© 2023 IEEE. Personal use of this material is permitted. Permission from IEEE must be
obtained for all other uses, in any current or future media, including reprinting/republishing
this material for advertising or promotional purposes, creating new collective works, for
resale or redistribution to servers or lists, or reuse of any copyrighted component of this
work in other works.



Fusion of Dynamic Hypergraph and Clinical Event
for Sequential Diagnosis Prediction

Xin Zhang'3, Xueping Peng?, Hongjiao Guan'-}, Long Zhao'-}, Xinxiao Qiao'**, and Wenpeng Lu

1,3%

! Key Laboratory of Computing Power Network and Information Security, Ministry of Education,
Shandong Computer Science Center, Qilu University of Technology (Shandong Academy of Sciences), Jinan, China
2 Australian Artificial Intelligence Institute, University of Technology Sydney, Sydney, Australia
3 Shandong Provincial Key Laboratory of Computer Networks,

Shandong Fundamental Research Center for Computer Science, Jinan, China

zhangxinglu@foxmail.com, {xueping.peng}@uts.edu.au,
{hongjiao.guan, zhaolong, gxxyn, wenpeng.lu}@glu.edu.cn

Abstract—Sequential diagnosis prediction (SDP) is a chal-
lenging task, aiming to predict patients’ future diagnoses based
on their historical medical records. While methods based on
graph neural networks (GNNs) have proven successful for this
task, they typically focus on modeling pairwise diseases using
a global disease combination graph. However, these approaches
neglect the fine-grained higher-order relations among persistent
and emerging diseases within a single visit, which may contain
crucial clues to predict the next diagnosis. Additionally, they fail
to fully leverage patient-related clinical information present in
electronic health records (EHRs). To address these challenges,
this paper proposes a novel approach called the fusion of
Dynamic Hypergraph and Clinical Event (DHCE) for sequential
diagnosis prediction. The proposed method aims to exploit the
fine-grained higher-order relations among diagnoses within a
visit and leverage clinical event information from EHRs to
improve the accuracy of predicting the next diagnosis. Specif-
ically, DHCE categorizes diagnoses within a single visit in a
fine-grained granularity into persistent and emerging categories
based on a patient’s historical diagnoses. It then constructs
dynamic hypergraphs to capture higher-order disease relations
within each visit. Next, we design a transition function to extract
the transitional context from previous visits in order to generate
the visit representation. Furthermore, to fully leverage patient-
related clinical events in a visit, we utilize Bio-Clinical BERT
to encode them and generate the clinical event representation
for each visit. Finally, we combine the visit representation
and event representation to generate a comprehensive patient
representation, which is then used to predict the patient’s next
diagnosis. Experimental results on two benchmark datasets
consistently demonstrate that DHCE outperforms state-of-the-
art methods’.

Index Terms—dynamic hypergraph, clinical event, sequential
diagnosis prediction, Bio-Clinical BERT

I. INTRODUCTION

Sequential diagnosis prediction aims to forecast future
patient diagnoses utilizing their historical electronic health
records (EHRs), which consist of temporally-ordered se-
quences of patient visits [1]-[6]. Many research efforts
have focused on analyzing patient visit records as ordered
sequences. Notably, recurrent neural networks (RNNs) and

*Corresponding authors.
'Our source code is avaliable at https://github.com/HELJJ/DHCE.

graph neural networks (GNNs) approaches have achieved
remarkable success in this domain.

For RNN-based approaches, the key to success lies in mod-
eling a patient’s historical visits as a strictly-order sequence
due to the intrinsic chronological order of visits [7], [8].
However, it should be noted that the diagnosis in neighboring
visits may be independent. For example, the diagnosis in
the current visit might be related to a diagnosis from a
distant visit rather than the most recent one. Additionally,
the diagnosis in the current visit may be an emerging disease
unrelated to the patient’s historical diagnoses. Moreover,
the existing RNN-based SDP models often oversimplify the
representations of a visit by aggregating the representation
of the diagnoses, which hinders effective modeling of the
relationships among diagnoses within a single visit. Conse-
quently, RNN-based models exhibit limited performance on
SDP tasks.

Graph neural networks (GNNs) have recently been re-
ported to be effective in many areas, including sequential
diagnosis prediction [9]-[13]. Unlike RNN-based methods,
GNN-based methods model the diagnoses in a visit as a
pairwise graph. In real scenarios, a diagnosis in a single visit
may be either a persistent disease or an emerging one, which
plays different impacts on the next diagnosis. It is necessary
to categorize diagnoses in a visit into persistent diseases and
emerging ones to investigate their influences in more fine-
grained granularity. Furthermore, a disease may be caused by
multiple historical diseases. There exist many-to-many/one,
higher-order relations between diseases. Therefore, GNNs-
based SDP methods fail to model the fine-grained, higher-
order relations between diagnoses within one visit. In addi-
tion, GNN-based methods always focus on the information
of diseases and neglect the patient-related clinical event
information. Howeyver, it is obvious that the event information
contains important clues to predict the possible diagnosis
in the current visit, which is valuable and indispensable.
Therefore, (Gap 2) GNNs-based SDP methods fail to fully
utilize clinical event information in EHRs.

This paper addresses the above two gaps by proposing
sequential diagnosis prediction with Dynamic Hypergraph



and Clinical Event (DHCE). First, Unlike the traditional
graph neural networks such as GCN that model diagnoses in
a visit as a pairwise graph to capture the pairwise relations
among diagnoses. To model the sophisticated information
between diagnoses in a visit, according to the historical
diseases of a patient, we categorize the diagnoses into two
types: persistent diseases and emerging ones and then con-
struct dynamic hypergraphs to capture fine-grained, high-
order relations among them. Besides, in order to fully utilize
the patient-related clinical events in a visit, we first convert
the clinical features into textual descriptions, then utilize Bio-
Clinical BERT to encode different types of clinical events.
The main contributions of this work are summarized as
follows:

e« We propose a novel model for sequential diagnosis
prediction with dynamic hypergraph and clinical event
(DHCE). In contrast to the existing SDP models, DHCE
constructs dynamic hypergraphs to capture the higher-
order relations in a visit and utilizes Bio-Clinical BERT
to model clinical events. Both visit representation and
event representation are combined to generate a patient
representation for predicting the next diagnosis. As far
as we know, this is the first model for leveraging
both dynamic hypergraphs and clinical events to predict
sequential diagnosis.

o« We propose a novel method to construct and learn
dynamic hypergraphs for visit representation. We cat-
egorize diagnoses into persistent diseases and emerging
ones and construct dynamic hypergraphs to learn higher-
order information for two categories of diseases. We
design a transition function to extract the transitional
context from previous visits to generate the visit rep-
resentation. We are able to perform efficient dynamic
hypergraph learning to model more fine-grained rela-
tions among diseases, resulting in well-optimized visit
representation.

« We propose a novel method for utilizing clinical events
to enhance patient representation. We employ medical
pre-trained language models to encode the textual in-
formation of clinical events in a visit and aggregate the
representations of all events as the event representation
of the current visit. We are able to capture more event
information to represent a patient, benefiting our model
to show better performance.

We conduct comprehensive experiments on two real-world

EHR datasets to show the improvement of DHCE over the
state-of-the-art models on prediction accuracy.

II. RELATED WORK
A. Traditional Sequential Prediction on EHRs

Most of the existing SDP models rely on RNNs and
attention mechanisms, which focus on certain parts of the
sequences according to different requirements. They have
shown their effectiveness in learning time-series EHR data.
For example, HiTANet [14] leveraged hierarchical and time-
aware attention mechanisms to capture complex temporal

relations in EHRs to predict the health risks of a patient.
Concare [15] utilized contextual information from healthcare
data to create tailored embeddings for individual patients
to represent their personal health context. Dipole [16] ap-
plied various attention mechanisms on bi-directional RNN
to predict diagnoses in future visits. The successes of RNN-
based methods rely on the assumption that the diagnoses in
neighboring visits are dependent on each other. However, this
may not be true. The diagnosis in the current visit may be
related to the diagnosis in a visit a long time ago, instead of
the last visit. Moreover, the existing RNN-based SDP models
always simply aggregate the representations of diagnoses in
a visit as the representation of the visit, which is unable to
capture the relations among diagnoses within a visit, resulting
in unsatisfied performance.

B. Graph Learning on EHRs

In recent years, GNNs have been widely applied on SDP
task, which encode EHR graphs and to learn the connections
between different diagnosis nodes. The graph convolutional
transformer (GCT) [17] was proposed as a general frame-
work combining Transformer and GNNs. CGL [9] applied a
collaborative graph learning model with attention regulation
strategy to explore patient-disease interactions and medical
domain knowledge to predict temporal event in healthcare.
T-ContextGGAN [18] employed a GNN-based model with
time-aware meta-paths and self-attention mechanism, to ex-
tract both temporal semantic information and inherent re-
lations of EHR data simultaneously, performing automatic
meta-path selection for clinical risk prediction. Although
these GNN-based methods can achieve some improvements
over the RNN-based methods, they model the diagnoses in a
visit as a pairwise graph. However, in practice, diagnoses
in a visit may be persistent diseases or emerging ones.
Furthermore, a disease may be caused by multiple historical
diseases. There exist many-to-many/one, higher-order rela-
tions between diseases. The existing GNN-based methods are
unable to model the fine-grained, higher-order information
between diagnoses in a visit. This hurts the performance of
GNN-based methods severely.

C. Hypergraph Graph Learning on EHRs

Current popular SDP methods are hypergraph-based ap-
proaches. In hypergraphs, intricate associations are repre-
sented by hyperedges which link an indefinite number of
nodes [19]. Hyperedges and hypergraphs can effectively
expand the traditional binary relations in graph structures to
multivariate relations, thereby allowing for the representation
of intricate correlations between data [20], [21]. Compared
with graph modeling, hypergraph modeling has attracted
more attention from research communities in recent years due
to its increased flexibility in depicting complex data associa-
tions [22]. For the SDP task, a hypergraph can be constructed
from the relations between patient visit records and medical
codes in EHR systems, where each patient visit is represented
as a hyperedge, and each diagnosis in a visit is represented as
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Fig. 1: The architecture of overall DHCE framework. It includes a dynamic hypergraph learning module, a clinical event learning module,
and a diagnosis prediction module. The dynamic hypergraph learning module learns the visit representation using a hypergraph convolutional
network. The clinical event learning module encodes the clinical event with Bio-clinical BERT to obtain the clinical event representation.
The diagnosis prediction module fuses the visit representation and clinical event representation to generate the patient representation, which

is utilized to predict the future diagnoses.

anode. CACHE [23] provided effective and insightful clinical
predictions based on hypergraph representation learning and
factual reasoning techniques. HCL [24] proposed hypergraph
contrastive learning to jointly learn patient embeddings and
code embeddings from EHR. Although hypergraph-based
methods can model the relations among diagnoses more
effectively, they still neglect to consider the fine-grained
relations, such as persistent diseases and emerging ones.
Besides, they also neglect to utilize the valuable information
contained in clinical events. There still is great room to
improve the performance of hypergraph-based methods.

II1. METHODOLOGY

In this section, we first introduce notations and problem
statements and then present hypergraph construction. After
that, we introduce the details of the proposed DHCE model,
including the dynamic hypergraph learning module, clinical
event learning module and diagnosis prediction module.

A. Notations and Problem Statement

1) Notations: In each visit, the patient is diagnosed with
one or more diseases, represented by medical codes, such
as ICD-9-CM or ICD-10. For instance, right heart failure is
coded as 428.2 in ICD-9-CM.

An EHR dataset is given by {~,|u € U}, where U is the set
of patients, and v, = (V{*, V3*, .-+, V#) is a visit sequence
of the patient w. Each visit V* = {C/, E}*} is recorded
with a subset of medical codes C* C C, and clinical events
B CE. C = {c1,c, -, ¢} refers to the entire set of
diseases represented by medical codes in the EHR dataset,
where |C| is the number of medical codes. Furthermore, let
E = {Ei, Ey,---,Eg} denote the collection of clinical
events from the EHR dataset, with |E| indicating the total

number of clinical events. The i-th medical event in visit ¢
for a patient u, denoted as Ef;, consists of a corresponding
event type q; € Q (e.g., lab test, prescription, procedure),
and a set of clinical features {A!, - - | AI™!} associated with
the event type, where |m;| denotes the number of clinical
features. Each feature A¥ can be seen as a tuple of a feature
name and its value (n,vF), n¥ € N, v¥ € X, where N and X
are each a set of unique feature names (e.g., diagnosis code,
drug name) and feature values (e.g., 401.9, vancomycin).

2) Problem Statement: Given a patient v with 7" historical
visit records, the goal of the sequential diagnosis prediction
task is to predict the diagnoses appearing in next visit of the
patient. For example, given an EHR dataset, the target is to
predict the probability of the medical code appearing in the
(T + 1)-th visit, that is, y”*! € {0, 1}/l

B. Hypergraph Construction

In order to capture higher-order interactions among diag-
noses in a visit, we introduce hypergraphs, which can model
the beyond pairwise relations. Specifically, we construct the
hypergraph by defining the diagnoses in a visit as nodes, and
the visit as a hyperedge. For example, as illustrated in the
bottom-left panel of Fig. 1, the hypergraph for the ¢-th visit
consists of five nodes and one hyperedge, where each node
represents a diagnosis in the visit and the hyperedge connects
the five nodes.

For each visit, we can construct one hypergraph. Therefore,
for the sequence of visits of a patient, we can obtain the dy-
namic hypergraph of the patient. Let G = {Q Lg2,... ,QT}
denote the dynamic hypergraph, and G* = (P*, H') denote
the hypergraph of the ¢-th visit. P* C C represents the set of
all nodes in G?, that is, the set of all diagnoses of the ¢-th



visit. Similarly, H* denotes the hyperedge (i.e. t-th visit) in
G'. G' has an incidence matrix O of size |P?| x |H'|. When
the patient v is diagnosed with the disease c¢; in the visit ¢,
O, is set to 1, otherwise, 0.

In real scenarios, a diagnosis in current visit may be a
persistent disease or an emerging one. For instance, if a
patient is diagnosed with chronic heart failure in the first
visit, the diagnosis will appear in all subsequent visits. It is
a persistent disease. On the other hand, a patient may be
diagnosed with appendicitis. It may be an emerging disease,
which doesn’t appear in the last visit.

In order to model the fine-grained relations among per-
sistent and emerging diseases, for the diseases in diagnosis
set D! of visit ¢ (Jt| > 2), we further categorize them into
persistent diseases and emerging diseases:

o Persistent diseases: D, = D' A Dt e {0,1}/°, ie.,

diagnoses in visit ¢ that are also appear in visit ¢-1.

« Emerging diseases: D!, = D! A - (D'~1) € {0, 1}/,
i.e., diagnoses in visit ¢ that does not appear in visit ¢-1.

Once categorizing the diseases into two groups, for the
visit ¢, we construct two kinds of dynamic hypergraphs
according to the original G*:

« Local diagnosis hypergraph Gi: It is a hypergraph
consisting of all persistent diseases in visit ¢. In the
hypergraph, persistent diseases are viewed as nodes and
the visit is viewed as edges.

« Diagnosis-emerging disease hypergraph G} : It is a
hypergraph describing the connection of persistent and
each emerging disease. In the hypergraph, diseases are
used as nodes and the visit is used as edges.

In reality, a diagnosis in a visit may be triggered by the
effects of the development of an existing diagnosis or the
collaborative effects of multiple diagnoses. In order to model
the effects, in a dynamic graph layer, we extract the local
context as well as the emerging context:

o Local Context. For each diagnosis node, we aggregate
the embeddings of connected diagnosis nodes from G,
and aggregate the embeddings of connected emerging
disease nodes from G4, to generate the local context
Z',, described as:

Z', = HyperGON(G%) + HyperGCN(Ghy), (1)

where HyperGCN(-) denotes hypergraph convolu-
tional networks.

+ Emerging Context. For each emerging disease node,
we aggregate the embeddings of connected diagnosis
nodes from G4, to generate the emerging context ZY,
described as:

Z', = HyperGCN(Gh y). 2

The above operations focus on the modeling of diseases in
the same visit. Obviously, there exist close relations between
diagnoses in different visits. In order to further capture
the relations, we design transition function to extract the
transition context from previous visits.

For emerging diseases D!, , they may be triggered in

a visit by the collaborative effects of existing diagnoses.
We design a scaled dot-product attention as the transition
function to calculate emerging transitional context, described
as:

Z!., = At(ZY ', 2T Zh), 3)

where the attention function is defined as below:

QW, (KW,)"
S

Here, W, W, and W,, are attention weights, a is the
attention size.

For persistent diseases D;, they inherit information from
previous diagnoses. We keep persistent diseases unchanged.

In visit ¢, transition output h;, is calculated with GRU
according to the embeddings of persistent diseases hD; in
visit ¢ and the emerging transitional context Z¢,:

Att(Q, K, V) = softmax < ) VW,. 4)

h! = GRU (Concat(hm);, Zt), h;_l) , )]

where htp*1 denotes the output from GRU in visit ¢-
1, Concat(-) represents concatenate operation. Specifically,
when t=1, since there are no emerging diseases yet in the
first visit, we let ]D;', = Dzlj and use the GRU with an initial
hidden state h)) = 0 to calculate h), describe as:

h! = GRU (hDZ,hg) , (6)

where hD;) denotes the embeddings of persistent diseases.
Then, we use max pooling on the transition output h; to
generate the visit embedding v of visit ¢, described as:

vt = maxpooling(hﬁ)). @)
Finally, we apply an attention mechanism to calculate the
visit representation O,, of all visits, as below:

a = softmax ( [Vl, vZ ... ,VT] Wa) , €]

1,2 77 9

O, =alv v’ ... .vT] | 9

where W, is trainable parameter and « is the attention score.

C. Clinical Event Learning Module

In EHR systems, each visit of a patient can be represented
as a sequence of clinical events, such as lab test, prescription
and symptoms. These events provide important clues for
doctors to assess physical condition of a patient, which also
benefit diagnosis prediction of the patient. For example,
if a patient shows symptoms of persistent chest pain and
shortness of breath, and doctors prescribes medication for the
patient to prevent blood clotting, the combination of these
clinical events mean that the patient may be diagnosed as
coronary artery disease (CAD).

In order to capture patient’s conditional information con-
tained in clinical events, following the work of Hur et



al. [25], we adopt text-based embeddings, where various
feature values of clinical events are first converted to textual
description. And, we employ Bio-Clinical BERT [26] to
encode the descriptions. Then, We utilize attention mecha-
nism to aggregate multiple events to generate the clinical
event representation. The detailed operations are described
as follows:

1) Preprocessing: For facilitating the modeling of clinical
events with Bio-Clinical BERT, we first convert feature
values of clinical events to textual descriptions. For instance,
a feature value 486 is converted to Pneumonia, organism
unspecified.

As described in Section III-A1, the i-th medical event
in visit ¢ for a patient u, denoted as FE;;, consists of a
corresponding event type ¢; € Q and a set of clinical
features {A},--- ,ALW} associated with the event type.
Each feature A consists of a feature name and its value

(n¥,vF). For clinical events in each visit, it is converted as:

[CLS]q;[SEP]n} [SEP]v} [SEP]n?[SEP]vZ[SEP]- - - [SEP]nL"”‘
[SEP]v/™!, where [CLS] and [SEP] are special tokens.

2) Clinical Event Embedding: To capture the essential in-
formation contained in textual descriptions of clinical events,
we feed them into Bio-Clinical BERT [26]. Specifically, for a
sequence of clinical events of type ¢; generated by a patient
in visit ¢, the clinical event embedding of ¢; can be formalized
as:

my, = £(S(g:), S(n}), S@}), .. S™), SI™))), (10)
where S denotes a sub-word tokenizer, f refers to the Bio-
Clinical BERT and generates the embedding representation
eq; of clinical event g;.

3) Clinical Event Embedding Aggregation: In each visit,
there exists a sequence of clinical events. To obtain their
overall representation, we employ attention mechanism to
aggregate them, described as:

O. :aggr(mqumqgvmvmq\u)a (11

where aggr(-) represents the aggregation function based
on attention mechanism [27], |L| represents the number
of clinical event types in visit £. O, is the clinical event
representation.

D. Diagnosis Prediction Module

In order to fully utilize the information in dynamic hy-
pergraph and clinical event, we utilize a gate mechanism to
merge them to generate the patient representation, followed
by the softmax function to predict next diagnosis of the
patient, as described in Equ. (12). We employ the cross-
entropy loss in Equ. (13) to optimize the model [2], [28].

F = sigmoid(W.O. + W, 0, + by),
u=Fo0,+(1-F)©O0,, (12)
g = softmax(W,u+b,),

T
1 T ~ T ~
L=—-Y — +(1- 1—19)).
Tl 22 (Yiruelogy + (1 = Yirue)” log(1 — 9))

t
13)

Here, £ represents the loss function, O, represents the
clinical event representation, O, represents the visit represen-
tation, W, W,, W, and b, are learnable parameters, and
y is a multi-hot vector whose value is 1 if the i-th diagnosis
appears in next visit, otherwise 0.

IV. EXPERIMENT
A. Datesets and Preprocessing

We employ two benchmark datasets, namely, MIMIC-III
[29] and MIMIC-IV [30], which are two publicly available
electronic health record datasets created by MIT Laboratory
of Computational Physiology. MIMIC-III is the third version
of the MIMIC dataset, which contains medical information
on approximately 40,000 patients from 2001 through 2012.
MIMIC-IV is the latest version of the MIMIC dataset,
which contains medical information on approximately 80,000
patients from 2008 through 2019.

Following the preprocessing of Lu et al. [10], we filter out
visits less than 2 times on both datasets. For MIMIC-IV, we
randomly sample 10,000 patients from 2013 to 2019. After
preprocessing, the statistics of datasets are summarized in
Table 1. For MIMIC-III, we further split it into three groups:
6,000 patients for training, 493 patients for validation, and
1000 patients for test. For MIMIC-1V, the patients for train-
ing, validation and test are 8,000, 1,000 and 1,000.

TABLE I: Statistics of datasets.

Dataset MIMIC-III MIMIC-1V
# patients 7,493 10,000
Max. # visit 42 97
Avg. # visit 2.64 3.72
# codes 4,753 6128
Max. # codes per visit 39 50
Avg. # codes per visit 13.41 13.38
# events 18168 92497
Max. # event per visit 3 3
Avg. # event per visit 2.21 1.88

B. Parameter Settings and Evaluation Metrics

We configure parameters in our experiments based on the
validation set. Specifically, our model uses an embedding
size of 48 for persistent diseases and emerging diseases, and
an attention size of 32. For diagnosis prediction, the hidden
units p of GRU is 256 on MIMIC-III and 512 om MIMIC-
IV. The training process uses the Adam optimizer, with the
learning rate set at 0.01 for 200 epochs. We implemented all
of our programs on a machine with Intel(R) Xeon(R) Gold
6150 CPU, 29GB memory, and NVidia Gefoce GTX 3090,
using PyTorch 1.8.1 with CUDA 11.1 and Python 3.8.6. We
adopted the weighted F; score (w-F1), top k recall (R@k)
as evaluation metrics.



TABLE II: Performance on the MIMIC-III and the MIMIC-IV datasets in comparison with the SOTA models. The best results of each

column are highlighted in boldface, the suboptimal one is underlined.

Method classification Method W M;M@II(E)-HI R@20 W Mgglco- v R@20
CNN-based method Deepr 18.87 24.74 3347 24.08 26.29 33.93
RETAIN 20.69 26.13 35.08 24.71 28.02 34.46

Dipole 19.35 24.98 34.02 23.69 27.38 35.48

RNN-based methods Timeline 20.46 25.75 34.83 25.26 29.00 37.13
HiTANet 21.15 26.02 35.97 24.92 27.45 36.37

GRAM 21.52 26.51 35.80 23.50 27.29 36.36

Graph-based methods G-BERT 19.88 25.86 35.31 24.49 27.16 35.86
CGL 21.92 26.64 36.72 25.41 28.52 37.15

Chet 23.63 28.15 37.87 26.93 28.52 38.31

DHCE (our) 24.24 29.53 39.03 27.86 30.28 39.89

Improvement(%). 12.58 14.90 13.06 13.46 16.17 14.12

C. Baselines

We compare the performance of our proposed DHCE
model against the following state-of-the-art models.

o RETAIN [31], which first learns the representation of
medical concept and then utilizes RNN with a reverse
temporal attention mechanism to predict patient visit
information.

« Dipole [16], which employs bidirectional RNN together
with three attention mechanism, including location-
based, general and concatenation-based ones, to predict
the diagnoses in next visit.

o Timeline [8], which assigns time decay factors to every
medical code, and learns the impact of chronic and acute
conditions. Besides, It utilizes an attention mechanisms
to enhance visit representation and improve the predic-
tion of next diagnosis.

o HiTANet [14], which implements a hierarchical time-
aware attention network, modeling time information in
local and global stages. It utilizes a time-aware Trans-
former and key-query attention mechanism to generate
patient representation for next diagnosis prediction.

o Deepr [32], which learns medical concept embeddings
via a convolutional neural network to predict the un-
planned readmission after discharge.

« GRAM [33], which represents a medical concept as the
combination of its ancestors on knowledge graph, and
learn the representations from the graph to predict next
diagnosis.

e G-BERT [34], which utilizes GNNs to model internal
hierarchical structures of medical codes, and integrates
GNN representation into transformer-based encoder to
generate visit representation for sequential diagnosis
prediction.

o CGL [9], which constructs a collaborative graph that
connects patients and diseases based on their co-
occurrence to model patient-disease interactions to pre-
dict clinical events.

e Chet [10], which implements a global disease co-
occurrence graph for disease combination, and con-
structs dynamic subgraphs for each visit to leverage
global and local contexts to predict health events.

D. Performance Evaluation

TABLE. II reports the experimental results of nine base-
lines and our proposed model on two real-world datasets. It
can be observed that DHCE achieves the best performance
across both datasets in terms of the three metrics consistently,
which ascertains the effectiveness of our proposed method.
According to the table, we have several observations.

First, RNN-based methods (e.g., RETAIN, Dipole) out-
perform CNN-based method (e.g., Deepr). The CNN-based
methods can only take into account fixed-size contextual
information and cannot adequately capture global, long-range
dependencies, while RNN-based methods take the advantage
of inherently modeling sequential data, which is able to
capture temporal dependencies in sequences.

Second, RNN-based methods with attention mechanism
(e.g., Timeline, HiTANet)) outperform RNN-based methods
without attention mechanism. This may be caused by the fact
that different visit and clinical variables usually play different
roles for the final prediction. It is reasonable that selecting
important features based on their importance leads to better
prediction performance.

Third, graph-based (e.g., GRAM, CGL, and Chet) methods
outperform RNN-based methods. This is probably because
the existing RNN-based SDP models always simply ag-
gregate the representations of diagnoses in a visit as the
representation of the visit, which are unable to effectively
model the relations among diagnoses within a visit. This
results in the inferiority of RNN-based models compared to
GNN-based models.

Fourth, our DHCE model consistently outperforms all
compared baseline methods. While Chet considers the clin-
ical relationships among diagnoses within a visit, it does
not account for fine-grained higher-order information among
diseases, nor does it fully utilize patient-related clinical events
in EHRs. Similarly, while an RNN-based approachs with
attention can select important clinical features, it fails to
effectively utilize patient-related clinical events and model
fine-grained higher-order information between diagnoses in
a visit. Thus, our approach can beat these methods.



TABLE III: Performance of ablations on MIMIC-III dataset.

Method w-Fy R@10 R@20

DHCE 24.24 29.53 39.03

DHCE w/o hypergraph 22.98 27.78 37.17
DHCE w/o transition 22.71 27.52 36.80
DHCE w/o event 23.37 27.79 37.07

E. Ablation Study

We conduct an ablation study on MIMIC-III dataset to
evaluate the effectivenss of each key component of our DHCE
model. We design four ablations, as below:

e DHCE w/o hypergraph: It removes hypergraph learn-
ing from the dynamic hypergraph learning module.
we replace the hypergraph with a graph of pairwise
relationships among nodes.

e DHCE w/o transition: It removes transition function
from the dynamic hypergraph learning module, but
retains the local diagnosis hypergraph and diagnosis-
emerging disease hypergraph. We combine the local
context in Equ. (2) and the emerging context in Equ.
(1) as the visit representation.

o« DHCE w/o event: It removes clinical events representa-
tion module from the standard DHCE model.

Results of the ablations are shown in TABLE III, and we
have the following observations:

First, DHCE w/o hypergraph leads to a huge performance
degradation on both datasets. That is probably because hy-
pergraphs can capture higher-order interaction information
among diseases, which is helpful to predict next diagnosis.

Second, DHCE w/o transition performs poorly on both
datasets. That is probably because the model fails to capture
dynamic evolution features of diseases, but simply aggregates
the representations of the disease in a visit. This suggests
that modeling the dynamic transitional relations benefits the
improvement of SDP task.

Third, DHCE w/o event does not perform well on both
datasets. That is because clinical events that appear in a visit
(i.e., lab test, prescription, and procedure) can indicate the
physical condition of a patient, which is essential for SDP
task.

F. Number of Hypergraph Layers

According to the model structure described in Section
III-B, to stack more hypergraph layers is an effective way to
aggregate more information from neighboring nodes. How-
ever, stacking too many hypergraph layers will result in
performance degradation because of over-smoothing. In order
to investigate the influence of hypergraph layers of our model,
we conduct an experiment on MIMIC-III dataset, as shown
in Fig. 2. According to the results in the figure, DHCE is not
very sensitive to the number of layers. A 2-layer setting is
the best.
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Fig. 2: Performance comparison of DHCE on MIMIC-III dataset
by different numbers of hypergraph layers.

V. CONCLUSION

This paper studies the problems of the existing works
on sequential diagnosis prediction (SDP), which neglect to
exploit the fine-grained higher-order relations among per-
sisitent and emerging diseases in a visit, and fail to fully
utilize clinical event information in EHRs. Aiming at the
problems, this paper propose a novel model for SDP with
dynamic hypergraph and clinical event. Specially, it first
categories diagnoses into persistent diseases and emerging
ones, and constructs dynamic hypergraphs to capture higher-
order disease reltions for each visit, followed by transition
functions and attention mechanisms to otain the visit repre-
sentation. Besides, it employs medical pre-trained language
models to encode the textual information of clinical events
in a visit and aggregate the representations of all events as
the event representation of the current visit. Comprehensive
experiments demonstrate that the proposed model show a
significant superiority over the state-of-the-art baselines over
two benchmark datasets consistently.
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