Decision Support Systems 181 (2024) 114228

itk

Decision Support Systems

Contents lists available at ScienceDirect

Decision Support Systems

journal homepage: www.elsevier.com/locate/dss

Check for

Enhancing healthcare decision support through explainable Al models for o
risk prediction
Shuai Niu?, Qing Yin P, Jing Ma?, Yunya Song ¢, Yida Xu ¢, Liang Bai ¢, Wei Pan, Xian Yang ™#>*

2 The Department of Computer Science, Hong Kong Baptist University, Kowloon Tong, Hong Kong, China

b Alliance Manchester Business School, The University of Manchester, Oxford Rd, Manchester, M13 9PL, UK

¢ Al and Media Research Lab, Hong Kong Baptist University, Kowloon Tong, Hong Kong, China

d The Department of Mathematics, Hong Kong Baptist University, Kowloon Tong, Hong Kong, China

¢ The Computer and Information Technology School, Shanxi University, Shanxi Road, Tai Yuan, Shan Xi, China
f The Department of Computer Science, The University of Manchester, Oxford Rd, Manchester, M13 9PL, UK

& Data Science Institute, Imperial College London, South Kensington Campus, London, SW7 2AZ, UK

ARTICLE INFO ABSTRACT

Keywords:

Explainable Al in healthcare
Healthcare decision support
Disease risk prediction

Modelling longitudinal patient data
Deep neural networks

Electronic health records (EHRs) are a valuable source of information that can aid in understanding a patient’s
health condition and making informed healthcare decisions. However, modelling longitudinal EHRs with
heterogeneous information is a challenging task. Although recurrent neural networks (RNNs) are frequently
utilized in artificial intelligence (AI) models for capturing longitudinal data, their explanatory capabilities are
limited. Predictive clustering stands as the most recent advancement within this domain, offering interpretable
indications at the cluster level for predicting disease risk. Nonetheless, the challenge of determining the optimal
number of clusters has put a brake on the widespread application of predictive clustering for disease risk
prediction. In this paper, we introduce a novel non-parametric predictive clustering-based risk prediction model
that integrates the Dirichlet Process Mixture Model (DPMM) with predictive clustering via neural networks.
To enhance the model’s interpretability, we integrate attention mechanisms that enable the capture of local-
level evidence in addition to the cluster-level evidence provided by predictive clustering. The outcome of this
research is the development of a multi-level explainable artificial intelligence (AI) model. We evaluated the
proposed model on two real-world datasets and demonstrated its effectiveness in capturing longitudinal EHR
information for disease risk prediction. Moreover, the model successfully produced interpretable evidence to
bolster its predictions.

1. Introduction ability to handle high-dimensional, longitudinal, discrete, irregular, and

heterogeneous EHRs [1].

Decision support systems are evolving within healthcare to aid
clinicians in intricate decision-making processes by leveraging infor-
mation derived from clinical knowledge and patients’ electronic health
records (EHRs). EHRs constitute comprehensive repositories of diverse
healthcare data, encompassing unstructured medical notes, clinical
events, laboratory testing results, medical images, and other informa-
tion generated across multiple hospital visits. Typical applications of
utilizing EHRs to advance the precision medicine involve tasks such
as disease risk prediction [1-5], statistical phenotype prediction [6],
estimation of intensive care units (ICUs) stay duration [7], mortality
prediction [6], survival prediction [8], and disease diagnosis [6,9].
However, the efficacy of computational models is constrained by their

This paper investigates a novel healthcare decision support model
that extracts the representation of latent states from longitudinal EHRs
to explore explainable patient trajectories for disease risk prediction.
While various neural network-based methods have been developed to
model longitudinal EHRs and learn latent states, such as recurrent
neural networks (RNNs) [10,11] and convolutional neural networks
(CNNs) [12,13], which are often regarded as data-driven black-box
approaches [14]. Predictive clustering [15,16], on the other hand,
has recently emerged as a novel approach for disease prediction tasks
by clustering patients’ latent health states into several groups and
providing cluster-level explainable evidence for prediction results. In
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this paper, we develop an explainable artificial intelligence (AI) model
for disease risk prediction based on the fundamental principles of
predictive clustering.

In the task of disease risk prediction, cluster assignment changes
demonstrate the shifts in patients’ latent health states and provide
clusters of patients with similar health characteristics, aiding our under-
standing of the factors contributing to their health outcomes. Determin-
ing the optimal number of clusters when applying predictive clustering
models to different EHR datasets is a significant challenge, as the
number of clusters can significantly affect the results, and the optimal
value can vary across datasets. To address this issue, we propose a
neural non-parametric approach based on the Dirichlet Process Mixture
Model (DPMM) [17] for predictive clustering in disease risk prediction
tasks. DPMM is formulated as an infinite mixture model, and the stick-
breaking construction of the Dirichlet process is employed. We can
cluster data without pre-defining the exact number of clusters using
DPMM. The model is trained using Stochastic Gradient Variational
Bayes (SGVB) [18] to couple non-parametric clustering with neural
networks.

To increase the level of explainability in our model, we explore both
cluster-level explainability methods and local-level ones. The attention
mechanism [19] is a popular local-level explainability method that has
been used extensively in the literature to provide detailed explanations
of prediction tasks. This mechanism assigns importance scores to input
features and identifies crucial medical terms that contribute to dis-
ease risk prediction. Previous studies have shown the effectiveness of
attention mechanisms for EHR data analysis [9,10,20-22]. Therefore,
we incorporate attention mechanisms into our model to enhance its
explainability. Notably, our focus is on modelling unstructured patient
information, such as medical notes and auxiliary information from
clinical events and laboratory testing results. The patient data found
in medical notes is highly valuable and demands special consideration.
However, due to the unstructured nature of this data, developing
models to analyse it can be challenging, and there is a paucity of
research in this domain. In order to transform the unstructured textual
data derived from medical notes, we employ Clinical-BERT [23], which
is a robust clinical language understanding model utilized as the text
encoder. However, heterogeneous data from different modalities may
have domain discrepancies that can lead to sub-optimal performance.
To address this, we adopt soft Prompt learning [24-26] to reduce
domain discrepancies between different modalities and better integrate
heterogeneous information from medical notes and other modalities.

In this paper, we introduce a novel neural model named Dirichlet
Process-based Predictive Clustering (DirPred) for the purpose of dis-
ease risk prediction. The primary contributions of our work are outlined
below:

We present an explainable AI model designed to predict dis-
ease risk and enhance healthcare decision-making by incorpo-
rating multi-level explainability. This is achieved through the
integration of predictive clustering and the attention mechanism.
To capture the temporal dependencies in longitudinal EHRs, our
predictive model comprises a prior module that encodes informa-
tion from previous time steps and a posterior module that encodes
observations at the current time step. The model parameters
are learned through stochastic gradient descent and variational
Bayesian inference.

We address the challenge of encoding heterogeneous information
from EHRs into a unified encoding space by proposing a soft
Prompt learning-based data encoding approach.

To validate the effectiveness of the proposed model, we apply
DirPred to two publicly available EHR datasets, namely MIMIC-
III [27] and N2C2-2014 [28].
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2. Related work
2.1. Al models for disease risk prediction

In recent years, several AI models have been proposed for disease
risk prediction in healthcare decision-making using EHR data, including
time-aware, knowledge-aware, and attention-based models [2,29-34].
Given the longitudinal nature of EHR data, time-aware models utilize
time information during the model construction process. For example,
RetainEX [30] and ConCare [35] assumed that patient information
may decay between consecutive visits and thus applied the informa-
tion decay function to assist time-series data encoding for disease
risk prediction. Knowledge-aware models aim to improve risk predic-
tion performance by incorporating external information, such as med-
ical knowledge graphs [33,34] and disease-related information [36].
Attention-based models have played a significant role in risk prediction
along with time-aware and knowledge-aware models. The attention
mechanism [19] is a popular approach to interpreting the results
generated by deep neural networks. For example, RETAIN [10] intro-
duced the attention mechanism to the RNNs-based predictive model to
provide explainable results with high prediction accuracy. DIPOLE [20]
adopted the attention-based bidirectional RNNs for diagnosis predic-
tion. RAIM [7] and MNN [37] relied on the attention mechanism to
assign different weights to different variants for information extraction
and data aggregation. The work in [2,9,22] adopted a label-dependent
attention approach to help capture clinical terms from medical notes.

2.2. Modelling EHR data

EHRs contain heterogeneous information from multiple modalities,
reflecting patients’ health states from different aspects. For the time-
series laboratory testing data, many RNNs-based models have been
developed [7,38,39]. Meanwhile, attention mechanisms have been in-
creasingly introduced to generate explainable prediction results from
medical notes [9,22]. To model multimodal EHRs, RAIM [7] applied
RNNs and attention mechanisms to handle both laboratory testing
data and Electrocardiogram (ECG) waveform data. LDAM [2], on the
other hand, employed the label-dependent attention mechanism as the
bridge to fuse laboratory testing data with medical notes, demonstrat-
ing that the inclusion of disease risk-related prompts can lead to better
predictive performance.

Apart from heterogeneity, EHR data are also longitudinal, storing
patient health information collected from multiple hospital visits. A
variety of neural network-based models, such as RNNs and DSSMs,
have been developed to extract information from longitudinal data. For
example, GameNet [11], an RNNs-based model with an attention mech-
anism, was developed for disease diagnosis and drug recommendation.
The work in [15] attempted to understand disease progression using
deep predictive clustering, where encoded time-series data samples
were clustered over time. The methods in [12,13] used multi-level
CNNs to capture the complex changes of EHRs. Along with RNNs and
CNNs-based methods, DSSMs [39-41] have also played an essential role
in modelling longitudinal EHR data. For instance, the work in [39]
developed an attentive deep Markov model to trace patients’ latent
states and predict disease risk from laboratory testing results. The work
in [40] proposed a causal hidden Markov model to learn separate la-
tent representations with different supervised tasks, including medical
image reconstruction and risk prediction. In this paper, we primarily
concentrate on utilizing unstructured patient data, comprising medical
notes, for the purpose of disease risk prediction. As far as our under-
standing extends, only a few existing works focus on constructing deep
neural networks to represent this input data longitudinally.

2.3. Predictive clustering in healthcare decision making

Traditional unsupervised clustering models, such as K-means and
hierarchical clustering, often struggle to meet our expectations for
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Fig. 1. The flowchart of applying the DirPred model for healthcare decision-making in disease risk prediction.

most prediction tasks. Furthermore, there have been limited efforts to
use unsupervised cluster approaches for predicting risks at different
time points, particularly for longitudinal EHRs. With the widespread
use of neural networks, recent studies have explored leveraging their
ability to learn latent representations from raw data. [15] introduced
a predictive clustering model called ACTPC, which directed the un-
supervised clustering process using a supervised task. Patients’ latent
health states were clustered into different groups, and the embed-
ding of its cluster center characterized each group. As a continuation
of the ACTPC framework, CAMELOT [16] was developed, replacing
the non-differentiable selector network with an identifier network,
thereby enabling end-to-end training. Nevertheless, these techniques
necessitated a prior specification of the precise quantity of clusters and
bestowed insufficient emphasis on modelling unstructured longitudinal
medical records. This paper focuses on developing a non-parametric
predictive clustering model by introducing a neural Dirichlet process
to learn the number of clusters automatically.

3. Methodology

In this paper, we propose the DirPred model for disease risk pre-
diction in healthcare decision-making, as illustrated in Fig. 1. The
decision-making process comprises several key steps: collecting hetero-
geneous information from EHRs, pre-processing the data, modelling the
data using DirPred, and generating multi-level explainable results with
disease risk predictions. In the following sections, we provide a detailed
description of the DirPred model. Firstly, we explain the fundamental
concepts of predictive clustering and the Dirichlet process. Secondly,
we describe the three main modules of DirPred. Lastly, we define the
loss function for training the model.

3.1. Preliminary knowledge
3.1.1. Predictive clustering

Suppose each patient n is characterized by a sequence of EHRs
collected from multiple hospital visits, where the data sample at each

visit # is denoted as x]'. In the risk prediction task, the presence of
disease risks {y/, ..., y}} are predicted using the information contained
in {x],....x/}. Let £ € RXXD denotes the embedding matrix of cluster
centers, where K is the number of clusters, and D denotes the embed-
ding size, set to the default value of 768 as in [42]. £ can be initialized
by the K-means clustering results of all EHRs and updated by back-
propagation through end-to-end training. In the setting of predictive
clustering [15], € is used to predict risks via:

yr=rfE =, )}
where f(.) is the prediction network composed of fully connected
layers, and #” € RX is the distribution of cluster assignment for patient

n at time 7 learned by neural networks via encoding the information
from {x],....x7}

3.1.2. Dirichlet process

The Dirichlet Process Mixture Model creates clusters without pre-
defining the number of clusters by assuming that the cluster assignment
of each sample is generated via the Dirichlet process [43]. The stick-
breaking construction of the Dirichlet process is represented as follows,
which can be seen as a stick being broken into several pieces:

oV if k=1

n(k) _ .

T @[ -0, for k> 1. &)
<k

Here, n;’(k) is the kth element of ) ranging from O to 1 satisfying

> 7' =1, and o/ is drawn from a Beta distribution:

n(k) _
Beta(l,ﬂ,"(k)) - ﬂn(k)(l _ o;"(k))(ﬂ, ])_ (3)

t

To infer the non-parametric distribution z] coupled with deep neural
networks, SGVB is widely adopted. As the Beta distribution does not
meet the requirement of SGVB to have differentiable non-centered
parametrization (DNCP), the work in [44] chose the Kumaraswamy

(Kuma) distribution as the approximated posterior of o:'(k>, which is
written as:

@™ -1 0a"® _ynt)
Kuma(@"®, 51®) = 10 ) 10D (g 10660, Q)
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Fig. 2. The overview of the proposed DirPred model. Key variables are described as follows: x is the medical notes with auxiliary information of patient n at time #; z/' is the

patient latent state at the rth hospital visit; z, -1 = [2],...,z_] contains all latent states from 1 to 7~ 1 for patient n; x} is the cluster assignment distribution generated from the
stick-breaking construction process, whose kth element z"* ranges from 0 to 1 satisfying Y= z"® = 1; o"® is the key variable to derive z"*; a"® and 5"* denote the parameters
g P 1 8 ying 2, 7, 1 y 1 't (i p

of the posterior distribution q(o;’“‘)), and ﬂ,"(k) is the parameter of prior distribution p(o,"(k‘); £ is the embedding matrix of cluster centers; y; refers to the predicted risks.

Medical notes
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procedure because of her severely
limited mobility pain. Hence, she had a
pMIBI prior, demonstrated a small
reversible her surgery which defects.
Certainly, this presented some mortal | m}
risk to the patient. This was discussed
with her and a plan was made to ensure
that she would be aggressively treated
to ensure that her Het did not drop

[Prompt p™ | The patient was also agreeable to
this procedure because of her severely limited
mobility pain. Hence, she had a pMIBI prior,
demonstrated a small reversible her surgery
which defects. Certainly, this presented some
mortal risk to the patient. This was discussed

with her and a plan was made to ensure that she
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Fig. 3. The inputs of the text encoder x/ for patient n at time ¢ in the posterior module. m/, e/ and I refers to the medical notes, clinical events, and descriptions of laboratory
testing results. p”, p¢, and p' are their soft prompts shared across all inputs. CBERT denotes the language model Clinical-BERT.

For DNCP, we desire Kumaraswamy’s closed-form inverse cumulative 3.2. Our model
distribution function, where the samples can be drawn via the inverse
transform [44]: Fig. 2 provides an overview of our DirPred model. At the rth hospital
EE visit of patient n, the current observation x; encompasses unstructured
o;'(k) N (1 — e >u;‘(") where & ~ Uniform(0, 1). (5) health information primarily derived from medical notes, along with
auxiliary details from clinical events and laboratory testing results. The
where the detail of parameters in Eq. (3), (4), and (5) will be elaborated patient latent state z! is derived through predictive clustering utilizing
in the following sections. the embedding matrix £ and the distribution of cluster assignment .
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The prior distribution p(o"(k)), a crucial variable in constructing the
Dirichlet process for obtaining the cluster assignment z}, is generated
based on the previous latent state z;' ,. Conversely, the posterior dis-
tribution q(o"(k)) is approximated by encoding the current observation
x} along with all previous latent states z}. _, . Our model is trained
by minimizing the Kullback-Leibler (KL) d1vergence between the prior
and posterior distributions of o"(k) combining the risk prediction loss.

3.3. The posterior module

3.3.1. Encoding unstructured health information

In this subsection, we focus on describing the text encoder of the
posterior module. Recent works in [2,22] have shown promising results
by integrating medical notes with other auxiliary information. How-
ever, they still cannot resolve the difference among data from different
modalities. To address this issue, we adopt a soft Prompt learning-based
data encoding method.

The example input shown in Fig. 3 contains raw data from medical
notes m; and also auxiliary information including the descriptions of
clinical events e} and laboratory testing results in [;. The descriptions
of clinical events e/ are obtained by concatenating all clinical events
into a sequence. For laboratory testing results, we apply the boxplot
anomaly detection method [45] to find all abnormal information and
convert it into textual descriptions IY. x} collects all this information
as x;! = {p",m],p°, e,,p '}, where p™, p°, and p' are soft prompts.
These soft prompts, which are modality-specific, are tokens that are
shared across all samples. The embeddings of the prompts are learnable
in the training process with the purpose of mitigating differences from
different modalities.

3.3.2. Neural Dirichlet process

Fig. 2 also illustrates the structure of the posterior module related to
the neural Dirichlet process. Suppose z{, ) = [z],...,z_,,] contains
all previous latent states of the patient n, which is encoded together
with x” to get a fused embedding vector v € RP:

v} = f1(g(CBERT(x})) ® BiGRU(z], ,_,)). 6)

where CBERT(.) denotes the Clinical-BERT encoder [23], BiGRU(.) is
the bidirectional gate recurrent unit(GRU), f,(.) is a fully connected
network, g(.) is the forget gate adopted from the long short-term
memory (LSTM) [46] and @ is the concatenation operator. v} is then
fed into two parallel fully connected networks f,(.) and f3(.) with the
softplus activation function: the outputs are the parameters of the
posterior distribution q(o"(k)) =K uma(a"(k) b"(k)), which are:

@', .., a0, d ) = sofplus(f,w) = log(1 + exp(f,@")  (7)
and

(B, b, ) = softplus(f3(0))) = log(1 + exp(f3@])),  (8)

where the softplus activation function is to make sure the parameters
a:’(k) and b:'(k) are positive. With a:'(k) and b:'(k), for each k then o:'(k) can
be sampled from Eq. (5) to generate the cluster assignment distribution
x;} via Eq. (2). Please note that K here does not refer to the exact
number of clusters. Instead of implying a finite-dimensional prior, K
here is the truncation parameter. a"( ) is always set to one to ensure
Zk ,"(k) 1, where ﬂ"(K) represents the total probability of K to oo
clusters.

3.4. The prior module

As described in [44], the prior distribution of o"(k) is assumed to
follow the Beta distribution, that is p(o”(")) = Beta(l, ﬂ”(k)) Its parameter
ﬂ"(k) is obtained by encoding the latent states at the previous time step:

B, B, B0 = softplus(fy(z ), )

where f,(.) refers to a fully connected network.
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3.5. The likelihood module

In the likelihood module, the embedding matrix of cluster centers
£ together with the cluster distribution vector #} are used to generate
the patient latent state z]' via:

' =ETx", 10)

where £ € R¥XP, K is the truncation parameter, z € RP, and ()T is
the transpose operator. z/' is then fed into the fully connected network
f5(.) to get the risk prediction results as:

¥l = f5z). an
3.6. Learning objective

With the adoption of the variational Bayesian inference, the loss is
defined as:

N

1 1
L= TNAT { Eqw(,,“,p[logpg(yTIOT)] + K L(gy (0] [x}) || po0})—
n=1 1n
1,

,, T,
ZE%(D A n[1ogpo(yy10))] + Z K L(q4(0] 12}, 1y, X{) | Po(0]) }

t=2

12)

where N is the total number of patients, and 7, is the number of
hospital visits for patient n. The likelihood p,(y/|o}) is calculated as:

Po(y}lo)) = - Zy,, log(1) + (1= y7") - log(1 — 37,), 13
where L is the number of classes (i.e. disease risks). The posterior

and prior of o are g,(o]|z" K uma(a"(k) b"(k)), and py(o") =

n
X)) =
L1yt
Beta(l, ﬁ,"(k) ), respectively. ¢ and 6 represent the parameters of neural
networks for the distribution approximation. The KL divergence be-
tween the prior and posterior distributions of o”( ) can be represented

as [44]:

n(k)) OB o
E . |lo ’—( () - )
(] [ s o n(k)):| 4 v =¥ 5

+ loga"(k)b"(k) +log B(1, /™)

bn(k)
+ (ﬁn(k) l)bn(k) 2

m bn(k))’
m=1 m+a

bﬂ(k) n(k)bn(k) (af(k)’ !

14)

where y is Euler’s constant, ¥(.) is the Digamma function, B(.) is the
Beta function and the infinite sum results from the Taylor expansion.

The training procedure to optimize DirPred by minimizing the loss
defined in Eq. (12) is shown in Algorithm 1.

4. Experiments
4.1. Dataset

As summarized in Table 1, our model and all comparative baselines
are trained and evaluated on two publicly accessible de-identified
medical datasets, MIMIC-III' and N2C2-2014.>

1 https://physionet.org/content/mimiciii/1.4/
2 https://portal.dbmi.hms.harvard.edu/projects/n2c2-nlp/
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Algorithm 1 The DirPred model

1: Input Given the EHR data x} for r € {1,...,T,} and n € {1,..., N},
where x! refers to the patient’s medical notes with auxiliary
information.

2: while not converge do
3:  for Each patient n do
4: for Each time s do
5: Encode x] using the Clinical-BERT.
6: Encode the information from previous latent states z{, o
using the bidirectional GRU.
7: Combine the outputs from the above two steps using Eq. (6)
and then generate af(k) and b;’(k) for all k using Eq. (7) and
Eq. (8).
8: Sample o,"(k) using a:'(k> and bf(k) for all k as defined in Eq.
(5).
9: Get the cluster assignment distribution z} using {o:'(k)} f—]
from Eq. (2).
10: Generate the patient latent state z; using #} and the
embedding matrix of cluster centers £ from Eq. (10).
11: Obtain the prediction results using z!' from Eq. (11).
12: Calculate the cross-entropy loss of the risk prediction results.
13: Derive the parameter ﬂ,"(k) of the prior distribution of o;’(k)
for all k using Eq. (9).
14: Calculate the KL divergence between the prior and the
posterior of o,"<k) as described in Eq. (14).
15: end for
16: end for

17:  Update parameters by minimizing the loss defined in Eq. (12) for
patients in each batch.
18: end while

4.1.1. The MIMIC-III dataset

MIMIC-III [27] is one of the largest publicly accessible EHR datasets,
comprising both structured and unstructured health information col-
lected during multiple hospital visits of patients. It contains 22,220
records of patient visit information that encompass both medical notes
(hospital brief course) and auxiliary information collected from 19,017
distinct individuals across various single or multiple hospital visits. We
extracted hospital visit records and risk indicators from the MIMIC-
III dataset using the data extraction method described in [47]. Given
that our model encodes patients’ longitudinal information, we extracted
a subset of the MIMIC-III dataset that comprises records from 3740
patients who had two or more hospital visits, totalling 9759 records.
The average number of visits for patients in this subset is 2.61.

Clinical events and laboratory testing results serve as auxiliary in-
formation that is fed into the predictive model alongside medical notes.
Specifically, clinical events are transformed into a sequence of non-
repeating phrases, while the boxplot anomaly detection method [45]
is applied to laboratory data to obtain text descriptions of anomalies.
Examples of the extracted data are presented in Table 1. We pre-process
the three input textual data by removing numbers, noise, and stop
words. To evaluate the performance of our proposed model in the
disease risk prediction task, we use three upper-level categories of risk
indicators, Chronic disease risk, Acute disease risk, and Mixed disease
risk as our prediction targets [47]. We adopt the same data-splitting
strategy as in [47], whereby we obtain training and test datasets at a
4:1 ratio for performance evaluation.

4.1.2. The N2C2-2014 dataset

Different from MIMIC-III, the N2C2-2014 dataset does not include
such abundant auxiliary information. Instead, it consists of 1304 medi-
cal notes from 296 patients who have undergone two or more hospital
visits, with an average visit count of 4.41. We applied the same data
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Table 1

The summary of EHR datasets.
Dataset MIMIC-III N2C2-2014
# Records 22,220 1,304
# Patients 19,017 296
# Patients
with Multiple 3,740 296
Visits
Ave. # 2.61 4.41
Visits
# Records from
Patients with 9,759 1,304

Multiple Visits

Data
Examples

Text: “This year old woman
has a history of COPD. Over
the past five years she has

had progressive difficulties with
her breathing. She was admitted

to hospital for respiratory failure

due to a COPD exacerbation.
Due to persistent hypoxemia,
she required intubation and a
eventual bronchoscopy on
revealed marked

narrowing of the airways on
expiration consistent with
tracheomalacia. She ...”

Text: “The patient is year old
male with complaints of chest
pain and throat tightness. The
patient reported that he was
stuck in traffic for about hours
last night and apparently got
very tense. He felt some heat
from his car thought that

it was overheating and then
developed some chest pain
and throat tightness. He

really described what seems

to be fleeting chest tightness
and no diaphoresis no shortness

Event: “dextrose gauge of breath and no arm ...”
furosemide lasix po intake nacl

magnesium sulfate chest xray...”

Lab:“high glucose

high fraction inspired oxygen

high glucose normal heart rate

low oxygen saturation...”

pre-processing strategy as used for the MIMIC-III dataset, which in-
volved removing numbers, noise, and stop words. Our prediction target
was four disease risk-related factors: Hyperlipidemia, Hypertension,
Coronary artery disease, and Diabetes. We split the training and test
datasets at a 4:1 ratio for performance evaluation.

4.2. Baseline methods

We compared DirPred with other baseline methods, which fall into
three categories: Class 1 methods are purely supervised models for risk
prediction; Class 2 methods adopt clustering approaches to assist the
supervised prediction tasks; Class 3 methods are ablated versions of
DirPred.

The Class 1 baseline methods are listed as follows:

SVM and XGBOOST: These are two conventional machine learn-
ing methods which use the word2vec representations of inputs for
predictive model construction.

CAML: CAML [9] is a state-of-the-art interpretable medical tex-
tual classification model. It integrates label-embedding and cross-
attention mechanisms to provide an interpretable medical text
classification model.

CAML*: The encoding layer of CAML is replaced with Clinical-
BERT [23] for a fair comparison with our model.

CAML**: To encode the longitudinal information from EHRs, the
time-aware attention mechanism from ConCare [35] is integrated
into CAML*.

RETAIN: RETAIN [10] extracts information from longitudinal
EHRs in reverse time order by using two RNNs and self-attention
mechanisms.



S. Niu et al.

+ RETAIN*: For a fair comparison, the language model Clinical-
BERT is introduced to RETAIN for text embedding.

+ DIPOLE: DIPOLE [20] replaces the two RNNs layers in RETAIN
with Bi-directional RNNs [48]. It also adopts an attention mech-
anism to help integrate information from both past and future
hospital visits.

» DIPOLE*: The encoding layer of DIPOLE is replaced with Clinical-
BERT for text embedding.

The Class 2 baseline methods are listed as follows:

» Deep K-means: K-means is a conventional unsupervised cluster-
ing method. To be capable of handling unstructured data and
performing risk prediction, we adopt a deep neural network
version of K-means by utilizing the Clinical-BERT [23] and fully
connected networks. All data will be first clustered into groups
via K-means to generate center embeddings, based on which a
predictive model will be built to predict disease risk.

CAMLOT: ACTPC [15] and CAMELOT [16] are two recent predic-
tive clustering models for disease risk prediction. While CAMELOT
has demonstrated improved performance and training strategies,
it was not designed to handle unstructured data obtained from
multiple hospital visits; instead, it focused on modelling nu-
merical time-series health monitoring signals. In light of this
observation, we have modified CAMELOT by replacing its RNNs-
based encoding module with Clinical-BERT, thereby enabling it
to handle unstructured data.

The ablated versions of our model in Class 3 are listed as follows:

+ DirPred-I: DirPred-I uses only medical notes as input data with-
out auxiliary information. We replaced the non-parametric clus-
tering approach with a parametric clustering approach [49]. For
MIMIC-IIT and N2C2-2014, the number of clusters is set to 8
and 16, respectively. We followed the strategy adopted in [15],
where the number of clusters is set to 2%, with L representing the
number of disease risks.

DirPred-II: DirPred-II takes the same data input as DirPred-],
while the clustering part follows the non-parametric approach
proposed in DirPred.

DirPred-III: DirPred-III removes the prior module from DirPred
to check the impacts of modelling longitudinal information on the
performance of risk prediction.

For all comparative models, the learning rate is set to le™, the
token length is 300, the embedding size of Clinical-BERT is 768, and
the size of the latent state is 384. The ADAM optimizer is chosen as the
optimizer for model training. We also adopt the dropout strategy with
a dropout rate of 0.3 and the gradient clip strategy with a clip value of
125. All comparative models are trained five times with a fixed set of
five different seeds, and the results were presented in terms of average
indicator performance. All models are implemented using PyTorch on
an NVIDIA TESLA V100 GPU. The source code of our model is publicly
accessible.?

4.3. Evaluation metrics

The performance of risk prediction is assessed using metrics such as
precision, recall, F1 score, accuracy, and AUROC score.

Precision is the ratio of positive predictions which are correctly
identified, which is expressed as,

Precision = _Ir (15)
TP+ FP

3 https://github.com/Healthcare-Data-Mining-Laboratory/DirPred.git
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Recall is the ratio of all true positives are correctly identified, which
is expressed as,

Recall = TP __ (16)
TP+ FN
F1 score is the harmonic mean of precision and recall, which is

expressed as,

_ 2 % Precision % Recall

F1
Precision + Recall

@7)

Accuracy is the ratio of correct predictions, which is expressed as,

acc = —TE+TH as)
TP+TN+ FP+FN

TP, TN, FP, and FN represent True Positives, True Negative, False
Positives, and False Negative. True Positives are for accurate positive
class predictions, True Negatives are for accurate negative class predic-
tions, False Positives are for inaccurate positive class predictions, and
False Negatives are for inaccurate negative class predictions.

Area Under the Receiver Operating Characteristic Curve (AUROC)
score is a classification performance measurement that summarizes a
value of the Receiver Operating Characteristic Curve.

In addition, to provide comprehensive evaluation results, we com-
pute all metrics from both micro-average and macro-average. The
difference between micro-average and macro-average is that the former
takes into account the total outcome contributions from all classes to
calculate the average, while the latter calculates the average for each
class independently and then aggregates.

4.4. Evaluation results

4.4.1. Comparison with Class 1 models

From Table 2 and Table 3, our DirPred model outperforms all
Class 1 methods with higher F1, AUROC, and ACC scores in the risk
prediction task for both datasets. We can also observe that compared
with conventional machine learning approaches such as SVM and XG-
BOOST, the neural network-based models, especially CAML*, exhibit
stronger predictive power. Although SVM and XGBOOST achieve high
recall values (close to 1.0), their precision scores are much lower
than the others. Therefore, when considering the overall performance
represented by F1 and AUROC scores, these models are found to be not
as good as the CAML" model.

Furthermore, we observe that longitudinal models, such as CAML**,
RETAIN, and DIPOLE, have better performance than SVM, XGBOOST,
and CAML. Among these models, DIPOLE* has the best F1, AUROC,
and ACC scores. This observation indicates that historical information
generated from previous hospital visits can improve the performance
of disease risk prediction. Moreover, RNNs are useful in extracting
longitudinal information, as evidenced by the evaluation performance
of the RETAIN and DIPOLE models.

Additionally, we find that the performance can be enhanced by
integrating Clinical-BERT [23] into predictive models. Specifically, the
F1, AUROC, and ACC scores from CAML, RETAIN, and DIPOLE can
be increased when the pre-trained language model is added. The im-
provement in the N2C2-2014 dataset is particularly significant. For
example, the ACC score of N2C2-2014 increased from 0.2957 to 0.5923
by introducing Clinical-BERT to DIPOLE.

4.4.2. Comparison with Class 2 models

Table 2 and Table 3 show that Deep K-means and CAMELOT models
have similar performance on the MIMIC-III dataset, while CAMELOT
outperforms Deep K-means on the N2C2-2014 dataset with higher F1,
AUROC, and ACC scores. However, both models fail to show better per-
formance than the Class 1 methods. This is because Class 2 methods are
not designed for modelling unstructured data, and providing cluster-
level evidence can sacrifice predictive performance. It is worth noting
that our DirPred model, which is also a predictive clustering-based ap-
proach, significantly outperforms CAMELOT and Deep K-means models.
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Table 2

The risk prediction results for the MIMIC-III dataset. The best results are highlighted in bold, and the second-best results are marked with an asterisk (*).
Models MIMIC-III

Micro Macro ACC
Precision Recall F1 AUROC Precision Recall F1 AUROC

SVM 0.7735 0.9998 0.8722 0.5004 0.7735 0.9998 0.8703 0.5003 0.5111
XGBOOST 0.7736 0.9999 0.8723 0.5005 0.7736 0.9999 0.8705 0.5003 0.5106
CAML 0.7849 0.9718 0.8777 0.6702 0.7809 0.9680 0.8634 0.6270 0.4939
CAML* 0.8467 0.9294 0.8860 0.8350 0.8464 0.9229 0.8796 0.8165 0.5363
CAML* 0.8445 0.9512 0.8895 0.8428 0.8385 0.9458 0.8853 0.8187 0.5471
RETAIN 0.8473 0.9206 0.8824 0.8131 0.8452 0.9176 0.8799 0.7956 0.5476
RETAIN* 0.8336 0.9499 0.8879 0.8349 0.8326 0.9457 0.8848 0.8289 0.5556
DIPOLE 0.8401 0.9323 0.8904 0.8317 0.8384 0.9445 0.8879 0.8226 0.5397
DIPOLE* 0.8581 0.9355 0.8948 0.8470 0.8572 0.9335 0.8929 0.8283 0.5633
Deep K-means 0.7735 0.9999 0.8624 0.6055 0.7735 0.9998 0.8601 0.5001 0.5103
CAMELOT 0.7803 0.9650 0.8618 0.5070 0.7803 0.9652 0.8600 0.5080 0.5108
DirPred-I 0.8272 0.9797 0.8971 0.8532 0.8262 0.9768 0.8952 0.8494 0.5651
DirPred-II 0.8778 0.9223 0.8994* 0.8692* 0.8773 0.9192 0.8972* 0.8576* 0.5980*
DirPred-III 0.8706 0.9223 0.8956 0.8514 0.8690 0.9194 0.8933 0.8470 0.5819
DirPred 0.8722 0.9340 0.9022 0.8778 0.8714 0.9307 0.8997 0.8625 0.6041

Table 3

The risk prediction results for the N2C2-2014 dataset. The best results are highlighted in bold, and the second-best results are marked with an asterisk (*).
Models N2C2-2014

Micro Macro ACC
Precision Recall F1 AUROC Precision Recall F1 AUROC

SVM 0.6068 0.9972 0.7539 0.5074 0.6063 0.9973 0.7441 0.5073 0.1869
XGBOOST 0.6062 0.9948 0.7540 0.5080 0.6070 0.9948 0.7437 0.5076 0.1826
CAML 0.6846 0.8502 0.7565 0.7333 0.6525 0.8142 0.7078 0.6572 0.2348
CAML* 0.8908 0.9136 0.9007 0.9428 0.8893 0.9022 0.8949 0.9462 0.5627
CAML*+ 0.8376 0.9275 0.8903 0.9239 0.8543 0.9175 0.8877 0.9221 0.5122
RETAIN 0.7556 0.8466 0.7949 0.8194 0.7392 0.8162 0.7716 0.7949 0.3126
RETAIN* 0.8859 0.9118 0.8994 0.9204 0.8902 0.9023 0.8973 0.9082 0.5347
DIPOLE 0.7669 0.8341 0.7990 0.8253 0.7546 0.8000 0.7715 0.8118 0.2957
DIPOLE* 0.8961 0.9201 0.9036 0.9376 0.8975 0.9128 0.8977 0.9226 0.5923
Deep K-means 0.6781 0.8272 0.7452 0.6774 0.5074 0.7453 0.6003 0.5187 0.1308
CAMELOT 0.6057 0.9999 0.7544 0.6803 0.6057 0.9999 0.7439 0.5754 0.1905
DirPred-1 0.9175 0.9344 0.9273* 0.9382* 0.9104 0.9275 0.9185* 0.9296* 0.6459
DirPred-1II 0.8972 0.9306 0.9136 0.9346 0.8971 0.9209 0.9077 0.9284 0.6467*
DirPred / DirPred-II 0.9270 0.9379 0.9323 0.9592 0.9209 0.9360 0.9278 0.9638 0.7050

* Please note that DirPred-II for the N2C2-2014 dataset is equivalent to DirPred because only medical notes data from the N2C2-2014 dataset are used.

This observation implies that our model is the state-of-the-art predictive
clustering method in the disease risk prediction task. The improvements
are attributed to the development of the neural Dirichlet process model.

4.4.3. Comparison with Class 3 models

When comparing the non-parametric clustering-based approaches
(i.e. DirPred-II and DirPred) with the parametric clustering approaches
(i.e. DirPred-I), the results from Table 2 and Table 3 suggest that
the former outperforms the latter on both datasets. This observation
indicates the superior performance of the non-parametric clustering
method for the disease prediction task. For MIMIC-III, which contains
additional clinical events and laboratory results, we further investigate
the impact of including them in our model. By comparing DirPred-II
(the ablated version of DirPred without using additional information)
with DirPred, we find that incorporating auxiliary information can im-
prove performance. We also demonstrate the effectiveness of the prior
module by introducing the ablated version, DirPred-III. By comparing
DirPred-1II with DirPred, we can see that the predictive performance
is significantly reduced without the prior module, especially for the
N2C2-2014 dataset.

4.5. Broadening model scope: Capturing intra-visit variations

To further explore the capabilities of our DirPred model with vary-
ing medical data inputs, we have undertaken an experiment specifically
focusing on its proficiency in capturing intra-visit patients’ latent health

state variations related to acute disease risk, such as sepsis. We un-
dertake a comparative analysis between our model, DirPred, and the
baseline model DIPOLE (it has demonstrated the highest performance
evaluation scores across all baseline models) on the MIMIC-III dataset
(while the N2C2-2014 dataset does not include time-series input fea-
tures). To demonstrate the ability of our model to capture intra-visit
variations, we have implemented a transition from utilizing textual
inputs for each patient hospital visit to employing continuous time-
series laboratory testing results within each visit. Furthermore, we have
substituted the text encoder with an RNNs-based network—GRU. The
results presented in Table 4 show that our DirPred model attains the
highest evaluation scores across all metrics, thereby substantiating its
superior capability in capturing intra-visit variations.

5. Discussion
5.1. Local-level explainability

Our proposed model can assist clinicians and patients in extracting
valuable features from EHR data by providing local-level evidence
through an attention mechanism. Fig. 4 displays the local-level ex-
plainable results of the attention mechanism. We randomly selected
three patient cases from the test dataset to demonstrate the model’s
performance, where the highlighted input features are the ones that
gained high attention scores in the attention mechanism.

For example, patient case 1 is at risk of “acute cerebrovascular
disease”. Our model highlights words or phrases from medical notes,
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Table 4
Evaluation performance on an acute disease risk (sepsis) with continuous time-series laboratory testing results as the input. The best results are highlighted in bold.
Models MIMIC-III
Micro Macro ACC
Precision Recall F1 AUROC Precision Recall F1 AUROC
DIPOLE 0.8220 0.8220 0.8220 0.6955 0.5366 0.5005 0.4543 0.6955 0.8220
DirPred 0.8261 0.8261 0.8261 0.7130 0.9127 0.5080 0.4680 0.7130 0.8261

Diagnosis Result: acute cerebrovascular disease

Brief Summary: .

+..admitted e]gciively'dmgnoshc cerebral
te:

disease, coronary atherosclerosis,

is Result : renal failure, myocardial infarction, chronic kidney
labetes, congestive heart failure

Diagnosis Result : respiratory failure, chronic kidney disease,
diabetes hypertension, congestive heart failure

Brief Summary: ...... diastolic vascular dementia respiratory failure

dr toelra vessels feeding

lesion remaining remained stable underwent craniotomy resection Brief Summary:

.. transferred mi inferior distribution discase

requiring respiratory patient hypoxic admission nrb arterial blood g,as
started bipap peep ps improvement sat weaned patient history cop

petraclinoid lesion placement rigth sided tolerated procedure brought
icu intubated length underwent mri scan brain hours assess teh mrt
lesion attemtps extubating held unabel protect cvd remained
commands left eye left pupil nonreactive consistent nerve remeianed

cardaic druing catheterization poba mid referred continue experienced
episodes chest pain catheterization remainder hospital congestive heart
failure patient acute diastolic heart failure iv lasix required intubation

hypoxemic resp y failure p Yy [
i iuresed iv respiratory status continued tte ef mild moderate

hemodynamically stable exam stable evd raised extubate
requirc shovel mask resp y evd d remain
underwent left supoccipital craniotomy debulking heparin sc held prior
postoperative head ct demonstrated acute blood minimal evd left
remained intubated post vanco gentamycin perioperative debulking
started eye moving left y puToscfull defecits
minimal withdrawal lower withdrawal upper patient febrile fover
\svurkup initiated urine sputum ‘qil'grum stain lenis chest xray

d rightside lower lobe collapse

regional left ventricular systoli¢ dysfunction severe hypokinesis
inferior wall distal half anterior fluid retention oliguric renal failure
require oxygen weaned patient continued started acei wishes history
hypotension chronic kidney renal patient baseline creatitine creatinine
baseline time presentation cardiac catheterization secondary creatitine
peaked day acute renal faliure medications renally ......
Clinical Events: invasive ventilation gauge nacl insulin humalog
dextrose solution cath lab intake heparin sodium prophy furosentide

acute hypoxia diastolic heart cxr appeared mild pulmonary edema
change patient fever pe considered thrombus ra poor functional
capacity repeat echo evidence thrombus evidence dvt physical patient
received lasix boluses diuresis slowly switched dose po hospitalization
patient marked improver ! I oxygen re nts time
discharge sating diastolic patient echocardiogram evidence mild
Fu]monary artery systolic hypertension diastolic presentation patient
lacked overt volume overload arrival chest xray remarkably boluses.
started nitro gtt blood pressure repeat echo change previous encourage
daily weights low sodium diet weight increase extra pm dose patient
hypertensive systolic blood pressures initially started nitro drip blood
pressure transitioned oral dose metoprolol increased daily started
imdur daily response time blood pressure

Clinical Events: nacl gauge dextrose heparin sodium prophylaxis lasix nph gastric meds

chest xray isosource full gauge blood cultured

Laboratory Testing Results: high diastolic blood pressure high

fraction inspired oxygen high glucose high heart rate high mean blood

Ercssurc low oxygen saturation normal respiratory rate high systolic
lood pressure high temperature normal weight low ph

Laboratory Testing Results: low diastolic blood pressure high

fraction inspired oxygen high glucose normal heart rate high mean
blood pressure low oxygen saturation normal respiratory rate high
systolic blood pressuré normal temperature normal weight low ph

Clinical Events: propofol lactated ringers gastric meds probalance
free water bolus

Laboratory Testing Results: high diastolic blood pressure normal
fraction inspired oxygen high glucose normal heart rate high mean
blood pressure low 0Xygen saturation normal respiratory rate low
systolic blood pressure¢ normal temperature normal weight normal ph

Patient Case 1

Patient Case 2

Patient Case 3

Fig. 4. Local-level explainable results were obtained from the attention mechanism for three randomly selected patient cases. The highlighted input features gained high attention
scores (top 20%) in the attention mechanism and provided important information for disease risk prediction.
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Fig. 5. The cluster assignments and medical terminologies of six randomly selected patients from their first three hospital visits.

such as “cerebral angiogram embolization”, “underwent craniotomy
resection petra clinoid lesion”, and “craniotomy”, which are explicitly
semantically related to diagnosing diseases. For clinical events, “hep-
arin sodium” is a medication that is related to cerebrovascular disease
treatment [50]. Regarding laboratory testing results, parameters such
as “fraction inspired oxygen”, “glucose”, “oxygen saturation”, “tem-
perature”, and “pH” are commonly measured in patients with acute
cerebrovascular disease [51]. Similar findings were also observed in
the other two patient cases.

5.2. Cluster-level explainability

We present the results of clustering patients’ latent health states
using our predictive clustering-based model, which not only predicts

disease risks but also groups latent states into different clusters to pro-
vide cluster-level explainable evidence. Fig. 5 displays the assignments
of six patients randomly selected from the test dataset. By examining
the cluster assignments indicated by Cluster ID, we observe that the
trajectories of patients’ latent health states (i.e., cluster assignments at
different time points) change across different hospital visits. Specifi-
cally, patient 1 first stays in cluster 5 and then remains in cluster 1 for
the remaining two visits; patients 2, 3, and 4 are assigned to clusters 1,
3, and 2, respectively, for all three hospital visits; patient 5 is assigned
to clusters 3, 2, and 1 in three consecutive visits; patient 6 is assigned
to cluster 4 at the 1st and 3rd hospital visits and cluster 2 at the 2nd
hospital visit.



S. Niu et al.

® Micro F1 @ Macro F1

0.93
0.92
0.91
0.90
0.89
0.88
0.87

M

20 40

Cluster Number

60 80

(a) DirPred-I on MIMIC-III

® Micro F1 @ Macro F1

0.93
0.92
0.91

0.90

0.89
0.88

0.87

20 60 80

Truncation Number

(c) DirPred on MIMIC-IIT

Decision Support Systems 181 (2024) 114228

® Micro F1 @ Macro F1

0.93
0.92
0.91
0.90
0.89
0.88

0.87
20 40

Cluster Number

60 80

(b) DirPred-I on N2C2-2014

® Micro F1 @ Macro F1

0.93
0.92
0.91
0.90
0.89
0.88

0.87
20 40

Truncation Number

60 80

(d) DirPred on N2C2-2014

Fig. 6. The performance of disease risk prediction under different settings.

The detected clusters by predictive clustering can be used to explain
patients’ health states by analysing each cluster’s common characteris-
tics. Fig. 5 shows the most frequent medical terminologies associated
with EHRs in each cluster. We find that most terminologies in each
cluster fall under one broad disease category. For example, cluster 1 is
related to cardiovascular diseases, where “cardiac arrest” is a typical
symptom of cardiovascular disease [52], “cirrhosis” may be caused by
heart disease [53], “neutropenia” could aggravate acute cardiovascular
diseases [54], and “melanoma” demonstrated that cardiac metastases
occurred in up to 65% of the cases [55]. Cluster 2, is related to
respiratory system diseases, and sometimes severe “hypoglycemia” can
lead to respiratory failure [56]. Similar findings are also observed for
the other three clusters. By understanding these clusters and analysing
the changes in cluster assignments for each patient over time, we can
gain insights into the changes in their health states, which in turn can
support the changes in the risk prediction results.

5.3. Sensitivity analysis

We have conducted a sensitivity analysis to investigate how the
number of clusters, denoted by K, and the truncation parameter, de-
noted by K, would affect the performance of DirPred-I and DirPred,
respectively. Fig. 6 illustrates the F1 scores obtained by varying the
values of £ and K within the range of [8, 10, 16, 30, 40, 50, 80]. It
can be observed that the F1 curves of DirPred-I display more significant
fluctuations than those of DirPred across different settings. For DirPred-
I, the optimal number of clusters leading to the highest F1 scores
for the MIMIC-III and N2C2-2014 datasets are 8 and 16, respectively.
These values align with the recommendations proposed by [15] that
we have adopted in the previous experiments. In contrast, for DirPred,
the F1 values remain relatively stable when changing the truncation
parameter. This observation suggests that the performance of DirPred is
less sensitive to the choice of truncation parameter, which is a notable
advantage of non-parametric clustering methods.

10

6. Conclusions

In this paper, we have proposed a novel explainable AI model,
the non-parametric predictive clustering, for disease risk prediction in
healthcare decision-making. Our model utilizes longitudinal medical
notes along with auxiliary information and provides multi-level ex-
plainable evidence simultaneously. The predictive clustering approach
groups latent health states and uses the weighted representation of
cluster centers for risk prediction without pre-defining the exact num-
ber of clusters. To accomplish this, we adopt the Dirichlet process
mixture model as a non-parametric clustering approach. To effectively
couple non-parametric processes with neural networks, the model is
trained using the stochastic gradient descent variational Bayesian in-
ference method. The posterior of the parameters in the non-parametric
clustering algorithm is approximated using both the current and histor-
ical information. To encode heterogeneous information from multiple
modalities of EHRs, we adopt the soft Prompt learning approach for
data fusion. In order to capture temporal dependencies and construct
a dynamic model, a prior network is specifically engineered to fur-
nish prior parameters derived from the previous latent state. In our
experiments, our model demonstrates superior predictive performance
over state-of-the-art comparative models on two popular real-world
EHR datasets. Additionally, it provides local-level and cluster-level
explainable evidence to identify valuable information contained in EHR
data and interpret patients’ latent health states.
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