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ABSTRACT

With the increasing availability of Electronic Health Records (EHRs) and advances in

deep learning techniques, developing deep predictive models that use EHR data to solve

healthcare problems has gained momentum in recent years. The majority of clinical predic-

tive models benefit from structured data in EHR (e.g., lab measurements and medications).

Still, learning clinical outcomes from all possible information sources is one of the main

challenges when building predictive models. This work focuses mainly on two sources of in-

formation that have been underused by researchers; unstructured data (e.g., clinical notes)

and a patient network. We propose a novel hybrid deep learning model, DeepNote-GNN, that

integrates clinical notes information and patient network topological structure to improve

30-day hospital readmission prediction. DeepNote-GNN is a robust deep learning frame-

work consisting of two modules: DeepNote and patient network. DeepNote extracts deep

representations of clinical notes using a feature aggregation unit on top of a state-of-the-art

Natural Language Processing (NLP) technique - BERT. By exploiting these deep represen-

tations, a patient network is built, and Graph Neural Network (GNN) is used to train the

network for hospital readmission predictions. Performance evaluation on the MIMIC-III

dataset demonstrates that DeepNote-GNN achieves superior results compared to the state-

of-the-art baselines on the 30-day hospital readmission task. We extensively analyze the

DeepNote-GNN model to illustrate the effectiveness and contribution of each component

of it. The model analysis shows that patient network has a significant contribution to the

overall performance, and DeepNote-GNN is robust and can consistently perform well on

the 30-day readmission prediction task. To evaluate the generalization of DeepNote and

patient network modules on new prediction tasks, we create a multimodal model and train

it on structured and unstructured data of MIMIC-III dataset to predict patient mortality

and Length of Stay (LOS). Our proposed multimodal model consists of four components:

DeepNote, patient network, DeepTemporal, and score aggregation. While DeepNote keeps

its functionality and extracts representations of clinical notes, we build a DeepTemporal

module using a fully connected layer stacked on top of a one-layer Gated Recurrent Unit

(GRU) to extract the deep representations of temporal signals. Independent to DeepTempo-
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ral, we extract feature vectors of temporal signals and use them to build a patient network.

Finally, the DeepNote, DeepTemporal, and patient network scores are linearly aggregated to

fit the multimodal model on downstream prediction tasks. Our results are very competitive

to the baseline model. The multimodal model analysis reveals that unstructured text data

better help to estimate predictions than temporal signals. Moreover, there is no limitation

in applying a patient network on structured data. In comparison to other modules, the

patient network makes a more significant contribution to prediction tasks. We believe that

our efforts in this work have opened up a new study area that can be used to enhance the

performance of clinical predictive models.
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1. INTRODUCTION

The Electronic health record systems (EHRs) hold a patient’s data as structured features

(e.g., such as lab results and vital sign measurements) and unstructured features (e.g., clinical

notes provided by caregivers) [1 ]. With the EHRs becoming available for researchers, there

has been an increasing interest in developing machine learning and, recently, deep learning

algorithms that can leverage EHR data to improve clinical outcomes.

In contrast to the structured portions of EHR data, typically used for billing and ad-

ministrative purposes, healthcare providers primarily use clinical notes for detailed docu-

mentation [2 ]. In other words, clinical notes provide richer information about patients since

they describe symptoms, reasons for diagnoses, radiology results, daily activities, and patient

illness history [3 ][4 ]. Although clinical notes are a valuable source of information, it is chal-

lenging to extract patterns from them. They contain highly heterogeneous writing styles,

including non-standard terminology or abbreviations [5 ]. Many studies primarily focused

on developing predictive models using structured EHR data features due to clinical notes’

sparse and high-dimensional nature [2 ][6 ][7 ].

Despite all these challenges, with the advancement of deep learning algorithms, the inter-

est and necessity in extracting relevant clinical information from clinical notes have increased

significantly. Deep learning models require high volumes of data because of the exponential

number of feature combinations that must be assessed for the model to learn [8 ]. Therefore,

it is essential to process available sources, including clinical notes, to feed data-hungry deep

learning models.

Bidirectional Encoder Representations from Transformers (BERT) [9 ] is one of the state-

of-the-art Natural Language Processing (NLP) models that can provide contextualized word

representations. By pre-training on a large clinical text corpus as a language model, BERT

can create context-sensitive word embeddings as features, which will be fed into downstream

tasks. Many clinical predictive models incorporate BERT architecture into a downstream

task and fine-tune it as an integrated task-specific architecture [3 ][10 ][11 ]. However, since

BERT is a deep algorithm with many parameters, it is computationally expensive to fine-

tune it on downstream tasks. Especially in clinical problems with a large dataset. As a
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solution, we propose a hybrid deep learning model – DeepNote-GNN, which utilizes a pre-

trained BERT with a patient network for downstream tasks, such as hospital readmission

prediction.

Early hospital readmission prediction facilitates identifying patients at high risk of read-

mission, which prevents the waste of hospital resources and increases inpatient care quality.

To predict hospital readmission, most existing models utilize structured data or require a

large amount of manual feature engineering [12 ][13 ][14 ].

DeepNote-GNN uses pre-trained BERT architecture to compute the latent embeddings of

clinical notes. Then, a patient network based on note embeddings and the graph topological

structure associated with hospital admissions is used to boost 30-day hospital readmission

prediction.

In recent years, Graph Neural Networks (GNNs) have been widely used to model a social

network as a graph and have shown success when applied to tasks like node classification

and social predictions[15 ][16 ][17 ]. Users’ common interests (e.g., purchase history) and their

neighbors in a social network assist item recommendation and user recommendation or clas-

sification. The patient network is modeled similarly as a social network in this research. The

similarity and relation between patients’ admissions (e.g., medical history, allergies, medica-

tion) are valuable sources of information to improve clinical predictions. The patient network

also mimics the doctors’ clinical decisions on patients based on their experience with similar

patients.

In addition to the readmission prediction task, we use DeepNote and patient network

modules of DeepNote-GNN to build a novel multimodal model and train it on a combination

of structured and unstructured data to make the patient mortality and length of Stay (LOS)

predictions. Modifying the architecture of a network as necessary and training it on new

prediction tasks or new sets of data is a common strategy in the machine learning community

to assess the network’s generalization ability.

In addition to DeepNote and patient network, we add two other components, DeepTem-

poral and score aggregation, to our multimodal model, which helps to boost its performance.

The results suggest that structured data can also be utilized to build a patient network. Fur-
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thermore, DeepNote-GNN’s components have the potential to be installed into other deep

learning models.

To the best of our knowledge, this research is the first that leverages clinical notes and

temporal signals to create patient networks inspired by social networks. Our contribution in

this research can be summarized in five steps:

• DeepNote-GNN takes a computationally efficient feature-based approach and ap-

plies it to large clinical datasets without fine-tuning a pre-trained NLP model.

• Our DeepNote representation uses the state-of-the-art language model, BERT [9 ],

pre-trained on medical data [3 ], with a modification to create richer contextual

embeddings associated with admissions.

• DeepNote-GNN builds a patient network using the graph structure to boost the

patient outcome predictions by integrating admission note features and topological

structure. The patient network takes advantage of similar patient data in the

system for the prediction. It improves performance and is computationally efficient.

• We evaluate DeepNote-GNN on a 30-day hospital readmission task using two dif-

ferent subsets of clinical notes in the MIMIC-III dataset. The results show that

our model outperforms the baselines by a significant margin.

• We evaluate the generalization ability of DeepNote and patient network on new

prediction tasks and new sets of data by installing them into a novel multimodal

model. The model is trained on new patient mortality and length of stay prediction

tasks using a combination of structured and unstructured data.
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2. RELATED WORK

Predicting unplanned hospital readmission has a clinical significance for improving the in-

patient care quality while also saving the hospital’s resources [18 ][19 ]. Traditional machine

learning and statistical techniques used to evaluate patient readmission risk utilize vari-

ous structured data in the EHR, such as patient demographics, medications, and lab tests.

Past models generally perform logistic regressions on features obtained by manual feature

engineering. A thorough review and comparison of past models can be found in [20 ][21 ].

Various deep learning algorithms and data representations have also been used for hos-

pital readmission prediction using structured data. For example, Min et al. [22 ] used both

knowledge-driven and data-driven features extracted from the claims history and the deep

and non-deep machine learning models to predict the readmission of Chronic Obstructive

Pulmonary Disease (COPD) patients. Wang et al. [23 ] investigated convolutional neural

networks (CNN) for feature extraction and multi-layer perceptron (MLP) to predict hospi-

tal readmission using structured data. Barbieri et al. [24 ] compared several deep learning

models with an attention mechanism for readmission prediction using structured data of

MIMIC-III. They concluded that data embeddings with neural ordinary differential equa-

tions achieved the best result. Ashfaq et al. [25 ] also applied structured data fusion and

utilized LSTM to improve the readmission predictions.

Although clinical notes provide a richer picture of a patient’s information collected during

their admission, models trained on clinical notes to predict hospital readmission risk have

been underdeveloped. Zhang et al. [26 ] proposed two multi-modal neural network architec-

tures, either Long Short-Term Memory (LSTMs) or Convolutional Neural Networks (CNNs),

to enhance patient representation learning by combining sequential unstructured notes with

static and structured data. Their model performance on 30-day readmission prediction ex-

ceeded the traditional baseline models, such as random forest and logistic regression, that

used only structured data. Liu et al. [27 ] leveraged unstructured clinical notes to generate

feature maps using deep learning models based on CNNs and trained them on heart failure

30-day readmission prediction task. Their model showed higher prediction performance than

conventional random forest models.
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Clinical notes are full of jargon and have an unusual grammatical structure; therefore, it

is challenging to build models to learn their representations. Traditional word-level vector

representations such as GloVe [28 ], word2vec [29 ], and fastText [30 ], extract each word as a

single context-independent vector representation, i.e., they are not able to capture the long-

range dependencies in clinical texts. With the advance in natural language processing (NLP),

bidirectional language models, such as BERT [9 ] is able to extract contextual word embed-

dings. BERT uses the transformer encoder architecture based on a self-attention mechanism

and provides contextual word representations based on a masked language model [9 ].

Although BERT achieves state-of-the-art results on most NLP tasks using almost the

same structure across all tasks, it shows poor performance on medical and biomedical cor-

pora [10 ]. The reason is BERT has been pre-trained on English Wikipedia and BooksCorpus,

which vary from clinical and biomedical texts in terms of vocabulary, word distribution, and

grammar structure. Several works pre-train BERT on clinical notes [11 ][3 ] and biomedi-

cal [10 ] literature to address this problem. The effectiveness of their proposed pre-trained

BERT models is evaluated by obtaining good performance on downstream tasks. Huang

et al. [3 ] proposed ClinicalBert by randomly sampling 100,000 notes from the MIMIC-III

dataset and pre-training the standard BERT model architecture on them. They follow the

BERTbase [9 ] parameter initialization and hyperparameter setting. ClinicalBERT uses the

same pre-training tasks as BERT: masked language modeling and next sentence prediction.

The ClinicalBert [3 ] original paper takes a fine-tuning approach. It utilizes the pre-

trained BERT model with an added fully connected layer on top and fine-tunes it on a

30-day readmission prediction task. Clinical notes associated with a patient’s unique admis-

sion are split into smaller sub-notes, and the probability on each sub-note is obtained for the

30-day readmission prediction task. To find the prediction outcome at an admission level,

Huang et al. [3 ] combined all probabilities corresponding to the same admission using score

aggregation. However, using score aggregation has a computational drawback, especially

in clinical datasets with larger data table size, which reduces speed and increases memory

requirements. Another issue is degree disparity [31 ], which has been addressed in Clini-

calBert by hand-engineering score aggregation to alleviate the influence of sub-notes that

do not contain information about readmission. However, hand-engineered methods reduce
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the generalization of the machine learning models. In this research work, we utilize feature

aggregation to obtain more powerful representations of clinical notes.

With the rapid growth of EHR data in volume, the interest in applying state-of-the-

art deep learning models to EHR data has increased. Graph neural networks (GNNs)

are not an exception. GNNs have been widely used in social classification and predic-

tion tasks [15 ][16 ][17 ], but in the clinical setting, they are a young and underdeveloped

domain [32 ].

Research works in this domain primarily focus on utilizing graphs to model medical

knowledge or structure the EHR itself (e.g., the relationship between diagnoses and treat-

ments) [33 ]. However, models that build a patient graph to learn from connections between

similar patients are underdeveloped. Malone et al. leveraged patient graph to solve the task

of missing data imputation using embedding propagation [34 ][35 ]. Rocheteau et al. [36 ] pro-

posed a hybrid model combining LSTMs for extracting temporal features and Graph GNNs

to produce the patient neighborhood information. They exploited diagnoses as relational

information by connecting similar patients in a graph.

To the best of our knowledge, our work is the first to improve 30-day hospital readmission

prediction by leveraging clinical notes and a patient network. We adopt a feature-based

approach to extract powerful representations of clinical notes. These patient representations

are then utilized in the patient network to reflect the similarity between patients, which

improves the prediction of 30-day readmission.
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3. NEURAL NETWORK ARCHITECTURE

The advancement of data collection techniques in recent years has resulted in the availability

of a greater volume of data. Large datasets can be used by researchers to build models with

more complex architecture than conventional machine learning and statistical models.

The efficiency of traditional machine learning models improves as the amount of data

increases until it plateaus. Artificial neural networks are built to overcome this limitation

and improve performance as the amount of data fed into them grows. As a result, artificial

neural networks are data-hungry complex models with a high generalization ability that can

be used instead of classic models to deal with larger datasets. Technically speaking, artificial

neural networks are computational processing systems inspired by the way biological nervous

systems operate [37 ]. They consist of multiple neurons connected to pass a message from an

input to an output.

A simple version of an artificial neural network is built by a layered organization of

neurons, presented in Figure 3.1 . In each layer, the weighted sum of multiple inputs is

calculated, and activation values are returned, which will be used as inputs for the next layer.

The activation functions are necessary to introduce non-linearity to the model. Otherwise,

a complex deep neural network is equivalent to a simple linear function. Depending on the

model design, different activation functions are available. Neurons in a deep network can

have various activation functions, such as ReLU [38 ], Tanh, and Softmax functions.

A layer with neurons directly connected to neurons in the two neighboring layers, but

not to any neurons within them, is called a fully connected layer. The connection between

the neurons of consecutive layers is associated with a weight matrix. The initial weights

are selected randomly. Each neuron is responsible to pass a message to other neurons that

follow. The message is computed based on the neuron’s inputs and the weights learned

through a feedback mechanism. The final neuron generates the output, which is used in the

model’s loss function. The goal of a deep neural network is to reduce the loss function. For

this purpose, the gradient of loss function with respect to the weights are computed. This

process is called backpropagation. Different optimization methods can be used to perform

backpropagation, such as stochastic gradient descent and Adam optimizer [39 ].
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Based on the arrangement of neurons and the model architecture design, deep neural

networks are categorized into different groups, including Convolutional Neural Networks [37 ],

Recurrent Neural Networks (RNNs) [40 ], and Graph Neural Networks (GNNs) [41 ]. In the

following sections, we demonstrate each of the aforementioned neural networks, which are

used as the building blocks of our model architectures.

Input Layer

Input 1

Input 2

Input 3

Input 4
Hidden Layer

Output Layer

Output

Figure 3.1. A two-layer neural network architecture

3.1 Convolutional Neural Network

One of the most popular deep neural networks is the Convolutional Neural Network

(CNN), which takes its name from mathematical linear operation between matrixes called

convolution [42 ]. Convolutional neural networks, also known as ConvNets, have multiple

layers, including convolutional layer, non-linearity layer, pooling layer, and fully connected

layer. The convolutional and fully connected layers have parameters, but pooling and non-

linearity layers do not have parameters.

Compared to feed-forward neural networks, a smaller number of parameters is required

to be learned with convolutional layers. Because convolutional layers use kernels, also called

filters, as shared weights. Therefore, in a convolutional layer, the number of weights equals

the size of the kernel. The convolution operation performed by kernels will be controlled by
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several hyperparameters, including the size of the kernel, the padding size, and the size of

the stride.

In each layer of a ConvNet, multiple kernels are used to learn various features. Using

multiple kernels can add to the dimensionality of deep representations, which can be reduced

gradually using pooling layers. Hence, pooling layers help further reduce the number of

parameters as well as the computational complexity of the model [37 ]. Two common pooling

approaches used in deep learning models are max pooling and average pooling. Max pooling

returns the maximum value from the receptive field, while the average of the values is

calculated and returned by an average pooling.

Convolutional layers can be implemented in a variety of deep neural networks. In this

study, we do not use convolutional networks directly, but we use Graph Convolutional Net-

works (GNNs) with built-in convolutional and fully connected layers.

3.2 Graph Neural Network

The underlying relationships among data can be represented using graph structures in

several application areas, including computer vision, molecular biology, social recommenda-

tion, and pattern recognition. The basic graph structures include single nodes and sequences.

However, based on the application, the information can be organized in more complicated

graph structures such as trees, acyclic graphs, and cyclic graphs [15 ].

Deep neural network techniques for graph data have advanced significantly in recent

years. These deep neural network architectures are known as Graph Neural Networks

(GNNs). GNNs use neural networks to iteratively aggregate feature information from local

graph neighborhoods. Meanwhile, node information can be propagated through a graph af-

ter transformation and aggregation. As a result, GNNs can learn meaningful representations

for graph data by combining node information with topological structure [43 ].

In this study, we create graphs explicitly to build a patient network, where a patient’s

admission is represented as a node, and the relationships between several admissions are rep-

resented as edges. Therefore, we remodel our clinical prediction tasks into node classification

tasks.
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In a node classification setup, each node v is represented by its feature xv and has a

label. To predict the labels of unlabeled nodes, the graph neural network learns to improve

the representation of each node to a d-dimensional vector hv which contains the information

of its neighborhood [41 ], demonstrated in Equation 3.1 .

hv = f
(
xv, xco[v], hne[v], xne[v]

)
(3.1)

where xco[v] is the features of the edges connecting with node v. hne[v] and xne[v] respectively

denote the embedding and features of the neighboring nodes of v. Function f projects these

inputs onto a d-dimensional space.

We repeat our experiments using two powerful GNN models: Graph Convolutional Net-

work (GCN) [16 ] and Graph Attention Network (GAT) [44 ].

3.3 Graph Convolutional Network

Graph Convolutional Networks (GCNs) are a variation of graph neural networks that

can learn from graph data using convolutional layers.

In a GCN network, each graph node receives the features from its neighbors and itera-

tively aggregates those features using an aggregation function like average. The aggregation

function must apply an isotropic aggregation, i.e., each neighbor contributes equally to up-

date the central node representation. Next, the aggregated features are fed into a neural

network with convolutional layers. The neural network generates the new vector represen-

tation of the node. The whole process is then repeated using the new node features. The

math behind the aggregation performed by the GCN layer is demonstrated in Equation 3.2 .

f
(
H(l), A

)
= σ

D̂
−

1
2 ÂD̂

−
1
2 H(l)W (l)

 (3.2)

where H(l) and W (l) denote the hidden state of the l-th layer and its corresponding weight.

A is the adjacency matrix and D is the degree matrix, with Â = A + I, where I is the

identity matrix, and D̂ the diagonal node degree matrix of Â.

22



For the above equation, it is important to sum up the identity matrix I with the ad-

jacency matrix A because otherwise, for every node, we sum up all the feature vectors of

neighboring nodes but not the node itself. Adding the identity matrix to the adjacency

matrix is a technique proposed by [16 ] to enforce self-loops in the graph. Also, a symmetric

normalization is essential to keep the scale of the feature vectors. The scale of the feature

vectors can be understood by looking at the eigenvalues of A.

GCNs also benefit from parameter sharing the same as ConvNets. The function respon-

sible for updating the node features in the graph is parametrized the same way across every

location in the graph. When it comes to node classification tasks, GCNs show robust per-

formance in many cases. In this study, we employ a graph convolutional network to model

the patient network and classify a patient’s admission to a specific category.

3.4 Graph Attention Network

The other category of Graph Neural Networks (GNNs) is Graph Attention Networks

(GATs) [44 ]. GATs are neural architecture networks that operate on graph-structured data

and use masked self-attentional layers to overcome the drawbacks of Graph Convolutional

Networks (GCNs) [44 ].

In a GAT model, the attention layers are utilized to assign weights to each node’s neigh-

bors based on their contributions. Therefore, in a GAT, the edges are weighted based on

the relative importance between two nodes that they connect. This process is done in four

steps as follows:

• Step 1: The feature vectors of the nodes are transformed linearly, parametrized by

a weight matrix, W .

• Step 2: The attention coefficients that determine the relative importance of neigh-

boring features are calculated using Equation 3.3 .

eij = a
(
W

−→
h i, W

−→
h j
)

(3.3)
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where a is a shared attentional mechanism that captures the attention coefficients,

indicating the importance of the neighboring nodes i and j.

• Step 3: Since the number of neighbors varies for different nodes in different graph

structures, the attention coefficients are normalized to have a common scaling

across all neighborhoods using Equation 3.4 .

αij = exp (LeakyReLU (eij))∑
k∈N exp (LeakyReLU (eij))

(3.4)

where N is the neighborhood of the node i.

• Step 4: The learned features of the nodes are computed using Equation 3.5 .

−→
h i = σ

∑
j∈N

αijW
−→
h j

 (3.5)

where σ is a non-linear activation function.

In the case of employing a multi-head attention mechanism, various attention maps are

first calculated. Then all learned representations are aggregated to generate the final output

feature for each node, demonstrated in Equation 3.6 .

−→
h i = σ

 1
K

K∑
k=1

∑
j∈N

αk
ijW

k−→
h j

 (3.6)

where K is the number of independent attention maps.

3.5 Recurrent Neural Network

Recurrent Neural Networks (RNNs) are a class of artificial neural networks well-suited to

processing variable-length sequential data, such as time-series. RNNs can be implemented

in various applications, including text processing, speech recognition, DNA sequences, and

more, where the output depends on the previous computations [45 ].
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Since RNNs have a significant representation for keeping the information about the past

time steps, they can be applied into clinical time-series data such as lab measurements and

vital signs where the order of data affects the outcomes.

RNNs are an extension of a conventional feed-forward neural network with a recurrent

hidden state whose activation at each time is dependent on that of the previous time. At

each time step, the input at present time and the output produced at previous time affect

the available parameter,

a<t> = g1
(
Waaa<t−1> + Waxx<t> + ba

)
y<t> = g2

(
Wyaa<t> + by

) (3.7)

where x<t>, a<t>, and y<t> respectively represent the input, activation, and output at time

t, with the shared parameters between them noted as Wax, Waa, Wya, ba, by. The activation

functions are represented by g1, g2.

The main advantages of RNNs are their ability to process the input of any size and

produce variable-length outputs. Furthermore, weights are shared across time. As a result

of parameter sharing, the model size does not increase as the size of the input increases.

On the other hand, deep RNNs are computationally expensive and may suffer from the

problem of vanishing or exploding gradients. As deep autoencoders, the gradient in RNNs

may become smaller and smaller and make the parameter updates insignificant, which means

no real learning is done.

Two variations of RNNs are proposed to solve the vanishing gradient problem: Long

Short-Term Memory units (LSTMs) [46 ] and Gated Recurrent Units (GRUs) [47 ]. In this

study, we repeated our experiments, regarding the mortality and length of stay prediction

tasks, by feeding time-series data into both LSTM and GRU models. Despite having a less

complex architecture, the gated recurrent unit has shown a better performance. Therefore,

we preferred GRU over LSTM in our final model architecture design.
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3.6 Gated Recurrent Unit

Recurrent neural networks (RNNs) have a short-term memory problem, which means that

for lengthy sequences, they fail to convey a message from earlier time steps to later ones.

Technically speaking, this issue is called the vanishing gradient problem. As the gradient

back propagates through time, it shrinks, and the weight update becomes insignificant.

Gated Recurrent Units (GRUs) [47 ] are variations of RNNs that can deal with the van-

ishing gradient problem encountered by traditional RNNs. A gated recurrent unit modulates

information inside the unit using an update gate z and a reset gate r. These are two vectors

which decide what information should be passed to the output, shown in Figure 3.2 .

Figure 3.2. Gated Recurrent Unit

The update gate determines how much of the information from the previous time steps

needs to be passed along to the future, while the reset gate decides how much of the past

information to forget. The mathematical formulation of a GRU model can be represented

as
zt = σ (Wzxt + Uzht−1 + bz)

rt = σ (Wrxt + Urht−1 + br)

ĥt = tanh (whxt + rt ◦ Uhhi−t + bh)

ht = zt ◦ ht−1 + (1 − zt) ◦ ĥt

prediction = sigmoid (Whht + bh)

(3.8)

where ◦ represent the element-wise multiplication. The notations zt, rt, ĥt, ht respectively

are the update gate, the reset gate, the candidate activation unit, and the current activation.
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3.7 Bidirectional Encoder Representations from Transformers

To understand the architecture design of DeepNote-GNN, first, we need to know how

BERT [9 ] model works. BERT, which stands for Bidirectional Encoder Representations

from Transformers, has been created and published by Jacob Devlin and his colleagues at

Google AI language in 2018.

In recent years, BERT model has gained attention and been widely used by the ma-

chine learning community for its state-of-the-art results in a wide range of natural language

processing (NLP) tasks, including question answering and language inference, while using

almost the original structure across the tasks.

Previous language representation models, such as [48 ], looked at a text input sequentially

either from left to right or fused the left-to-right and right-to-left representations trained

independently. In contrast, BERT is designed to pre-train deep bidirectional representations

from unlabeled text by jointly conditioning on both left and right context in all layers [9 ].

As a result, compared to unidirectional language models, BERT can capture long-range

dependencies of words in a text and produce contextual word representations. In other

words, BERT learns a word representation based on all of its surrounding words in a context.

BERT learns text embeddings by utilizing a transformer encoder architecture [49 ]. The

transformer encoder architecture is built on a self-attention mechanism, with two unsuper-

vised tasks used to specify the model’s pre-training objective function: masked language

modeling and next sentence prediction [3 ]. For the masked language model, BERT takes in

sequences of words as inputs where 15% of words in each sequence has been replaced by a

[MASK] token. The model attempts to predict the original value of masked words based

on the un-masked context words. For this purpose, a classification layer is added on top of

the encoder output. For next sentence prediction, the model receives pairs of sentences as

inputs and predicts whether the second sentence is the subsequent sentence in the original

document or not. In this regard, the beginning and end of sentences are determined using

[CLS] and [SEP] tokens.

The attention mechanism in BERT model increases the interpretability of the results

and has a clinical significance. Attention assigns weights to input features based on their
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importance to a task. The attention function takes as input a key, a query, and a value vector

and computes a distribution over all keys for each query. Next, it multiplies these distribution

weights with values. However, in a self-attention mechanism, the input tokens are multiplied

with a set of learned weights to construct queries, keys, and values. Equation 3.9 indicates

the attention function for a set of queries, keys, and values denoted by Q, K, and V , each

with the length of d.

Attention(Q, K, V ) = softmax
(

QKT

√
d

)
V (3.9)

An attention weight with a high value signifies that the interaction between the query and

key token is predictive about the task at hand. Transformer encoders utilize this attention

to simultaneously process every element of a sequence into a sequence of deep embedding

representations. BERT is based on 12 stacked transformer encoders [49 ] with 12 attention

heads [50 ].

For classification purposes, two strategies can be adopted using the BERT model: fine-

tuning and feature-based approaches. In a fine-tuning classification method, a classification

layer is added on top of the transformer output for the [CLS] token with the output size

equal to the number of labels and generally a sigmoid activation function. BERT has shown

successful results when trained on the downstream tasks by simply fine-tuning all pre-trained

parameters while keeping almost the same architecture across the tasks.

In a feature-based classification approach, pre-trained word representations are extracted

as features and are fed into an inexpensive machine learning architecture to make predictions.

Consequently, compared to fine-tuning approach, the feature-based methods introduce higher

task-specific parameters.

Before explaining how the BERT is applied to medical and biomedical predictive models,

it is worth mentioning that researchers primarily benefit from transfer learning technique

on the pre-trained BERT model. In the following sections, first, the application of transfer

learning in NLP, especially in medical and biomedical fields, is explained. Then a recent

BERT model pre-trained on a clinical dataset, ClinicalBERT [3 ], is introduced.
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3.8 BERT-base Transfer Learning

Instead of training a predictive model on a task from scratch using a single dataset,

researchers tend to use transfer learning. Transfer learning refers to a set of methods that

leverage data from additional domains or tasks to train a model and improve its generaliza-

tion properties [51 ].

It is a popular approach in the NLP domain where a pre-trained model is fine-tuned

on a downstream task using a new dataset and objective function. Depending on the ap-

plication, the fine-tuning approach can differ. For training using a small amount of data,

researchers generally freeze the earlier layers and learn the rest of parameters. However,

for larger datasets, the whole network can be retrained with the pre-trained network weight

initialization.

BERT model has been trained on general domain corpora, including English Wikipedia

and BooksCorpus. As the state-of-the-art language model pre-training model, BERT, has

achieved strong results in many language understanding tasks, researchers utilize a transfer

learning technique for downstream NLP tasks. They fine-tune the original pre-trained BERT

model on downstream tasks for which the understanding of the workings of the English

language is required. The performance improvement reported in various NLP tasks has

proven the effectiveness of BERT’s contextualized word representations [9 ].

However, the representations provided by the original BERT [9 ] cannot achieve high

performance in the medical and biomedical domains since BERT is pre-trained on only

general domain corpora, which vary from medical and biomedical texts in terminology and

grammatical structure.

To address this problem, researchers apply transfer learning technique and pre-train

BERT on in-domain text. For example, ClinicalBERT [3 ] has been developed by pre-training

the original BERT model on clinical notes of MIMIC-III dataset and achieved high perfor-

mance in predicting 30-day hospital readmission prediction. Since ClinicalBERT is the

primary baseline of the current research work, it has been fully demonstrated in the next

section.
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3.9 ClinicalBERT

Clinical notes are full of jargons, abbreviations and have an unusual grammatical struc-

ture. Therefore, it is challenging to extract deep representation of clinical notes that can

uncover clinical insights. Figure 3.3 shows an example of a clinical note in MIMIC-III dataset.

Figure 3.3. A clinical note sample in MIMIC-III dataset

Huang et al. [3 ] apply BERT model to clinical notes of MIMIC-III dataset so that the

pre-trained BERT model, named ClinicalBERT, be able to learn the deep representations of

clinical notes. They randomly sample 100,000 notes from the MIMIC-III dataset and pre-

train the standard BERT model architecture on them, followed by BERTbase [9 ] parameter

initialization and hyperparameter setting. As a result, ClinicalBERT is able to transform

clinical notes into embeddings that can provide interpretable clinical insights.

A clinical note is represented in ClinicalBERT as a set of tokens. In a preprocessing

stage, these tokens are subword units extracted from text [52 ]. A token in a clinical note

is computed by adding the token embedding, a learned segment embedding, and a location

embedding in ClinicalBert. The segment embedding determines which sequence each token
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belongs to. The position embedding of a token is a set of parameters that have been learned

to correspond to the token’s position in the input sequence. For classification purposes, a

classification token [CLS] is inserted at the beginning of each sequence of input tokens [3 ].

ClinicalBERT utilizes the original BERT architecture and its pre-training tasks, masked

language modeling and next sentence prediction, on MIMIC-III clinical notes. The sum of the

log-likelihood of the masked tokens and the log-likelihood of the binary variable indicating

whether two sentences are consecutive is the pre-training objective function [53 ].

Besides language modeling tasks, Huang et al. ran an experiment to prove that Clin-

icalBERT outperforms the original BERT in capturing the relationships between clinical

terms as physicians assess. They benchmarked embedding models using the clinical concept

dataset in Pedersen et al. [54 ]. In this regard, they extracted the clinical text embeddings

using ClinicalBERT and computed the similarity between two terms using the cosine similar-

ity metric. The Pearson Correlation between the cosine similarity of embeddings learned by

BERT and two other language models, Word2Vec [55 ] and FastText [56 ], has been computed

with the ratings given by physicians. The results presented in [3 ] show that ClinicalBERT

has a high correlation score, i.e., the embeddings created using ClinicalBERT can capture

human-rated similarity between clinical concepts [3 ].

To evaluate the effectiveness of ClinicalBERT representations, Huang et al. adopted a

fine-tuning approach and evaluated the ClinicalBERT on 30-day hospital readmission pre-

diction task. For this purpose, a binary classification layer has been added on top of the

ClinicalBERT to classify each clinical note deep representation hCLS as readmit (1) or not

(0), shown in Figure 3.4 . Given a clinical note as input, the probability of readmission is

computed using Equation 3.10 .

P (readmit = 1|hCLS) = σ (WhCLS) (3.10)

where W is the weight of the last classification connected layer and σ is a non-linear activation

function.
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Figure 3.4. ClinicalBert model architecture

To find the prediction outcome at an admission-level, Huang et al. use a score aggre-

gation technique and combine all probabilities corresponding to the same admission using

equation 3.11 .

P (readmit = 1|hpatient) = pn
max + pn

mean ∗ n/c

1 + n/c
(3.11)

where pmax and pmean are respectively the maximum and mean probability across n clinical

notes belonging to the same admission. c is a scaling factor that has been obtained practically

and is equal to 2. Score aggregation improves the prediction results by 3-8%.

However, using the score aggregation has a computational drawback, especially in clinical

datasets with larger data table size, which reduces speed and increases memory requirements.

Another issue is degree disparity [31 ], which has been addressed in ClinicalBERT by hand-

engineering score aggregation. Note that hand-engineered methods reduce the generalization

of the machine learning models.

In DeepNote-GNN, a feature-based approach has been obtained. Also, instead of score

aggregation, a feature aggregation has been designed that averages the deep representation

of clinical notes corresponding to an admission to compute its deep representation.
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4. MODEL DESCRIPTION

We describe the models proposed in this study, DeepNote-GNN and a multimodal model,

and their components in the following sections.

4.1 DeepNote-GNN

In this section, we explain how we build a novel hybrid model, DeepNote-GNN, that

improves readmission prediction task by leveraging clinical notes and creating a patient

network from scratch.

The typical deep language framework used for text classification tasks, including read-

mission prediction, generally consists of a classification layer on top of a deep language

presentation model, shown as Figure 4.1 . The language model takes in text data, such as

clinical notes, as input and converts them into latent representations, which effectively cap-

ture all the important information needed to represent the original data point. This natural

language understanding task is popularly known as representation learning.

In the next step, a classification layer takes the learned deep representations and classifies

them into the final output classes (readmission or not) with probabilistic scores. The clinical

predictive models that are developed based on this typical framework suffer from two main

limitations: high computational cost and poor generalization ability.

Language 
Model Embeddings Classifier Output LayerInput Text Prediction

Figure 4.1. Typical deep learning pipeline used in text classification models

Clinical notes have a heavy data pre-processing pipeline and demand greater processing

power because they are large in numbers and full of abbreviations, jargon, and unusual

grammar structure [3 ]. Hence, it is computationally expensive to develop heavily engineered

task-specific architectures and train them on large clinical note datasets. As a solution,

researchers generally employ a fine-tuning approach by selecting an existing pre-trained deep
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network and fine-tune it on a downstream task [3 ][57 ]. However, the fine-tuning approach

introduces minimal task-specific parameters [9 ].

To address the limitations mentioned above, we develop a novel hybrid model, DeepNote-

GNN, that adopts a feature-based approach and evaluates it on a 30-day hospital readmission

prediction task. DeepNote-GNN extracts the deep features of clinical notes once and lever-

ages them to build a patient network. The overall architecture of DeepNote-GNN is shown

in Figure 4.2 . The framework consists of two main modules: DeepNote for obtaining deep

clinical note representation and patients network.

DeepNote extracts the context-dependent word representations of clinical notes using the

state-of-the-art natural language processing algorithm, BERT, pre-trained on the MIMIC-III

medical dataset [9 ][3 ], so that it can capture the long-range dependencies of words, which is

vital in the clinical setting.

DeepNote-GNN uses a feature-based approach for clinical note representation using a pre-

trained BERT model. There are major computational benefits to pre-compute an expensive

representation of the training data once and then run many experiments with cheaper task-

specific classification models on top of this representation [9 ].

We built a patient network, then trained it with a Graph Neural Network (GNN) algo-

rithm - Graph Convolutional Networks (GCN). A patient network is modeled as a graph

with each node representing a patient’s admission using deep note representation and each

edge representing a connection between two admissions if they are similar enough based on

a similarity measurement.

Our goal is to mimic the hospital team’s decision-making process. In addition to a

patient’s medical information, doctors decide about the patient’s medication or treatment

procedure based on their experience with other similar patients. In the following sections,

we demonstrate each module of DeepNote-GNN in details.

4.1.1 DeepNote Representation

We develop an adaptation over the ClinicalBERT model [3 ] to extract the deep repre-

sentations of clinical notes and create an admission feature. DeepNote module is built by
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adding an aggregator on top of the ClinicalBERT model to output fixed deep representations

of clinical notes at an admission level, shown as Figure 4.2 .

To formalize the definition of DeepNote, let A = {a1, a2, ..., an} be the set of admis-

sions in a selected dataset, with n being the total number of admissions. We define N i =

{ni
1, ni

2, ..., ni
mi

} as the set of clinical notes that exist for a patient’s admission i, with mi

being the total number of notes for admission i. We concatenate all notes that exist per

admission i and create ni as the clinical note of admission i, see Equation 4.1 .

ni = ni
1 || ni

2 || ... || ni
mi

(4.1)

ClinicalBert shares the same architecture as the BERT model, which only takes in 512

sequence inputs at a time. Therefore we cannot feed long text sequences ni to the model. As a

result, we split ni’s into text chunks with a smaller length. Each text chunk is then converted

to token sequences with a length of 512, using the BERT tokenizer, as in Equation 4.2 .

ti
j = Bert-Tokenizer(ci

j) (4.2)

where ti
j is the token sequence associated with text chunk ci

j. C i = {ci
1, ci

2, ..., ci
ki

} and

T i = {ti
1, ti

2, ..., ti
ki

} represent the set of text chunks and token sequences for admission i,

with ki being the total number of text chunks for admission i.

The first token of every sequence is the special classification token ([CLS]). The final hid-

den state of size 768 corresponding to this token is used as the aggregate sequence represen-

tation for classification tasks. F i = {f i
1, f i

2, ..., f i
ki

} represents the set of 768-value embedding

vectors of text chunks for admission i.

DeepNote implements an average feature aggregator on top of the pre-trained BERT

model to compute the admission features directly from the text chunk latent representations,

shown as Equation 4.3 . The performance of a single aggregator operator can be set differently

across different datasets [31 ]. We utilize an average aggregator so that an admission feature

becomes an overall picture of all text chunks related to it. Also, an average aggregator
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makes all admission features remain on the same scale, which is required toward training the

patient network.

f i =
∑ki

j=1 f i
j

ki
(4.3)

Since DeepNote uses the pre-trained BERT model to generate data representations and

then feed these fixed representations into computationally efficient classification models, this

data representation approach is computationally efficient compared to a model that needs

to fine-tune the BERT on the downstream tasks.

DeepNote-GNN utilizes the DeepNote representation to build a patient network. The

patient network learns the admission structure alongside the features to predict hospital

readmission.

4.1.2 Patient Network

DeepNote-GNN builds a patient network inspired by the social network-based recom-

mendation methods. Social Networks are broadly modeled as Graph Neural Networks

(GNNs) [15 ][16 ][17 ], with nodes representing the users and items and edges representing

the connections between them. The interaction between a user and its neighbors and the

similarity between their preferences are valuable sources of information used in node classi-

fication or social prediction tasks.

If the patient network is modeled as a social graph, patients can be modeled as users

with various items (e.g., diagnosis, prescriptions, lab tests) connected to each other based on

their similarity. Since in the 30-day hospital readmission prediction task, we make predictions

at an admission level, in the patient network, we model each patient as a node using the

admission information and connect two patients based on their similarity metric. Due to a

large number of nodes, it is more computationally feasible to reduce the connections between

nodes into a few powerful connections. In this research, we connect admissions with a cosine

similarity of more than a threshold and leave the rest of the nodes intact [58 ].

The patient network is built as a graph G = (V , E) where V = {a1, a2, ..., an} is the set of n

unique admissions as nodes, and E is the set of edges. The deep clinical note representations
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are used as node feature vectors. An edge connects two admissions if the cosine similarity

between their features is more than a threshold θ, see Equation 4.4 .

eij = 1 if similarity(f i, f j) = f i · f j

||f i|| ||f j||
> θ (4.4)

where eij represents an edge between admission nodes i and j.

The value of cosine similarity threshold can be adjusted based on the downstream task

and the dataset. In DeepNote-GNN, we set θ to be 0.99 after hyperparameter tuning, because

the mean similarity between all nodes is high. Moreover, our goal is to connect admissions

with high similarity to decrease the rate of false positive predictions.

Many previous graph algorithms can be applied to a patient network. The choice of

graph algorithm can depend on the computational resources and downstream tasks. In this

research, the patient network utilizes a two-layer Graph Convolutional Network (GCN) [16 ]

for node classification (readmission or not) on a graph with a symmetric adjacency matrix

A ∈ RN×N and a degree matrix Dii = ∑
j Aij. In pre-processing step, the adjacency matrix

A is normalized into Â, as in Equation 4.5 .

Â = D̃− 1
2 ÃD̃− 1

2 (4.5)

where Ã = A + In is the adjacency matrix of the undirected graph G with added self-

connections. In is the identity matrix and D̃ii = ∑
j Ãij.

The GCN forward model computes class scores Z in the form of Equation 4.6 .

Z = softmax(Â ReLU(ÂXW (0))W (1)) (4.6)

where W (0) and W (1) are input-to-hidden and hidden-to-output weight matrices respectively.

X is a matrix of admission node feature vectors, f i’s.

37



4.2 Multimodal Model

In order to assess the generalization of a model, it is important to add necessary modifi-

cations to the model and run it on new prediction tasks. After measuring the performance of

the methods suggested in this study on readmission prediction task using the clinical notes,

we design a new set of experiments to analyze model performance on new prediction tasks

using unstructured data, structured data, and a combination of them.

The experiments that follow evaluate the methods established in this study on a new set

of risk prediction tasks: patient mortality and length of stay. Patient mortality and length

of stay can be analyzed in two ways, depending on whether the event occurred in the ICU

or not. As a result, in terms of patient mortality, two prediction tasks will be performed,

one for in-hospital mortality and the other for in-ICU mortality. For the length of stay, it is

important to figure out whether the patient’s stay will be long or short. The decision about

the length of stay generally depends on the application.

In this research work, two prediction tasks are performed in this regard, such as a three-

day short length of stay and a seven-day long length of stay. It is worth noting that length

of stay prediction task is a binary classification. For example, when predicting a three-day

length of stay, the admission would be categorized depending on whether or not it took

longer than three days.

To summarize, the prediction tasks that have been studied are as follows:

• In-hospital mortality: to evaluate if a patient died during a hospital admission

after his ICU admission.

• In-ICU mortality: to assess whether a patient died during an ICU admission.

• Three-day length of stay: to classify patients who stayed in the ICU for more than

three days.

• Seven-day length of stay: to categorize patients who stayed in the ICU for more

than seven days.

As a result, we have to deal with four binary classification tasks. A multimodal architec-

ture has been developed to evaluate the methods proposed in this study on new prediction

tasks.
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The progress in deep learning has paved the way for more challenging machine-learning

problems, which often include several data modalities. The aim is to use the data in a

complementary manner to learn a complex task. Multimodal datasets can accomplish this

goal since they combine data from several sensors observing the same phenomenon. One

of the key benefits of deep learning is that instead of manually designing or handcrafting

modality-specific features that are then fed to a machine-learning algorithm, a hierarchical

representation can be automatically learned for each modality. To sum it up, multimodality

yields a richer representation that could be used to produce much improved performance

compared to using only a single modality [59 ].

To conduct model analysis on new prediction tasks, a data cohort has been selected

from the MIMIC-III dataset, which contains both structured data and unstructured data

so that the proposed model learns effectively by integrating medical texts and time-series

ICU signals of patients. Furthermore, the impact of various data representations has been

explored by applying a learned score aggregation to predict outcomes.

The findings indicate that a multimodal architecture can improve the results. Also,

implementing a patient network leverages the representations. Consequently, it is a good

practice to implement the patient network on deep neural models and generalize it into new

prediction tasks.

For the mortality and length of stay prediction tasks, since we use an integration of

structured and unstructured data, we cannot use DeepNote-GNN directly. Therefore, we

develop a new mutimodal model and apply the DeepNote and patient network modules to

it with a slight modification. The details of the model are represented in Figure 4.3 .

The proposed model contains four primary modules: DeepNote, DeepTemporal, patient

network, and score aggregation. We explain each module and its functionality in mortality

and length of stay prediction tasks in the following sections.

4.2.1 DeepNote Representation

DeepNote has the same architecture and details as explained in the DeepNote-GNN

literature. It applies the BERT model, pre-trained on random text data of the MIMIC-
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III dataset, on clinical notes to generate a deep representation for each note. A feature

aggregation is added to create a final admission feature by merging all the clinical note

representations associated with that admission. The only difference here lies in the data

selection approach.

We only use clinical notes obtained during the first day of a patient’s admission for

the mortality and length of stay prediction tasks. Consequently, the text chunk density

for each admission is low compared to the readmission prediction task. As we average a

smaller number of representations, the final admission feature has lower variance and better

represents its associated text chunks.

The notes collected on the first day of admission, on the other hand, may offer general

information about a patient’s condition, such as allergies or status prior to hospitalization,

but they lack more detailed information for predicting mortality and length of stay. We

assign a weight to control the effectiveness of note features in the final prediction.

Assuming A = {a1, a2, ..., an} is the set of admissions with n being the total number of

admissions, and N i refers to the set of notes collected during the first day of admission i. In

that case, the output of DeepNote module associated with admission i is represented by f i
note,

with a size 768. We add a dense layer, with a size of two, on top of the DeepNote module to

extract a score vector for note features. The score vector for admission i is represented by

si
note. Equation 4.7 demonstrates the math behind the note score extraction.

f i
note = DeepNote(N i)

si
note = Wnotef

i
note

(4.7)

where Wnote presents the weights between the note features extracted from the DeepNote

module and the fully connected layer of size two.

4.2.2 DeepTemporal Representation

The second module of the proposed model is DeepTemporal, which has taken its name

inspired by the DeepNote network. Similar to how DeepNote generates deep representations
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for clinical notes, DeepTemporal is used to extract the deep representations of structured

time-series data.

Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) are two recurrent

neural network models that perform well on sequential data, such as temporal samples, and

alleviates its vanishing gradient problem. Therefore, we repeated our experiments using each

of these networks. Although the LSTM contains an extra memory gate, which complicates

its architecture, the GRU outperformed on our data. As a result, we use the gated recurrent

unit to capture the deep representations of temporal data in our final model.

To formulate the DeepTemporal network, the input sequence for admission i is repre-

sented with Ti. We apply a one-layer gated recurrent unit RNN, with a size of 256, to the

input sequence Ti. The output of the GRU is then flattened and fed into a dense layer with

size 512 to create a deep temporal feature for admission i, noted as f i
temporal. We add a

dropout with a rate of 0.5 after the first fully connected layer to alleviate the overfitting

problem. A dense layer of size two is stacked on top of the temporal features to generate a

temporal score, represented by si
temporal. Equation 4.8 demonstrates how to compute si

temporal

mathematically.
hi

temproal = flatten(GRU(2)(T i))

f i
temporal = W 1

temporalh
i
temporal

si
temporal = W 2

temporalf
i
temporal

(4.8)

where W 1
temporal and W 2

temporal respectively determine the weights corresponding to dense

layers of size 512, and two.

4.2.3 Patient Network

The patient network defined for mortality and length of stay prediction tasks has the

same implementation details as explained in the DeepNote-GNN literature, except we use

the deep representations of temporal data instead of clinical note feature vectors.

Creating a patient network is challenging because of the number of hyperparameters that

we need to tune. Hyperparameters are a set of parameters that cannot be estimated by the

model using the given data. Hyperparameter tuning is an essential step in developing robust
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machine learning algorithms that allow the model to minimize cost. Manual and automatic

hyperparameter tuning are two approaches that can be used in this regard.

The following hyperparameters for a patient network can make a significant difference in

the results. We explain each of them and the methods we used to deal with them:

• The node feature vectors: The feature vectors representing each node of the graph

could be created using the deep representations of temporal data, clinical notes, or

a combination of them. We created a patient network using each of these feature

vectors and evaluated them separately. The observations show that the best and

worst performance is obtained when the temporal and note features are employed,

respectively. As a result, the patient network is built using only the temporal

feature vectors.

• The cosine similarity threshold: After computing the cosine similarity between

two node feature vectors, we compare its value with a pre-defined threshold. If the

similarity between the node representations is greater than the threshold, we are

allowed to connect them by an edge in the patient network. Therefore, the cosine

similarity threshold is another important hyperparameter in building a patient

graph structure. To find the best threshold, first, we chose pairs of node features

randomly and calculated the similarity between them. The results showed that the

similarity distribution between the feature vectors is roughly between 30% to 41%.

After examining different values for the threshold, we selected a threshold of 40%.

That is, an edge connects two nodes if the cosine similarity between their feature

vectors is more than 0.4. In medical problems, it is critical to choose a high

threshold value to eliminate redundant edges. Otherwise, we connect unrelated

patients and make decisions regarding them based on inaccurate relationships and

information. The patient network of multimodal model contains 22,973 nodes

connected with 11,836,509 edges.

First, we used the temporal features of size 512 produced by DeepTemporal as node

feature vectors, but the patient network has made poor classification predictions on them.

One reason could lie in the different training speeds for DeepTemporal and the patient
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network. In other words, we cannot train the GRU perfectly using the gradients of both

the DeepTemporal network and the patient network. Therefore, we need to obtain the deep

representations for each of these modules separately.

We feed the temporal input associated with the admission i, noted as T i
temporal, to a GRU

recurrent network of size 256, different from what we had for the DeepTemporal, and flatten

its output. The result is used as a feature vector for admission i used in patient network,

represented by f i
network.

We build a patient network by using these node feature vectors in a Graph Convolutional

Network (GCN) structure. Finally, a dense layer of size two is added to the end of the GCN

to get the corresponding patient network score, si
network. Equation 4.9 demonstrates the

whole process mathematically.

f i
network = flatten(GRU(2)(T i))

si
network = Wnetwork(GCN(f i

network))
(4.9)

where Wnetwork is the weight matrix corresponding to the dense layer with size two. To make

a difference between the GRU models of DeepTemporal and patient network, we represent

them by GRU(1) and GRU(2) respectively.

4.2.4 Score Aggregation

The last building block of our proposed multimodal model is a score aggregation module.

The score aggregation turns each of three scores on or off, to measure the effectiveness of

the other ones. We also assign different weight to each of three scores and aggregate them

linearly to output a final score for admission i, defined as si. The prediction is made based

on the final score, described in Equation 4.10 .

si = wnote ∗ si
note + wtemporal ∗ si

temporal + wnetwork ∗ si
network (4.10)

where wnote, wtemporal, wnetwork are respectively the weights between zero and one associated

with the note, temporal, and patient network scores, with wnote + wtemporal + wnetwork = 1.
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Note that the weights mentioned above are hyperparameters fixed during the model

training, and we specify them by running an automated grid search hyperparameter tuning,

with a window size of 0.1. Since we have three metrics for model evalutation, it is not feasible

to define these weights as model parameters. However, it is possible to adjust the model in

the future so that it can learn these weights from the data by minimizing a loss function of

metrics. This function mainly depends on the application.
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5. EXPERIMENTAL SETUP

5.1 Prediction Task

In this research work, we train our proposed models on three prediction tasks with high

clinical significance. In the following section, we demonstrate each prediction task and its

importance.

5.1.1 Patient Hospital Readmission

Hospital readmissions are described as admissions to the hospital within a typically short

period after being discharged from the hospital. Readmissions are common and costly. Not

only do they waste hospital money and limited resources, but they also bring patients and

healthcare facilities under a great deal of stress [60 ][61 ].

Readmissions to hospitals are becoming a major concern for hospitals and policymakers.

Many organizations have adopted the readmission rate as a metric to measure the quality

of inpatient care provided [62 ]. Studies reveal that higher hospital-level patient satisfaction

scores are independently associated with lower 30-day hospital readmission rates [63 ].

Centers for Medicare and Medicaid Services (CMS) in the USA has imposed financial

penalties to hospitals with high readmission rates by reducing the payment for patients

readmitted within 30-day of discharge. Therefore, there is a growing interest within the

research community to address this problem from a data analysis perspective [64 ].

In recent years, compared to traditional statistical models such as random forest or

logistic regression, deep neural networks have shown a higher performance in predicting hos-

pital readmission. Barbieri et al. [24 ] benchmarked a number of deep learning models for

predicting 30-day Intensive Care Unit (ICU) readmission using MIMIC-III dataset. Recur-

rent neural networks such as Long Short-Term Memory (LSTM) and Gated recurrent units

(GRUs), Convolutional Neural Networks (CNNs), and attention-based models are examples

of the deep learning models that have been used for readmission prediction task. Among

them, the attention-based models are the most popular because the interpretability of the

47



attention-based models can be used to describe patients who are at risk. Also, it can help

decision-makers to trust the predictive model’s predictions and improve patient treatment.

It is worth mentioning that deep clinical models that predict readmission are data-

sensitive. Readmission rates and unnecessary readmissions vary depending on data collection

methodology [65 ].

5.1.2 Patient Mortality

One of the outcomes of interest of hospital admission is mortality prediction. There are

three types of mortality predictions that researchers are interested in: in-hospital, short-term,

and long-term mortality predictions.

In-hospital mortality predictive models predict whether the patient dies after being ad-

mitted to the Intensive Care Unit (ICU) of the hospital. Short-term mortality prediction

predicts whether the patient lost his life a short period of time, typically one to three days, af-

ter his ICU admission. Finally, long-term mortality prediction estimates whether the patient

lost his life a long time after his admission, i.e., at least 30 days after discharge [66 ].

Early prediction of hospital mortality can help caregivers make efficient medical decisions

about the severely ill patients staying in intensive care units [67 ]. In addition to that, it aids

them in determining the value of novel treatments, quality of inpatient services, and health

care policies.

Mortality prediction task can be formulated as a binary classification task, with the

label indicating the death event for a patient. Compared to the readmission prediction task,

traditional statistical models have been more successful in predicting hospital mortality. One

reason lies in the data nature that has generally been used for mortality prediction tasks,

which gives the models a rich picture of a patient’s information. For example, vital signs and

lab measurements are commonly utilized, which are considered by physicians as a qualified

indicator of a patient’s life or death status. Still, in comparison with the conventional

logistic regression models, the deep neural network models are more accurate in predicting

in-hospital mortality and have higher overall performance and generalization indices [68 ].
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The mortality of patients, in hospital and after discharge, in the MIMIC-III database is

23.2%. Data analysis shows that older people are more likely to be admitted to the ICU and

had a higher risk of death [69 ].

5.1.3 Patient Length of Stay

Length of stay refers to the duration of a unique patient’s admission to the hospital or

intensive care unit (ICU). Accurately predicting hospital length of stay can benefit hospital

management, resource planning, and reduce costs.

Length of stay explains 85% to 90% of the variation in hospital costs between patients. [70 ]

For hospitals, length of stay prediction can help to optimize the usage of wards and beds to

best provide care. For caregivers, it can offer adjunctive clinical decision support. Addition-

ally, patients can better manage their expenses by estimating the duration of their stay in

the hospital [71 ].

Clinical predictive models are typically trained to determine whether a patient’s stay will

be long or short, with a stay of more than five days being considered long. As a result, they

deal with a binary classification problem. A challenge for such predictive models is that

length of stay is influenced by a variety of factors, with complex relationships between them.

To overcome this challenge, neural network-based approaches have been adopted. Neural

networks are prominent tools for analyzing big datasets with data that comes from different

modalities [71 ].

Among models developed on MIMIC-III dataset, although neural network-based models

have a higher performance in predicting length of stay, the gap between their results and the

results obtained from the conventional statistical models is not significant.

5.2 Dataset

In this section, we explain two types of data, structured and unstructured data. We

also provide a detailed demonstration of the MIMIC-III dataset as we use its structured and

unstructured data to run our experiments. Finally, the data selection pipelines used for each

prediction task are illustrated.
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5.2.1 Structured Data

Structured data is often numerical and easy to analyze. It can be organized into pre-

defined structure formats, for example, rows in a Structured Query Language (SQL) database

table. Structured data can be managed by technology that allows for querying and report-

ing against predetermined data types and understood relationships, such as a Relational

Database Management System (RDBMS) [72 ].

Researchers are implementing solutions to bring together unstructured and structured

datasets to enable machine learning algorithms to understand the task on hand better. Data

fusion approaches have received significant attention in recent years, particularly in medical

settings, where different data types are complementary. Blood pressure, lab measurements,

and respiratory rate are examples of structured data that are all part of the MIMIC-III

dataset.

5.2.2 Unstructured Data

Unstructured data refers to datasets that are not stored in a structured database format.

Although unstructured data has an internal structure, it is not pre-defined through data

models. There are two basic categories of unstructured data [72 ]:

• Bitmap Objects: Inherently non-language based, such as image, video, or audio

files.

• Textual Objects: Based on a written or printed language, such as Microsoft Word

documents, e-mails, and clinical notes.

Unstructured data can be generated by humans or machines. An example of unstructured

data generated by machines is satellite imagery data. For the MIMIC-III dataset, both

types of unstructured data exist. For example, the patient’s chest X-Ray images provided

by devices and clinical notes, which we use in this study, written by caregivers. Developing

tools and models to manipulate and process unstructured data are a more challenging task

compared to structured data.
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5.2.3 MIMIC-III Dataset

An Electronic Health Record (EHR) data is described as a repository of patient data

in digital form, stored and shared securely, and can be accessed by multiple authorized

users [73 ].

The amount of digital information contained in Electronic Health Records (EHRs) has

increased dramatically over the last decade. Although these EHR data were initially intended

for archiving patient information and conducting administrative healthcare tasks such as

billing, several researchers have discovered that they can also be used for clinical informatics

applications and epidemiology [2 ][74 ][75 ].

The early analysis of EHR data relied on traditional statistical techniques [76 ]. Although

these techniques are interpretable and straightforward, they have a number of issues. For

instance, they require hand-engineered feature design or cannot deal with high-dimensional

inputs [77 ]. With the recent developments in machine learning and deep learning techniques,

their use in building clinical predictive models has been increased.

Although deep learning methods are able to alleviate the issues raised by traditional

statistical techniques, their performance is limited by the amount of clinical data they pro-

cess. As a result, the collection and pre-processing of EHR data is important to improve

the quality of predictions in clinical models. For this research work, we employ today’s most

popular public EHR database, MIMIC-III dataset.

MIMIC-III, or Medical Information Mart for Intensive Care, is a massive, single-center

database that contains data on patients admitted to critical care units at Beth Israel Dea-

coness Medical Center in Boston, Massachusetts. MIMIC-III is the only freely accessible

critical care database with comprehensive information about individual patient care [78 ].

An overview of MIMIC-III database is represented in Figure 5.1 .

MIMIC-III consists of the data for 53,423 distinct hospital admissions of adult patients

that have been admitted to the hospital between 2001 and 2012. The data includes patient

demographic information such as age, gender, marital status, structured temporal data such

as lab measurements and vital signs, and unstructured data, including discharge summaries

and clinical notes.
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Figure 5.1. An overview of the MIMIC-III critical care database

The MIMIC-III database is a relational database of 26 tables. Tables are related by

identifiers, which are normally suffixed with the letter ‘ID’. SUBJECT_ID, for example,

applies to a single patient, HADM_ID, to a unique hospital admission, and ICUSTAY_ID,

to a unique intensive care unit admission. The following tables from the MIMIC-III dataset,

as well as their corresponding data columns, are used in the experiments conducted in this

study.

ADMISSIONS Table: the admissions table contains details about a patient’s hospital-

ization. Data available includes admission and discharge dates, demographic data, and the

source of admission. The columns of data that have been used form ADMISSIONS table

are:

• SUBJECT_ID: a unique ID for identifying a patient admitted to the hospital.

52



• HADM_ID: a unique ID that represents a single patient’s admission to the hospi-

tal.

The admission ID and subject ID are used as the primary and secondary keys to connect

several tables.

• ADMITTIME: gives the date and time of the patient’s hospital admission.

• DISCHTIME: gives the data and time of the patient’s discharge from the hospital.

• DEATHTIME: gives the data and time of the patient’s death.

The data extracted from the time columns are used to create labels. For example, for

30-day readmission prediction, the gap between two consecutive admissions of a patient is

calculated, and if this gap is less than 30 days, the readmit label is set to one.

• ADMISSION_TYPE: describes the type of the admission.

There are four types of admission in MIMIC-III dataset including elective, emergency, urgent,

and newborn. The newborn admissions are discarded from all experiments because the data

distribution for newborn admissions is entirely different from that of other admission types.

NOTEEVENTS Table: this table contains all clinical notes for patients during their

hospital admissions. Two important columns of NOTEEVENTS dataset are as follows:

• CATEGORY: the type of the note that is given to a patient.

In this study, we use three different types of notes listed as discharge summary, notes given

by nurses, and notes provided by physicians. Discharge summaries contain a comprehensive

information about a patient’s admission and are used for billing purposes. Therefore, the

performance of models trained on discharge summaries are higher.

• TEXT: it contains notes provided by caregivers throughout a patient’s hospital-

ization.

Clinical texts have an expensive computational preprocessing. For this research project,

clinical notes are split based on their category before being fed into models. Discharge

summaries, for instance, are fed to DeepNote-GNN separately.

ICUSTAYS: the table contains the information of each ICU stay.

• ICUSTAY_ID: a unique ID for a patient’s stay at ICU.

• LOS: The length of stay for a given ICU stay.
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In this research, the labels corresponding to a three-day short stay and a seven-day long stay

have been generated using LOS data column.

• INTIME: date and time recorded when the patient has been transferred into the

ICU.

• OUTTIME: date and time recorded when the patient has been moved out of the

ICU.

INTIME and OUTTIME are used to compute a patient’s length of stay at ICU. The value

obtained can help to filter out the admissions that have spent in the ICU for less than 24

hours.

CHARTEVENTS: it contains all charted data for all patients, such as patients’ vital signs.

From this table, structured temporal data has been extracted. Examples of structured data

in CHARTEVENTS table are heart rate, systolic blood pressure, arterial blood pressure,

respiratory rate, temperature, and more.

LABEVENTS: it contains all laboratory measurements for all patients. Examples of

structured data obtained from LABEVENTS table include anion gap, albumin, bands, bi-

carbonate, bilirubin, creatinine, and more.

In this study, an open-source pipeline, MIMIC-Extract [79 ], is used to transform MIMIC-

III time-series data into directly usable features. Their pipeline converts raw vital sign and

laboratory data into multivariate time-series before performing preprocessing steps like unit

conversion, outlier handling.

5.2.4 Data Selection Pipeline

Readmission Prediction Task

We follow the data selection and preparation pipeline proposed by [3 ] for a fair comparison

with baseline models. The study cohort in this research is a subset of the MIMIC-III, which

contains 34,560 patients with 2,963 positive 30-day readmission labels and 48,150 negative

labels. It is worth noting that DeepNote-GNN is not trained with all clinical notes that

exist per admission in our study cohort. We split the clinical notes into two subsets and
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downsample negative labels of each subset to address the unbalanced ratio of positive and

negative labels.

We experiment with the readmission prediction based on two different clinical note sets

as follows:

• Ddischarge: This clinical note set contains discharge summaries. A discharge sum-

mary is a written summary of a patient’s status during an admission. It includes

valuable information such as reasons for hospitalization, diagnosis, a list of pre-

scribed medications, and even a radiology report. The discharge summaries set

contains 6162 unique admissions. We split the discharge summary associated with

an admission into text chunks of size 318. A discharge summary has an average of

5 text chunks.

• D3days: This clinical note set contains notes except discharge summaries from the

first three days of admission. Clinical notes other than discharge summaries are

more comprehensive as they address a specific issue or service. D3days contains

6261 admissions, where an admission has an average of 9 text chunks of size 318.

We evaluate DeepNote-GNN on each dataset separately. The discharge summaries are

an overview of a patient’s stay that physicians can use in patient’s future visits. Making

accurate readmission predictions using discharge summaries can feedback the post-hospital

team to modify their processes if needed. On the other hand, predicting readmission using

D3days allows patient treatments to be adjusted dynamically while the patient is still in the

hospital. Statistics of MIMIC-III sub-cohort and selected subsets of data are summarized in

Table 5.1 .

Table 5.1. Summary statistics of data used in this study.

Data Num of Patients Num of Admissions Avg Chunks Num

Study Cohort 34, 560 45, 321 4.2

Ddischarge 5, 775 6, 162 5.3

D3days 5, 770 6, 261 9.5
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The patient network built on Ddischarge and D3days contain 6,162 and 6261 admission

nodes, and 3,667,733 and 5,496,127 edges respectively. It is not out of the ordinary to have

hundreds of thousands of nodes and millions of edges in a graph. Graph Neural Networks

(GNNs) have proven effective in dealing with large-scale graph data [58 ].

Mortality and Length of Stay Prediction Tasks

To perform a fair comparison, we follow the data selection and preparation pipeline

suggested by [80 ] to select note and time-series data from the MIMIC-III dataset. In this

regard, MIMIC-Extract, an open-source data extraction pipeline, has been utilized. With

certain patient inclusion criteria, MIMIC-Extract focuses primarily on the patient’s first ICU

visit. They discard data from patients under the age of 15 who have a length of stay of less

than 12 hours and more than 10 days. This pipeline produces a cohort of 34,472 patients

and 104 clinically aggregated time-series variables [80 ]. It is worth noting that only the first

24 hours of a patient’s data after an ICU admission were included in this study.

As a result, the experiments ran on mortality and length of stay prediction tasks add

a new type of data to model evaluation and complement our clinical note data selection

efforts. Remember that, in addition to discharge summaries, we evaluated DeepNote-GNN

on clinical notes collected during the first three days of an admission. In the following

analyses, we assess our methods on early clinical notes for an admission, gathered during

the first 24 hours after a patient has been admitted to the ICU.

For mortality and length of stay prediction, it is critical to remove discharge summaries

from the final cohort to avoid information leak. Discharge summaries include all information

related to a patient that can be used for medical history documentation or billing purposes,

including mortality and the number of days patient has hospitalized in the ICU.

Furthermore, clinical notes without a recorded chart time have been discarded. Chart

time data is used to generate the corresponding length of stay labels. By subtracting the

admission time from the discharge time, the length of stay will be calculated. For a three-day

length of stay prediction, if this value is greater than three days, the label is equal to one;

otherwise, it equals zero.
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For each prediction task, the data split follows 70%, 10%, 20% ratio for respectively train,

validation, and test sets. A critical characteristic of the selected dataset is its imbalanced

label distribution, where the distribution of examples across positive and negative classes

is biased. The degree of class imbalance varies, but a severe imbalance is more challenging

to model and may demand specialized techniques. Imbalanced class distribution is very

common in real-world classification problems, such as fraud detection, spam detection, or in

our case, mortality and long-term length of stay predictions.

A summary of label distribution for each prediction task has been reported in Table 5.2 .

Among all prediction tasks, the dataset has the highest and slightest imbalanced positive

and negative label distribution for in-ICU mortality and three-day length of stay tasks,

respectively.

Table 5.2. A summary of positive label ratio for each prediction task

Prediction Task Train Set Validation Set Test Set

In-hospital Mortality 10.38% 9.41% 10.56%

In-ICU Mortality 6.82% 6.35% 7.08%

Three-day Length of Stay (LOS> 3) 43.55% 42.25% 42.62%

Seven-day Length of Stay (LOS> 7) 7.78% 7.40% 8.02%

5.3 Evaluation Metric

We use four metrics, to evaluate the DeepNote-GNN and the proposed multimodal model,

as follows:

5.3.1 Area under the Receiver Operating Characteristic Curve

The area under the ROC curve (AUROC) is one of the important metrics to evaluate the

performance of a classification model. The ROC curve is plotted with the true positive rate,
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known as recall, on y-axis and the false positive rate, also called precision, on the x-axis.

Equation 5.1 present how to compute the precision and recall.

recall = TP

TP + FN

precision = TN

TN + FP

(5.1)

where TP and TN are associated with the outcomes where the model predicts the positive

and negative classes correctly. Also, FP and FN are linked to the outcomes where the

model incorrectly predicts the positive and negative classes.

A model with an excellent performance on a downstream task has an AUROC as high

as one. On the other hand, the worst model has an AUROC close to zero. For a binary

classification task, a random classifier has an AUROC close to one-half. In other words, it

has high TP and TN values.

AUROC can perform well on evaluating the classification models trained on severely

imbalanced datasets because it is not biased to majority or minority class. We use the AU-

ROC metric to evaluate DeepNote-GNN on readmission prediction task, and the multimodal

model on the mortality and length of stay (LOS) prediction tasks.

5.3.2 Area under the Precision-Recall Curve

The area under the precision-recall curve (AUPRC) is another suitable metric to measure

a classifier’s performance on an imbalanced dataset where finding the positive examples has

a higher priority. For instance, in a mortality prediction task, the AUPRC value assists

researchers in ensuring that the classifier correctly identifies all positive mortality samples

without mistakenly classifying a negative sample as positive. Accurately detecting positive

samples by a classifier has a clinical significance. To continue with our example, it is critical

to identify patients who are at the risk of dying during an admission so that doctors can

alter their care plan or medication. Furthermore, incorrectly predicting a patient’s death

can endanger the patient’s life and waste hospital resources.
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For a precision-recall curve, we have recall on the x-axis and precision on the y-axis.

To get AUPRC, the area under the curve must be calculated. There are different ways to

compute the area, such as the lower trapezoid estimator, the interpolated median estimator,

and the average precision.

In contrast to ROC curve where the baseline is fixed and equals to one-half, the baseline

for precision-recall curve is determined by the ratio of positives [81 ], presented by y in

Equation 5.2 .

y = P

P + N
(5.2)

with P stands for positive samples and N is for negative samples. For a balanced class

distribution y value is close to 0.5.

To evaluate a classifier’s performance by looking at its precision-recall curve, one needs

to consider the relationship between precision and recall. Note that a naïve classifier that

marks all samples as positive classes has a high recall and a low precision. On the other

hand, a basic classifier which labels all samples as negative classes has high precision and

a low recall. Therefore, the best classifier must have a high recall and a high precision, or

based on the application, the trade-off between them must be determined.

High precision relates to a low false-positive rate, and high recall relates to a low false-

negative rate. As a result, high AUPRC scores show that the classifier is returning accurate

results (high precision) and returning a majority of all positive results (high recall).

We use AUPRC to evaluate our proposed multimodal model on a severely imbalanced

dataset. Also, it is used to evaluate DeepNote-GNN on readmission prediction task using

unstructred data.

5.3.3 Recall at Precision of 80%

Frequent alarms, many of which are non-actionable, reduce caregivers’ awareness and

finally lead to desensitization to alarms, called Alarm Fatigue, which can severely impact

patient safety. Research has demonstrated that 72% to 99% of clinical alarms are false [82 ].

Consequently, it is important to minimize the false-positive rates of clinical predictive

models. Computing recall at a precision of 80% (R@P80%) is a clinically-relevant metric
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that enables us to build models that control the false positive rate. We use this metric to

evalute the performance of DeepNote-GNN, which is trained on balanced cohort of data.

5.3.4 F1 Score

Since the relationship between precision and recall must be determined when evaluating

a classification model, the F1 score can be used as a metric to establish an equal balance

between precision and recall, which is particularly useful in most cases when working with

imbalanced datasets.

The F1 score is interpreted as a weighted average of the precision and recall, demonstrated

in Equation 5.3 .

F1 Score = 2 ∗ precision ∗ recall
precision + recall

(5.3)

The F1 score equals one, its maximum value, for a perfect classifier with precision and

recall values both equal to one. Either precision or recall is zero for a weak classifier with

poor class distinguishing capability, resulting in an F1 score approaching zero.

5.4 Baseline Models

In this research, our DeepNote-GNN model is compared with ClinicalBert and two other

methods, which are considered as strong baselines for hospital readmission prediction using

MIMIC-III clinical notes.

• ClinicalBert [3 ]: Pre-trains the state-of-the-art BERT architecture with MIMIC-

III notes. Then fine-tunes the pre-trained BERT model with a fully connected

layer added on top to make binary classification predictions. ClinicalBert uses a

score aggregation to compute the prediction scores at an admission level.

• Bag-of-Word [83 ][4 ]: A vocabulary of top 5,000 Term Frequency-Inverse Document

Frequency (TF-IDF) words is selected as features in this model. A clinical note

is represented by a 5,000-dimensional vector where each entry is the count of the

corresponding vocabulary word occurring in the note. Logistic regression with L2

regularization is used to fit the training readmission labels.
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• Word2Vec with BiLSTM [55 ][84 ][4 ]: Word2Vec model is used to extract the input

note embedding. These embeddings are then fed into a BiLSTM model to capture

the temporal relationship between words in a note.

For the mortality and length of stay prediction tasks, we only use one baseline model, pro-

posed by [80 ]. Bardak et al., [80 ] proposed a multimodal model that benefits from Med7 [85 ],

a publicly available Named Entity Recognition (NER) algorithm trained on the MIMIC-III

dataset, to extract seven different named entities related to patients’ medications, such as

drug, strenght, duration, route, form, dosage, and frequency.

After obtaining medical entities, word embedding techniques are used to generate deep

representations out of them. The word embedding methods include Word2Vec [86 ] and

FastText [87 ] models pre-trained on MIMIC-III dataset. Additionally, the concatenation of

the representations obtained by them is used for further evaluation.

After extracting text embeddings, they apply convolutional layers, followed by a global

max pooling layer, on them and concatenate the output features with temporal features.

Temporal features are obtained by using a one-layer GRU recurrent model on time-series

data, as shown in Figure 5.2 .

Figure 5.2. An overview of the baseline model for the mortality and length
of stay prediction tasks

We compare our proposed multimodal model to their proposed model with the highest

performance for each prediction task. Note that the difference between the models they
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suggest lies in the embeddings of text data. The embeddings of text data in [80 ] can be

obtained using the FastText algorithm, or Word2Vec algorithm, or the concatenation of their

representations. The other architecture design, for example extracting temporal features,

stays the same.

One weakness of the baseline model is that it uses Med7, which only extracts the pa-

tient’s medication information from clinical notes. However, clinical notes may contain rich

information other than medications useful to boost the model performance. For example,

the observation of clinical notes obtained during the first day of hospitalization indicates

some information about the patients’ past diseases, allergies, age, etc. Each of these pieces

of information can be helpful in the prediction process.

We apply the DeepNote network on clinical notes to extract their deep representations

instead, which benefits from the BERT model. Not only does DeepNote consider all the

information in clinical notes to generate representations, but also, unlike Word2Vec and

FastText algorithms, it learns contextualized word representations.

5.5 Hyperparameter Setting

5.5.1 DeepNote-GNN

We follow the Bertbase hyperparameter setting released by [9 ] to extract the fixed ad-

mission feature vectors of size 768. Clinical notes for each subset of data are split into test,

validation, and train sets with percentage values 10%, 10%, and 80%, respectively, and 5-fold

cross-validation is conducted.

In the patient network, we train a two-layer GCN because it helps alleviate over-smoothing

and overfitting issues. We train each patient network separately for a maximum of 200 epochs

using Adam optimizer with a learning rate of 0.01 and early stopping with a window size of

10.

5.5.2 The Multimodal Model

For the mortality and length of stay prediction tasks the data is split into train, validation,

and test sets with ratios of 70%, 10%, and 20%. We run the multimodal model with an Adam
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optimizer with a learning rate of 0.001 and a weight decay equal to 0.0001. All components

of the model are trained together for 50 epochs to minimize the negative log-likelihood loss.

For the patient network, we train a two-layer GCN with a hidden layer of size 256. Each

reported result is obtained by running the proposed model for ten times using ten different

random seeds.

To obtain the best combination of note, temporal, and network weights for the score

aggregation module, we run a grid search with a window of 0.1. For each prediction task,

the best performance is obtained using the weights mentioned in Table 5.3 

Table 5.3. The weights of the score aggregation for the multimodal model
with the highest performance on a selected prediction task.

Prediction Task Wnote Wtemporal Wnetwork

Seven-day Length of Stay (LOS> 7) 0.1 0.1 0.8

Three-day Length of Stay (LOS> 3) 0.1 0.1 0.8

In-hospital Mortality 0.3 0.1 0.6

In-ICU Mortality 0.4 0.0 0.6
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6. RESULTS

6.1 DeepNote-GNN

Discharge summaries contain valuable information about patients, including reasons for

hospitalization, procedures, and treatment provided [88 ]. The information mentioned in

a discharge summary note is comprehensive enough to be used by post-hospital teams.

Consequently, discharge summaries have predictive value for hospital readmission.

DeepNote-GNN model outperforms baseline models evaluated on Ddischarge, represented

in Table 6.1 . Feature aggregation added on top of the BERT architecture in DeepNote

extracts a richer representation of admission features compared to score aggregation. Besides,

the patient network learns from the connections between admissions with similar discharge

summary.

Table 6.1. 30-day readmission prediction results using 5-fold cross-validation.

Dataset Model AUROC AUPRC R@P80%

Ddischarge DeepNote-GNN 0.858 ± 0.012 0.847 ± 0.015 0.375 ± 0.036

ClinicalBert 0.768 ± 0.027 0.747 ± 0.029 0.255 ± 0.113

Bag-of-Word 0.684 ± 0.025 0.674 ± 0.027 0.217 ± 0.119

BiLSTM 0.694 ± 0.025 0.686 ± 0.029 0.223 ± 0.103

D3days DeepNote-GNN 0.676 ± 0.010 0.671 ± 0.010 0.161 ± 0.032

ClinicalBert 0.674 ± 0.043 0.677 ± 0.044 0.171 ± 0.107

Bag-of-Word 0.654 ± 0.035 0.657 ± 0.026 0.122 ± 0.106

BiLSTM 0.656 ± 0.035 0.668 ± 0.028 0.150 ± 0.081

The performance improvement of DeepNote-GNN on D3days compared to the ClincialBert

is not significant. Clinical notes associated with an admission in D3days contain an average

of 9 text chunks. Therefore, compared to Ddischarge, DeepNote aggregates a larger number

of text chunk embeddings to build an admission feature for a clinical note at D3days (look at

the Equeation 4.3 ). As a result, the expressiveness of the final admission feature decreases.
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Moreover, as the number of text chunks increases for admission, we have more text chunks

that do not have valuable information about readmission.

Since ClinicalBert [3 ] predicts the readmission probabilities using a hand-engineered score

aggregation, it avoids this limitation of the DeepNote. However, DeepNote treats all text

chunk embeddings equally and obtains competitive results with minor apriori knowledge,

and the model is more generalizable for hospital readmission prediction of a specific disease.

Two other baseline models, Bag-of-words and BiLSTM, cannot capture the context-

dependent representations of words and perform poorly compared to models with built-in

BERT architecture. The results gained using BiLSTM are close to that shown in the most

recent literature [26 ].

6.2 The Multimodal Model

We compare the results of our proposed multimodal model on mortality and length of

stay prediction tasks to a model proposed by [80 ] with the highest performance for that

task. The results presented in Tables 6.2 , 6.3 , 6.4 , and 6.5 show that the baseline models

generally outperform our proposed model with an insignificant margin.

Table 6.2. The comparison between the proposed multimodal model and its
best baseline on seven-day length of stay prediction task (LOS > 7).

Model AUROC AUPRC F1 SCORE

Multimodal Model 0.7137 0.1925 0.0534

Baseline (Word2Vec) 0.7255 0.1878 0.0158

Table 6.3. The comparison between the proposed multimodal model and its
best baseline on three-day length of stay prediction task (LOS > 3).

Model AUROC AUPRC F1 SCORE

Multimodal Model 0.6793 0.6175 0.5347

Baseline (Word2Vec and FastText) 0.6993 0.6277 0.5582
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Table 6.4. The comparison between the proposed multimodal model and its
best baseline on in-hospital mortality prediction task.

Model AUROC AUPRC F1 SCORE

Multimodal Model 0.8614 0.5265 0.4297

Baseline (Word2Vec) 0.8755 0.5587 0.4723

Table 6.5. The comparison between the proposed multimodal model and its
best baseline on in-ICU mortality prediction task.

Model AUROC AUPRC F1 SCORE

Multimodal Model 0.8629 0.4722 0.4313

Baseline (Word2Vec) 0.8835 0.4923 0.4302

Based on the weights provided in Table 5.3 , we figure out that the DeepTemporal module

has the least contribution to the model. Therefore, one reason behind the performance of

our proposed model can be the architecture design of DeepTemporal.

Also, DeepNote utilizes BERT architecture to extract deep representations of clinical

notes, while the baseline models benefit from word embedding algorithms. Although word

embedding algorithms cannot capture context dependencies between words, they can provide

a better solution for a specific dataset or an in-domain task.
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7. MODEL ANALYSIS

7.1 DeepNote-GNN Model Analysis

We fully evaluate the DeepNote-GNN model for model robustness using less training data

and the contribution of the two major components – DeepNote and Patient Network. Finally,

we also evaluate DeepNote using the outputs of various hidden layers of the clinicalBert.

7.1.1 Model Robustness

To evaluate the robustness of DeepNote-GNN, we conduct a K-fold cross-validation tech-

nique on the discharge summaries dataset with a smaller value of K, equal to 2, and report

the results. In a K-fold cross-validation experiment, the dataset is split into K sections or

folds of approximately equal size. Iteratively, one fold is used as a validation set for model

evaluation, and the rest is used as a train set.

A stable model should have similar performance metrics at every fold. i.e., the variance

between folds remains insignificant. Cross-validation works well as the value of K increases

considering that the training folds will cover a large proportion of data points. We can

evaluate the model’s robustness and generalization ability by decreasing the value of K. For

K equal to 2, we train the model on half of the data and test it on the other half. We expect

a robust model to generalize consistently on new unseen test samples.

Table 7.1 presents the performance of DeepNote-GNN on discharge summaries dataset

for different values of K. As the number of K decreases, the model performance does not

change significantly. Moreover, the variance between folds remains insignificant. The result

tells that the DeepNote-GNN is a robust model. We think this attributes to the patient

network. Since the patient network takes advantage of the data from similar patients within

the network, less training data has a minimum impact on the model performance.

7.1.2 Model Component

We evaluate the contribution of patient network and DeepNote representation separately

on the discharge summaries dataset. To evaluate the deep note representation, we add simple
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Table 7.1. DeepNote-GNN performance on Ddischarge set using K-fold cross-validation.

Value of K AUROC AUPRC R@P80%

5 0.858 ± 0.012 0.847 ± 0.015 0.375 ± 0.036

2 0.854 ± 0.001 0.844 ± 0.004 0.368 ± 0.003

classification layers - a fully connected layer of size 16 and an output layer of size 2 (binary

classification) on top of the feature aggregator to replace the patient network and train it on

the discharge summaries dataset. Dropout with a rate of 0.5 is used for the fully connected

layer. We utilize the Adam optimizer with a learning rate of 0.001 to minimize the binary

cross-entropy loss. The model is trained for 50 epochs with a window size of 10 and a batch

size of 8.

The results in Figure 7.1 show that the DeepNote representation with simple classification

layers outperforms the baseline ClinicalBert model. This demonstrates that the feature

aggregation in the DeepNote representation model provides a richer representation of hospital

admissions. Moreover, adding a patient network to the deep note representation boosts the

overall performance more. The patient network is a computationally inexpensive architecture

that benefits from pre-computed admission features.

7.1.3 DeepNote Representation Analysis

To build deep note representations, we can extract the activations from one or more layers

of ClinicalBert without fine-tuning any parameters to represent the admission features. The

choice of hidden states depends on the downstream task. Devlin et al. [9 ] conclude that the

concatenation or summation of the last four hidden states of the encoders in BERT has the

best performance on downstream tasks than other combinations of hidden states. Therefore,

we repeat our experiment and use the sum of the last four hidden states of encoders as a text

chunk representation. The ROC curve, demonstrated in Figure 7.2 , show that DeepNote-

GNN architecture outperforms when we model text chunk features using the last hidden
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Figure 7.1. Analysis on the effect of the patient network using Ddischarge set

state. Note that the area under ROC curve is a metric to evaluate the model’s ability in

distinguishing between positive and negative labels.

Extracting the last four hidden states and processing them to build an admission rep-

resentation is computationally more expensive than extracting the last hidden state. Also,

summing more hidden states and applying feature aggregation reduces the expressiveness of

admission features and loses the information in the data [31 ].

7.1.4 GCN vs. GAT for Patient Network

The most recent research on graph neural network for classification show that graph

attention networks (GAT) [17 ] works better than the Graph Convolutional Networks (GCN).

Hence, we also train the patient network with a Graph Attention Network and with the

DeepNote representation using Ddischarge set, and compare with GCN that is used in our

original design. GAT utilizes masked self-attentional layers to specify different weights to

different nodes in a neighborhood.

We apply a two-layer GAT model on Ddischarge set. The first layer consists of 8 attention

heads computing 8 features each (for a total of 64 features), followed by an Exponential
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Figure 7.2. Deep note representation analysis on Ddischarge set using ROC curve.

Linear Unit (ELU) [89 ] nonlinearity. The second layer contains a single attention head,

followed by a softmax activation for binary classification. We optimize the model using an

Adam optimizer with a learning rate of 0.005 for 900 epochs with a patience value of 50.

Table 7.2 shows that there is an insignificant performance gap between GAT and GCN.

The reason could lie in the number of classes and the neighborhood structure of our data.

GAT handles a graph with a more complex neighborhood structure well. Since we perform

a binary classification and the neighborhood is constructed implicitly using cosine similarity

metric with a specified threshold, GCN performs sufficiently well to classify the nodes.

Table 7.2. The comparison between the performance of DeepNote-GNN us-
ing the Graph Convolutional Network (GCN) and Graph Attention Network
(GAT) as patient network.

Patient Network AUROC AUPRC R@P80%

Graph Convolutional Network (GCN) 0.858 ± 0.012 0.847 ± 0.015 0.375 ± 0.036

Graph Attention Network (GAT) 0.856 ± 0.011 0.845 ± 0.016 0.373 ± 0.037
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7.2 The Multimodal Model Analysis

To determine the contribution of various components of our proposed multimodal model,

we perform an ablation study. For each prediction task, we measure the performance of

each module by setting its corresponding weight into one and other weights to zero. The

results show that for all prediction tasks, our proposed multimodal model has the highest

performance. Therefore, combining the modules, as we did, is the best approach.

The patient network outperforms two other modules, and the DeepTemporal module

has the poorest performance. Although DeepTemporal cannot perform well on prediction

tasks separately, it adds to the model’s performance when it is combined with DeepNote and

patient network. As a result, integrating structured and unstructured data and adding a

patient network can boost the model performance on mortality and length of stay prediction

tasks.

The results are demonstrated in the following tables and figures. Tables 7.3 , 7.4 , 7.5 ,

and 7.6 present the results for respectively the three-day length of stay, seven-day length

of stay, in-hospital mortality, and in-ICU mortality prediction tasks. Keeping the same or-

der as mentioned above, the receiver operating characteristic curve are presented in Fig-

ures 7.6 , 7.4 , 7.8 , and 7.10 . Also, the precision-recall curves are demonstrated in Fig-

ures 7.5 , 7.3 , 7.7 , and 7.9 .

Table 7.3. The performance of our proposed model and its various modules
on the three-day length of stay (LOS > 3) prediction task.

Model Wnote Wtemporal Wnetwork AUROC AUPRC F1 SCORE

Proposed Model 0.1 0.1 0.8 0.6802 0.6179 0.5411

DeepNote 1.0 0.0 0.0 0.6374 0.5690 0.4515

DeepTemporal 0.0 1.0 0.0 0.5668 0.4972 0.3439

Patient Network 0.0 0.0 1.0 0.6599 0.5926 0.5050
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Table 7.4. The performance of our proposed model and its various modules
on the seven-day length of stay (LOS > 7) prediction task.

Model Wnote Wtemporal Wnetwork AUROC AUPRC F1 SCORE

Proposed Model 0.1 0.1 0.8 0.7177 0.1892 0.0546

DeepNote 1.0 0.0 0.0 0.5955 0.1299 0.0097

DeepTemporal 0.0 1.0 0.0 0.5835 0.1076 0.0052

Patient Network 0.0 0.0 1.0 0.6716 0.1537 0.0515

Table 7.5. The performance of our proposed model and its various modules
on in-hospital mortality prediction task.

Model Wnote Wtemporal Wnetwork AUROC AUPRC F1 SCORE

Proposed Model 0.35 0.05 0.6 0.8613 0.5248 0.4333

DeepNote 1.0 0.0 0.0 0.8238 0.4375 0.3666

DeepTemporal 0.0 1.0 0.0 0.7696 0.2834 0.1060

Patient Network 0.0 0.0 1.0 0.8476 0.5077 0.4246

Table 7.6. The performance of our proposed model and its various modules
on in-ICU mortality prediction task.

Model Wnote Wtemporal Wnetwork AUROC AUPRC F1 SCORE

Proposed Model 0.4 0.0 0.6 0.8624 0.4731 0.4527

DeepNote 1.0 0.0 0.0 0.8127 0.3789 0.3453

DeepTemporal 0.0 1.0 0.0 0.7482 0.2237 0.0950

Patient Network 0.0 0.0 1.0 0.8538 0.4574 0.4309
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Figure 7.3. The precision-recall curves for the proposed model (top-left)
and its modules on the seven-day length of stay (LOS > 7) prediction task:
DeepNote (top-right), DeepTemporal (bottom-left), and the patient network
(bottom-right).
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Figure 7.4. The receiver operating characteristic curves for the proposed
model (top-left) and its modules on the seven-day length of stay (LOS > 7)
prediction task: DeepNote (top-right), DeepTemporal (bottom-left), and the
patient network (bottom-right).
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Figure 7.5. The precision-recall curves for the proposed model (top-left)
and its modules on the three-day length of stay (LOS > 3) prediction task:
DeepNote (top-right), DeepTemporal (bottom-left), and the patient network
(bottom-right).
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Figure 7.6. The receiver operating characteristic curves for the proposed
model (top-left) and its modules on the three-day length of stay (LOS > 3)
prediction task: DeepNote (top-right), DeepTemporal (bottom-left), and the
patient network (bottom-right).
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Figure 7.7. The precision-recall curves for the proposed model (top-left) and
its modules on in-hospital mortality prediction task: DeepNote (top-right),
DeepTemporal (bottom-left), and the patient network (bottom-right).
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Figure 7.8. The receiver operating characteristic curves for the proposed
model (top-left) and its modules on in-hospital mortality prediction task:
DeepNote (top-right), DeepTemporal (bottom-left), and the patient network
(bottom-right).
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Figure 7.9. The precision-recall curves for the proposed model (top-left)
and its modules on in-ICU mortality prediction task: DeepNote (top-right),
DeepTemporal (bottom-left), and the patient network (bottom-right).
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Figure 7.10. The receiver operating characteristic curves for the pro-
posed model (top-left) and its modules on in-ICU mortality prediction task:
DeepNote (top-right), DeepTemporal (bottom-left), and the patient network
(bottom-right).
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8. CONCLUSION

In this research, we investigated a novel deep learning framework - DeepNote-GNN to predict

30-day hospital readmission outcomes. DeepNote-GNN consists of two main components:

DeepNote that is in charge of extracting deep contextual representations of clinical notes

using a feature aggregator added on top of the clinicalBERT algorithm, and a patient network

that extracts information from the topological structure of the patient graph and trains the

graph using a convolutional neural network.

DeepNote-GNN adopts a feature-based approach which makes its training process com-

putationally efficient and introduces additional task-specific parameters to its structure. We

evaluated DeepNote-GNN on 30-day hospital readmission prediction task using MIMIC-III

dataset. The performance results show that DeepNote-GNN performs significantly better

than the baseline models when discharge summary is used.

Our model analysis shows that the performance of DeepNote-GNN does not impact much

by the size of the training data, and the DeepNote representation is robust. The ablation

study confirms that patient network contributes significantly to the overall performance. This

also reflects the need to use patient network to utilize similar patient data for prediction.

To evaluate the generalization capability of the DeepNote-GNN to new prediction tasks

and new sets of data, we also install its main components to a multimodal model and train

it on mortality and length of stay prediction tasks. The results show that a patient network

built by incorporating the structured data can also improve the overall performance.

The future work includes modifying the architecture of the proposed multimodal model

to improve its performance so that it outperforms its baseline models. We also look forward

to implementing the DeepNote and patient network modules into other deep learning models

and evaluating them on new clinical prediction tasks.
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