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Abstract. Knowledge graphs (KGs) are important products of the se-
mantic web, which are widely used in various application domains. Health-
care is one of such domains where KGs are intensively used, due to the
high requirement for knowledge accuracy and interconnected nature of
healthcare data. However, KGs storing general factual information often
lack the ability to account for important contexts of the knowledge such
as the status of specific patients, which are crucial in precision health-
care. Meanwhile, electronic health records (EHRs) provide rich personal
data, including various diagnoses and medications, which provide natural
contexts for general KGs. In this paper, we propose HypKG, a frame-
work that integrates patient information from EHRs into KGs to gen-
erate contextualized knowledge representations for accurate healthcare
predictions. Using advanced entity-linking techniques, we connect rele-
vant knowledge from general KGs with patient information from EHRs,
and then utilize a hypergraph model to “contextualize” the knowledge
with the patient information. Finally, we employ hypergraph transform-
ers guided by downstream prediction tasks to jointly learn proper con-
textualized representations for both KGs and patients, fully leveraging
existing knowledge in KGs and patient contexts in EHRs. In experi-
ments using a large biomedical KG and two real-world EHR datasets,
HypKG demonstrates significant improvements in healthcare prediction
tasks across multiple evaluation metrics. Additionally, by integrating ex-
ternal contexts, HypKG can learn to adjust the representations of entities
and relations in KG, potentially improving the quality and real-world
utility of knowledge.

Keywords: Contextualized Knowledge graph - Hypergraph - Knowl-
edge graph representation - Healthcare application of semantic webs.

1 Introduction

Knowledge graphs (KGs) are important products of the semantic web, orga-
nizing and linking entities such as people, places, and objects along with their
relationships, in graph structures [26]. They provide a powerful method for rep-
resenting factual knowledge about the real world [69][8], and have found broad
applications across various domains. Healthcare is one of the domains where KGs
are extensively utilized, driven by the need for highly accurate knowledge and
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the inherently interconnected nature of healthcare data [I]. In the healthcare
domain, KGs capture specialized knowledge about medical concepts, including
drugs, diseases, genes, and symptoms [74]. In recent years, there has been signif-
icant growth in the development of large-scale healthcare KGs, such as UMLS
[6], Concept5.5 [46], and iBKH [47]. These healthcare KGs provide rich factual
knowledge, enhancing clinical research, decision-making, and healthcare delivery
[68].

However, KGs storing general facts often fail to account for important con-
textual information about the knowledge, such as patients’ statuses (e.g., de-
mographics, medical conditions, lifestyles), which can lead to inaccuracies in the
knowledge they provide. To ensure the accuracy and relevance of knowledge, it is
essential to consider contexts from other data sources. In the healthcare domain,
a natural consideration is to utilize KGs together with patient-specific contexts,
which is crucial for precision healthcare. For instance, a patient’s health status
can significantly affect the relevance of drug-disease relationships retrieved from a
KG. While a general KG may indicate that aspirin can be used for heart disease
prevention [18], this recommendation may be inappropriate for patients with
conditions such as gastrointestinal issues or bleeding disorders, where aspirin
could cause adverse effects [14]. Another example involves the patient’s med-
ication context. A KG might provide information about commonly prescribed
medications for depression, but these recommendations may not be suitable for
patients taking other medications that could interact with antidepressants [56].
Without incorporating data about a patient’s existing prescriptions, the KG
might suggest treatments that could result in harmful drug interactions.

In the healthcare domain, a natural way to provide context for knowledge in
KGs is to use patient information such as data from Electronic Health Records
(EHRs). EHRs are widely recognized as valuable assets for comprehensive patient
health analysis and informed decision-making [66]. They are usually constructed
from a wide range of patients’ digital medical information, including tabular
data, clinical notes, medical images, genomics data, and other essential patient
data types [2]]63][48]]62][58]. By consolidating this diverse data, EHRs facilitate
a deep understanding of patients’ health statuses, enabling more precise medical
interventions. Moreover, EHR data often include rich contextual details, such
as diagnosis, prescriptions, medication histories, admission and discharge times,
and even demographic information like age and gender [37].

Motivated by the lack of context modeling in KGs for real-world applications
like healthcare, and the rich contextual information found in EHRs, we propose
HypKG, a novel framework to integrate patients’ context information from EHR
with extracted knowledge from KG, as exemplified in Figure[I] On one hand, the
background knowledge extracted from KGs can serve as a valuable complement
to the detailed patient data found in EHRs. This background knowledge can
provide general medical information, such as common drug-disease interactions
and treatment guidelines, which EHR alone may not explicitly capture. On the
other hand, the rich context provided by EHRs, such as patient diagnoses, med-
ication histories, lab results, and personal attributes, can inform the selection of
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Fig. 1. A toy example of KG contextualization. Left: traditional KG. Right: our pro-
posed contextualized KG.

the most relevant knowledge from large-scale KGs, tailoring it to the individual
patient’s specific needs. This integration of EHR and KG enriches the existing
knowledge with patient-specific contexts, which could serve as a foundation for
a wide range of downstream healthcare applications.

To combine KG knowledge with relevant context information, several chal-
lenges must be addressed. The first challenge is how to connect knowledge
and external contexts. For example, there may be discrepancies in the entity
naming conventions used in different sources [27]- a KG may refer to a disease
as “Ellis-Van Creveld syndrome”, while an EHR may refer to the same disease as
“Chondroectodermal dysplasia”. To address this challenge of biomedical entity
linking, researchers have proposed many methods using crafted string-matching
rules [I5], constructed thesauri [4], and pre-trained language models [54]. In our
approach, we leverage the prior knowledge and semantic understanding embed-
ded in advanced language models to facilitate the linking process. Through this
process, we robustly enable the KG to be linked with patient-specific context
information from the EHR.

Another noteworthy challenge lies in how to jointly model knowledge
and contexts. While researchers have proposed various models for EHR data,
including feature engineering [72], deep neural networks (DNNs) [I1], and graph
neural networks (GNNs) [40][32], these methods cannot be directly applied to
incorporate additional relational knowledge from KGs. In this work, we employ
a more flexible and unified graph-based data structure of hypergraphs [65][75],
where we model EHR attributes and KG entities with nodes and model pa-
tient contexts with hyperedges. Unlike standard graphs where edges connect two
nodes, hypergraphs allow hyperedges to connect multiple nodes simultaneously,
enabling us to directly model the patient-attribute (context-entity) relationships
[24][29]. Additionally, the many-to-many connections in hypergraphs also allow
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flexible capturing of entity-entity relationships within each patient context, as
well as the context-context relationships for each entity.

The third challenge is how to learn a model that properly integrates
knowledge and contexts. The foundation of this process involves jointly gen-
erating entity representations (embeddings) from large-scale KGs and context
(patient) representations from EHRs. For KGs alone, many KG embedding meth-
ods have been proposed [70], popular ones including TransE [7], ComplEx [50],
and CompGCN [51]. These techniques compute compact embedding vectors that
capture the entity relationships. We utilize the extensively studied KG embed-
ding methods to capture knowledge in the original KG, and use them to initialize
the node features in the hypergraph model. Then we incorporate patient con-
text into the model by utilizing hypergraph transformers [10] to directly model
the explicit entity-context relationships, and fully learn the entity-entity and
context-context relationships from EHR data. We utilize downstream prediction
tasks to guide the whole training process of hypergraph transformers. This ap-
proach enables the KG information to be combined with the rich, patient-specific
context from EHRs. The final outcomes are patient-specific representations as
well as contextualized KG representations that integrate the strengths of both
data sources.

Overall, the core novelty of HypKG lies in its unified, hypergraph-based
framework that integrates patient-specific contexts from EHRs directly into a
general biomedical KG, rather than treating KG embeddings and EHR features
separately or constructing isolated “personalized” KGs. Unlike prior related work
that either (a) embeds KGs without patient-specific contextualization, (b) uses
only one-hot or simple pooled KG vectors for patients, or (c) builds small per-user
graphs, HypKG (1) leverages an LLM-augmented entity-linking pipeline to align
EHR medical attributes with KG entities; (2) represents both KG concepts
and patient visits as nodes and hyperedges in a single hypergraph, capturing
high-order relations; and (3) employs hypergraph transformers supervised by
downstream healthcare tasks to jointly learn contextualized embeddings.

In our experiments, we utilize the large-scale public KG, iBKH [47], as the
foundational KG dataset. We enhance this KG by contextualizing it with patient-
specific context information from two widely used EHR datasets: MIMIC-III
[23] and PROMOTE [61]. The experimental results reveal that HypKG signifi-
cantly improves KG representation, with an average relative performance gain
of 12.15% on MIMIC-IIT and 9.66% on PROMOTE across multiple evaluation
metrics. HypKG also outperforms the traditional baselines that directly model
the high-dimensional sparse EHR attributes without using KGs. These results
highlight the effectiveness of HypKG in integrating patient-specific context into
KG representations, enabling more accurate and tailored predictions in health-
care applications. Additionally, case studies show that by integrating external
contexts, HypKG can learn to adjust the representations of entities and relations
in KG, potentially improving the quality and real-world utility of the KG.



HypKG: Hypergraph KG Contextualization for Healthcare 5

2 Related Work

2.1 Biomedical entity linking.

Linking entities is a crucial part of building comprehensive healthcare knowl-
edge graphs and is essential for entity predictions. Researchers have proposed
conventional methods focusing on setting string-matching rules [I5] and leverag-
ing constructed thesauri [4], and machine learning-based methods [54] [73][21] [64]
transforming biomedical concepts from raw text into embeddings which are then
used to compute similarity scores via distance functions (e.g. cosine similarity),
and rerank the candidate entities. Recently, some works have explored large lan-
guage models (LLMs) for biomedical entity linking [60] due to their unprecedent-
edly rich prior knowledge as well as language capabilities [33][5][45][59]. Building
on these advances, we incorporate entity linking techniques into a unified hyper-
graph framework for downstream predictive tasks.

2.2 KG Representations.

There are many methods aiming to embed entities and relations into vector
spaces in a specific dimension. TransE tries to generate embeddings that mini-
mize the distance between the head and the tail entities in a relation, which is
one of the easiest methods to train [7]. The ComplEx embedding uses the Her-
mitian dot product to produce the embeddings and seperates the embeddings
into imaginary and real number parts to handle a large variety of binary re-
lations [50]. Composition-based Multi-Relational Graph Convolutional Network
(CompGCN) extends the traditional Graph Convolutionary Network to include
the relations between entities during the message-passing process. The embed-
dings are generated by aggregating the neighboring entities as well as the rela-
tions between entities [51]. These models effectively learn static embeddings over
KGs, but none incorporate external patient contexts during embedding learning;
our method advances KG representation by embedding both KG structure and
patient-specific information within the same hypergraph.

2.3 Personalized KG for Healthcare.

Our contextualized KGs are distinct from personalized KGs in several ways.
Unlike personalized KGs that focus on creating various small KGs to support
the information needs of different users [22][67][7T][49][9][17], through knowledge
contextualization, we add external contexts into KG while still modeling it as a
whole. This approach can achieve the following unique effects distinct from per-
sonalized KGs: (1) it enables global modeling of interactions between knowledge
and contexts, allowing learning to happen across users; (2) it utilizes the contexts
to adjust knowledge representations in the whole KG, improving the quality and
utility of knowledge that can potentially benefit other related KG applications;
(3) it leverages knowledge in the whole KG to improve the modeling of con-
texts and subsequently improve the modeling of specific users. Due to the often
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different application scenarios of personalized KGs compared to our approach,
as well as the often complicated and ad hoc processes of creating personalized
KGs, we do not empirically compare with personalized KGs in this work and
leave this direction as future work. Whereas personalized KGs isolate subgraphs
per user, our unified hypergraph contextualization preserves KG coherence and
enables collective learning across patients, demonstrating clear methodological
and practical advantages.

3 Method

3.1 Preliminaries

Notations. All mathematical notations used in this paper are summarized in
a comprehensive table in Section A of the Supplemental Materials.

Knowledge Graph. A knowledge graph is a multi-relational graph KG =
(X,R,RT), where X denotes the set of entities (nodes), R denotes the set of
relations (edges), and RT € X x R x X denotes the relational triples in the KG.
In other words, knowledge in G is stored as a collection of relational triples
RT. For example, the relation triple (Melatonin, Cause, Dry skin) indicates the
fact that melatonin can cause dry skin.

Knowledge Graph Representation. The objective of KG representation
learning is to create the mapping functions Fx : X — Zx € Rex6 and
Fr : R — Zp € RI%¢ that transform the entities and relations in KG into a
low-dimensional vector space. These representations, Zx and Zg, are designed
to capture and preserve the structural and attribute details of the original graph
KG, ensuring that the knowledge within the graph is retained.

Contextualizing KG Representation with EHR for Precision Health-
care. We study the KG contextualization problem in the context of patient
EHR data. Let p represent a patient, and the associated EHR data can be rep-
resented as a sequence of time-stamped medical records: p, = {ri,ra,...,7-},
where r; represents the i-th record associated with the patient, and 7 is the
total number of events for the patient. Each medical record r; can be described
as a tuple: r; = (¢, a4,1t;), where t; € RT is the timestamp of the record (i.e.
when the record is charted), a; is the medical attribute (e.g. diagnosis such as
heart failure, prescription such as desmopressin), and [¢; is the optional literal
value of a; (e.g. N/A for heart failure, 0.05mg for desmopressin). The medical
attribute a; of r; can be linked to one entity Xj in KG using entity linking
methods. Using the knowledge graph representation learning method Fyx, we

can obtain the KG representations (Zx,,---,Zx,) of a patient’s related KG
entities (X1,---,X;). Consequently, a patient’s overall representation Z, is de-
fined as Z, = Fz(Zx,,---,Zx,), where Fz is the contextualization function

that contextualizes the general factual KG representation into patient-specific
knowledge representation.
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Hypergraph. A hypergraph HG = {V, E} consists of a finite set of vertices
(nodes) V and hyperedges E, where each hyperedge e € E is a non-empty subset
of the vertex set V. Unlike regular graphs where edges connect two vertices,
hyperedges can connect any number of vertices (e.g. e; = {va,v4,v7}). The size
of a hyperedge e is the number of vertices it connects, while the degree deg, of a
vertex v is the number of hyperedges it participates in. In our HypKG framework,
we use hypergraphs to model patient contexts and knowledge, with hyperedges
representing patient visits and vertices representing medical attributes.

3.2 HypKG Framework

HypKG is a framework designed to contextualize KG representation with patient-
specific context for precision healthcare, and the pipeline is described in Figure
First, HypKG connects KG entities with relevant context information from
EHR by linking medical entities between them (described in Section . Then,
HypKG jointly represents KG knowledge and contextual information from EHR
in a hypergraph structure, capturing key relationships between patients, features,
and other patients (described in Section . Finally, the node and hyperedge
embeddings in the hypergraph structure are learned and optimized for down-
stream precision healthcare tasks (described in Section . This framework
requires the availability of contextual data such as EHRs, reliable mappings
between patients and their clinical features, and a robust embedding or entity
linking model to initialize node representations effectively. These components
ensure that context is accurately integrated into the KG and can be leveraged
for improved predictive performance.

o Jointly .

Aspirin Desmopressin
P ~ Node
Hemophilia A AN embeddings
Knowledge prevents treats “\ %
G ," Bi-directional
Heart Bleedin: propagation with
Discase Disor de% P self-attention in
. w, hypergraph
Patient 2 11 nk lmkA‘ transformer
N \ |
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Diagnoses: heart‘disease, coagulopathy <:|
(disorder of bleeding), ... Hyperedges Hyperegge
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Fig. 2. Overview of HypKG framework. Left: Linking knowledge and contexts. Middle:
Jointly modeling knowledge (e.g., node V1) and contexts (e.g., hyperedge E1, which
includes nodes Vi and Vs; hyperedge Ea, which includes nodes V2, V3, and Vi). Right:
Learning to integrate knowledge and contexts.
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3.3 Linking Knowledge and External Contexts

To connect KG-extracted knowledge with relevant patient context, we leverage
the advanced LLM-based entity-linking technique - PromptLink [60], to accu-
rately link patient-specific context from EHR with KG entities. The process
begins with preprocessing the contextual medical attribute a in EHR p, (e.g.
diagnosis names, medication names, procedure names) by lowercasing and re-
moving punctuation, ensuring uniformity across both EHR and KG entities. We
then leverage a pre-trained language model (SAPBERT [31]) to generate em-
beddings Zim . € R4 for EHR entity a and Z,, x, € R%m for KG entity Xj.
Next, we compute the cosine similarity SIM € [0,1] between the embeddings
Zim,a and Ziy, x,, identifying the top-LC candidates (where LC' = 10) with
the highest similarity scores as potential matches for further analysis. At the
final stage, we employ a LLM (GPT-4), to establish the entity linking by an-
alyzing the semantic meanings of the candidates. Using both the embeddings
and the biomedical knowledge stored in the LLM, we generate final predictions
for linking LK (between KG entities X and EHR medical attribute a). This
multi-step approach, combining deep embeddings and LLM-based reasoning, en-
sures accurate entity linking, thereby enabling the integration of patient-specific
data into the KG for contextualized healthcare applications. The process can be
formalized as:

LK(a,X})) = PromptLink(a, X). (1)

3.4 Jointly Modeling Knowledge and Contexts

After connecting KG knowledge and contextual information from EHR, HypKG
jointly represents them in a hypergraph structure. In this hypergraph model,
medical attributes such as diagnosis and medications are treated as nodes V. A
patient’s individual visit p,, (i.e. single encounter) is represented as a hyperedge e,
which connects the relevant nodes corresponding to the medical attributes from
that visit. The collection of these hyperedges forms the hyperedge set £ within
the hypergraph. Unlike standard graphs that link only two nodes, hypergraphs
allow hyperedges to connect multiple nodes at once, making it easier to model
the relationship within the patient context. This hypergraph-based approach
effectively represents the rich contextual information in EHR data and captures
high-order interactions between patients and medical features, providing a more
structured and comprehensive representation.

3.5 Learning to Integrate Knowledge and Contexts

HypKG learns to integrate knowledge and contexts. To facilitate this process, we
initialize node embeddings within the hypergraph to incorporate KG information
and patient context. For each node v, associated with an EHR attribute a and
connected to a KG entity Xy, the initial node embedding Z° € R9%¢ is derived
from the corresponding KG representation.
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We design the learning process inspired by hypergraph transformers [30][10] [65].
The structures consist of L layers for message passing. In each layer, the embed-
dings are updated as follows: hyperedge embeddings Z! of layer [ are obtained
by aggregating node information from layer [ — 1 within each hyperedge e using
aggregation function fy g, and then the node embeddings Z! are updated by
aggregating information from hyperedges connected to the node v using aggre-
gation function fr_,v. These message-passing processes are iteratively applied
across layers:

Zl=fvop(ZY), 2L = feov(2) (2)

Additionally, in the first layer, the hyperedge embedding is aggregated using the
initial node embedding Z.

To implement the message-passing functions fy_.gp and fg_v, we apply
multi-head attention. Here we use notation S to represent a set, which can
be a hyperedge or a node. Specifically, if S represents a hyperedge, the set S
consists of its connected nodes, and then the embedding Zg is updated using
the embeddings of its connected nodes from the previous layer. Conversely, if
S represents a node, the set S consists of its connected hyperedges, and its
embedding Zg is updated using the embeddings of its connected hyperedges from
the previous layer. Given an embedding matrix Zg € RISIXd: the calculation
of output Z’g is defined as:

Z's =||2, Attention;(Zs), (3)

WCle(ZSWIl(z)T
Vi /H

where W}, ; € R Ldni/ H] yyL e RnexLdni/ H] yy7l, ¢ RdnixLdni/H] are learn-
able WeigHt matrices in layer l’7 H is the number of attention heads, and dj; is
the hidden layer dimension.

It is crucial to capture three key relationships within the patient context:
(1) Patient-Attribute Relations — linking patients to their respective attributes;
(2) Attribute-Attribute Relations — illustrating how attributes influence each
other within a patient; and (3) Patient-Patient Relations — identifying simi-
larities between patients with comparable medical histories or conditions. Our
HypKG, which utilizes a hypergraph structure with patient-level hyperedges
and attribute-level nodes, facilitates the capture of Patient-Attribute Relations
through node-to-hyperedge and hyperedge-to-node propagation, as described in
Eq. 2] Additionally, the multi-head attention mechanism, defined in Egs. [3] and
[d] enables the model to measure Attribute-Attribute Relations via attention
between nodes within a hyperedge, and Patient-Patient Relations through at-
tention between hyperedges connected to a common node.

To guide learning, we define downstream tasks (7.4) and divide the hyper-
graph data into training, validation, and test sets for robust evaluation. During
training, KG information is contextualized using patient data, capturing intri-
cate relationships like patient-attribute, attribute-attribute, and patient-patient

Attention;(Zg) = softmax ( ) ZS-W\Z/J', (4)
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relations. The resulting final representation, Z¢;pq;, incorporates both patient-
specific context and KG-derived knowledge, and can then be utilized in various
healthcare applications. Since we leverage supervised classification tasks for guid-
ance, the final representation Zy;nq is passed to a two-layer fully-connected layer
(with size d final:48) and the loss function is the binary cross-entropy.

4 Experiments

4.1 Experimental Settings

KG Dataset. We use a large-scale public knowledge graph, iBKH [47], as the
primary KG dataset. iBKH integrates data from various biomedical knowledge
bases, offering a comprehensive resource with 2,384,501 entities across 11 cat-
egories, including drugs, diseases, symptoms, genes, and pathways. Moreover,
with over 48 million relation triples, iBKH facilitates deeper insights into com-
plex biological interactions. More details about how we utilize the KG dataset
to generate embeddings are described in Section D of Supplemental Materials.

EHR Datasets. We contextualize the knowledge graph by integrating patient-
specific data from two EHR datasets: MIMIC-III [23] and PROMOTE [61].
Overview of the two EHR datasets are described in Table [T} MIMIC-III, a pub-
lic dataset, includes over 53,000 patient records from critical care units at Beth
Israel Deaconess Medical Center between 2001 and 2012. From MIMIC-III, we
follow the settings of Xu et al. [65], to keep 12,353 patient visits (i.e. encounters)
with 7,423 key medical attributes, including 846 diagnoses, 4,525 prescriptions,
and 2,032 procedures. For the MIMIC-III dataset, we perform phenotyping pre-
diction, framed as a multi-label classification task. This involves predicting the
presence of 25 acute health conditions (e.g., chronic kidney disease) during a
patient’s future visits based on their current ICU stay records. PROMOTE is
a private dataset containing records of 7,780 stroke patients treated from 2012
to 2021. For this dataset, we extract 2,595 medical attributes, including 1,480
ICD-10 diagnosis codes and 1,115 prescribed medications recorded up to the pa-
tients’ discharge after their index stroke. For the PROMOTE dataset, we use the
occurrence of post-stroke cognitive impairment (PSCI) as the label and define
it as a binary classification task. More details about the two EHR datasets are
described in Section C of Supplemental Materials.

Table 1. Overview of the EHR datasets. Dx denotes diagnosis, Rx denotes prescrip-
tions, and Px denotes procedures.

EHR Patient List of Task
Dataset Encounter Count Features Count
MIMIC-IIT 12,353 Dx, Rx, Px 25

PROMOTE 7,780 Dx, Rx 1
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Evaluation Metrics. In our experiments, we evaluate model performance us-
ing key metrics for classification tasks: Accuracy, Area Under the Receiver Op-
erating Characteristic Curve (AUROC), Area Under the Precision-Recall Curve
(AUCPR), and the Macro-F1 score. For the binary classification performance on
PROMOTE, we follow the default way to compute these metrics. For the mul-
tilabel classification performance on MIMIC-III, all metrics are macro-averaged
to ensure that performance is evaluated equally across all labels. The model’s
final performance is determined based on the highest AUROC score achieved on
the validation set, as AUROC is a comprehensive metric for evaluating the clas-
sification model’s effectiveness, and the corresponding test set performance from
that epoch is then reported. To ensure robustness, we repeat the experiments
five times and report the average performance across these runs. These metrics
provide a thorough assessment of the model’s predictive capabilities.

Baseline Methods. In our experiments, we compare the downstream risk pre-
diction performance of the following embedding approaches, all of which are
patient representations for downstream prediction tasks:

— Binary Embedding: A traditional patient risk factor encoding approach [52][36][57]
that represents patients using one-hot binary embeddings for each medical at-
tribute. This results in a high-dimensional binary embedding with over one
thousand dimensions (7423 for MIMIC-III and 2595 for PROMOTE), where
each dimension indicates the presence or absence of a specific medical attribute
during a patient’s visit.

— KG Embedding: This method leverages KG information by mean-pooling KG
representations based on the linked patient’s medical attributes during a visit.
While we use PromptLink [60] to perform the entity linking between EHR at-
tributes and KG entities, our approach extends beyond PromptLink by gener-
ating and aggregating the KG embeddings into patient-level representations.
The resulting 128-dimensional vector captures the patient’s relevant KG con-
text in a compact form, offering a lower-dimensional alternative to traditional
high-dimensional binary feature embeddings.

— HypKG Embedding: This 128-D embedding is generated using our proposed
method HypKG, which integrates patient-specific contextual information with
the KG information.

Each of these embeddings is evaluated using several machine learning methods:

Logistic Regression (LR), Support Vector Machine (SVM), Multi-layer Percep-

tron (MLP), Random Forest (RF), and XGBoost (XGB). Additionally, for the

HypKG embedding, we also assess the performance during the training process

using the patient context integration structure - hypergraph transformer (Hyper-

graph), since the contextualization process itself also uses the same downstream
prediction task. These models allow us to thoroughly assess the effectiveness of
the different embeddings in capturing the relevant features for healthcare tasks.

The experiments for downstream prediction (Section are designed to demon-

strate that contextualizing KG embeddings with patient data yields substantially

better risk-prediction performance. Moreover, our ablation studies (Section



12 Y. Xie et al.

show that HypKG remains robust under variations in hypergraph construction,
entity-linking strategies, and other design choices.

Implementation Details. Implementation details of the experiments are de-
scribed in Section D of Supplemental Materials. These details include the KG em-
bedding generation method, hypergraph modeling hyperparameters, and base-
line ML models’ hyperparameter configurations.

4.2 Performance on Downstream Prediction

Table 2. Performance comparison of different embeddings on the downstream risk
prediction task. For each evaluation metric, the best performance is highlighted in
bold, and the second-best result is underlined.

. MIMIC-ITI PROMOTE
Embedding Method
Accuracy (%) AUROC(%) AUCPR(%) Macro-F1(%) Accuracy(%) AUROC(%) AUCPR(%) Macro-F1(%)

Binary LR 78.58+0.18 81.23+0.14 68.2240.32 45.7940.44 74.08+0.69 60.56+1.96  30.67+1.91 53.8441.37

Embedding SVM 80.41£0.10 83.214+0.23  71.29+0.37 41.7740.04 77.4240.69 63.134+1.20  33.48+1.61 44.2840.26

MLP 76.05£0.11 78.09£0.22 63.74£0.25 44.2140.22 69.3040.58 57.044+1.13  28.2241.92 53.4640.71

RF 77.17£0.25 81.22+0.11 67.45+0.40 23.60+0.21 77.4040.11 64.73+1.33  32.77£1.55 43.8041.12

XGB 79.62+0.20 82.7240.15  70.83%0.21 49.0640.34 77.1140.91 65.01+1.70  33.30£2.42 49.84+1.17

KG LR 77.72£0.22 80.66+0.09  66.20+0.36 35.8040.34 77.4040.82 61.624+1.70  29.79+2.41 44.084+0.34

Embedding SVM 78.38+0.22 80.84+0.19  67.49£0.39 35.4040.30 77.4940.83 54.974+1.39  24.4940.94 43.7840.26

MLP 72.08+0.21 73.12+0.21 53.79+0.54 42.4740.39 68.77+1.11 57.644+1.55  24.0546.48 53.3941.81

RF 76.57+0.17 78.98+0.16  64.36+0.56 25.1340.95 77.5940.83 56.49+1.69  25.79+1.53 43.7540.26

XGB 75.354+0.13 77.27+0.19 61.77+£0.51 38.65+0.49 77.48+0.87 59.0441.31 28.9541.63 46.2140.84

HypKG LR 80.32+0.29 83.98+0.45  72.84+0.91 46.28+0.54 77.6240.74 66.974+0.51  35.6541.56 47.5840.95

Embedding SVM 80.51£0.16 83.07£0.35 71.59£0.62 42.8340.24 77.70£0.90 58.07+1.22  28.49+1.93 44.0640.54

MLP 74.61£0.18 77.10£0.30  62.15+£4.47 46.9140.62 69.1741.32 58.72+1.59  32.19+1.61 54.601+1.52

RF 80.54£0.23 84.01£0.22 72.80£0.47 41.7240.29 74.2617.92 63.744+1.15  32.19£1.92 46.98+4.74

XGB 78.86+0.21 81.89+0.61 69.254+0.63  47.1240.63 77.0240.52 64.2241.28  32.6542.85 49.4340.82

Hypergraph 80.8610.17 84.26+0.17 73.1240.37  45.30£0.49 77.06+0.62  67.374+1.02 35.7441.67 53.28+1.54

Table[2]summarizes the downstream risk prediction results on the two datasets
to show the impact of contextualization. In this table, our proposed contex-
tualized HypKG Embedding consistently outperforms other baseline methods.
Across various evaluation metrics on both datasets, the HypKG Embedding
consistently achieves the best and second-best performance. This performance
gain demonstrates the effectiveness of integrating KG information with patient
context to generate richer, more representative embeddings. Notably, the hy-
pergraph model within the HypKG framework achieves the strongest results
across most metrics. This finding suggests that the HypKG model alone is pow-
erful enough to provide robust representations and the hypergraph model has a
strong modeling ability, eliminating the need to extract embeddings and apply
them to external machine learning models.

The advantages of contextualization within HypKG are further emphasized
when compared with the KG Embedding. Across all evaluation metrics and
on both datasets, the HypKG Embedding consistently achieves better results,
demonstrating the effectiveness of incorporating contextual information and KG
information. Moreover, we observe an average relative improvement of 12.15%
on MIMIC-IIT and 9.66% on PROMOTE by comparing all methods utilizing
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HypKG Embedding and those using KG Embedding. This improvement high-
lights the significant impact of contextualization, allowing for a deeper under-
standing of patient information and stronger performance in downstream tasks.

In comparison to HypKG, the other two methods, Binary Embedding and
KG Embedding, show comparable performance in certain models, such as Bi-
nary Embedding with SVM. However, both embeddings suffer from significant
limitations. Binary Embedding, a traditional approach for generating patient
representations in healthcare tasks, faces the curse of dimensionality, especially
in medical datasets where the number of attributes can exceed 1,000. This leads
to an exponential increase in computational complexity. For instance, when us-
ing SVM with Binary Embedding on the MIMIC-III dataset, the computation
time exceeded 10 hours—a time cost that is over 20 times longer than the time
required by HypKG for the same task with SVM. This inefficiency highlights
the unsustainable nature of Binary Embedding for large-scale applications. On
the other hand, KG Embedding reduces the representation size and also incor-
porates patient information with KG information. However, the method used
for combining them (simple mean-pooling)lacks the sophistication required to
capture the intricate relationships between the knowledge graph and patient
contexts. As a result, the performance of KG Embedding lags behind that of
both Binary Embedding and HypKG Embedding. The main limitation here is
that the KG information is not sufficiently contextualized, leading to a less ef-
fective representation. This is where HypKG excels, as it effectively integrates
KG and contextual information, modeling intricate relations between them and
producing better global representations efficiently for downstream applications.

4.3 Ablation Studies

HypKG consists of three key components: linking, joint modeling, and learn-
ing, leveraging EHR data to contextualize KG representations. To validate its
design, we conduct comprehensive ablation studies. These studies evaluate the
impact of entity linking (Supplemental Materials Section E), KG embedding
generation (Supplemental Materials Section F), joint modeling of KG and EHR
(Supplemental Materials Section G), hypergraph design (Supplemental Materi-
als Section H), and learning hyperparameters (Supplemental Materials Section
I). These ablation studies confirm the effectiveness of HypKG’s implementation.

Entity Linking Methods. We evaluate the impact of different entity link-
ing methods on HypKG, comparing PromptLink with BM25, BioBERT, and
shuffled embeddings. Results show that PromptLink consistently achieves the
best performance. Meanwhile, HypKG remains robust with only minor perfor-
mance drops when using simpler or noisier linking methods. This highlights both
the effectiveness of PromptLink and the resilience of HypKG to linking errors
in real-world settings. Details of the experiments are described in Section E of
Supplemental Materials.
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KG Embedding Generation Methods. We evaluate the impact of different
KG embedding methods on HypKG’s performance. Details of the experiments
are described in Section F of Supplemental Materials. Results show that our
default setting (ComplEx -+ Large) achieves the best overall performance, while
alternative methods like TransE and CompGCN perform slightly worse. Overall,
HypKG remains robust across different embedding configurations, highlighting
its adaptability and efficiency in practical applications.

Jointly Modeling EHR and KG. To assess the importance of jointly mod-
eling EHR and KG information, we compare HypKG against two ablation base-
lines: KG Only and EHR Only, as demonstrated in Section G of Supplemental
Materials. Results across both datasets show that HypKG significantly outper-
forms the baselines, demonstrating the complementary value of KG embeddings
and EHR-derived hypergraph structures. This confirms the effectiveness of our
joint modeling design in enhancing contextualization and predictive accuracy.

Hypergraph Design. We evaluate HypKG’s hypergraph design by compar-
ing it with state-of-the-art hypergraph models and alternative message-passing
strategies. Details and results are described in Section H of Supplemental Ma-
terials. In experiments, HypKG consistently outperforms baselines across key
metrics, demonstrating its effectiveness in integrating structural and semantic
information from both EHRs and KGs. These results validate our contextualiza-
tion approach and highlight HypKG’s superior scalability and domain-specific
design for precision healthcare.

Hyperparameter Studies. We conduct a comprehensive hyperparameter study
to assess the impact of key settings on HypKG’s performance, as described in

Section I of Supplemental Materials. Results on both MIMIC-III and PRO-

MOTE datasets show that our selected configurations achieve strong and stable

outcomes, with learning rate, hypergraph transformer depth, hidden size, and at-

tention heads all influencing performance. Among these, the learning rate plays

the most critical role in balancing model optimization.

4.4 Case Studies on Knowledge Representation

To demonstrate that the representations generated by HypKG are effectively
contextualized, we compare the knowledge embeddings before and after train-
ing. For each KG medical entity pair (Entity A, Entity B), we analyze them
from three key perspectives: (1) Similarity: We compute the cosine similarity
between the knowledge representations of each entity pair both before and after
training. By comparing these values, we observe an increase in similarity after
the application of HypKG for most pairs (more details analyzed in Section K of
Supplemental Materials), indicating that the contextual relationships between
entities are better captured. From this analysis, we identify twenty top entity
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pairs (including pairs of diagnosis and prescription) that show a great increase in
representation similarity within both the MIMIC-III and PROMOTE datasets
for a case study. Since the cosine similarity values are within the range [—1, 1],
the increases in similarity for these listed pairs are significant as they approach
1. (2) Occurrence and Prevalence: We further investigate the frequency with
which each entity pair co-occurs in the same patient context. Additionally, we
determine the prevalence of each entity in these contexts by dividing the number
of co-occurrences by the total number of occurrences for each entity individually
(i.e., Prevalence A and Prevalence B). This allows us to understand how com-
mon it is for both entities to appear together and how strongly their occurrence
is correlated within a patient’s data. (3) Relation Analysis: To provide further
insights into the relationships between the entities, we consult with clinicians for
qualitative assessments and cite relevant resources.

Table 3. Case studies on knowledge representation. “Increase” denotes the increase
in similarity between entity pairs after applying HypKG. “Occurrence” indicates the
number of times the entity pair co-occurs in the same patient context. “Prevalence
A” and “Prevalence B” represent the ratio of co-occurrences to the total occurrences
for each entity individually. “References” denote existing literature that discusses the
relationship between the entity pairs.

Dataset and Pair ID Entity A Entity B Increase O ce AP B

MIMIC-TIT T Benign neonatal seizures Preumonia .08 25 67.57% 10.98% 3
Diagnosis 11 Benign neonatal seizures Congenital hemolytic anemia  1.01 30 81.08% 34.88% 16
11 Upper extremity deep vein thrombosis Limb injury .01 4 57.14% 100.00% )

v Congenital hemolytic anemia Pneumonia 1.00 38 44.19% : o8,

v Closed fracture of bones, unspecified Pneumothorax 0.99 43 36.44% 3

MIMIC-TIT VI Starter PN D5 THeparin sodium T2l 7 53.85% 30
Prescription VI Insulin Acetaminophen 113 5566 75.34% 35
VI Drug withdrawal syndrome nconatal Indomethacin sodium 112 9 36.00% 31

X Sy Neonatal) Indomethacin sodium 111 11 44.00% 84.62% 53

X Urethral stricture Pulmonary tuberculosis 111 19 79.17% 63.33% RE}

PROMOTE XI Respiratory system disease Medical device complication .09 1043 66.01% 6821% 12
Diagnosis XII Human immunodeficiency virus infectious discase HIV infection 107 95 75.40% 84.07% 9
XIII Symptoms of nervous & musculoskeletal systems Long term (current) drug therapy ~ 1.06 2990 72.89% 55.12% jib)

XIV Essential hypertension Chronic fatigue syndrome 1.02 2966 44.37% 89.61% 20,

XV Essential hypertension Cerebrovascular discase 0.99 4282 64.06% 8T.57% 55

PROMOTE _ XVI Tsopropyl alcohol Tancets 0.02 9% 98.96% 50.00% 25
Prescription  XVII Blood glucose Lancets 0.87 181 88.73% 95.26% 75
XVIII Emtricitabine & Tenofovir disoproxil fumarate Ritonavir 0.87 12 75.00% 66.67% 7

XIX Mycophenolate mofetil Tacrolimus 0.83 59 71.08% 74.68% 13

XX Blood glucose Tsopropy! alcohol 0.76 86 51.78% 89.58% 25

The case study results are described in Table[3] Overall, HypKG enhances the
similarity between entity pairs that are similar in patient contexts, even when
their relationships are not explicitly captured by the KG, showing the power of
our contextualization. For instance, in Case I, “Benign neonatal seizures” and
“Pneumonia” are two distinct diagnostic conditions that, according to the KG,
have no direct causal link. However, in the EHR context, these dignoses are asso-
ciated with the medical attributes “Convulsions in newborn” and “Pneumonia”,
which often co-occur in newborns. Pneumonia, for example, may indirectly con-
tribute to neonatal seizures by causing physiological stress that makes seizures
more likely in affected infants [43]. While the KG might not capture this indirect
relationship, the contextual co-occurrence in patient data suggests a meaningful
association. Another example is seen in Case VII, which involves the prescription
entity pair of Insulin and Acetaminophen. These two drugs do not have a direct
pharmacological interaction, as insulin is primarily used to manage blood sugar
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levels in diabetic patients, while acetaminophen is typically prescribed for pain
or fever relief. However, they are linked to their corresponding medical attributes
within the EHR context and frequently co-occur. This can be explained by the
phenomenon that patients with diabetes often require both medications—insulin
for managing their condition and acetaminophen to alleviate common symptoms
like pain or fever [35]. Although the KG does not reflect a direct connection be-
tween these drugs, their frequent co-prescription in clinical practice highlights a
contextual relationship, which HypKG is able to capture. In summary, this case
study analysis demonstrates that HypKG contextualizes the KG knowledge and
generates better representations.

5 Conclusion

In this study, we propose HypKG, a novel framework that addresses the critical
need for contextualized knowledge representations for precision healthcare by in-
tegrating context-specific information from EHRs with general knowledge from
KGs. In this framework, we first use entity-linking techniques to connect general
KG knowledge with patient contexts from EHRs, and then apply a hypergraph
model to contextualize the knowledge via hyperedges. Finally, we employ hy-
pergraph transformers guided by downstream prediction tasks to jointly learn
contextualized representations for both KG and patients, leveraging the com-
bined knowledge. In experiments, HypKG shows significant improvements in
healthcare prediction tasks across multiple evaluation metrics. Additionally, by
integrating external contexts, HypKG can learn to adjust the representations of
entities and relations in KG, potentially improving the quality and real-world
utility of knowledge. The application of HypKG allows for the effective contextu-
alization of knowledge and advances precision healthcare, capturing the intricate
relationships between patient data and general knowledge in a way that tradi-
tional KGs fail to do.

Supplemental Material Statement

The source code and dataset download instructions of this paper can be found at
https://github.com/constantjxyz/HypKG. Additional materials—including the
notation table, algorithm descriptions, dataset details, implementation specifics,
and ablation studies—are provided in the Supplementary Materials of the ex-
tended version of the paper on arXiv.
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