over 10 independent runs are reported. Type categories are: Meta-path Models (M),
Graph Transformers (G), EHR Models (K), Hyperbolic (H), Euclidean (E), and Dual-space (D).

MIMIC III MIMIC IV eICU

Method Type Precision Recall F1 Precision Recall F1 Precision Recall F1

GraphGPS G 0.8710.25 0.58+0.05  0.65+0.14  0.7640.31 0.51+0.14  0.58+0.22  0.814+0.38  0.4740.13  0.55£0.26
GRAM K 0.7940.35 0.7240.33  0.734+0.33  0.844+0.32  0.53£0.38  0.56+£0.36  0.80+0.39  0.4140.15  0.5140.25
MDP-GRL K 0.7940.42 0.53+0.32  0.61+0.34  0.794+042  0.57£0.29  0.64+£0.34  0.83+0.33  0.57+0.25  0.6640.29
HSGNN M 0.7940.42 0.65+0.35  0.694+0.36  0.824+0.36  0.73£0.33  0.76+£0.34  0.68+0.28  0.51+0.44  0.534+0.41
Graphormer G 0.794+0.41 0.69+0.35  0.704+0.37  0.814+0.38 0.67£0.33  0.71£0.34  0.81+£0.38  0.50+0.28  0.5840.31
MAGNN M 0.854+0.29 0.731+0.31 0.77+£0.28  0.82+0.34  0.76+0.30  0.784+0.32  0.85£0.16  0.73£0.39  0.74+0.36
EHR2HG K 0.7240.48 0.73+0.46  0.724+047  0.724+048  0.73£0.46  0.72+0.48 - - -

Meta2Vec M 093+ 0.13  0.68+£0.37  0.72+0.31 0.95+0.09  0.804+0.22  0.854+0.17 0.99£0.01 0.85+0.23  0.9040.15
RGCN E 0.9840.04 0.8740.02  0.914+0.02 0.984+0.03 0.79£0.23  0.85+£0.18  0.99+0.01 0.894+0.15  0.9340.10
HGCGE H 0.2940.23 0.3440.11 0.26+0.19  0.3140.13  0.354+0.13  0.2940.14  0.33£0.28  0.40+£0.15 0.33+0.21
AttH H 0.7940.42 0.7240.36  0.754+0.38  0.774+0.44  0.64£0.32  0.69+£0.39  0.79+£042  0.67+0.34  0.7240.37
GIE D 0.7940.42 0.73+0.36  0.76+0.38  0.784+0.42  0.67£0.35  0.71£0.37  0.79+£042  0.73+0.36  0.7540.38
HNMP-EHR D 1.004-0.00 0.9440.05  0.96+0.03 0.9940.01 0.94£0.09  0.96:£0.05 1.00+£0.00  0.9140.12  0.9540.10

overall rely on global information transfer (including MAGNN and Meta2Vec with concurrent F1 scores of 0.77,
0.86 and 0.90 on MIMIC III, MIMIC 1V, and eICU respectively), stand out among general purpose embedding
models.

Among models that capture global and local dependencies using the transformer architecture, the concurrent
performance is on average the lowest as compared to other categories. This performance drop is in part due
to the diversity of tasks that require multiple levels of structural understanding, and in part due to the mixed
nature of EHR data. While these models excel at intra-visit inference, the inter-visit information critical for
mortality prediction for example is lost in the process, causing a significant performance drop (details can be
found in the Appendix). For instance, the GTransformer model achieves F1 scores of 0.98 and 0.99 for diagnosis
prediction and medication recommendation, but its mortality prediction rate drops to 0.18 points on MIMIC III
dataset. Similar performance degradation is observed on other datasets and by GraphGPS. Without additional
architectural modifications (e.g. recurrent prediction heads), transformer-based models therefore are unable
to disambiguate mixed type interactions. Furthermore, when it comes to intra-visit interactions alone and the
additional hierarchical information provided through the ontological embeddings, the attention mechanism again
fails to deduce such connections.

Among models that utilize manifold learning through message passing specifically, the AttH outperforms the
same type of model on Diagnosis prediction and ties with GIE on Lab prediction which achieves the highest
performance on Medication recommendation. Although these models learn structurally sound representations
including hierarchical information, their performance degrades overall, specially on tasks such as mortality
prediction where graph-level representations and chain-like data structures play an important role. The RGCN
which utilizes message passing over the Euclidean space is able to achieve over 0.90 points across diverse tasks
in two of datasets, namely MIMIC III and eICU. Its performance overall is however limited due to the lack of an
explicit mechanism to handle hierarchical information, as evident in the results. On the other hand, HNMP-EHR
(ours) which uses a separate embedding space to capture mixed types of interactions, overcomes this barrier for
concurrent prediction. This is believed to be the due to the ability of the model to learn and exchange knowledge
from both structure-less (i.e. EHR) and ontological (i.g. SNOMED CT) information, efficiently.

3.2 EFFECT OF DUAL-SPACE ALIGNMENT

In heterogeneous representation learning, alignment plays a central role in bridging different sources of informa-
tion. While the patient graph contains limited inherent structure, the ontology graph provides a rich hierarchy
of relationships defined by subclass structures and transitive closures. By carefully aligning these two graphs,
structured knowledge can be transferred into patient representations, enabling more meaningful embeddings and
improving task performance. This controlled transfer ensures that knowledge is shared in order to reinforce the
overall representational capacity across applications. To assess this effect on performance, we showcase its im-
pact by adjusting the hyper-parameters x; and x2 to control the amount of hierarchical representation shared in
each respective space. According to the properties of hyperbolic geometry, by varying these parameters that are
related to the curvature of the underlying manifold, different degrees of hierarchical information can be learned.
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In particular, increasing the x parameter in each space from zero 1.0
towards one, will increase the amount of hierarchical information
encoding. In our model, when the hyper parameters are set as
K1 = Ko = 0, the embeddings lie on the Euclidean plane (E) cor-
responding to the case in which the representations are learned us-

HH

o
©
—t

@

1

3 0.6
ing message passing with a relational graph neural network (with E
a specific edge type that connects nodes in the alignment graph ¢,
G4). Conversely, setting the hyper parameter as k1 = ko = 1 £
causes the embeddings to lie on a curved manifold, corresponding S0

to the case for message passing with a hyperbolic graph neural
network and a hyper-sphere of curvature one (P). In the third sce-
nario, with the hyper parameter x; = 0 over patient graph G,, and 0.0 P E PE

the hyper parameter k2 = 1 over ontology graph G,, the EHR "
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representations are learned in the Euclidean space, while the on-
tology representations are learned in the Hyperbolic space (PE).
Since the patient graph is relatively structure-less, the choice of
k1 = 0 is suitable using the Euclidean metric as the scoring func-
tion, which is able to capture tree-like structures related to patient
visits. Conversely, the choice of ko = 1 is better suited to the
type of representations over the ontology graph nodes which are
more hierarchically oriented. In combination, as shown in Figure
B] (top), the hybrid representations (PE) are observed to improve
performance over settings where a mono curve manifold is learned (¢
(E or P). More specifically, the curvature 2 impacts the amount 00 %2 erarchical Conformty (k) 10
of hierarchical information that is learned from G, and (bidirec-

tionally) transferred to G, via messages m;, (and myg). With a Figure 5: Poincaré (P), Euclidean (E), and
fixed k1, as the value of ko is increased from zero towards one, dual model (PE) concurrent task perfor-
the amount of learned ontological information also increases as mances (top) and the effect of hierarchical
shown in Figure |§| (bottom). At one extreme (i.e. ko = 0), the conformity (bottom).

amount of hierarchical information transferred between dual rep-

resentations is minimal, roughly corresponding to the case of flat manifold learning. However, in the other extreme
(i.e. k2 = 1), the underlying structures of disparate graphs are found to enhance concurrent performance through
mutual messages.
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4 3D VISUALIZATION OF ONTOLOGY-ALIGNED REPRESENTATIONS

In the last set of experiments we inspect the properties of hyperbolic neural message passing by visualizing in the
three dimensional space, the learned representations on a subset of G, with diagnosis, observations, and medication
nodes, as well as their corresponding alignments from the ontology graph G,. The model in PE setting (k1 = 0
and k1 = 1) is retrained with hidden dimension d = 3, and applied to the subset of codes as shown in Figure [6]
We also generate embeddings using the E parameter setting (x; = 0 and x; = 0) and P parameter setting (x; = 1
and k1 = 1) on the same subset of nodes. It is evident that the Euclidean (E) manifold demonstrates adequate
task-specific separability of nodes (achieving a F1 score of 0.90), while the Poincare (P) model’s embeddings lie
onto the single hyperbolic disk B} (corresponding to a decrease in concurrent performance to 0.74 points). On the
other hand, better separability can be seen using the PE setting whereby the embedding planes of diagnosis, lab,
and medication embeddings (shown in red, green, and blue) and the Poincare ball hierarchies (shown in purple)
experience better separability (which explains improved performance in F1 score to 0.96). As evident, the mutual
knowledge that is transferred through alignment is crucial for improving the quality of EHR representations.
Whereas the patient graph is relatively structureless, the ontology graph encapsulates rich hierarchical knowledge
encoded by transitive closures and membership relationships. The transfer of information between spaces as
shown therefore is a major component in improving the capacity of the model to extract and apply structured
knowledge across multiple tasks.

5 RELATED WORK

A summary of the state-of-the-art methods for multi-purpose applications based on heterogenuous graph
learning representations are provided in this section. In|Fouladvand et al.| (2023), a novel graph neural network
(GNN)-based framework is proposed to predict medical procedures using electronic health records. By
training Al models on large-scale EHR data, their approach provides personalized procedure recommendations,
enhancing the efficiency of clinician time, reducing diagnostic delays, and potentially eliminating the need for
in-person consultations. For medication recommendations, the approach in |Shang et al.| (2019) models patient
records as queries for personalized combinations and |Yang et al.[(2021)) employs recurrent residual networks to
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Figure 6: Concurrent prediciton performance (left) and 3D embeddings visualization: Euclidean (E) space with
k1 = 0, kg = 0, Poincaré (P) space with k1 = 1, ko = 1, and dual (PE) space with k1 = 0, ko = 1 (right).

predict medication changes, unlike traditional methods requiring full patient history. For the diagnosis task, the
proposed model in|Sun et al.|(2021)) constructs medical concept and patient record graphs from EHR and external
knowledge bases, using a neural graph encoder to generate embeddings for patients, diseases, and symptoms,
enabling inductive inference for new patients. The method of [Wu et al.|(2021) uses a hierarchical framework with
biased-random-walk for medical and proximity-preserving embeddings. Mortality prediction presents another
promising data-driven application, which has recently been the subject of research as a stand-alone task in Jiang
et al.|(2024). In this work, we propose a unifying framework that can supports the aforementioned applications in
a multi-task setting (i.e. concurrent predictions).

Several general-purpose methods have been proposed to address key challenges in heterogeneous graph rep-
resentation learning from a technical perspective. The study in [Fu et al.| (2020) enhances heterogeneous graph
embedding by introducing a threefold approach: transforming node content to include feature-level semantics,
aggregating information within metapaths to model structural dependencies among intermediate nodes, and com-
bining multiple metapaths to capture diverse relational patterns. The issue of insufficient relational modeling in
heterogeneous graphs is further addressed in|Yu et al.|(2023)). This approach employs cross-relation message pass-
ing to enable fine-grained semantic and structural interaction propagation. A number of methods have been pro-
posed that further focus on capturing structural information using Hyperbolic Graph Neural Networks (HGNN).
The Poincare model in particularly has been shown to learn hierarchical representations well |(Chami et al.| (2020)
and applied over structured data including multi property and knowledge graphs|/Bao et al.|(2025). Dual geometric
space embedding for knowledge graphs is proposed in Iyer et al. (2022) to jointly represent ontology and specific
instances in a unified framework. The approach in|Cao et al.[(2022) further extends this concept to multi space
interactions. In this work, we utilize a geometric learning approach to capture ontological information combined
with inter-graph message passing for cross-space interactions with EHR representations.

6 CONCLUSIONS

We propose HNMP-EHRE a multi-task prediction framework for real-world EHR data, leveraging a hyperbolic
neural message computation strategy that learns and transfers structure-dependent knowledge from different em-
bedding spaces. Our approach improves performance by aligning patient data with ontological knowledge via
cross-graph message passing. Experiments on real-world datasets showcase that robust representations can be
learned for downstream clinical tasks concurrently. For concurrent prediction over real-world datasets, the pro-
posed method achieves consistent scores across diverse tasks, with an average scores of 0.99, 0.95, and 0.96 in
precision, recall and f1 score, outperforming mono-geometric and general purpose models including RGCN (with
average scores of 0.98, 0.86, and 0.90) and Metapath2Vec (with average scores of 0.95, 0.78, and 0.82). These
results highlight HNMP-EHR’s ability to capture complex relationships in EHR data where the implicit hierarchy
information plays a crucial role.

2QOur code is available at: https://github.com/s-hm-a/hnmp_ehr
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A  DATASETS

We use three publicly available repositories containing tabular data for patients to ultimately generate graphs for
training and evaluation purposes. In this work, we limit the scope to records from patients that are hospitalized
for Cardiovascular Disease (CVD). The relevant data are separated by admissions encoded by ICD-9 code
range 410-430, such as 428.22 (Chronic systolic heart failure), 428.23 (Acute on chronic systolic heart failure),
428.32 (Chronic diastolic heart failure), 428.33 (Acute on chronic diastolic heart failure), 428.42 (Chronic
combined systolic and diastolic heart failure), and 428.43 (Acute on chronic combined systolic and diastolic
heart failure). These codes categorize various forms and severities of heart failure based on the systolic and
diastolic dysfunction of the heart. In ICD-10, these codes are largely replaced by categories under 150 (Heart
Failure). To generate this subset, we identify and store the admissions for those patients that have at least
one of the above ICD codes associated with them and exclude items outside the above scope for our final set
of patients. The tabular data used in this work are selected and organized around four core themes, namely
Diagnosis, Procedures, Prescriptions, and Lab Events. Although there are cases where extra information
such as transfers, provider source, and notes exist, for the purposes of tabular processing related to our use case
we organize the data under aforementioned core concepts similar toPoulain & Beheshti|(2024));|Choi et al.| (2020).

MIMIC III - the first version of the repository that we use contains data associated with 53,423 distinct hospital
admissions for adult patients (aged 16 years or above) admitted to critical care units between 2001 and 2012. The
data covers 38,597 distinct adult patients and 49,785 hospital admissions. The median age of adult patients is 65.8
years, 55.9% patients are male, and in-hospital mortality is 11.5%. In addition, it contains data for 7870 neonates
admitted between 2001 and 2008. The median length of an ICU stay is 2.1 days and the median length of a
hospital stay is 6.9 days. A mean of 4579 charted observations (‘chartevents’) and 380 laboratory measurements
(‘labevents’) are available for each hospital admission Johnson et al.|(2016).

MIMIC IV - the second version of the repository that we use improves upon the previous version by covering
a more recent time period (2008-2019) and offering a modular structure, dividing data into core, hospital, and
ICU components for easier access. It expands beyond ICU data to include hospital-wide information, increasing
the dataset’s scope and diversity. MIMIC-IV also enhances data quality and uses both ICD-9 and ICD-10 coding
reflecting disparities in coding versions. These updates make MIMIC-IV a more comprehensive and flexible
resource for clinical research compared to MIMIC-III. Among other reasons, we are interested in understanding
the effect of version-based variations by including the second repository.

eICU - is a large, deidentified, multi-center dataset containing high-granularity admission data across U.S.
hospitals in 2014-2015. It includes vital signs, care plans, severity scores, diagnoses, and treatments, enabling
research in critical care, machine learning, and decision support. Clinical information is standardized through
ICD-9-CM coding for diagnoses, LOINC identifiers for lab tests, and RxNorm terminology for medications,
facilitating interoperability and reproducible research.

In order to generate patient graphs form input relational data, column attributes (e.g. “Diagnosis Code”) are
mapped to predicates (e.g. “has code”). A patient’s record can specifically include coded entities from one or
multiple coding systems - ICD for Diagnosis and Procedures, LOINC for Lab Results, and NDC (National Drug
Code) for drugs/prescriptions. All clinical codes are transformed and consolidated with unique identifiers to
ensure semantic equivalence across sources, as summarized in Table @ In the case of eICU, the dataset includes
41,026 CVD visits containing 399 diagnosis codes, 191 drug codes, and 188 lab codes. MIMIC-III has 31,839
visits including 149 diagnosis, 969 drug, and 327 lab codes, while MIMIC-IV, the largest, has 147,995 visits,
including 386 diagnosis, 861 drug, and 324 lab codes.

In order to disambiguate and contextualize knowledge with unified representations, domain specific alignment of
codified data according to clinical and biomedical ontologies is adopted, namely with Systematized Nomenclature
of Medicine Clinical Termsﬂ (SNOMED CT), that are best suited for medical applications needing high quality
and personalized context. SNOMED CT is a comprehensive, multilingual healthcare terminology used to encode
clinical information in a consistent and structured way. It enables the representation of clinical concepts such as
diagnoses, procedures, and symptoms. SNOMED CT defines clinical terms through structured relations between
concepts, enabling detailed descriptions such as ‘Pain in the left arm’ defined with ‘finding site’ connected to
anatomical site ‘left arm’. SNOMED CT features allow users to compose new clinical expressions from existing
terms.

*https://www.snomed.org/
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Table 2: Statistics for each graph type (patient G, and ontology G,) and MIMIC III, MIMIC 1V, eICU resources,
in terms of the number of medical codes, visits, and extended alignment graphs.

MIMIC II1 MIMIC IV elCU

Gp Yy Gp Yy Gp Yq
Visit Number vl 31,839 - 147,995 - 41,026 -
Diagnosis Codes Dy 149 570 386 2856 399 1580
Drug Codes [ My 969 255 861 840 191 761
Lab Codes |Op] 327 458 324 269 188 495
Alignment Graph  |g,| - 1360 - 12380 - 13999

Mapping diagnosis and procedure codes to SNOMED CT is done based on label information. Similarly, the
National Drug Code (NDC)| codes and the Logical Observation Identifiers Names and Codes (LOINCY| codes
are mapped to relevant concepts from prescriptions and observations in SNOMED CT. For any code with
multiple ambiguous matches, each match is added using a conjunctive relation ‘and’ along with their respective
membership graphs through ‘is a’ relation. The alignment graph will include 1,580 diagnosis, 761 drug, and 495
lab codes in the case of eICU dataset, and the total number of entries 13,999 (including subclass relationships). In
the case of MIMIC 111, 570 diagnosis, 255 drug, and 458 lab codes are aligned and included for a total alignment
graph size of 1,360. In the case of MIMIC IV 2,856 diagnosis, 840 drug, and 269 lab codes are aligned and
included for a total of 12,380 alignment entries. The combination of membership and multi-code extensions
using SNOMED CT is believed to improve the semantic richness and hierarchical structure of the patient graph,
specifically for multi-purpose prediction tasks.

In Figure /| an example visit graph for a patient with a single diagnosis, two medications, and two lab tests,
aligned with a total of eight ontology entries is shown. It should be noted that each patient can and often will
contain multiple diagnosis, lab test, and medication codes. Although these codes are identifiable within each visit,
the causal and specific relationships between them (e.g. diagnosis leading to medication or test) are not present
in the original datasets. One of the key justifications for using ontology alignment in this case is to utilize the
hierarchical information to enhance EHR representations. The specific characteristics of visits, in terms of the
number of coded entities and the size of subsequent alignment graph, may vary. Further details in terms of the
number of unique codes per visit and other dataset statistics are shown in Figure|[8]

2929001

P
P /_

255632006 41.401
129573006
(Atherosclerotic heart disease )

/
/
S (Atherosclerosis of artery)
83002732 d
(Carbamazepine)
ID: 25321 309050000
P Mortality: False

[{

387222003
Carbamazepine)
24356

258574006

(Urine Specimen; )
Admission Node @  Diagnosis Code Lab Test Code
SNOMED Code Medication Code ~  ----- Alignment

Figure 7: Visit sample v,, for a patient p with diagnosis, medication, and lab tests with three alignment entries to
the ontology entities which include membership information using the ’is a’ relation, indicated with arrows. The
visit node is represented with an ID and a binary mortality label.

*nttps://dps.fda.gov/ndc
Shttp://loinc.org/

14


https://dps.fda.gov/ndc
http://loinc.org/

Under review as a conference paper at ICLR 2026

812

813 600 = Diagnosis . I Lab Test [ Medication
814

815

816 200 100

817 *

818 ° ® & Unique Codes per Vit~ ’ 4 Unique Codas per Vsl # Unique Coes per Vit

o (a) MIMIC 1T

820

Count
g

821 o = Diagnosis a0 I Lab Test [ Medication
140
822 40 120 120
823
8 2 4 200 60 60
40 40
100
825 " "
826 o

’ »un\quecodes Derv\s\l !
827

828
829
830
831
832
833
834
835
836 (c) eICU
837
838
839
840

841 B PERFORMANCE OF MONO- AND DUAL-SPACE HYPERBOLIC MESSAGE PASSING
842

#Unaue Coes Der\/s( 4 umque Cotes perv\s\l

l ‘ = Medication

runq ecodespervsl

(b) MIMIC IV

=31 Diagnosis 3 Lab Test
80
60
g 40
20

»unq ecodesper\ls( #Unq eccdesvarvsl

°

Figure 8: Distribution of Unique Medical Codes per Patient Visit v, taken over MIMIC III, MIMIV 1V, and eICU
Datasets used in order to generate patient graph nodes.
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C SINGLE TASK PREDICTION PERFORMANCE

The mortality task across MIMIC III, MIMIC 1V, and eICU datasets, as presented in Table 3] demonstrates the
single-task performance of HNMP-EHR on visit-based survavial prediction, achieving F1 scores in the range 0.98-
0.99 that is deemed acceptable for practical scenarios. RGCN follows closely, with strong results (0.95-0.99),
particularly in eICU. Metapath2Vec performs well in eICU (0.90-0.97) but deteriorates on MIMIC datasets which
a different structure. Other methods relying on meta-path and similarity graph approximations, such as MAGNN
and HSGNN, show lower than acceptable scores for practical settings. Hyperbolic and dual-space models also
tend to under-perform, mortality prediction based on visit data does not heavily depend on hierarchical information
deemed appropriate for such methods.

Table 3: Single-task performance for Mortality prediction, on MIMIC III, MIMIV 1V, and eICU datasets in terms
of Precision, Recall, and F1 score.

MIMIC III MIMIC IV elCU

Method Precision Recall F1 Precision Recall F1 Precision Recall F1
Metapath2Vec 0.80 0.81 0.81 0.81 0.64 0.67 0.97 0.90 0.92
MAGNN 0.41 0.41 0.41 0.31 0.36 0.33 0.73 0.77 0.75
HSGNN 0.66 0.64 0.65 0.75 0.75 0.75 0.69 0.48 0.59
GraphGPS 0.49 0.56 0.44 - - - 0.23 0.28 0.17
Graphormer 0.90 0.90 0.90 0.69 0.57 0.63 0.91 0.90 0.90
GRAM 0.71 0.73 0.72 0.79 0.81 0.78 0.64 0.54 0.61
MDP-GRL 0.74 0.79 0.76 0.78 0.81 0.78 0.81 0.72 0.76
EHR2HG 0.16 0.20 0.18 0.16 0.20 0.17 - - -
RGCN 0.92 0.90 0.90 0.94 0.95 0.95 0.99 0.99 0.99
GIE 0.78 0.56 0.73 0.78 0.58 0.75 0.82 0.82 0.82
HGCGE 0.71 0.57 0.62 0.70 0.70 0.69 0.65 0.65 0.64
AttH 0.75 0.62 0.75 0.83 0.38 0.59 0.77 0.61 0.68
HNMP-EHR (ours) 0.98 0.99 0.99 0.99 0.99 0.99 0.97 0.98 0.98

The performance metrics for the MIMIC III dataset, as shown in Table ] demonstrate the varying effectiveness
of graph-based methods across single diagnosis, lab, and medication prediction tasks. HNMP-EHR achieves
F1 scores in the range 0.92-0.98, comparable with EHR2HG and MAGNN which achieve perfect F1 scores in
diagnosis and lab tasks. Other metapath based models including Metapath2Vec under-perform in diagnosis (f1
score 0.35). On a single task, other models including MDP-GRL with f1 score of 0.48, on medication prediction
also exhibits below the threshold for practical applications.

Similarly for the MIMIC IV dataset, as shown in Table [ the single-task performance of HNMP-EHR ranges
from 0.88 to 0.99, closely matching EHR2HG and MAGNN (highest) in diagnosis and lab tasks. Metapath2Vec
as a meta-path only method excels in lab and medication predictions but underperforms in diagnosis outcome
prediction (f1 score of 0.74). Global attention models show a notably low diagnosis score, including GRAM
(with f1 score of 0.21), while other general purpose models including RGCN (f1 score 0.58 for Lab tests) also
fail to achieve good performance across the board. These results once again underscore HNMP-EHR’s consistent
and robust performance for practical settings.

Lastly, the performance on eICU dataset as presented in Table ] reveals the effectiveness of various methods
across diagnosis, lab, and medication prediction tasks for multi-center data. MAGNN as a meta-path based graph
neural network excels in diagnosis and lab test (both f1 score 1.00) tasts, but underperforms in medication pre-
diction (with fl score 0.23). Metapath2Vec as another instance of meta-path approach performs well in two
tasks, namely lab and medication with perfect f1 scores, but lags in diagnosis outcome prediction (f1 score 0.68).
HNMP-EHR (PE) scores in the 0.97-0.98 range for two tasks and 0.78 points in F1 score for medication recom-
mendation. It’s performance closely matches RGCN (E), suggesting the structure-less nature of these tasks using
eICU datasets.
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Table 4: Single-task performance of models on MIMIC III, MIMIV IV, and eICU datasets in terms of Precision,
Recall, and F1 score for Diagnosis, Lab Test, and Medication prediction.

MIMIC III

Method Diagnosis Lab Medication

Precision Recall F1 Precision Recall F1 Precision Recall F1
Metapath2Vec 1.00 0.21 0.35 1.00 0.99 0.99 1.00 0.99 0.99
MAGNN 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.54 0.70
HSGNN 1.00 0.91 0.95 1.00 0.96 0.97 1.00 0.54 0.69
GraphGPS 1.00 0.52 0.68 1.00 0.64 0.77 1.00 0.60 0.72
Graphormer 1.00 0.97 0.98 1.00 0.55 0.68 1.00 0.99 0.99
GRAM - - - 1.00 0.99 0.99 1.00 0.83 0.86
MDP-GRL 1.00 0.78 0.87 1.00 0.85 0.92 1.00 0.31 0.48
EHR2HG 1.00 1.00 1.00 1.00 1.00 1.00 - - -
RGCN 1.00 0.87 0.93 1.00 0.84 0.90 1.00 0.90 0.94
GIE 1.00 0.92 0.96 1.00 0.99 0.99 1.00 0.84 0.91
HGCGE 0.04 0.39 0.07 0.57 0.41 0.47 0.39 0.38 0.38
AttH 1.00 0.95 0.98 1.00 0.99 0.99 1.00 0.76 0.87
HNMP-EHR (ours) 1.00 0.87 0.92 1.00 0.93 0.96 1.00 0.97 0.98

MIMIC IV

Method Diagnosis Lab Medication

Precision Recall F1 Precision Recall F1 Precision Recall F1
Metapath2Vec 1.00 0.59 0.74 1.00 1.00 1.00 1.00 1.00 1.00
MAGNN 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.68 0.81
HSGNN 1.00 0.98 0.99 1.00 0.64 0.78 1.00 1.00 1.00
GraphGPS 0.88 0.53 0.65 1.00 0.67 0.79 0.88 0.53 0.64
Graphormer 1.00 0.99 0.99 1.00 0.53 0.65 1.00 0.90 0.93
GRAM 1.00 0.12 0.21 1.00 0.68 0.72 1.00 1.00 1.00
MDP-GRL 1.00 0.84 0.91 1.00 0.76 0.86 1.00 0.49 0.65
EHR2HG 1.00 1.00 1.00 1.00 1.00 1.00 - - -
RGCN 1.00 0.85 0.91 1.00 0.45 0.58 1.00 0.94 0.97
GIE 1.00 0.99 0.99 1.00 0.66 0.79 1.00 0.86 0.92
HGCGE 0.26 0.35 0.30 0.34 0.48 0.32 0.47 0.42 0.44
AttH 1.00 0.73 0.84 1.00 0.91 0.95 1.00 0.77 0.87
HNMP-EHR (ours) 1.00 0.99 0.99 1.00 0.81 0.88 1.00 0.99 0.99

elCU

Method Diagnosis Lab Medication

Precision Recall F1 Precision Recall F1 Precision Recall F1
Metapath2Vec 1.00 0.52 0.68 1.00 1.00 1.00 1.00 1.00 1.00
MAGNN 1.00 1.00 1.00 1.00 1.00 1.00 0.70 0.16 0.23
HSGNN 0.70 0.13 0.19 1.00 0.99 0.99 0.30 0.15 0.19
GraphGPS 1.00 0.5 0.66 1.00 0.57 0.72 1.00 0.52 0.67
Graphormer 1.00 0.28 0.43 1.00 0.76 0.86 1.00 0.73 0.83
GRAM 1.00 0.39 0.56 1.00 0.52 0.67 1.00 0.52 0.68
MDP-GRL 1.00 0.78 0.87 1.00 0.52 0.68 1.00 0.77 0.87
EHR2HG - - - - - - - - -
RGCN 1.00 0.93 0.96 1.00 0.98 0.99 1.00 0.66 0.78
GIE 1.00 0.83 0.90 1.00 0.99 0.99 1.00 0.92 0.96
HGCGE 0.20 0.45 0.28 0.76 0.55 0.64 0.22 0.44 0.30
AttH 1.00 0.67 0.80 1.00 0.99 0.99 1.00 0.85 0.92
HNMP-EHR (ours) 1.00 0.97 0.98 1.00 0.95 0.97 1.00 0.73 0.78
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D PRELIMINARIES AND NOTATION

D.1 GRAPH NEURAL NETWORKS ON PATIENT AND ONTOLOGY GRAPHS

Let G, = (Cp,Rp) denote the patient graph, where C, is the set of patient codes (observations O,, diag-
noses D,,, and medications M), and R, represents intra-visit relationships among these entities. Similarly, let
G, = (C4, R,) denote the ontology graph, where C, contains ontology codes and R, captures semantic relations
between them. For a node p; € Cp, let N = {p; € C, : (pi,p;) € Rp} denote the set of neighbors connected
via relation type . Similarly, N for ¢; € Cq is defined analogously. Let ¢; , be a normalization constant based
on the degree of node ¢ under relation r. The standard GCN message passing rule at layer [ for a patient node p;

is then defined as: 1
= 3 S O
r€Rp P ENT o
and:
B = o (Wni=D +m®, )

where WT(-Z) and Wo(l) are relation-specific and self-transformation matrices, respectively, and o (-) is a nonlinear
activation function. A similar message passing formulation applies to ontology nodes ¢; € C, using R,.

D.2 HYPERBOLIC GRAPH NEURAL NETWORKS

While conventional GCNs operate in Euclidean space (x; = 0), graphs with hierarchical or tree-like struc-
tures, such as ontologies, are better modeled in hyperbolic space (k2 = 1). Hyperbolic Graph Neural Networks
(HGNNs) extend the message passing paradigm by replacing Euclidean operations with their hyperbolic counter-
parts in the Poincaré ball BZ.

Lifting and projection. Given an ontology node embedding hfffl) in BY, we first map it to the tangent space

ToB? via the logarithmic map logOB (+), apply transformations in the Euclidean tangent space, and map it back to
the manifold using the exponential map expg’ (-):

B — logf (), KD = expB (D).

Hyperbolic feature transformation. Feature transformation in hyperbolic space uses Mdbius matrix-vector
multiplication. At layer [, the transformed representation is:

h,(l? = eXpOB (W,(.l) 1og§(hf1€*1))>
where Wr(l) is the trainable relation-specific weight matrix in the tangent space.

Hyperbolic neighborhood aggregation. Aggregation in hyperbolic space is performed in the tangent space to
enable linear operations:

1 _
hé? = expy a<logOB(h[(Ii)) + Z O—Wﬁl) loggg(hélj 1)))
GENT T,T

This formulation ensures that the aggregated representation respects the manifold geometry while incorporating
information from neighboring nodes.

Cross-graph alignment. To bridge the patient and ontology graphs, cross-graph messages m/_(f;,i and m/_(fzh are
exchanged between aligned anchors (p;, q;) € A:

m'(), = Wlogg (b)), m!Q) = W logf (h{ ™)
where Ws(l) is the alignment transformation matrix. These cross-graph signals are incorporated into the update of
each graph’s node representation.

Riemannian optimization. Training parameters 6 € {W,El), Wél), Wg)} in hyperbolic space requires Rieman-
nian optimization. The Euclidean gradient V g £(0) is projected to the tangent space:

VrL(0) = Projg, . (VEL(0))
and parameters are updated using the exponential map:
0" = expf (—n VrL(9))

ensuring that updates remain on the manifold throughout training.
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Table 5: Summary of Notations

Notation Description

Gp Patient graph composed of visits, observations, diagnoses, and medications
Gq Ontology graph representing structured hierarchical clinical knowledge
Op, Dy, My, Sets of observations, diagnoses, and medications for patient data

Oy, Dy, Mg Sets of ontology observations, diagnoses, and medications

Cp Union of all patient codes: O, U D, U M,

Cq Union of all ontology codes: O, U D, U M,

v; The ¢-th visit of patient p, containing a subset of codes from C,

A Set of anchor pairs linking patient and ontology nodes.

Ao, Ap, An Subsets of anchors for observations, diagnoses, and medications

Rp Relation set encoding intra-visit relationships among patient entities
Rq Relation set encoding semantic relations within the ontology

NI Set of r-type neighbors of node @

Cir Normalization constant based on degree of node ¢ under relation r

Dis Qi Nodes in the patient graph (p;) and ontology graph (g;)

h,(,li), hz(l? Representation of node p; or ¢; at layer [

Neighbor and self-messages for patient node p; at layer [

Neighbor and self-messages for ontology node ¢; at layer [

s Mg, Cross-graph alignment messages from ontology to patient and vice versa
7@, Wo(l), Relation-specific, self, and alignment transformation matrices

K1 Curvature parameters for patient space (k1 = 0, Euclidean)

K2 Curvature parameters for ontology space (k2 = 1, hyperbolic)

BY d-dimensional Poincaré ball of radius ¢, used for hyperbolic embeddings

Logarithmic and exponential maps in the Poincaré ball

De Mobius addition operator in hyperbolic space
fls,rt) DistMult scoring function for triples in patient graph
o(s,r,t) Mobius scoring function for triples in ontology graph
T, Toee Sets of positive and negative triples for link prediction
v Margin for ranking loss (set to 1.0)

h; Pooled visit-level embedding for patient p at visit ¢

;g; Predicted survival probability for patient p at visit ¢

y; Ground-truth survival label for patient p at visit ¢
Ly L Link prediction losses for patient and ontology graphs
Lisit Visit-level survival prediction loss

L concurrent Joint training objective combining patient, ontology, and visit losses

Figure 10: 3D Visualization of dual-space embeddings (d=3) generated by HNMP and displayed from different
views, including Diagnosis (red), Medication (blue), Lab Test (green) nodes in Euclidean (E) space, and Ontology
(purple) nodes in Poincare (P) space.
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