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A B S T R A C T

The digitization of healthcare systems has led to the proliferation of electronic health records (EHRs), serving
as comprehensive repositories of patient information. However, the vast volume and complexity of EHR data
present challenges in extracting meaningful insights. This paper addresses the need for automated analysis of
EHRs by proposing a novel graph learning model with label attention (GLLA) for temporal event prediction.
GLLA utilizes graph neural networks to capture intricate relationships between medical codes and patients,
incorporating hierarchical structures and shared risk factors. Furthermore, it introduces the Label Attention
and Attention-based Transformer (LAAT) algorithm to analyze unstructured clinical notes as a multi-label
classification problem. Evaluation on the widely-used MIMIC III dataset demonstrates the efficacy of GLLA
in enhancing diagnostic prediction performance. The contributions of this research include a comprehensive
analysis of existing models, the identification of limitations, and the development of innovative approaches
to improve the accuracy and effectiveness of EHR analysis. Ultimately, GLLA aims to advance healthcare
decision-making, disease management strategies, and patient outcomes.
1. Introduction

Artificial intelligence and machine learning have transformed
healthcare systems worldwide. These technologies have revolutionized
the analysis and interpretation of vast amounts of healthcare data,
offering unprecedented opportunities to improve patient outcomes, op-
timize resource allocation, and enhance decision-making processes [1,
2]. In recent years, the digitization of healthcare systems has led to the
widespread use of electronic health records (EHRs), transforming how
patient data is stored and accessed [3,4]. EHRs contain comprehensive
information such as medical histories, clinical notes, diagnostic tests,
and treatment plans. However, the sheer volume and complexity of
EHR data make it challenging for healthcare professionals to extract
meaningful insights and make informed decisions promptly.

To address this challenge, researchers and practitioners are turning
to machine learning and artificial intelligence to automate the analysis
of EHRs [5]. By leveraging these technologies, valuable patterns, corre-
lations, and predictive signals can be discovered within the vast amount
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of data. This, in turn, can improve healthcare outcomes, enhance
disease prevention strategies, and enable personalized treatment plans.

One crucial area of focus in EHR analysis is the prediction of
temporal events, such as future diseases and heart failure. Traditional
approaches based on convolutional neural networks (CNNs) and recur-
rent neural networks (RNNs) have shown promise in event prediction.
However, they often overlook important aspects of the data that can
significantly impact prediction accuracy.

The International Classification of Diseases, 9th Revision (ICD-9)
coding system provides a standardized representation of diseases and
surgeries, forming a hierarchical structure with unique codes assigned
to each condition. Effectively utilizing this structured data is essential
for developing accurate prediction models. Graph learning and graph
embedding techniques have emerged as powerful tools for represent-
ing and understanding complex relationships within hierarchical data.
Traditional approaches based on Euclidean space embeddings have
limitations in capturing the hierarchical structures inherent in medical
vailable online 24 April 2024
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code data [6]. However, the introduction of hyperbolic embeddings,
which represent the hierarchy in hyperbolic space, shows promise in
better capturing hierarchical relationships [7].

In the field of healthcare prediction using EHR, two main direc-
tions have been pursued. The first direction focuses on uncovering
connections between diseases using network analysis to identify shared
risk factors and comorbidities [8–10]. These methods leverage dis-
ease relationships to improve disease representation and prediction
accuracy [11]. The second direction involves applying natural lan-
guage processing (NLP) techniques to clinical notes [12–14]. Medical
diagnosis tasks can be treated as multi-label classification problems,
and various models based on CNNs and LSTM networks have out-
performed traditional machine-learning approaches in this domain [5,
15,16]. However, CNN and LSTM models have their limitations. CNN
models often require multiple layers to capture all the text information,
while LSTM models face challenges in parallelization during training
and inference. The BERT model, based on transformer architecture, has
revolutionized NLP but faces challenges when applied to medical code
prediction due to unstructured clinical notes, large output code spaces,
and long-tail sparsity issues.

Addressing such issues, this paper proposes a Graph Learning model
ith Label Attention (GLLA) for temporal event prediction in health-

are to address these challenges and improve diagnostic prediction
erformance. The research focuses on two main aspects. Firstly, it uses
raph neural networks to capture the intricate relationships between
edical codes and patients, incorporating hierarchical structures and

onsidering shared risk factors. Secondly, it analyzes unstructured clin-
cal notes by transforming the task into a multi-label classification
roblem and introduces the use of Label Attention and Attention-based
ransformer (LAAT) algorithm to extract informative features from
linical text.

To evaluate the proposed model, the freely-available MIMIC III
ataset is utilized, providing diverse patient information. The contribu-
ions of this research lie in the analysis of existing models, identification
f limitations, and the development of novel approaches to enhance
rediction accuracy and effectiveness in diagnosing patients’ health
vents. By leveraging graph learning techniques and addressing the
hallenges in medical code prediction, this work aims to contribute
o the automation of EHR analysis, ultimately leading to improved
ealthcare decision-making, more effective disease management, and
etter patient outcomes.

. Related works

In the field of healthcare prediction and analysis, several studies
ave been conducted to leverage various techniques and models for
ccurate diagnosis and temporal event prediction. Understanding the
xisting research in this domain is crucial for building upon prior
nowledge and identifying the gaps that the current study aims to
ddress. In this section, we provide a comprehensive review of the
elevant literature, highlighting the contributions and limitations of
xisting models and techniques in the context of healthcare prediction.

Previous studies have explored the hierarchical structure of ICD-9
odes and the significance of proper data representation for improved
odel performance. For instance, Li and Yu [15] investigated the
ierarchical embedding method for ICD-9 codes, demonstrating the
mportance of capturing the hierarchical relationships between dis-
ases. They employed graph neural networks to model patient-disease
nd disease ontology graphs, improving the prediction accuracy of
ommon diseases and heart failure. Graph neural networks have shown
romising results in temporal event analysis in various healthcare
asks [17–19].

However, traditional embedding algorithms based on Euclidean
pace have shown limitations in effectively representing hierarchical
2

nformation [6]. To address this, Nickel and Kiela [7] introduced m
an approach that learns low-dimensional representations of hierar-
chical structure graphs in hyperbolic space. By leveraging hyperbolic
embedding, researchers have been able to capture the hierarchical
relationships between medical codes more effectively. This approach
has shown promise in improving the accuracy and interpretability of
healthcare prediction models.

In the domain of clinical text analysis, natural language processing
techniques have been applied to extract meaningful information from
unstructured clinical notes. Multi-label classification models based on
Convolutional Neural Networks (CNNs) and Long Short-Term Memory
(LSTM) networks have demonstrated superior performance in medi-
cal diagnosis tasks compared to conventional machine learning ap-
proaches [5,12,13,15,16,20–22]. These models leverage the inherent
sequential and contextual information present in clinical notes, en-
abling accurate prediction of disease labels.

However, CNN models often require multiple layers to capture
the complete text information, resulting in increased computational
complexity. On the other hand, LSTM models face challenges in paral-
lelization during training and inference. To address these limitations,
the BERT model [23] and transformer-based models have emerged
as powerful tools for NLP tasks. Nevertheless, applying transformer
models to medical code prediction remains challenging due to the
unstructured nature of clinical notes, the large output code spaces, and
the long-tail sparsity issue [15,24].

Lu et al. [11] proposed a collaborative graph learning model, CGL,
for temporal event prediction in healthcare. This model sought to
improve upon existing algorithms based on convolutional neural net-
works (CNNs) and attention mechanisms. The researchers employed a
hierarchical embedding method for ICD-9 codes, specifically focusing
on the hierarchical relationships within the dendritic structure diseases
code. They implemented a collaborative graph neural network to cap-
ture the relationships between patients and diseases, as well as the
disease ontology graph. Additionally, they designed a TF–IDF approach
to extract information from unstructured data, such as clinical notes.
The incorporation of domain knowledge, graph neural networks, and
TF–IDF analysis in the CGL model represented a notable advancement
in healthcare prediction, particularly in predicting future diseases and
heart failure. By leveraging these techniques, Lu et al. [11] aimed to
enhance the accuracy and effectiveness of temporal event prediction in
healthcare.

In light of these research directions and their respective limitations,
the current study proposes a novel Graph Learning model with Label

ttention (GLLA) for temporal event prediction in healthcare. Our
ethod, GLLA, builds upon the collaborative graph learning model

CGL) [11] and advances in the hyperbolic embedding to enhance
he accuracy and interpretability of patient health event predictions.
his model aims to address the shortcomings of existing approaches
y effectively utilizing domain knowledge through hyperbolic embed-
ing, incorporating hierarchical structures, and introducing the Label
ttention and Attention-based Transformer (LAAT) algorithm [14] for
linical text analysis. By leveraging these advancements, the GLLA
odel aims to improve the accuracy, interpretability, and efficiency of
atient health event predictions.

Through an analysis of related works, we have identified the gaps
nd challenges in existing models and techniques. The subsequent
ections of this paper will present the proposed GLLA model in detail,
utlining its architecture, training process, and evaluation results.

. Methodology

The GLLA model consists of three main modules, as depicted in
ig. 1. The first module includes a hyperbolic embedding layer, col-
aborative graph learning layer, and bi-LSTM layer. These components
xtract hidden features from medical codes, patients’ diagnoses, and
dmission durations. The second module focuses on extracting infor-

ation from clinical notes using a bi-LSTM layer and label attention
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Fig. 1. Proposed architecture with label attention and hyperbolic embedding.
layer. The third module performs classification based on the extracted
features. Our model enhances the CGL approach [11] by effectively
utilizing diverse information sources, leading to improved performance
in classification tasks.

3.1. Hyberbolic embedding layer

The ICD-9 system provides a domain knowledge base that catego-
rizes diseases using medical codes at different levels. However, the
original CGL model only utilizes a hierarchical embedding approach
that considers the inheritance relationship between codes. To uncover
more latent features, we sought a new method.

Drawing inspiration from the work of Nickel and Kiela [7], we
turned to the Poincaré ball model, which effectively captures the
hierarchical structure inherent in the medical codes system. Assuming
3

a hierarchical structure denoted as 𝐻𝑖𝑒 with ℎ levels, each node in
the structure is encoded into a hyperbolic space using the ball model.
Consequently, medical codes, represented as vectors 𝑐𝑖 and 𝑐𝑗 are
embedded as vectors 𝑒𝑖 and 𝑒𝑗 in the hyperbolic space. The distance
between these embedded codes is determined by an Eq. (1), which
captures their proximity or dissimilarity.

𝑑(𝑒𝑖, 𝑒𝑗 ) = 𝑐𝑜𝑠ℎ−1
(

1 + 2
‖𝑒𝑖 − 𝑒𝑗‖2

(1 − ‖𝑒𝑖‖2)(1 − ‖𝑒𝑗‖2)

)

(1)

In the dataset, most diseases observed in patients tend to be located
at lower levels of the hierarchical structure, corresponding to leaf
nodes. However, if there is a high-level disease (non-leaf node) present,
virtual child nodes are created to fill the lower levels. This ensures
that in the last level of the structure, there are both actual leaf nodes
and virtual leaf nodes. Let us assume the set of medical codes as C,
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Fig. 2. Hyperbolic embedding with information flow.
and denote the number of diseases as ‖𝐻𝑖𝑒‖ in 𝐻𝑖𝑒, the hierarchical
structure.

The hierarchical structure, 𝐻𝑖𝑒, follows a pattern where higher-level
diseases contain more general information, while lower-level diseases
provide more specific descriptions of the diseases themselves. In other
words, nodes at higher levels act as ancestors, while nodes at lower
levels serve as their children. To capture both the similarities and hier-
archical information among diseases, an information flow strategy [11]
is employed.

As shown in Fig. 2, the strategy involves two directions of infor-
mation flow: upward and downward. The upward flow summarizes
information from ancestor nodes to their parents, while the downward
flow carries information from parents to their children. To implement
the information flow strategy, two trainable embedding vectors, 𝑠𝑖 ∈ R𝑑

and 𝑡𝑖 ∈ R𝑑 , are initialized to form a medical code representation
𝑐𝑖. In our implementation, 𝑠𝑖 represents similarity, while 𝑡𝑖 represents
distinction. Additionally, 𝑒′𝑖 is set as the public embedding vector of
𝑐𝑖 whereas 𝜆𝑖 is used as a trainable coefficient to combine 𝑠𝑖 and 𝑡𝑖,
yielding the calculation of 𝑒′𝑖 as shown in Eq. (2).

𝑒′𝑖 = 𝜆𝑖 × 𝑠𝑖 + 𝑡𝑖 × (1 − 𝜆𝑖) ∈ R𝑑 (2)

Setting a node 𝑐𝑗 ∈ 𝐻𝑖𝑒 as the parent of another node 𝑐𝑗 , and
𝑐𝑘 ∈ 𝐻𝑖𝑒 as a child of 𝑐𝑖, and 𝑛𝑖 as the number of 𝑐𝑖’s children, the
downward flow is calculated as Eq. (3), while the upward flow is
calculated as Eq. (4).

downward flow ∶ 𝑠′𝑖 = 𝑒′𝑗 (3)

upward flow ∶ 𝑡′𝑖 =
1
𝑛𝑖

𝑛𝑖
∑

𝑘=1
𝑡𝑘 (4)

According to Lu et al. [11], the assumption is made that the distance
between two nodes should be large if they are not connected, and small
when they are connected. Using the equation of hyperbolic distance
(𝑋), the loss function, 𝐿𝑟𝑒𝑐 for reconstructing the hierarchical structure
is defined. The set of connected node pairs in 𝐻𝑖𝑒 is denoted as 𝐴 =
{(𝑖, 𝑗)|𝑐𝑖, 𝑐𝑗 ∈ 𝐻𝑖𝑒}, and nodes not connected to 𝑐𝑖 are in the set 𝑁(𝑖) =
{𝑗′|(𝑐𝑖, 𝑐′𝑗 ) ∉ 𝐴}. This loss function in Eq. (5) helps pre-train the medical
code embeddings through backpropagation.

𝑟𝑒𝑐 = −
∑

(𝑖,𝑗)∈𝐴
𝑙𝑜𝑔 𝑒−𝑑(𝑒𝑖 ,𝑒𝑗 )

∑

𝑗′∈𝑁(𝑖)∪{𝑣} 𝑒
−𝑑(𝑒𝑖 ,𝑒𝑗′ )

(5)

Ultimately, the collection of medical code embeddings 𝐸 ∈ R|𝑐|×𝑑 ,
generated through this process, serves as input for the subsequent
collaborative graph learning layer.
4

3.2. Collaborative graph learning layer

The collaborative graph learning layer (CGL) serves as a crucial
component in the model proposed by Lu et al. [11]. It was founded
on two reasonable and logical hypotheses:

a. Patients who share similar medical records in their history are
more likely to develop the same disease in the future.

b. Diseases belonging to the same higher-level category tend to
share common causes, symptoms, and complications.

Based on these hypotheses, we construct a collaborative graph, de-
noted as 𝐺 = {𝐺𝑃𝐶 , 𝐺𝐶𝐶}, consisting of an observation graph 𝐺𝑃𝐶 and
an ontology graph 𝐺𝐶𝐶 . The observation graph captures the relation-
ship between patients and diseases, represented by the patient-disease
adjacency matrix 𝐴𝑃𝐶 ∈ {0, 1}|𝑃 |×|𝐶|. An edge (𝑝, 𝑐𝑖) is added to the
graph when a patient is diagnosed with a specific disease 𝑐𝑖, and the
corresponding entry in 𝐴𝑃𝐶 [𝑝] [𝑖] is set to 1.

The ontology graph, denoted as 𝐺𝐶𝐶 , represents the horizontal
relationship between medical codes. Nodes in 𝐺𝐶𝐶 are pure medical
codes. Another adjacency matrix, 𝐵𝐶𝐶 ∈ {0, 1}|𝐶|×|𝐶|, is created for
simulating the horizontal relationship between every two codes. In
the ICD-9 system, diseases that share a common ancestor are likely
to exhibit similarities. To simulate this relationship, an edge, (𝑐𝑖, 𝑐𝑗 )𝑡,
is added to the graph when two codes have the same ancestor in
the lowest level, 𝑙. Also, 𝐵𝐶𝐶 [𝑖] [𝑗] will be set as 𝑙. For any code, 𝑐𝑖,
𝐵𝐶𝐶 [𝑖] [𝑖] = 0. So, the 𝐵𝐶𝐶 matrix here is a dense matrix which will
cause the calculation to become more complex. Therefore, we make a
𝐵′
𝐶𝐶 matrix initialized with zeros. 𝐵′

𝐶𝐶 [𝑖] [𝑗] and 𝐵′
𝐶𝐶 [𝑗] [𝑖] will be set

as 1 when two disease 𝑐𝑖 and 𝑐𝑗 show in one patient’s medical history.
Let 𝐴𝐶𝐶 = 𝐵𝐶𝐶 ⊙𝐵′

𝐶𝐶 , thus we can ignore the pairs of codes that never
happen in the dataset.

Unlike the method used by Miotto et al. [25], to calculate patient
embeddings and extract hidden features, we assign initial embeddings
to each patient. The patient embedding matrix is represented as 𝑃 ∈
R|𝑃 |×𝑑𝑝 , where 𝑑𝑝 represents the dimension of each patient’s embedding.
Similarly, we have 𝐻 (𝑘)

𝑝 ∈ R|𝑃 |×𝑑(𝑘)𝑝 to represent hidden features of
patient, 𝑝 and 𝐻 (𝑘)

𝑐 ∈ R|𝐶|×𝑑(𝑘)𝑐 to indicate hidden features of code, c.
Here, 𝑘 represents the level of the layer the patient input is given into
and we set 𝐻 (0)

𝑝 = 𝑃 and 𝐻 (0)
𝑐 = 𝐸 in our implementation.

To retrieve the hidden features of codes and patients in the next
layer, we map each patient’s embedding, 𝐻 (𝑘)

𝑐 into the patient dimen-
sion and aggregate it with the corresponding code embeddings, 𝐴𝑃𝐶 .

𝑋(𝑘)
𝑝 = 𝐻 (𝑘)

𝑝 + 𝐴𝑃𝐶𝐻
(𝑘)
𝑐 𝑊 (𝑘)

𝐶𝑃 ∈ R|𝑃 |×𝑑(𝑘)𝑝 (6)

We use 𝑊 (𝑘)
𝐶𝑃 in Eq. (6) to map code embeddings, 𝐻𝑘

𝑐 to patient
embeddings. To aggregate code 𝑐 into code 𝑐 , an ontology weight,
𝑗 𝑖
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𝜙𝑗 will be assigned to 𝑐𝑗 , if 𝑐𝑖 and 𝑐𝑗 are connected in level 𝑙. Thus, we
ow have:

𝑗 (𝑙) = 𝜎(𝜇𝑗 × 𝑙 + 𝜃𝑗 ) (7)

In the monotonic equation (7), 𝜙𝑗 (𝑙), 𝜇𝑗 and 𝜃𝑗 are the trainable
ariables and 𝜎 is a sigmoid activation function. Through increasing
nd decreasing weights based on levels, the model can reinforce the
nfluence of horizontal relationships between medical codes. Since 𝐴𝐶𝐶

stores the connected nodes, we have:

𝛷 = 𝜎(𝑀 × 𝐴𝐶𝐶 + 𝛩) ∈ R|𝐶|×|𝐶| (8)

here, 𝛷 ∈ R|𝐶|×|𝐶| is the collection of 𝜙𝑗 weights, 𝛩 ∈ R|𝐶| as the
collection of 𝜃𝑗 and 𝑀 is the collection of 𝜇𝑗 .

To map 𝐻 (𝑘)
𝑝 into the codes’ dimension and then aggregate it with

patient adjacency, we have:

𝑋(𝑘)
𝑐 = 𝐻 (𝑘)

𝑐 + 𝐴𝑇
𝑃𝐶𝐻

(𝑘)
𝑝 𝑊 (𝑘)

𝑃𝐶 +𝛷𝐻 (𝑘)
𝑐 ∈ R|𝐶|×𝑑(𝑘)𝑐 (9)

Here, 𝑊 (𝑘)
𝑃𝐶 ∈ R𝑑(𝑘)𝑝 ×𝑑(𝑘)𝑐 is a matrix that maps patient embeddings

𝐻 (𝑘)
𝑝 into the code embedding dimensions. Afterwards, the next layer’s

𝐻 (𝑘)
𝑐 and 𝐻 (𝑘)

𝑝 are generated based on the equation below:

𝐻 (𝑘+1)
{𝑝,𝑐} = 𝑅𝑒𝐿𝑈

(

𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚
(

𝑋(𝑘)
{𝑝,𝑐}𝑊

(𝑘)
{𝑝,𝑐}

))

(10)

The 𝑊 (𝑘)
{𝑝,𝑐} here helps map 𝑋(𝑘)

{𝑝,𝑐} into the next layer. The 𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚

is for normalizing features, thus, stabilizing the network during train-
ing. Additionally, only 𝐻 (𝑘)

𝑐 is calculated into 𝐾 graph layers, due
to only medical codes being required for further calculation. We use
𝐻 (𝑘)

𝑐 ∈ R|𝐶|×𝑑(𝑘)𝑐 as the final code embeddings. In summary, the col-
laborative graph learning layer incorporates the relationships between
patients and diseases, as well as the hierarchical structure of medical
codes, to extract meaningful hidden features and facilitate temporal
event prediction.

3.3. Feature extraction for visits

To capture the temporal features between each visit of a patient, we
employ an LSTM layer that treats visits as sequences. For each patient,
𝑝, an embedding, 𝑣𝑡 is computed for each visit, 𝑡 as follows:

𝑣𝑡 =
1

|𝐶𝑡|

∑

𝑐𝑖∈𝐶𝑡

𝐻 𝑖
𝑐 ∈ R𝑑(𝑘)𝑐 (11)

Information of neighboring codes of code 𝑐𝑖 is stored in 𝐻 𝑖
𝑐 through

he connection of patient nodes. Through this function, the model
ecomes capable of predicting a disease that never occurred in a
atient’s medical history. LSTM is employed on each 𝑣𝑡 to extract the

temporal features of a visit. We use 𝑅 = {𝑟1, 𝑟2,… , 𝑟𝑇 } to indicate these
emporal features and use 𝑞 as the size of the LSTM cell as follows:

𝑅 = 𝑟1, 𝑟2,… , 𝑟𝑇 = 𝐿𝑆𝑇𝑀(𝑣1, 𝑣2,… , 𝑣𝑇 ) ∈ R𝑇×𝑞 (12)

Additionally, a strategy of location-based attention [26] is employed
to get the hidden representations of 𝑂𝑣 for all visits:

𝛼 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑅𝑤𝛼) ∈ R𝑇 (13)

𝑂𝑣 = 𝛼𝑅 ∈ R𝑞 (14)

Each visit is assigned attention weight 𝛼 and 𝛼 has a context vector
𝑎 for attention.

.4. Bi-LSTM layer

In the original CGL model, only TF–IDF rectified attention was used
o guide note embedding [11], which had a limited impact on the final
esults. Recognizing that clinical notes contain more effective features,
e incorporate the LAAT (Language-Aware Attention for Text Classi-

ication) module proposed by Vu et al. [14]. LAAT precisely handles
5

h

nstructured clinical notes as it utilizes attention mechanisms to focus
n relevant parts of the clinical notes, enabling the model to attend to
mportant words or phrases that contribute to the prediction of multiple
abels. LAAT employs a transformer architecture, which is well-suited
or capturing long-range dependencies and contextual information in
equential data like clinical notes. The transformer model processes
he clinical text at the token level, allowing it to capture intricate lin-
uistic nuances and relationships between words. This module enables
ccurate diagnosis prediction based solely on clinical notes.

Before inputting the notes into the bi-LSTM layer, we employ
ord2vec to pre-train word embeddings. Assuming there are 𝑛 words

n the notes corpus, we represent the word tokens as 𝑤1, 𝑤2, 𝑤3,… , 𝑤𝑖,
, 𝑤𝑛. The pre-trained embedding for each word, 𝑤𝑖 is denoted as

𝑤𝑖
, and the embedding size is 𝑑𝑒. A bi-LSTM layer is then utilized to

xtract contextual information from these words. The bi-LSTM layer
earns latent feature vectors for input words within a sequence. The
idden states of the 𝑖th word in the LSTM is calculated as:
⃖⃖⃗𝑖 = ⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃗𝐿𝑆𝑇𝑀(𝑒𝑤1∶𝑤𝑖

)
⃖ 𝑖⃖ = ⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖𝐿𝑆𝑇𝑀(𝑒𝑤1∶𝑤𝑖

)
(15)

The size of ℎ𝑖 is 2𝑚 when we set the dimension of hidden states of
STM as 𝑚. Then, we concatenate all the words’ hidden vectors to build
matrix 𝐻𝑎𝑙𝑙 = [ℎ1, ℎ2,… , ℎ𝑛] ∈ R2𝑚×𝑛.

.5. Attention layer

To transform 𝐻𝑎𝑙𝑙 into label-specific vectors, we employ the label
ttention mechanism [14] since clinical notes often have multiple
abels. Using 𝐻𝑎𝑙𝑙 as the input, and |𝐿| as the output, the label-specific
eight vectors are calculated as:

𝑍 = 𝑡𝑎𝑛ℎ(𝑊𝐻𝑎𝑙𝑙)

𝑒𝑖𝑔ℎ𝑡𝐿 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑈𝑍)
(16)

n the above Eq. (16), in the matrix 𝑊 ∈ R𝑑𝑎×2𝑚, 𝑑𝑎 is the hyperpa-
ameter which will be tuned, generating a matrix 𝑍 ∈ R𝑑𝑎×𝑛. Then to
alculate the weight matrix, 𝑊 𝑒𝑖𝑔ℎ𝑡𝐿 ∈ R|𝐿|×𝑛, 𝑍 is multiplied with
nother matrix 𝑈 ∈ R𝑑𝑎×|𝐿|. Each 𝑖th row in 𝑊 𝑒𝑖𝑔ℎ𝑡𝐿 representing a
eight vector corresponding to the 𝑖th label in 𝐿. The 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 here is

o guarantee the sum of weights equals to 1 in each row of 𝑊 𝑒𝑖𝑔ℎ𝑡𝐿.
abel-specific vectors then is computed by multiplying with 𝐻𝑎𝑙𝑙 as:
𝑛 = 𝐻𝑎𝑙𝑙𝑊 𝑒𝑖𝑔ℎ𝑡𝑇𝐿. Here each of the matrix 𝑂𝑛 ∈ R|𝐿|×𝑤𝑚 representing

he note input corresponding to the 𝑖th label in 𝐿. After all the feature
xtraction layers mentioned above, each patient now has the final
mbedding 𝑂 = 𝑂𝑣

⨁

𝑂𝑛.

.6. Output layer

In our modified layer based on CGL, we remove the TF–IDF rectified
enalty loss as it is not utilized in this model. Both the diagnosis pre-
iction and heart failure prediction tasks now utilize a fully connected
ayer with a sigmoid function on the output layer. Thus, the final loss
unction to train the model is defined as:

= 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑦, 𝑦) (17)

he ground truth for heart failure or medical codes, depending on the
ask, is denoted as 𝑦 in the loss function.

.7. Incorporation of hierarchical structures and shared risk factors by
LLA

GLLA model architecture is designed to effectively capture relation-
hips between medical codes and patients by leveraging graph neural
etworks (GNNs) and incorporating hierarchical structures and shared
isk factors. A brief explanation of the GLLA model architecture and

ow it achieves these objectives is given below:
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I. Graph Neural Networks (GNNs): GLLA utilizes GNNs to rep-
resent and analyze the relationships between medical codes
and patients. GNNs are well-suited for modeling complex graph
structures, making them ideal for capturing the intricate rela-
tionships present in healthcare data. In the context of GLLA,
GNNs enable the model to learn representations of patients and
medical codes based on their interactions within the graph.

II. Incorporating Hierarchical Structures: GLLA incorporates hi-
erarchical structures by considering the hierarchical relation-
ships between medical codes, such as those defined in the In-
ternational Classification of Diseases (ICD) coding system. By
encoding the hierarchical relationships between codes, GLLA can
capture the inherent structure of disease ontology and leverage
this information to improve prediction accuracy. For example,
GLLA may assign higher importance to codes that are more
closely related within the hierarchical structure, reflecting their
shared attributes or characteristics.

III. Shared Risk Factors: GLLA incorporates shared risk factors
by analyzing the connections between patients and medical
codes within the graph. Shared risk factors refer to common at-
tributes or conditions that may increase the likelihood of certain
medical outcomes. By examining the co-occurrence patterns of
medical codes across patient records, GLLA can identify shared
risk factors and leverage this information to improve predic-
tive performance. For instance, if multiple patients with similar
demographic characteristics exhibit a particular set of medical
conditions, GLLA may learn to associate those conditions with
the shared risk factors present in the patient population.

To illustrate these mechanisms, consider the following examples:

• Hierarchical Structures: Suppose the ICD coding system is used
to represent medical conditions, with codes organized hierarchi-
cally based on their clinical characteristics. In this case, GLLA may
learn to prioritize codes that are more specific or detailed within
the hierarchy when making predictions. For instance, if a patient
is diagnosed with a specific subtype of cancer (e.g., malignant
neoplasm of the breast), GLLA may assign higher importance to
codes representing that subtype compared to more general codes
(e.g., neoplasm).

• Shared Risk Factors: Imagine a scenario where multiple patients
from a similar demographic group (e.g., elderly individuals with
a history of cardiovascular disease) are diagnosed with heart
failure. In this case, GLLA may learn to identify the shared risk
factors (e.g., age, pre-existing conditions) associated with heart
failure and use this information to improve prediction accuracy.
By analyzing the co-occurrence patterns of medical codes and
patient attributes, GLLA can uncover latent relationships and
leverage them to make more accurate predictions.

Overall, the GLLA model architecture leverages graph neural net-
works to capture complex relationships between medical codes and
patients, incorporating hierarchical structures and shared risk factors
to improve predictive performance in healthcare applications.

3.8. Computation and parallelization in GLLA

Transformers rely heavily on self-attention mechanisms that en-
able parallel computations across different sequence positions. Un-
like LSTMs which have sequential dependencies, self-attention can be
computed in parallel, allowing better utilization of modern hardware
parallelism. Thus, our GLLA algorithm is more parallelizable than
existing LSTM-based techniques. Furthermore, LSTMs have recurrent
connections that make parallelization across timesteps difficult. Trans-
formers avoid this recurrence by using self-attention over the entire
sequence in parallel. This parallelizability could help speed up training
and inference for the clinical notes analysis task compared to using
regular LSTM layers.
6

Table 1
Statistics of the MIMIC-III dataset used in our implementation.

Patient number 7125
Avg. visit number per participant 2.66
Patient number with heart failures 2604

Medical code (disease) number 4795
Avg. code number per visit 13.27

Dictionary size in notes 67,913
Avg. word number per note 4732.38

4. Experiments and discussion

4.1. Dataset

In this paper, we used the freely-available MIMIC-III Clinical
Database. The dataset includes various types of data such as labo-
ratory test results, medications, mortality, and more. However, for
our purposes, we focused on four specific data files: ADMISSION,
DIAGNOSES_ICD, NOTEEVENTS, and PATIENT.

The ADMISSION file contains information about the admission ID
and admission time of patients. The DIAGNOSES_ICD file contains the
diagnosed medical codes of patients during their different admissions.
The NOTEEVENTS file stores the clinical notes of patients during their
different admissions. Finally, the PATIENT file includes information
such as the birthday and gender of the patients.

4.2. Data analysis

In our implementation, a total of 7125 data points were used.
However, it should be noted that some patients had missing notes or
admissions, resulting in smaller dataset size. On average, each patient
had 2.66 visits, as shown in Table 1.

4.3. Model configuration

In the GLLA model, the embeddings for medical codes and patients
are initialized randomly. The embedding sizes are set as follows: 32
for medical codes, 16 for patients, and 100 for notes. The GNN layer
is applied twice (𝐿 = 2) to capture hierarchical and collaborative
information. The hidden layer dimensions are set to 64, 128, and 32
for different layers. For the BiLSTM layer, the unit size (𝑞) is set to
00, allowing the extraction of contextual information from the clinical
otes. The Adam optimizer is used for both the model and hyperbolic
mbedding generation. The model is trained for 200 epochs, while the
yperbolic embedding generation is performed for 500 epochs. The
earning rate for the model is set to 0.001, determining the step size
uring optimization. These hyperparameter settings provide the con-
iguration for training the GLLA model and generating the hyperbolic
mbeddings.

.4. Baselines for comparison

In our experimental setting, we compare seven state-of-the-art base-
ine models with the proposed GLLA. We have described each one of
hem briefly below:

• RETAIN: The REverse Time AttentIoN model (RETAIN) [27] uses
a two-level neural attention mechanism and representation learn-
ing to analyze electronic health record (EHR) data to make pre-
dictions in healthcare applications. It first learns a general patient
representation from EHR data, then applies a double-layered at-
tention mechanism. These visit-level attention and variable-level
attention prioritize recent visits and key medical codes within
those visits respectively giving both accuracy and interoperabil-
ity. The implementation of this model can be found at https:

//github.com/mp2893/retain.

https://github.com/mp2893/retain
https://github.com/mp2893/retain
https://github.com/mp2893/retain
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• Deepr: Deepr [28] transforms a patient’s electronic medical
record (EMR) into a sequence of elements separated by time
gaps and hospital transfers. It then applies a convolutional neural
network (CNN) to this sequence to identify and combine pre-
dictive patterns (motifs) within medical data, without the need
for manual feature engineering. This allows Deepr to analyze
medical records, even with their irregular timing, to predict future
risks and potentially improve healthcare outcomes. The Deepr
implementation was done using pyhealth package.1

• GRAM: GRAM [29] is a graph-based attention model that tackles
challenges in applying deep learning to healthcare data, espe-
cially with limited samples. It incorporates medical knowledge
from ontologies and uses an attention mechanism to make the
most of limited patient data. This allows GRAM to learn better
representations of medical concepts and achieve good results in
predicting future diagnoses, even with less training data com-
pared to traditional methods. We use the official implementation2

of GRAM for our experimentation.
• Dipole: Dipole [30] focuses on the prediction of future illnesses

using patients’ electronic health records. It addresses the chal-
lenges of modeling the sequence of visits and the wealth of
medical codes within the EHR data. Dipole’s approach utilizes
bidirectional neural networks to consider a patient’s entire med-
ical history and incorporates attention mechanisms to pinpoint
important connections between visits. This not only improves
the accuracy of the prediction but also allows healthcare pro-
fessionals to understand and interpret the reasoning behind the
predictions. The implementation of Dipole can be found at https:
//anonymous.4open.science/r/Dipole-FF7C.

• Timeline: Bai et al. [31] propose an RNN-based deep learn-
ing model called Timeline to analyze Electronic Health Records
(EHR) data, particularly focusing on the challenge of capturing
how diseases progress over time. Firstly, it utilizes time decay
factors to assign weights to medical codes. These weights dynam-
ically change based on how relevant a code is at different points
in the patient’s history. Secondly, a disease progression function
is implemented to model how specific diseases influence these
time decay factors. Finally, an attention mechanism focuses on
the most critical medical codes for each patient visit, considering
both the codes themselves and the time elapsed since their initial
appearance. The implementation of Timeline can be found at
https://github.com/tiantiantu/Timeline.

• MedGCN: MedGCN [32] uses graph convolutional networks
(GCNs) to connect patients, medications, lab tests, and other
medical details. By analyzing these connections, MedGCN can
recommend medications based on a patient’s existing informa-
tion, even if some lab tests are missing. It can also estimate those
missing lab test values. We use the official implementation of
MedGCN for our comparison. The code can be found at https:
//github.com/mocherson/MedGCN.

• CGL: As explained in Sections 2 and 3, CGL uses a collaborative
graph learning model to explore relationships between patients
and diseases. This model incorporates both the structured data
and the unstructured text data in EHRs, using an attention mech-
anism to focus on important details [11]. This model has achieved
competitive results in predicting health events compared to prior
methods. The official implementation3 provided by the authors
was used for the comparison.

1 https://pyhealth.readthedocs.io/en/latest/.
2 https://github.com/mp2893/gram.
3
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https://github.com/LuChang-CS/CGL.
Table 2
Diagnosis prediction and heart failure prediction results.

Models Diagnosis Heart Failure

w-𝐹1 (%) R@20 (%) R@20 (%) AUC (%) 𝐹1 (%)

RETAIN [27] 19.66% 33.90% 42.93% 82.73% 71.12%
Deeper [28] 12.38% 28.15% 37.56% 81.29% 68.42%
GRAM [29] 21.06% 36.37% 45.61% 82.82% 71.43%
Dipole [30] 11.24% 26.96% 36.83% 81.66% 70.01%
Timeline [31] 16.83% 32.08% 41.97% 80.75% 69.81%
MedGCN [32] 20.93% 35.69% 43.36% 81.25% 70.86%
CGL [11] 23.75% 37.35% 49.70% 83.93% 70.22%

GLLA 33.09% 45.16% 57.41% 89.47% 76.10%

Table 3
Diagnosis prediction and heart failure prediction results.

Models Diagnosis Heart failure

w-𝐹1 (%) R@20 (%) Params. AUC (%) 𝐹1 (%) Params.

GLLAℎ− 32.24% 44.58% 9,375,827 88.75% 77.30% 7,453,433
GLLA𝐿𝐴− 24.33% 36.56% 7,310,000 82.93% 72.15% 7,310,000
GLLA𝑛− 22.52% 36.55% 7,132,000 82.42% 71.28% 7,240,420

GLLA 33.09% 45.16% 9,375,827 89.47% 76.10% 7,453,433

4.5. Model evaluation

In evaluating the diagnosis predictions, we employ the Macro F1
score and top-k recall metrics. The Macro F1 score provides a compre-
hensive measure of the model’s effectiveness in predicting diagnoses,
considering both precision and recall for each individual label. The top-
k recall metric assesses the proportion of true positive diagnoses that
are captured within the top-k predicted diagnoses. Similarly, for heart
failure predictions, we utilize the Macro F1 score and the area under
the receiver operating characteristic (ROC) curve, commonly referred
to as AUC. Furthermore, the GLLA model is compared against seven
state-of-the-art baseline models to conduct a comprehensive analysis
of its performance in relation to established approaches.

As shown in Table 2, the proposed GLLA model outperforms all
the other models. It is hypothesized that this is mostly because label
attention is used on the basis of CGL to make clinic notes more useful.

4.6. Ablation study

Ablation studies are necessary to validate the effectiveness of ap-
plied strategies [33,34]. In order to analyze the individual contributions
of different components in the GLLA model, three variations of the
model were compared through an ablation study: GLLA with hierar-
chical embedding replaced by hyperbolic embedding (GLLAℎ−), GLLA
without the label-attention layer (GLLA𝐿𝐴−), and GLLA without clinical
notes (GLLA𝑛−). The results of the ablation study are presented in
Table 3. For the diagnosis prediction task, GLLA achieved the highest
w-F1 score of 33.09%, outperforming all ablated versions. However, for
heart failure prediction, GLLAℎ− (with hierarchical embedding replaced
with hyperbolic embedding) attained the highest F1 score of 77.30%,
surpassing the full GLLA model (76.10%). The hyperbolic embedding,
which captures the hierarchical structure of the ICD-9-CM system and
extracts bottom-up summary information to identify potential disease
relationships, shows improvements in diagnosis prediction. However,
it does not yield significant enhancements in heart failure prediction,
possibly due to the task’s focus on a single disease and the contingent
nature of the results. Interestingly, the ablation of the label-attention
layer (GLLA𝐿𝐴−) and the removal of clinical notes (GLLA𝑛−) resulted
in substantial performance degradation for both diagnosis and heart

https://anonymous.4open.science/r/Dipole-FF7C
https://anonymous.4open.science/r/Dipole-FF7C
https://anonymous.4open.science/r/Dipole-FF7C
https://github.com/tiantiantu/Timeline
https://github.com/mocherson/MedGCN
https://github.com/mocherson/MedGCN
https://github.com/mocherson/MedGCN
https://pyhealth.readthedocs.io/en/latest/
https://github.com/mp2893/gram
https://github.com/LuChang-CS/CGL
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Fig. 3. Code embeddings in 3 levels learned by GRAM, Timeline, CGL and GLLA. Colors correspond to disease types in each level.
failure prediction tasks, highlighting their importance in the overall
model’s effectiveness.

Overall, the ablation study highlights the complementary strengths
of the different components in GLLA. The hyperbolic embedding
demonstrates advantages in diagnosis prediction but does not exhibit
the same level of effectiveness in heart failure prediction, likely due to
the task’s characteristics and result variability.
8

4.7. Prediction analysis

To visualize the relationship between diseases after code embed-
ding, t-SNE (t-Distributed Stochastic Neighbor Embedding) was em-
ployed [35]. t-SNE is commonly used to preserve pairwise similarities
among neighboring nodes, with relative distances reflecting their sim-
ilarities. Fig. 3 illustrates the code embeddings learned by GRAM,
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n

Timeline CGL, and GLLA in three levels. Each dot’s color represents
a different disease type. In CGL and GRAM, dots of the same color
are grouped together, but the distances between them are shorter in
CGL. This indicates that the code relationships after embedding in CGL
closely align with the summarized relationships in the ICD-9 system.

In the GLLA graph, some similar colors are grouped together, while
others are distributed randomly. This can be attributed to the hyper-
bolic embedding in GLLA, which maps code relationships to a hyper-
bolic space. However, the visualization method, t-SNE, reduces the data
dimensionality to a two-dimensional space, which may not accurately
reflect the relationships between diseases. Furthermore, compared to
the hierarchical structure in CGL, hyperbolic embedding in GLLA can
extract bottom-up summary information and uncover potential rela-
tionships among diseases, which may have been overlooked by the
ICD-9 system.

4.8. Further discussions

While the proposed GLLA model demonstrates significant enhance-
ments in overall diagnostic prediction performance, we acknowledge
that there is room for improvement specifically in the heart failure
prediction task. One potential challenge we have identified is the
imbalanced nature of the dataset, with heart failure cases being un-
derrepresented compared to the diversity of diagnostic codes. This
data imbalance could hinder the model’s ability to effectively learn
the relevant patterns for accurate heart failure prediction. To address
this, we plan to explore techniques such as oversampling [36,37],
undersampling [37], or specialized class-weighted loss functions to
mitigate the impact of imbalanced data.

Moreover, we recognize that heart failure often involves complex
temporal dynamics and progressions that may not be fully captured
by our current approach of treating patient visits as independent se-
quences. Integrating alternative architectures that explicitly model such
temporal dependencies could potentially enhance the model’s ability to
predict heart failure accurately. Additionally, we aim to investigate the
incorporation of domain-specific knowledge [38,39], such as expert-
curated risk factors or comorbidities, which may provide valuable
insights for improving heart failure prediction performance. Further-
more, we intend to explore multi-task learning approaches [40–42],
where the model is trained simultaneously on diagnosis prediction and
heart failure prediction, potentially leveraging shared representations
to improve performance on both tasks. Finally, ensemble methods [43,
44] that combine predictions from multiple models could lead to more
robust and accurate heart failure predictions.

4.9. Ethical considerations

In this research, focused on development of algorithms for health-
care applications, we acknowledge the profound ethical implications
and potential impacts on patient outcomes. While the technical evalua-
tion of GLLA demonstrates its effectiveness, we recognize the crucial
need to assess and mitigate potential biases and unfairness in our
model. The MIMIC-III dataset used for training may itself contain
inherent biases or under-representation of certain demographic groups,
which could propagate through the model’s predictions. To ensure
responsible deployment, there is a need to conduct a comprehensive
analysis of GLLA’s performance across different demographic factors,
such as age, gender, and ethnicity, to identify any concerning dispari-
ties or biases. Taking the importance of transparency and explainability
in consideration, we find a need to develop interpretability methods
that provide clear explanations for GLLA’s predictions, enabling au-
diting and building trust among healthcare professionals and patients.
Furthermore, there is a need to explore techniques like data augmen-
tation, adversarial debiasing, and incorporating fairness constraints
during training to actively mitigate biases present in the data or model.
We aim to explore these aspects in future research to make such models
9

more accurate, unbiased, and inclusive.
5. Conclusion

The proposed Graph Learning with Label Attention (GLLA) model
offers significant advancements in temporal event prediction in health-
care. By integrating label attention, hyperbolic embeddings, and collab-
orative graph learning, GLLA addresses several limitations of existing
approaches and demonstrates superior performance in diagnostic pre-
diction and heart failure prediction tasks. The comprehensive evalua-
tion on the widely-used MIMIC III dataset showcased GLLA’s superior
performance compared to state-of-the-art baseline models, demonstrat-
ing its efficacy in managing and interpreting the vast and intricate data
contained in electronic health records (EHRs). While GLLA exhibited
substantial improvements in diagnosis prediction, there is still room
for further enhancements in heart failure prediction. Future research
could focus on optimizing the model’s performance specifically for
this task, potentially by exploring additional techniques or incorpo-
rating domain-specific knowledge. Overall, this work contributes to
the automation of EHR analysis and has the potential to advance
healthcare decision-making processes, disease management strategies,
and ultimately, improve patient outcomes. By addressing the challenges
of temporal event prediction in healthcare, GLLA paves the way for
more effective utilization of the vast amounts of data available in
modern healthcare systems.
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