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Abstract

Background: Acute diseases present severe complications that develop rapidly, exhibit distinct phenotypes, and have profound
effects on patient outcomes. Predictive analytics can enhance physicians' care and management of patients with acute diseases
by predicting crucial complication phenotypes for atimely diagnosis and treatment. However, effective phenotype predictions
require several challenges to be overcome. First, patient data collected in the early stages of an acute disease (eg, clinical data
and laboratory results) arelessinformative for predicting phenotypic outcomes. Second, patient dataare temporal and heterogeneous,
for example, patientsreceivelaboratory tests at different timeintervals and frequencies. Third, imbalanced distributions of patient
outcomes create additional complexity for predicting complication phenotypes.

Objective:  To predict crucial complication phenotypes among patients with acute diseases, we propose a novel, deep
learning—based method that uses recurrent neural network—based sequence embedding to represent disease progression while
considering temporal heterogeneities in patient data. Our method incorporates a latent regulator to alleviate data insufficiency
constraints by accounting for the underlying mechanismsthat are not observed in patient data. The proposed method also includes
cost-sensitive learning to address imbalanced outcome distributions in patient data for improved predictions.

Methods: From a mgjor health care organization in Taiwan, we obtained a sample of 10,354 electronic health records that
pertained to 6545 patients with peritonitis. The proposed method projects these temporal, heterogeneous, and clinical data into
asubstantially reduced feature space and then incorporates alatent regul ator (latent parameter matrix) to obviate datainsufficiencies
and account for variations in phenotypic expressions. Moreover, our method employs cost-sensitive learning to further increase
the predictive performance.

Results: We evaluated the efficacy of the proposed method for predicting two hepatic complication phenotypes in patients with
peritonitis: acute hepatic encephal opathy and hepatorenal syndrome. The following three benchmark techniques were eval uated:
temporal multiple measurement case-based reasoning (MM CBR), temporal short long-term memory (T-SLTM) networks, and
time fusion convolutional neural network (CNN). For acute hepatic encephalopathy predictions, our method attained an area
under the curve (AUC) value of 0.82, which outperforms temporal MMCBR by 64%, T-SLTM by 26%, and time fusion CNN
by 26%. For hepatorenal syndrome predictions, our method achieved an AUC value of 0.64, which is 29% better than that of
temporal MMCBR (0.54). Overall, the evaluation results show that the proposed method significantly outperforms all the
benchmarks, as measured by recall, F-measure, and AUC while maintaining comparable precision values.
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Conclusions:

Sheng et d

The proposed method learns a short-term tempora representation from patient data to predict complication

phenotypes and offers greater predictive utilities than prevalent data-driven techniques. This method is generalizable and can be
applied to different acute disease (illness) scenariosthat are characterized by insufficient patient clinical data availability, temporal
heterogeneities, and imbalanced distributions of important patient outcomes.

(J Med Internet Res 2021;23(2):€18372) doi: 10.2196/18372
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Introduction

Background

Acutediseasesandillnessesrequiretimely and specialized care
of patients whose conditions change rapidly, often within 48
hours of admission [1]. These diseases tend to evoke serious
complicationsthat devel op quickly and can becomefatal. Severe
complications hinder patient recovery, substantially reducetheir
quality of life, create long-term impairments, and even cause
death [2]. In general, acomplication may have multiple subtypes
or phenotypes, which signify and display distinct disease
presentations [3,4]. Because phenotypes involve distinct
symptoms and manifestations that require specific interventions,
effective predictions of crucial complication phenotypes are
crucia for physicians timely diagnoses and therapeutic
treatmentsto improve patient management and reduce mortality
rates.

Severa data-driven techniques aim at identifying phenotypic
expressionsfrom electronic health records (EHRs) and use them
to predict important clinical events, such as complications [5].
Predictive analytics hel ps advance such data-driven approaches
to predict complication phenotypes, however, this ability
presentsvarious challengesin acute disease scenariosfor several
reasons. First, in the early stages of an acute disease, essential
clinical features and characteristics (eg, risk factors) associated
with complication phenotypes may not be sufficiently available
to predict the phenotypic outcomes. This data insufficiency
constraint can greatly reduce the predictive utilities of
data-driven techniques [6]. Second, patients undergo various
laboratory tests, medical examinations, and therapeutic
treatments, which are administered at different frequenciesand
time intervals. The resulting tempora heterogeneities (eg,
pattern, time interval, frequency) create additional difficulties
for phenotype predictions. Third, for any particular acute
disease, crucia complication phenotypes may arise in a
relatively small proportion of patients, further causing
imbalanced distributions of patient outcomes.

Objectives

To address these challenges for effective complication
phenotype predictions, we propose a novel recurrent neural
network (RNN)-based method that incorporates alatent regul ator
(RNN-LR). Our method generates a temporal feature space
representation with a recurrent neural network to cope with
temporal heterogeneities in patients' conditions and disease
progression and then uses the latent regulator to mitigate the
datainsufficiency constraint. We used adata set of 6545 patients
with peritonitis to evaluate the ability of the proposed method
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to predict acute hepatic encephalopathy (AHE) [7] and
hepatorenal syndrome (HRS) [8]—two crucial phenotypes of
hepatic complicationsthat can devel op after surgical procedures
for peritonitis (eg, laparotomy). Although only a small
proportion of patientswith peritonitis devel op these phenotypes,
they are life threatening and difficult to predict [7,9].

The following three benchmark methods are evaluated in our
study: temporal multiple measurements case-based reasoning
(MMCBR) [10], time-aware long short-term memory (T-LSTM)
network [11], and time fusion convolutional neural network
(CNN) [12]. The results show that the proposed method
significantly outperforms all the benchmarks, as measured by
recall, F-measure, and area under the curve (AUC) while
maintaining comparable precision values. Although our
illustrative evaluation focuses on complication phenotypes of
peritonitis, the proposed method is generalizable and applicable
to predict phenotypes of other acute diseases that are
characterized by insufficient patient clinical data availability,
temporal heterogeneities, and imbalanced distributions of patient
outcomes.

Previous Work

Diseases can exhibit distinct phenotypic expressions [13]. For
example, macrovascular disease spans six phenotypes, each
associated with distinct anthropometric, clinical, and laboratory
parameters [14]. Patients diagnosed with a particular disease
can have complications pertinent to multiple phenotypes.
Supported by accurate predictions of crucial complication
phenotypes, physicians can improve their clinical decision
making and patient management. To that end, predictive
analytics empowersin-depth analyses of therich patient clinical
datain EHRsfor theimproved care and management of patients
with acute diseases and illnesses [5,15].

Peritonitis

Peritonitis, an acute disease, is caused by the inflammation of
the peritoneum [1] and often devel ops from bacterial or fungal
infections [16]. Upon diagnosis with peritonitis, patients need
immediate treatment (typically within 3 days), because it can
progress rapidly and develop into life-threatening sepsis or
septic shock [1]. Patients with peritonitis have higher mortality
rates than those without peritonitis [17]. Several factors, such
as age, seX, clinical conditions, and the living environment are
associated with peritonitis-related mortality [17].

Astwo crucial phenotypic expressions of hepatic complications
after peritonitis surgery, AHE and HRS can cause severe patient
outcomes [7,18]. For patients with peritonitis who also have
liver cirrhosis, intestinal bacterial overgrowth inside the body
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isresponsible for hyperammonemia, which leadsto AHE [19].
Similarly, HRSisacrucia complication phenotype of peritonitis
with advanced cirrhosistoo, that is characterized by renal failure
and major disturbances in the circulatory function [8]. The
underlying mechanisms of HRS may result from complex
changes in splanchnic and general circulation, as well as
systemic and renal vasoconstrictors and vasodilators[20]. Both
phenotypes are clinicaly important; however, AHE is more
severethan HRS because it can deteriorate in amatter of hours.

In general, AHE isdiagnosed by liver specialists, whereasHRS
is diagnosed by liver specialists and nephrologists. Clinically,
the determination of each phenotype depends on laboratory
results and the patient’s condition. Patients with AHE typically
have hyperammonemia, hyperbilirubinemia, and central nervous
system symptoms. Patients with HRS often display splanchnic
arterial vasodilation and inflammation, which cause ascites and
renal function impairment. Patients with AHE should receive
lactul ose and neomycin enema, which areinfrequently used for
other conditions according to the national health reimbursement
policiesin Taiwan. Thus, the occurrence of AHE can be assessed
by the patient’s condition. Patients with HRS are usually
prescribed albumin and terlipressin, which can then be used to
determine the occurrence of HRS. Each phenotype has a
particular ICD-9 code: 572.2 for AHE and 572.4 for HRS.

The heterogeneity and variability in manifestations of hepatic
encephal opathy among patients make it difficult to assess or
predict patient conditions[21,22]. Previous studies have shown
that AHE may be present in 50%-70% of patients with
peritonitis who have cirrhosis, including those with
abnormalities detectable only with psychometric testing [23].
The clinical manifestations of AHE include brain dysfunction
and deep coma [7]. This phenotype represents a vital disease
entity becausetherisk of dying within ayear exceeds 60% after
its development [24]. Furthermore, patients with spontaneous
bacterial peritonitishave an estimated 30% chance of developing
HRS [20]. Clinically, the only curative treatment for AHE and
HRS is liver transplantation, but systemic infection is a
contraindication to liver transplantation. Without timely
detection and proper interventions, AHE and HRS can develop
rapidly, create patient impairments, lead to life-threatening
conditions, and have aarming mortality rates [7,9]. These
phenotypes have unique clinical characteristics and features
that can be analyzed with data-driven analytics for prediction.
Overdll, existing data-driven techniques for phenotype
predictions can be classified as rule-based, machine
learning—based, or deep learning—based. We review the
representative studies of each in the upcoming sections.

Rule-Based Phenotype Predictions

Rule-based techniques[25-29] use clinically important features
to depict the underlying phenotypes. A typica rule-based
technique iteratively updates heuristic rules until its sensitivity
and specificity satisfy the prespecified thresholds. Developing
heuristic rules is labor intensive and time consuming because
it requiresiterative rule generation and substantial involvement
from human experts. The prediction of disease phenotypes
entails the extraction of clinically important features; essential
features and their combinationsin turn indicate the underlying
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disease phenotype. Guided by domain knowledge, previous
research has developed heuristic rules to extract essential
features (eg, medications, laboratory results, diagnoses) from
EHRsfor phenotype predictions, and then updated the extracted
rules iteratively until sensitivity and specificity reached the
prespecified levels. For example, the rule-based eMERGE
technique uses EHRs, in combination with DNA biorepositories,
to identify diabetic phenotypes and medication-induced liver
lesions [29].

Machine Learning—Based Phenotype Predictions

Machine learning techniques coupled with EHRs can support
and enhance the care and management of patients with
peritonitis. For example, by integrating cellular and soluble
biomarkers, support vector machines and tree-based algorithms
can help physicians in predicting pathogen-specific immune
responses of patients with peritonitis and guide them to
formulate optimal antibiotic and operative therapies [30].
Previousresearch has al so applied machinelearning algorithms
to predict phenotypes[5,28].

Existing machine | earning—based techniques can be categorized
as clustering analysis, graph-based learning, and probabilistic
modeling. Techniques that rely on clustering analysis create
phenotype clusters, such that patients in the same phenotypic
cluster are more similar to one another than to patients in a
different cluster. In essence, clustering analysis-based
techniques [5,31] generate patient clusters so that patients with
similar phenotypic expressions are in the same cluster. They
usually use cross-sectiona patient data to produce distinct
clusters at a given time or analyze longitudina clinical datato
infer phenotypesthat remain consistent over time[5]. However,
existing clustering algorithms cannot deal robustly with
high-dimensional patient data, and their applications are
restricted to smaller, more homogenous data sets [5]. Most
clustering-based techniques are applied to patient dataat asingle
time point. Thus, clustering analyses of temporal data would
require multiple applications of the chosen technique at different
time points [31], further creating instability in the resulting
phenotype clusters.

Graph-based techniques [32-34] can cope with temporal
heterogeneities in longitudinal patient data (eg, pattern, time
interval, frequency). They often assume sequentia linkages of
distinct clinical eventsand represent those events astemporally
connected nodesin agraph [32]. However, thisassumption does
not alwayshold clinically. For example, patients frequently and
concurrently receive multiple laboratory tests, treatments, or
therapeutic procedures. Moreover, the graph construction
process does not include laboratory results (values) that can be
essential for inferring clinical outcomes [32]. In addition,
probabilistic modeling can uncover the underlying phenotypes.
For example, Pivovarov et a [35] propose UPhenome—an
unsupervised, generative probabilistic model that can learn
phenotypes from heterogeneous patient data. To identify chronic
obstructive pulmonary disease subtypes that are similar in
progression characteristics, Ross et a [36] develop a novel
Bayesian nonparametric model that uses disease trgjectory to
represent the underlying biological or genetic similarity within
the subtype.
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The crucia peritonitis complication phenotypes that we
study—AHE and HRS—can occur rapidly without any
predictive signs, thereby hindering the use of conventional
machine learning techniques for predictions. Recent
advancements in deep learning promise better predictions of
patient outcomes [37,38] because they can learn from clinical
sequences to account for complex patterns and relationshipsin
sequentia inputs. To illustrate, representation learning can
extract complex relationships and nonlinearitiesamong temporal
events. Moreover, deep learning architectures, such asrecurrent
and convolutional neural networks, can be applied to better
predict patient outcomes[39-41]. In the following sections, we
review representative deep learning—based techniques that can
deal with high-dimensional and temporally heterogeneous
patient data.

Deep Learning—Based Phenotype Predictions

Theuse of predictive analyticsfor clinical decision support and
patient management often involves large amounts of
heterogeneous patient clinical data and needs to consider
temporal relationships [42]. Fueled by fast-growing
computational power and proliferating EHRS, deep learning has
been applied in a broad array of diagnostic tasks, including
those related to phenotypes[43,44]. For example, reconstructed
RNNs with rectified linear units can impute missing values in
genotype data to predict phenotype sequences [45]. Deep
autoencoder techniques for unsupervised feature learning help
clinicians in identifying acute leukemia phenotypes [46]. By
combining latent representation learning of deep neural networks
and causal inferences, Kale et al [40] discovered latent
phenotypes that are causally predictive of clinical outcomesin
patients in the intensive care unit. Moreover, deep RNNs can
model multivariate clinical time series in a large data set and
then transfer the knowledge to the limited labeled instances to
classify the phenotypes of patients in the intensive care unit
[47]. Existing literature suggests the value and feasibility of
using deep learning in different diagnostic tasks and clinical
contexts.

Particularly, EHRs contain rich, longitudinal patient clinical
data that can be modeled as RNNs that can represent patients’
recordsin an accurate and robust way [48]. These networks are
effective for modeling patient (clinical) records as temporal
logs of diagnostic results. For a particular patient, the state of
diseaseor illnessat timet isasummary of the diagnostic records
before t. With each record represented as a feature vector, the
vectors at different time points can provide sequential inputsto
an RNN. The outputs at timet+1 can be used to produce avector
that represents the patient’s state at t+1. Such patient-level
vector representations can be further input into other (hidden)
layers of the neural network to predict clinical outcomes (eg,
readmission, mortality, complications). For predictive analytics
in clinical scenarios, RNN-based deep learning architectures
may be advantageous over traditional machine learning
techniques. For example, an RNN can reduce or prevent adverse
drug events by integrating heterogeneous, multidimensional
drug data from different sources [49]. In addition, by coping
with various clinical and temporal data, an uncertainty-aware
convolutional RNN can predict patient mortality, with
uncertainty denoting theirregular timeintervalsin patients[50].
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Cost-Sensitive Learning

Many clinical diagnoses feature relatively few crucial cases
among patients, which need to be properly addressed by
data-driven techniques for prediction. If a sample has a
substantially fewer number of minority class cases, standard
classifiers generally cannot perform well because their
predictionstend to steer toward the mgjority class. Cost-sensitive
learning can address the imbalanced distributions of patient
outcomes in a sample. It considers the misclassification cost
(and possibly other costs) by assigning a high penalty (cost) to
the misclassifications of a minority-class instance, without
modifying the original datadistribution inthe sample[51]. Such
learning essentially shifts the bias of a classification model in
thefavor of the minority class. By adjusting the costs associated
with different misclassified labels [52], and with the goal of
minimizing the total cost, cost-sensitive learning can produce
greater predictive utilities. In many clinical scenarios, the
minority class is relatively more important and has a higher
misclassification cost. However, the overall performance of a
classification model, whether machine learning— or deep
learning—based, can be dominated by the majority-class
instances. Thisissue may be addressed by combining evaluation
results (eg, F-measure, AUC) and the costs associated with
different outcome classes (eg, complication phenotypes) to
optimize the cost parameter for effective classifications [51].

Research Gaps

This review of extant literature reveals several gaps. First,
existing prediction techniques may be inadequate or ineffective
for acute disease scenari os because previous phenotype research
focuseslargely on patientswith chronic diseases[53,54], whose
clinical conditions changelessdrastically than those of patients
with acute diseases. In addition, patients with chronic diseases
usually have fewer complicationsthat develop rapidly and have
more clinical data available for predictions compared with
patients with acute diseases. Second, most previous research
works [5,40,46,55] tend to overlook the data insufficiency
constraint, which limits the use of early disease stage patient
data to build effective computational models for predicting
complication phenotypes. Several studies haveidentified disease
phenotypes by assuming full patient data availability [40,46];
however, clinical data captured in the early stages of an acute
discase may lack essential information for predicting
complication phenotypes. Someimportant clinical characteristics
and factors of complication phenotypes may be availablein the
early stages but are not sufficiently informative for predicting
phenotypic outcomes. Third, complication phenotypes associated
with an acute disease often have an imbalanced distribution of
different outcomes. Fourth, the clinical efficacy of data-driven
techniquesfor complication phenotype predictions still requires
adequate empirical evaluations, especially in acute disease
situations that feature data insufficiencies and imbalanced
distributions of patient outcomes.

Effective complication phenotype predictions need to address
these challenges and consider patients' heterogeneities and
disease progression variations over time while coping with the
data sufficiency constraint. We propose a deep learning—based
method that leverages temporal feature space representation to
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address tempora heterogeneities in patient data. Although
previous research works have acknowledged the importance of
unobserved latent factors for influencing phenotypes [40,56],
few studies have explicitly considered such factors for
phenotype predictions. As a remedy, we incorporate a latent
parameter matrix to account for unobserved (subsequent) patient
condition and disease progression variations. In addition, our
method addresses missing values in patient data and includes
cost-sensitive learning, which can addressimbal anced outcome
distributions by combining evaluation results (F-measure and

Sheng et d

AUC) and the cost associated with each complication phenotype
to optimize cost parameters for an improved predictive
performance.

Methods

We elaborate on the proposed method in Figure 1. As shown
in the figure, this method involves data preparation, temporal
feature space representation, model construction, and model
evaluation.

Figure 1. Overall processing of recurrent neural network-latent regulator. EHR: electronic health record.

Temporal EHR sequences
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+  Resampling embedding +  Model learning Abl aliin analysis

Data Preparation

Missing data prevail in many clinical scenarios and create
fundamental challenges for predictive analytics [57]. Patients
with acute diseases are often closely monitored with various
laboratory tests, but missing values arise when the test results
are not properly and consistently recorded because of the
physician’s preference, recording errors, or other reasons. For
data preparation, we perform expert-guided feature selection to
identify the clinical attributes and laboratory tests that are
essential to a severe complication and then employ a deep
autoencoder-based model to impute missing values for these
features. The deep autoencoder model [58] identifies patients
similar to thefocal patient and usestheir attribute valuesto infer
and replace the patient’s missing values [59]. Because only a
relatively small proportion of patients may develop severe
complications, we apply the SMOTEENN (Synthetic Minority
Oversampling Technique—Edited Nearest Neighbors) algorithm
[60] to addresstheimbal anced distributions of different outcome
classes.

Temporal Feature Space Representation

Patient data, including vital signs and laboratory results, are
longitudinal and pertain to different clinical events over time.
A clinical sequence reflects the patient’s disease progression
and has heterogeneous characteristicsthat may prevent clinically
actionable insights. To extract acute disease progression from
sequentia (clinical) events, we apply sequence embedding,
which is a feature leaning technique that projects sequential
events into vectors of numeric numbers. In general, patients
sharing similar clinical conditions are closer in distance than
otherwise. Therefore, we used a tempora representation to
depict each patient’s disease progression. We assume that a

patient p has a set of temporal clinical events S =[5 5" 5]
that occur between time Tl and Tt . At each time

point?t € [L . t] 3 patient may have multiple temporal
features (eg, test results, diagnoses), denoted by
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sp =<lplyslm > 1€ [L0t] \where m indicates the number of

diagnosis categories at ‘i . In addition, each patient has

demographic data (eg, sex, age), represented as @ P L]
where P is the total number of patients. With observed clinical
(event) sequences, we can construct a tempora feature

representation (Mv ) for that patient:
M,=0 (sgl,sgz, v SPE+ J(p)),

Where ? isa function that can project the temporal clinical
seguences to the temporal feature representation (M,,)_

M odel Construction

Variations that exist in patients conditions and disease
progression cannot be fully explained by patients’ demographics,
laboratory results, and therapeutic (surgical) data [61].

Therefore, weinclude an additional parameter matrix R which
serves as a latent regulator to account for disease progression
information or underlying mechanisms related to complication

phenotypes. In addition, ™ refers to the disease progression

space and comprises information extracted from clinical data

available in early disease stages; that is, ™ is the temporal

feature space extracted from patients' clinical data. The data
available in the early stages of an acute disease are usualy
limited and cannot reveal apatient’s subsequent progression or
effectively predict complication phenotypes. To aleviate this

constraint, R acts as a latent regulator, independent of the

disease progression space (M») to account for unobserved
variations in the subsequent patient condition and disease
progression.

We assume a combined effect of M and R, for which R is
generalized with iterative clinical feature updates, according to
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R(8) « y(B5-1:5)f (M, R(5 — 1)),

where vy is the learning rate, and 8 indicates the minimum
number of iterations required to converge R During model
learning, R gradually converges to a stable range, as depicted

Sheng et d

in @ <r@s-f (1,80 -D). 'For tegfing, the parameter matrix ( R)
facilitates phenotypic predictions for individual patients.

Although severe complications represent the minority classin
patient data, they have profound effects on patient outcomes
and health care costs. Hence, we empl oy cost-sensitivelearning
to better predict the minority class, according to the respective
misclassification costs, by applying the cost matrix to penalize
incorrect predictions (misclassifications). Figure 2 presentsthe
proposed RNN-LR method.

Figure 2. Proposed latent regulator-embedded recurrent neural network method.
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Our method minimizesthe expected costs of incorrect phenotype
predictions, calculated as:

Y=
4

K
P(y = i|f (Mp, R)) = c(k, 1),

=1

where f™.R) s the learning function of »® and reveals the

combined effect of disease progression and a latent regulator

on prediction, K denotes the total number of classes, c(k, i)

indicates the cost of misclassifying an instance of class k as

classi. PO =/ R) egtimates the probability of classi, given

(fMp. R)y As shown in Figure 2, M» and R serve asinput to
the second multilayer neural network and thereby are mapped
into the phenotype space. We use a SoftMax function to estimate
the probability that an instance is classified as each distinct
outcome class. In the output layer, the ith node contai ns weight

(Wé ) and bias (bfiJ). For each phenotype outcome class, the
probability of phenotypei, given f o R) can be calculated as:
P exp (wh+f (M, R)+bE) °

Finally, we employ cross-entropy asalossfunction tolearn and
optimize the model parameters:

P(y = i|f (M,, R)) = softmax;(w, * f(M,,R) + b,) =

http://www.jmir.org/2021/2/e18372/
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Loss = —2%5_; log[Si, P(y = il f((My, B)) * (e, 1))] + S 1wl

Thus, parameters get updated through Adam optimizer and back
propagation.

Data

Data Sources

We obtained a clinical data set from the Department of
Laboratory Medicine at the Chang Gung Memorial Hospital,
which is accredited by the Taiwan Accreditation Foundation
and approved by the American College of Pathol ogists[62,63].
This data set consists of 10,354 records pertaining to 6545
patients who underwent peritonitis surgery between 2003 and
2015. Designated professionals at the hospital integrated patient
recordsin EHRs, according to the common format of the Chang
Gung Research Database (CGRD) that provides standardization
and facilitates data extraction, transformation, and loading for
analyses [64].

The CGRD links directly to the National Health Insurance
Research Database (NHIRD), which informs reimbursement
decisions [62,63]. To prevent fraud and contain costs, the
National Health Insurance Administration of the Ministry of
Health and Welfare performs frequent, random audits. Thus,
the data in the NHIRD and CGRD are reliable and accurate.
Information systems professional s at the hospital also assessed
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the data conversion process and integrity to ensure that all
patient records (including diagnoses and laboratory results) are
correctly transferred to the CGRD without errors or losses[64].
Experienced personnel from the Research Institute of Chang
Gung Memoria Hospital assisted usin compiling the data set.
In particular, they performed data preprocessing and
consolidation to ensure that each patient’srecordswere collected
within the same time interval.

Data Processing and Details

In the data set, each laboratory test has a time stamp that
indicates when the results are available (reported). We used the
date of peritonitis surgery as the starting point and collected
patient data over the next 3 days. This procedure ensured that
all patient records were collected within the same time interval
after surgery. Each patient had at |east one clinical record within
the three-day window. Specifically, 3665 patientshad 1 clinical
record, 1951 patients had 2, and 929 patients had 3 clinical
records. Each record contains the patient’s demographic and

http://www.jmir.org/2021/2/e18372/
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clinical data (eg, age, sex, comorbidity) and potentially multiple
laboratory results, which we used to predict the complication
phenotypes (AHE, HRS, or neither).

Table 1 summarizes the patient demographic and clinical
variables in the data set. We adopted the International
Classification of Diseases, Ninth Revision, Clinical Modification
comorbidity coding algorithm [65] to define the Charlson
comorbidities in administrative and clinical data. Accordingly,
the comorbidity types in our study span 17 categories, from
mild liver disease to moderate or severe liver disease to
myocardial infarction. Among the 6545 peritonitis patients in
the data set, 41 developed AHE, and 174 developed HRS, that
is, the distribution of different outcome classes (AHE, HRS, or
neither) ishighly imbalanced. Furthermore, AHE and HRS have
profound implications for patient outcomes and mortality. For
example, 9 of the 41 patientswith AHE in the sample died, with
a mortality rate of 22%; patients with AHE or HRS had an
average length of stay of 25 days (hospitalization), whereas
patients without these phenotypes had an average of 17 days.
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Table 1. Summary of patient demographic and clinical variablesin the peritonitis data set.
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Variables Type Value or range Description
Variable name
Patient_ID String Unique patient ID. Patient ID
Inpatient_ID String Unique inpatient ID Inpatient ID
Sex Integer Oorl Male or female
Age (<20, 20-60, or >60 years) Integer (0-102) Patient’s age
Inpatient variables
DGTM?2 Integer (0-136) The number of hospitalizations before peritonitis
surgery
Comorbidities (including malignant tu-  String [Mild liver diseass, ..., 17 classified comorbidities that include liver disease,
mor) Renal disease] according to 1CD-9° coding agorithms [65]
Operation category String 01,234,506 Seven categoriesin total (adopted from CD-9-CM©):
cholecystitisor cholangitis, appendicitis, hollow organ
perforation, bowel ischemia, intestinal obstruction,
herniawith bowel gangrene, herniawith bowel obstruc-
tion
Complication pneumonia Integer Oorl Whether a patient has pneumonia
Complication UTI9 Integer Oorl Whether a patient has UTI
Complication SSI¢ Integer Oorl Whether a patient has SSI
Laboratory test results
Albumin Float (0.19-5.5g per dL) Serum albumin level
Amylase Float (5-11873 U per L) Serum amylase
BNP Float (21.49-4942 pg per ml) Levels of B-type natriuretic peptide
BUNY Float (1-281 mmol per L) Blood urea nitrogen
Band" Float (0.3-76) Band neutrophil
cd Float (0.8-14.49 mg per dL) Calciumin blood
CRI Float (0.07-34.2 mg per dL) Serum creatinine
CRP¥ Float (0.2-679.2 mg per L) C-reactive protein test
Hematocrit Float (1-63.2%) Hematocrit test (proportion of red blood cellsin the
blood)
INR' Float (0.79-12) International normalized ratio of prothrombin time
Km Float (1.60-18.86 mEq per L) Blood potassium test
Lactate Float (5.49-240.6 mmol per L)  Level of lactic acid
Leukocyte (WBC") Float (0.2-141.5x 10° per L) White blood cell count
Platelets Float (0.7-1373x 10° per L) The number of plateletsin blood
Prealbumin Float (2-44.59 mg per dL) Prealbumin in blood
Procalcitonin Float (4.56-45.49 g per L) Blood test to diagnose sepsis
Total bilirubin Float (0.1-56.54 mg per dL) Total amount of bilirubin in blood
N Float (10-190 mEq per L) Blood sodium test

Target variable (crucial complication phenotype to be predicted)

Complication phenotype

Categorical

AHEP, HRSY, or Neither

3DGTM: number of hospitalization before peritonitis surgery.
b1CD-9: International Classification of Diseases, Ninth Revision.
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%1CD-9-CM: International Classification of Diseases, Ninth Revision, Clinical Modification.

duTi: urinary tract infection.

SSl: surgical siteinfection.

‘BNP: B-type natriuretic peptide.
9BUN: blood urea nitrogen.

PBand: bandemia.

iCa calcium.

ICR: creatinine.

KCRP: C-reactive protein.

lINR: international normalized ratio.
MK : potassium.

"WBC: white blood cell.

ONa: sodium.

PAHE: acute hepatic encephalopathy.
9HRS: hepatorenal syndrome.

For the 41 patients with AHE in the sample, the complication
phenotype occurred between 6 and 17 days after peritonitis
surgery, with amean of 13 days. For the 147 patientswith HRS,
the complication phenotype devel oped between 4 and 47 days
after the surgery, with amean of 14 days. In their clinical trial,
Huang et a [66] reported a survival curve that indicated that
most patients discontinued antibiotic treatment within 3 days
after peritonitis surgery, suggesting that AHE and HRS seldom
occur within those 3 days. In general, complication phenotypes,
including AHE and HRS, arise approximately 2 or 3 weeks after
peritonitis surgery [66,67]. For example, HRS is characterized
by a rapid, progressive impairment of rena function.
Furthermore, it develops, on average, about 2-3 weeks after
peritonitis surgery [68,69]. Similarly, patients develop AHE
approximately 2 weeks after peritonitis surgery [70,71]. The
combined evidence from the relevant literature and clinical
findingsindicatesthe appropriateness of using the dataavailable
3 days after surgery to predict subsequent AHE and HRS
occurrences.

Descriptive Statistics

We provide some descriptive statistics related to gender, the
number of hospitalizations before peritonitis surgery, and

http://www.jmir.org/2021/2/e18372/

different complication phenotypes (ie, AHE, HRS, and neither)
in the data set. The average number of hospitalizations before
surgery was dightly lower for AHE and HRS than for neither:
2.6 for AHE, 2.4 for HRS, and 2.7 for neither. Both male and
female patients had a similar number of hospitalizations:
approximately 2.5 times. Female patients with neither of the
diseases had more hospitalizations (about 3.2 times) than their
male counterparts. These differences in part reflect the risk:
both AHE and HRS may arise abruptly, even without many
previous hospitalizations.

We aso analyzed the relationships of sex, complication
phenotypes, and the length of stay after surgery. As shown in
Figure 3, both AHE and HRS induce longer lengths (20 days+)
after surgery, whereas for neither, the length of stay was
approximately 17 days. The longer length of stay associated
with AHE and HRS again underscores the importance of
phenotype predictions. For AHE, male patients had a longer
length of stay than female patients, but we observed an opposite
pattern for HRS.
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Figure 3. Analysis of sex, complication phenotype, and the length of stay in the data set.
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Evaluation Design

Benchmark Techniques

In total, three prevalent techniques were included in the
eval uation as benchmarks: temporal MMCBR [10], timefusion
CNN [12], and T-LSTM [11]. First, temporal MM CBR performs
clustering analyses to identify similar (patient) temporal
seguences in a sample [10]; therefore, it can handle temporal
patient data that vary in their time intervals and granularity.
Second, time fusion CNN, a deep learning—-based technique,
learns patient representations and measures pairwise similarity
in temporal patient data to capture important characteristics
specific to individual patients [12]. Third, patient subtyping
through T-LSTM, another deep learning—based technique, can
cope with patient data that feature temporal heterogeneities by
employing autoencodersto learn patient representations, which
helps cluster patients into subtypes [11]. Our benchmarks do
not include graph-based techniques because concurrent
laboratory tests in the data set make them inadequate for
representing patient conditions and disease progressionina2D
graph. We al so exclude probabilistic modeling that offerslimited
predictive utilities in situations involving imbalanced samples.
In the evaluation, the proposed method and all benchmark
techniques employed the same cost-sensitive matrix.
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I mplementation and Parameter Tuning

All the evaluations were performed on a computer with a
dual-core processor of 2.7 GHz and 8 GB of memory, running
macOS Catalina. We used the SMOTEENN algorithm from the
Python imbalanced-learn library and applied the Python Shapley
Addictive Explanations (SHAP) packageto obtain SHAP values
for the feature importance analysis. The proposed method and
benchmark techniques were implemented using PyTorch. Our
method constructs an 8-layer RNN to map the disease
progression space with alatent regulator and adopts amultilayer
perceptron neural network with three dense layers to predict
complication phenotypes. Specifically, the RNN embedding
produces a 2D vector, 8x8 in size, which depicts the temporal
disease progression space. We randomly split the data set into
80% for training and 20% for testing. The testing set had 12
AHE cases, 35 HRS cases, and 1262 neither cases. For
misclassified labels, we set the initial cost parameter for each
phenotype (AHE or HRS) to 200, in linewith arelated research
[72]. We performed a series of parameter tuning analyses, and
then used the results to determine essential hyperparameter
values(Table 2), including an optimal number of layersfor each
neural network.
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Table 2. Essential hyperparameters used in the proposed method.
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Parameter Value
Learning rate (y) 0.01
Latent regulator size 8x8
Drop rate 0.2
Number of layers 8
Unitsin each layer 16
Weight decay (A) 0.005

A clinical record contains the results of the laboratory tests
prescribed by the physician, that is, arecord has one timestamp.
As noted, patients in the data set have different numbers of
recordswithin the 3-day window after peritonitis surgery, which
areused for model construction. Because the proposed RNN-LR
method requires the same number of clinical records for each
patient, we employed zero padding to ensure that each patient
had three sequential records. As aresult, the data set contains

atotal of 19,635 clinical records: 6545 patients x 3 (sequential)
records. We illustrate the zero-padding process in Figure 4. If
apatient has only one clinical record within the 3-day window,
we place that record at the end of the sequence and fill the first
2 records with zeroes, according to the length of the longest
sequence (three). Hence, our method uses input sequences of
the same length for model training.

Figure 4. Use of zero padding to prepare clinical records for the proposed recurrent neural network-latent regulator method.

Patient 1

Patient 2

2B B

|
3-day time window

Patients in the data set have different numbers of
clinical records.

We used the ReL U for activation and the cross-entropy function
for optimization. Finally, the Adam optimizer was applied to
update the model parameters. Figure 5 presents the learning
curves of the proposed method versus benchmark techniques
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With zero-padding, all patients have the same
number of sequential records that are input to the
proposed method.

[73]. Asshown, the hyperparameters appear to converge toward
optimality after 100 epochs. Notably, our method consistently
achieves a greater AUC than the benchmark techniques after
60 epochs.
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Figure5. Analysis of learning curves of the proposed method versus benchmark techniques. AUC: area under the curve; CNN: convolutional neural
network; MMCBR: multiple measurement case-based reasoning; RNN-LR: recurrent neural network-latent regulator; T-LSTM: time aware long

short-term memory.
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We evaluated predictive performance in terms of recall,
precision, F-measure, and AUC. In line with previous research
works [74,75], we adopted the one-against-all strategy to
examine the respective techniques across different performance
measures and outcome classes. To illustrate, we combine HRS
and neither as a single class to calculate the precision, recall,
and F-measure while eval uating AHE predictions. Thisapproach
reduces 3 outcome classesto 2 (AHE and no AHE), with AHE
asthe positive classand no AHE asthe negative class. Similarly,
we consider HRS as the positive class and no HRS as the
negative class while assessing HRS predictions. Recall, or
sensitivity, indicates the fraction of correctly predicted positive
observations among al actual positive-class observations,
calculated as:

True Positive

Recall =

True Positive+False Negative'

Precision, or positive predictive value, denotestheratio between
the correctly predicted positive (or negative) observations and
thetotal predicted positive (or negative) observations, calculated
as.

True Positive

Precision = — —.
True Positive+False Positive

A high recall value reflects the ability to predict patients who
will develop AHE or HRS, whereas a high precision value
signalsalow false positiverate. The F-measureisthe harmonic
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performance and 0 indicating the worst [76], calculated as:

2:Precision-Recall
F — measure = ————.
Precision+Recall

Finaly, the AUC depicts a technique's overall ability to
distinguish different outcome classes across various threshold
values. Because we apply the one-against-all strategy in the
evaluation, the AUC reveals atechnique's performance rel ative
to arandom classification, without any biases associated with
the sample size used in the evaluation.

Results

Imputation Performance

We evaluated the performance of several prevalent missing
value imputation techniques: multivariate imputation by chained
equations[77], Softimput [ 78], aK-nearest neighborstechnique
[79], and a deep autoencoder model [58]. To compare their
effectiveness, we randomly removed 20% and 30% of the
laboratory results from the data set, applied each technique to
impute the missing values, and then calculated the normalized
root mean squared error between the predicted and holdout
values. The NRM SE isthe difference between the imputed and
the holdout values divided by the average value of the complete
data. As shown in Table 3, the deep autoencoder model, which
weincorporated into the proposed method, consistently exhibits
the best imputation performance consistently.
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Table 3. Missing value imputation performance of respective techniques.
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Technique (reference) NRMSE?

20% imputation performance

30% imputation performance

MICEP[77] 0.8479
Softimpute [78] 0.8546
KNN®-based imputation [79] 1.0209
Deep autoencoder mode! [58] 0.7926

0.8886

0.9044
1.0044

0.8453

3NRM SE: normalized root mean squared error.
bMICE: multivariate imputation by chained equations.
®KNN: K-nearest neighbors.

Prediction Performance Evaluation

Table 4 presents the results of prediction evaluation. Overal,
the proposed method outperforms all the benchmarks for
predicting AHE and HRS, as measured by recall, F-measure,
and AUC. Becauserecall indicatesthe ability to identify patients
who are likely to develop AHE or HRS, it is arguably more
important than precision. For predicting AHE, our method
achieves 27%-147% improvementsin recall, 26%-64%in AUC,
and 56%-100% in the F-measure compared with the
benchmarks. For HRS predictions, we observed 5%-300%
improvements in recal, up to 19% improvement in AUC, and
up to 30% in the F-measure. The recall level achieved by our

http://www.jmir.org/2021/2/e18372/

method, recorded at 0.42 for AHE and 0.40 for HRS, is
significantly higher than that of the best-performing benchmark
(T-LSTM). Similarly, the AUC values attained by the proposed
method, 0.82 for AHE and 0.64 for HRS, are significantly
greater than those of T-LSTM or time fusion CNN. Jointly, the
F-measure and AUC values attained by the proposed method
indicate its greater effectiveness in predicting the crucial
complication phenotypes than the benchmark techniques because
of its high recall and comparable precision. Together, these
results revea that the proposed method can help physicians
concentrate on patients who are more likely to develop severe
complications.
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Table 4. Prediction performance of the proposed method versus benchmark techniques.
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Technique and outcome class Precision Recall F-measure AUC2
Temporal MMCBR”
AHES 0.20 0.17 0.18 0.50
HRSY 0.09 0.10 0.10 0.54
Neither 0.97 0.96 0.96 0.54
Timefusion CNN®
AHE 0.12 0.33 0.18 0.65
HRS 0.06 0.38 0.10 0.67
Neither 0.97 0.81 0.88 0.63
T-LST™'
AHE 0.09 0.33 0.14 0.65
HRS 0.05 0.27 0.09 0.68
Neither 0.97 0.84 0.90 0.63
RNN-LRY
AHE 0.21 0.42 0.28 0.82
HRS 0.08 0.40 0.13 0.64
Neither 0.98 0.85 0.91 0.66

8AUC: area under the curve.

bPMMCBR: multiple measurement case-based reasoning.
CAHE: acute hepatic encephalopathy.

9HRS: hepatorenal syndrome.

€CNN: convolutional neural network.

FT-LSTM: time aware long short-term memory.
9RNN-LR: recurrent neural network-latent regulator.

We performed paired t teststo examine whether the performance
improvements achieved by our method over benchmark
techniques are significant. Specifically, we independently
evaluated each technique 100 times, and then used the results

to test the significance of the performance differentials. As
shown in Figure 6, theimprovementsin the weighted F-measure
and AUC associated with our proposed method are statistically
significant at P<.05. Table 5 details the paired t test results.

Figure 6. Predictive performances of our method versus benchmarks, 100 evaluation trials. AUC: area under the curve; CNN: convolutional neural
network; MMCBR: multiple measurement case-based reasoning; RNN-LR: recurrent neural network-latent regulator; T-LSTM: time aware long

short-term memory.
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Table5. Paired t test results of improvements by our method over benchmark techniques.

Proposed method  aAycP Weighted F-measure
(RNN-LR?)

T-LSTM®  TimefusionCNN®  Tempora MMCBR® ~ T-LSTM  TimefusionCNN  Temporal MMCBR
P value <.001 <.001 <.001 <.001 <.001 <.05

3RNN-LR: recurrent neural network-latent regulator.
BAUC: area under the curve.

“T-LSTM: time aware long short-term memory.

dCNN: convolutional neural network.

MM CBR: multiple measurement case-based reasoning.

Table 6 presents the confusion matrix created by testing the

case predictions with our method. Because neither account for

the mgjority of the peritonitis sample, we observe a tendency
to predict AHE or HRS as neither.

Table 6. Confusion matrix of test sample predictions by the proposed method.

Actual outcome class Predicted outcome class

Predicted neither Predicted AHE? Predicted HRS”
Actual neither 1079 18 165
Actual AHE 7 5 0
Actual HRS 20 1 14

8AHE: acute hepatic encephalopathy.
PHRS: hepatorenal syndrome.

Thereatively low precision values of both our proposed method
and the benchmark techniques can be attributed to the highly
imbalanced outcome class distributions: AHE and HRS cases
only account for 0.6% and 1.1% of the sample, respectively.
Figure 7 depicts the precision-recall curves that reveal their
trade-off across different thresholds. Although both AHE and
HRS have low precision and recall values because of their
imbalanced distributions in the sample, a higher recall value
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for each phenotype could be achieved at the cost of a lower
precision rate. Because AHE cases account for 0.6% of the
sample, our method, in the best scenario, can correctly predict
20% of AHE cases, hence representing a substantial
improvement over random guessing. For both AHE and HRS,
the low AUC values do not necessarily convey poor
performance; rather, they indicate that the imbalanced
distributions make accurate phenotype predictions very difficult.
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Figure7. Precision-recall curvesfor the proposed method regarding acute hepatic encephal opathy, hepatorenal syndrome, and neither of these conditions.
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Value of Latent Regulator to Predictive Power

We incorporate a latent regulator in the RNNs as an important
novelty of the proposed method. We therefore specifically
examined its value regarding our proposed method's predictive
utilities. Table 7 summarizesthe model’s predictive power, with
and without the latent regulator. The method is more effective
for predicting AHE if it includesthe latent regul ator, asindicated
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by the 40% improvement in recall, 24% in AUC, 31% in
precision, and 33% in the F-measure, compared with its
application without the regulator. For HRS, incorporating the
latent regulator leads to an improvement of 7% in AUC, 14%
in precision, and 18% in F-measure. These comparative results
confirm that the value of the latent regulator (latent parameter
matrix) is relative to techniques that only rely on available
patient data.
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Table 7. Predictive performance of the proposed method, with versus without the latent regulator.

Performance measure Our method without latent regulator Our method (RNN-LR?)

Neither AHEP HRSS Neither AHE HRS
Precision 0.97 0.16 0.07 0.98 0.21 0.08
Recall 0.89 0.30 0.26 0.85 0.42 0.40
F-measure 0.93 0.21 0.11 0.91 0.28 0.13
AUCH 058 0.66 0.60 0.66 0.82 0.64

3RNN-LR: recurrent neural network-latent regulator.
BAHE: acute hepatic encephal opathy.

°HRS: hepatorenal syndrome.

dAUC: areaunder the curve.

Ablation Analysis

Furthermore, we analyzed the proposed deep learning—based
method with deep SHAP [80] to revea the elements that
contribute more predictive power. In essence, SHAP follows a
game theoretic approach to analyze the output of a predictive
model and indicate the marginal contributions of different
features to predictions [80]. We categorized the predictors of

our RNN-LR method as clinical indicators (eg, patient’s age,
sex, and albumin level), RNN architecture (data representations
in different units of RNN-LR output), and latent regulator
(vectorsin the parameter matrix), as shown in Figure 8. Having
specified the different types of predictors, we used deep SHAP
to identify variables that contribute more to our proposed
method’s ahility to predict complication phenotypes accurately.

Figure 8. Different predictorsin our method and their contributions to predictive power. RNN: recurrent neural network; RNN-LR: recurrent neural

network-latent regulator; Na: potassium.
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InFigure 9, we sort the different features according to the mean
SHAP values, which are approximations of their contributions
to the predictions. As shown in the figure, RNN unit 6
contributes most to the method’s predictive utilities; that is, the
sixth unit of the deep learning output provides the most valuable
information to predict complication phenotypes. This feature
is derived from diagnostic clinical outcomes (Table 1) and
conveysthe value of patient representation. Overal, the SHAP
valuesindicatethat 7 of thetop 20 predictorsrelateto the RNN
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architecture, that is, the method’s architecture provides more
important information to predict crucial complication
phenotypesthan clinical indicators or thelatent regulator. Also,
hidden 1 refersto the first column vector of the latent regul ator
and isthe fourth most important predictor, which confirms that
the latent regulator containsimportant information for predicting
AHE and HRS. Bowel ischemia and malignancy are two
important clinical indicatorsfor predicting crucial complication
phenotypes.
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Figure9. Mean SHAP values of different predictorsin the proposed recurrent neural network-latent regulator method. RNN: recurrent neural network.
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Summary

The evaluation results demonstrate the advantages of the
proposed method (RNN-LR) over several prevalent techniques.
Our method outperforms temporal MMCBR [10] because it
employs a recurrent neural network to learn the underlying
features of the patient’s condition and disease progression, rather
than relying on available clinical data to perform clustering
analyses. Time fusion CNN measures pairwise similarity in
patient progression to predict complication phenotypes. In the
presence of substantial missing values in patient data, as
illustrated in our sample, pairwise similarity may not effectively
capture clinical progression variations, which confines the
predictive power of time fusion CNN [12]. Patient data, such
as laboratory results, are gathered at different frequencies and
time intervals. To address such temporal heterogeneities,
T-LSTM learns patient representation from input (patient) data
with different timeintervals[11]. The proposed method instead
imputes missing values in patient data to generate same-length
input (data) sequences and achieves better predictive
performance than T-LSTM. In particular, the use of a latent
regulator, as an additional parameter matrix, to mitigate the
information insufficiency constraint helps in capturing the
underlying relationships of clinical factors to produce better
predictions, together with the available patient clinical data. In
summary, the proposed deep | earning—based method addresses
imbalanced outcome distributionsin patient data and considers
patient-level temporal heterogeneitiesto predict AHE and HRS
by incorporating both a latent regulator and cost-sensitive
analysis to extend back-propagation learning in deep neural
networks.
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Discussion

Principal Findings

This study offers several implications for health informatics
and improved acute disease patient management. First, data
insufficiencies represent a challenge to physicians’ patient care
and management. This study highlights the promising use of a
latent parameter matrix to aleviate this constraint by
demonstrating itsfeasibility and clinical valuein the prediction
of crucial complication phenotypes. Thislatent parameter matrix
can be modified or extended to accommodate other variables
or hidden risk factors to more effectively predict important
patient outcomes. Second, patient data are temporally
heterogeneous, which creates another difficulty for clinically
using EHRs and predictive analytics. Such heterogeneities can
be addressed with effective missing dataimputations that learn
temporal feature representations from patient data to render
increased predictive utilities. Unlike many existing techniques
that overlook temporal heterogeneities or inconsistencies in
patient data[56,81], weillustrate that an explicit incorporation
of an effective representation for temporal heterogeneities can
improve predictive performance. Third, imbalanced distributions
of patient outcomes prevail in clinical scenarios, which creates
an additional difficulty for leveraging predictive analytics in
health care. Although only asmall proportion of patients develop
severe complication phenotypes, the outcomes can be harmful
or even fatal. We demonstrate the value of cost-sensitive
learning for an increased efficacy in crucia phenotype
predictions (AHE or HRYS). Effective patient representation,
such as short-term tempora representations from limited
observed patient data, and a latent regulator jointly enable
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patient information abstraction at multiple levels to predict
complication phenotypes more accurately.

Our research aso has important implications for clinical
practice. Health careis going through a paradigmatic shift from
reactive care to preventive care. Predicting important clinical
events and patient outcomes, especialy among patients with
acute diseases, is critica to the quality of care and cost
containment in patient management. The proposed method can
be applied to devel op advanced clinical decision support systems
that assist physicians at the point of care. For example, atimely
detection of patients who are likely to develop severe
complications is critical but challenging. Through support by
decision support systems enabled by the proposed method,
physicians can identify at-risk patients and perform thorough
monitoring and timely interventions to improve those patients
outcomes and well-being. Our method can also benefit health
care organizationsin their resource planning and all ocation. For
example, effective phenotype predictions can help a hospital
distinguish patients who are likely or not likely to develop
serious complications, so their readmission risk or length of
stay can be reduced. Such benefits have important implications
for resource utilization efficiency and cost containment in patient
care and management.

Conclusions and Future Research

We have developed a deep learning—based method to predict
crucia complication phenotypes of an acute disease.
Furthermore, we have evaluated the proposed method and
several prevalent benchmark techniques with a peritonitis data
set by comparing their predictions of AHE and HRS. The
empirical results revea the advantageous predictive power of
our method, which can address challenges pertaining to data
insufficiency, temporal heterogeneity, and imbal anced outcome
distributions. This study makes several contributions to the
predictive analytics for an improved care and management of
patientswith acute diseases. First, we demonstrate the feasibility
and clinical value of using a latent regulator to cope with
insufficiencies in available patient data to improve phenotype
predictions. The latent regulator, incorporated in the proposed
method, can be expanded to model other external variables and
hidden risk factors for predicting different complication
phenotypes. Second, our proposed method incorporates missing
data imputation and addresses temporal heterogeneities that
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exist in patient data, a fundamenta challenge in using EHRs
and predictive analytics for patient care and management. As
we illustrate, temporal feature representation can be learned
from patient datato provide increased predictive utilities. Third,
imbalanced data prevail in clinical scenarios. Although only a
relatively small proportion of patients develop severe
complication phenotypes, the outcomes can be fatal. Toward
that end, the proposed method reveal sthe value of cost-sensitive
learning to address the data imbalance issue and demonstrates
greater effectivenessto predict the minority class (eg, AHE and
HRS), which is clinically important.

This study has several limitations that warrant continued
research attention. First, the sample for the evaluation was
relatively limited in size with respect to the disease category.
Continued research should re-examine the proposed method
with additional, diverse patient samples and different acute
diseases. Second, we rely on domain experts to guide clinical
feature extraction in this study. We acknowledge that some
potentially important factors might be overlooked by domain
experts. In addition, other complications may involve more
complex risk factors, such as patient comorbidity, disease
progression, and environmental factors. Thus, further research
should explore how representation learning might identify
features automatically from various patient clinica and
behavioral data. Third, a predictive model’s ability to generate
interpretable results is desirable and important; however,
interpreting the proposed method’s predictions is difficult
because its deep learning model maps input variables (eg,
laboratory results, sex, age) to a numerical output variable
through multiple layers. The complex structures make its
prediction results difficult to interpret, unlike rule- or inductive
decision tree-based techniques that can reveal interpretable
relationships between input variables and the target variable.
Ongoing research should explore interpretable computational
methods built on explainable artificial intelligence. In arelated
sense, our method uses alatent regulator to account for observed
disease progression and underlying mechanisms (eg, hidden
disease patterns), so its processing and results cannot explain
the underlying causes of the phenotypes. Continued efforts are
needed to specify and test probable mechanisms and
pathogeneses leading to crucial hepatic complications, as
manifested by these phenotypes.

The authorsthank the Research Ingtitute of Chang Gung Memorial Hospital for their assistancein data collection and preprocessing.
The study was partialy funded by the Chang Gung Memoria Hospital Research Projects CLRPG2J0011, CMRPG2H0342, and

CRRPG2H0062.

Conflictsof Interest
None declared.

References

1. RimolaA, GarciaaTsao G, NavasaM, Piddock LJ, Planas R, Bernard B, et al. Diagnosis, treatment and prophylaxis of
spontaneous bacterial peritonitis: a consensus document. International Ascites Club. JHepatol 2000 Jan;32(1):142-153.
[doi: 10.1016/s0168-8278(00)80201-9] [Medline: 10673079]

2. Acute (medicine). Wikipedia. 2017. URL: https://en.wikipedia.org/wiki/Acute (medicine) [accessed 2021-04-02]

http://www.jmir.org/2021/2/e18372/

JMed Internet Res 2021 | vol. 23 | iss. 2 | 18372 | p. 19
(page number not for citation purposes)


http://dx.doi.org/10.1016/s0168-8278(00)80201-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10673079&dopt=Abstract
https://en.wikipedia.org/wiki/Acute_(medicine)
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Sheng et d

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

Scheuermann RH, Ceusters W, Smith B. Toward an ontological treatment of disease and diagnosis. Summit Trandl Bioinform
2009 Mar 01;2009:116-120 [FREE Full text] [Medline: 21347182]

Miravitlles M, Calle M, Soler-Cataluiia JJ. Clinical phenotypes of COPD: identification, definition and implications for
guidelines. Arch Bronconeumol 2012 Mar;48(3):86-98. [doi: 10.1016/j.arbres.2011.10.007] [Medline: 22196477]

Basile AO, Ritchie MD. Informatics and machine learning to define the phenotype. Expert Rev Mol Diagn 2018
Mar;18(3):219-226 [FREE Full text] [doi: 10.1080/14737159.2018.1439380] [Medline: 29431517]

Srinivasan A, Kaiser K. Information deficiency: implicationsfor information systems design. In: Computer Science. Sutton:
ICIS; 1981.

Blei AT, CérdobaJ, Practice Parameters Committee of the American College of Gastroenterol ogy. Hepatic encephal opathy.
Am J Gastroenterol 2001 Jul;96(7):1968-1976. [doi: 10.1111/j.1572-0241.2001.03964.x] [Medline: 11467622]

GinesP, Sola E, Angeli P, Wong F, Nadim MK, Kamath PS. Author correction: hepatorenal syndrome. Nat Rev DisPrimers
2018 Oct 15;4(1):33. [doi: 10.1038/s41572-018-0035-2] [Medline: 30323303]

Vaquero J, Polson J, Chung C, Helenowski I, Schiodt FV, Reisch J, et al. Infection and the progression of hepatic
encephal opathy in acute liver failure. Gastroenterology 2003 Sep;125(3):755-764. [doi: 10.1016/s0016-5085(03)01051-5]
[Medline: 12949721]

Ping X, Tseng Y, LinY, ChiuH, La F, Liang J, et a. A multiple measurements case-based reasoning method for predicting
recurrent status of liver cancer patients. Computersin Industry 2015 May;69:12-21. [doi: 10.1016/j.compind.2015.01.007]
Baytas|, Xiao C, Zhang X, Wang F, Jain A, Zhou J, editors. Patient subtyping viatime-aware LSTM networks. In:
Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining. New York:
Association for Computing Machinery; 2017 Aug Presented at: KDD '17: The 23rd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining; August, 2017; Halifax NS Canada p. 65-74. [doi: 10.1145/3097983.3097997]
Suo Q, MaF, Yuan 'Y, Huai M, Zhong W, Zhang A. Personalized disease prediction using a CNN-based similarity learning
method. In: 2017 |EEE International Conference on Bioinformatics and Biomedicine (BIBM). Piscataway, New Jersey,
United States: |EEE; 2017 Presented at: Personalized Disease Prediction Using a CNN-Based Similarity L earning Method.
Bioinformatics and Biomedicine (BIBM), |EEE International Conference on; 13-16 Nov. 2017; Kansas City, MO, USA
URL: https://ieeexplore.ieee.org/document/8217759 [doi: 10.1109/bibm.2017.8217759]

Carja O, Plotkin JB. The evolutionary advantage of heritable phenotypic heterogeneity. Sci Rep 2017 Jul 11;7(1):5090
[FREE Full text] [doi: 10.1038/s41598-017-05214-2] [Medline: 28698577]

Papa G, Degano C, lurato MPB, Licciardello C, MaioranaR, Finocchiaro C. Macrovascular complication phenotypesin type
2 diabetic patients. Cardiovasc Diabetol 2013 Jan 18;12:20 [FREE Full text] [doi: 10.1186/1475-2840-12-20] [Medline:
23331854]

Pathak J, Kho AN, Denny JC. Electronic health records-driven phenotyping: challenges, recent advances, and perspectives.
JAmM Med Inform Assoc 2013 Dec;20(e2):206-211 [FREE Full text] [doi: 10.1136/amiajnl-2013-002428] [Medline:
24302669]

Such J, Runyon BA. Spontaneous bacterial peritonitis. Clin Infect Dis 1998 Oct;27(4):669-675. [doi: 10.1086/514940]
[Medline: 9798013]

Gallaher JR, Cairns B, Varela C, Charles AG. Mortality after peritonitis in sub-Saharan Africa: an issue of accessto care.
JAMA Surg 2017 Apr 01;152(4):408-410. [doi: 10.1001/jamasurg.2016.4638] [Medline: 28030662]

Fernandez J, Navasa M, Planas R, Montoliu S, Monfort D, Soriano G, et a. Primary prophylaxis of spontaneous bacterial
peritonitis delays hepatorenal syndrome and improves survival in cirrhosis. Gastroenterology 2007 Sep;133(3):818-824.
[doi: 10.1053/j.gastro.2007.06.065] [Medline: 17854593]

Piotrowski D, Bororin-Kaczmarska A. Bacterial infections and hepatic encephal opathy in liver cirrhosis-prophylaxis and
treatment. Adv Med Sci 2017 Sep;62(2):345-356. [doi: 10.1016/j.advms.2016.11.009] [Medline: 28514703]

Ng CKF, Chan MHM, Tai MHL, Lam CWK. Hepatorenal syndrome. Clin Biochem Rev 2007 Feb;28(1):11-17 [FREE
Full text] [Medline: 17603637]

Venkataraman S, Peter S, Chandy G. Assessing the severity of hepatic encephal opathy. Indian J Gastroenterol 2003 Dec;22
Suppl 2:7-10. [Medline: 15025245]

Mullen K. Review of the final report of the 1998 Working Party on definition, nomenclature and diagnosis of hepatic
encephal opathy. Aliment Pharmacol Ther 2007 Feb;25 Suppl 1:11-16 [FREE Full text] [doi:
10.1111/j.1746-6342.2006.03216.x] [Medline: 17295847]

Riordan SM, Williams R. Treatment of hepatic encephal opathy. N Engl JMed 1997 Aug 14;337(7):473-479. [doi:
10.1056/nejm199708143370707]

Jepsen P, Ott P, Andersen PK, Sgrensen HT, Vilstrup H. Clinical course of alcohoalic liver cirrhosis: a Danish popul ation-based
cohort study. Hepatology 2010 May;51(5):1675-1682. [doi: 10.1002/hep.23500] [Medline: 20186844]

Andrew SE, Goldberg YP, Kremer B, TeleniusH, Theilmann J, Adam S, et al. The relationship between trinucleotide
(CAG) repeat length and clinical features of Huntington's disease. Nat Genet 1993 Aug;4(4):398-403. [doi:
10.1038/ng0893-398] [Medline: 8401589

http://www.jmir.org/2021/2/€18372/ JMed Internet Res 2021 | vol. 23 | iss. 2 | 18372 | p. 20

(page number not for citation purposes)


http://europepmc.org/abstract/MED/21347182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21347182&dopt=Abstract
http://dx.doi.org/10.1016/j.arbres.2011.10.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22196477&dopt=Abstract
http://europepmc.org/abstract/MED/29431517
http://dx.doi.org/10.1080/14737159.2018.1439380
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29431517&dopt=Abstract
http://dx.doi.org/10.1111/j.1572-0241.2001.03964.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11467622&dopt=Abstract
http://dx.doi.org/10.1038/s41572-018-0035-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30323303&dopt=Abstract
http://dx.doi.org/10.1016/s0016-5085(03)01051-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12949721&dopt=Abstract
http://dx.doi.org/10.1016/j.compind.2015.01.007
http://dx.doi.org/10.1145/3097983.3097997
https://ieeexplore.ieee.org/document/8217759
http://dx.doi.org/10.1109/bibm.2017.8217759
https://doi.org/10.1038/s41598-017-05214-2
http://dx.doi.org/10.1038/s41598-017-05214-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28698577&dopt=Abstract
https://cardiab.biomedcentral.com/articles/10.1186/1475-2840-12-20
http://dx.doi.org/10.1186/1475-2840-12-20
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23331854&dopt=Abstract
http://europepmc.org/abstract/MED/24302669
http://dx.doi.org/10.1136/amiajnl-2013-002428
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24302669&dopt=Abstract
http://dx.doi.org/10.1086/514940
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9798013&dopt=Abstract
http://dx.doi.org/10.1001/jamasurg.2016.4638
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28030662&dopt=Abstract
http://dx.doi.org/10.1053/j.gastro.2007.06.065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17854593&dopt=Abstract
http://dx.doi.org/10.1016/j.advms.2016.11.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28514703&dopt=Abstract
http://europepmc.org/abstract/MED/17603637
http://europepmc.org/abstract/MED/17603637
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17603637&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15025245&dopt=Abstract
https://doi.org/10.1111/j.1746-6342.2006.03216.x
http://dx.doi.org/10.1111/j.1746-6342.2006.03216.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17295847&dopt=Abstract
http://dx.doi.org/10.1056/nejm199708143370707
http://dx.doi.org/10.1002/hep.23500
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20186844&dopt=Abstract
http://dx.doi.org/10.1038/ng0893-398
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8401589&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Sheng et d

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

Alward WL, Fingert JH, Coote MA, Johnson AT, Lerner SF, Junqua D, et al. Clinical features associated with mutations
in the chromosome 1 open-angle glaucoma gene (GLC1A). N Engl JMed 1998 Apr 09;338(15):1022-1027. [doi:
10.1056/NEJM 199804093381503] [Medline: 9535666]

Overby CL, Pathak J, Gottesman O, Haerian K, Perotte A, Murphy S, et a. A collaborative approach to developing an
electronic health record phenotyping algorithm for drug-induced liver injury. JAm Med Inform Assoc 2013
Dec;20(e2):243-252 [FREE Full text] [doi: 10.1136/amiajnl-2013-001930] [Medline; 23837993]

Richesson R, Smerek M. Rethinking Clinical Trials: A Living Textbook of Pragmatic Clinical Trials: Duke University.
Duke University. 2014. URL: https:/sites.duke.edu/rethinkingclinicaltrial/ [accessed 2021-01-22]

Gottesman O, Kuivaniemi H, Tromp G, Faucett WA, Li R, Manolio TA, eMERGE Network. The Electronic Medical
Records and Genomics (eEM ERGE) Network: past, present, and future. Genet Med 2013 Oct;15(10):761-771 [FREE Full
text] [doi: 10.1038/gim.2013.72] [Medline: 23743551]

Zhang J, Friberg IM, Kift-Morgan A, Parekh G, Morgan MP, Liuzzi AR, et al. Machine-learning algorithms define
pathogen-specific local immune fingerprints in peritoneal dialysis patients with bacterial infections. Kidney Int 2017
Jul;92(1):179-191 [FREE Full text] [doi: 10.1016/j.kint.2017.01.017] [Medline: 28318629]

Newby C, Heaney LG, Menzies-Gow A, Niven RM, Mansur A, Bucknall C, British Thoracic Society Severe Refractory
Asthma Network. Statistical cluster analysis of the British Thoracic Society Severe refractory Asthma Registry: clinical
outcomes and phenotype stability. PLoS One 2014;9(7):€102987 [ FREE Full text] [doi: 10.1371/journal.pone.0102987]
[Medline: 25058007]

Liu C, Wang F, Hu J, Xiong H. Temporal phenotyping from longitudinal el ectronic health records: agraph based framework.
In: Proceedings of the 21th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining. New
York: Association for Computing Machinery; 2015 Aug Presented at: KDD '15: The 21th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining; August, 2015; Sydney NSW Australia p. 705-714. [doi:
10.1145/2783258.2783352]

ChenlL, Li X, Sheng Q, Peng W, Bennett J. Mining health examination records—a graph-based approach. | EEE Transactions
on Knowledge and Data Engineering 2016 Sep;28(9):2423-2437 [EREE Full text]

XuX, Cui L, LiuS, LiH,LiuL, Zheng Y. Predicting hospital readmission from longitudinal healthcare data using graph
pattern mining based temporal phenotypes. 2017 Presented at: 2017 |EEE International Conference on Bioinformatics and
Biomedicine (BIBM); 13-16 Nov. 2017; Kansas City, MO, USA.. [doi: 10.1109/bibm.2017.8217761]

Pivovarov R, Perotte AJ, Grave E, Angiolillo J, Wiggins CH, Elhadad N. Learning probabilistic phenotypes from
heterogeneous EHR data. JBiomed Inform 2015 Dec;58:156-165 [ FREE Full text] [doi: 10.1016/}.jbi.2015.10.001] [Medline:
26464024]

Ross JC, Castaldi PJ, Cho MH, Chen J, Chang Y, Dy JG, et a. A bayesian nonparametric model for disease subtyping:
application to emphysema phenotypes. IEEE Trans Med Imaging 2017 Jan;36(1):343-354. [doi: 10.1109/tmi.2016.2608782]
Miotto R, Wang F, Wang S, Jiang X, Dudley JT. Deep learning for healthcare: review, opportunities and challenges. Brief
Bioinform 2018 Nov 27;19(6):1236-1246 [FREE Full text] [doi: 10.1093/bib/bbx044] [Medline: 28481991]

LeCun 'Y, Bengio Y, Hinton G. Deep learning. Nature 2015 May 28;521(7553):436-444. [doi: 10.1038/nature14539]
[Medline: 26017442]

Ho J, Ghosh J, Sun J, editors. Marble: high-throughput phenotyping from electronic health records via sparse nonnegative
tensor factorization. In: Proceedings of the 20th ACM SIGKDD international conference on Knowledge discovery and data
mining. New York: Association for Computing Machinery; 2014 Aug Presented at: KDD '14: The 20th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining; August, 2014; New York USA p. 115-124. [doi:
10.1145/2623330.2623658]

KaeD, Che Z, Bahadori M, Li W, LiuY, Wetzel R. Causal phenotype discovery via deep networks. In: AMIA Annual
Symposium Proceedings. 2015 Nov 5 Presented at: American Medical Informatics Association; 2015; San Francisco p.
677-686 URL: https.//pubmed.ncbi.nlm.nih.gov/26958203/

Guo W, Xu'Y, Feng X. Deepmetabolism: a deep |learning system to predict phenotype from genome sequencing. arXiv
2017:A [FREE Full text] [doi: 10.1101/135574]

Agachel, Akdis C. Precision medicine and phenotypes, endotypes, genotypes, regiotypes, and theratypes of allergic diseases.
Jof Clin Investi 2019;129(4):-. [doi: 10.1172/jci124611]

GulshanV, Peng L, Coram M, Stumpe MC, Wu D, Narayanaswamy A, et al. Devel opment and validation of adeep learning
algorithm for detection of diabetic retinopathy in retinal fundus photographs. JAm Med Assoc 2016 Dec
13;316(22):2402-2410. [doi: 10.1001/jama.2016.17216] [Medline: 27898976]

Esteva A, Raobicquet A, Ramsundar B, Kuleshov V, DePristo M, Chou K, et a. A guide to deep learning in healthcare. Nat
Med 2019 Jan 7;25(1):24-29. [doi: 10.1038/s41591-018-0316-z] [Medline: 30617335]

Pouladi F, Salehingjad H, Gilani A. Recurrent neural networksfor sequential phenotype prediction in genomics. In: Recurrent
Neural Networks for Sequential Phenotype Prediction in Genomics. 2015 Presented at: 2015 International Conference on
Developments of E-Systems Engineering (DeSE); 13-14 Dec, 2015; Duai, United Arab Emirates. [doi: 10.1109/dese.2015.52]

http://www.jmir.org/2021/2/€18372/ JMed Internet Res 2021 | vol. 23 | iss. 2 | 18372 | p. 21

(page number not for citation purposes)


http://dx.doi.org/10.1056/NEJM199804093381503
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9535666&dopt=Abstract
http://europepmc.org/abstract/MED/23837993
http://dx.doi.org/10.1136/amiajnl-2013-001930
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23837993&dopt=Abstract
https://sites.duke.edu/rethinkingclinicaltrials/
http://europepmc.org/abstract/MED/23743551
http://europepmc.org/abstract/MED/23743551
http://dx.doi.org/10.1038/gim.2013.72
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23743551&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0085-2538(17)30068-6
http://dx.doi.org/10.1016/j.kint.2017.01.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28318629&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0102987
http://dx.doi.org/10.1371/journal.pone.0102987
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25058007&dopt=Abstract
http://dx.doi.org/10.1145/2783258.2783352
http://web.science.mq.edu.au/~qsheng/papers/tkde-2016.pdf
http://dx.doi.org/10.1109/bibm.2017.8217761
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(15)00223-3
http://dx.doi.org/10.1016/j.jbi.2015.10.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26464024&dopt=Abstract
http://dx.doi.org/10.1109/tmi.2016.2608782
http://europepmc.org/abstract/MED/28481991
http://dx.doi.org/10.1093/bib/bbx044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28481991&dopt=Abstract
http://dx.doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26017442&dopt=Abstract
http://dx.doi.org/10.1145/2623330.2623658
https://pubmed.ncbi.nlm.nih.gov/26958203/
https://www.researchgate.net/publication/316821216_DeepMetabolism_A_Deep_Learning_System_to_Predict_Phenotype_from_Genome_Sequencing
http://dx.doi.org/10.1101/135574
http://dx.doi.org/10.1172/jci124611
http://dx.doi.org/10.1001/jama.2016.17216
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27898976&dopt=Abstract
http://dx.doi.org/10.1038/s41591-018-0316-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30617335&dopt=Abstract
http://dx.doi.org/10.1109/dese.2015.52
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Sheng et d

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.

Lasko TA, Denny JC, Levy MA. Computational phenotype discovery using unsupervised feature learning over noisy,
sparse, andirregular clinical data. PLoS One 2013 Jun 24;8(6):66341 [FREE Full text] [doi: 10.1371/journal.pone.0066341]
[Medline: 23826094]

Gupta P, Mahotra P, Vig L, Shroff G. Transfer learning for clinical time series analysis using recurrent neural networks.
arXiv :180701705 Preprint posted online July 4, 2018. [FREE Full text]

MaF, ChittaR, Zhou J, You Q, Sun T, Gao J. Dipole: diagnosis prediction in healthcare via attention-based bidirectional
recurrent neural networks. In: Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge Discovery
and DataMining. Dipole; 2017 Aug Presented at: KDD '17: The 23rd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining; August, 2017; Halifax NS Canada p. 1903-1911. [doi: 10.1145/3097983.3098088]

Lee C, Chen YPP. Prediction of drug adverse events using deep learning in pharmaceutical discovery. Brief Bioinform
2020 Apr 29:2020. [doi: 10.1093/bib/bbaa040] [Medline: 32349125]

Tan Q, MaA, YeM, Yang B, Deng H, Wong V. UA-CRNN: Uncertainty-aware convolutional recurrent neural network
for mortality risk prediction. In: Proceedings of the 28th ACM International Conference on Information and Knowledge
Management. New York: Association for Computing Machinery; 2019 Nov Presented at: CIKM '19: The 28th ACM
International Conference on Information and Knowledge Management; November, 2019; Beijing China p. 109-118. [doi:
10.1145/3357384.3357884]

Cao P, Zhao D, Zaiane O. An optimized cost-sensitive SVM for imbalanced data learning. In: Pacific-Asia Conference on
Knowledge Discovery and Data Mining. 2013 Presented at: PAKDD 2013: Advances in Knowledge Discovery and Data
Mining; 2013; old Coast, Australia p. 280-292. [doi: 10.1007/978-3-642-37456-2_24]

Thai-Nghe N, Gantner Z, Schmidt-Thieme L. Cost-sensitive learning methods for imbalanced data. In: The 2010 International
Joint Conference on Neural Networks (IJCNN). 2010 Presented at: The 2010 International Joint Conference on Neural
Networks (IJCNN); July 18-23, 2010; Barcelona, Spain. [doi: 10.1109/ijcnn.2010.5596486]

Kolb H, Schneider B, Heinemann L, Heise T, Lodwig V, Tshiananga JKT, et al. Type 2 diabetes phenotype and progression
issignificantly different if diagnosed before versus after 65 years of age. JDiabetes Sci Technol 2008 Jan;2(1):82-90 [FREE
Full text] [doi: 10.1177/193229680800200112] [Medline: 19885181]

Moore WC, Meyers DA, Wenzel SE, Teague WG, Li H, Li X, et a. Identification of asthma phenotypes using cluster
analysisin the severe asthma research program. Am J Respir Crit Care Med 2010 Feb 15;181(4):315-323. [doi:
10.1164/rccm.200906-08960c]

Haldar P, Pavord ID, Shaw DE, Berry MA, ThomasM, Brightling CE, et al. Cluster analysisand clinical asthma phenotypes.
Am JRespir Crit Care Med 2008 Aug;178(3):218-224. [doi: 10.1164/rccm.200711-17540c]

Royall DR, Salazar R, Palmer RF. Latent variables may be useful in pain’s assessment. Health Qual Life Outcomes
2014;12(1):13. [doi: 10.1186/1477-7525-12-13]

Sterne J, White, Carlin J, Spratt M, Royston P, Kenward M, et a. Multiple imputation for missing datain epidemiological
and clinical research: potential and pitfalls. BMJ 2009 Jun 29;338:2393 [ FREE Full text] [doi: 10.1136/bmj.b2393] [Medline:
19564179]

XuD, HuPJ, Huang T, Fang X, Hsu C. A deep learning-based, unsupervised method to impute missing valuesin electronic
health records for improved patient management. JBiomed Inform 2020 Nov;111:103576. [doi: 10.1016/j.jbi.2020.103576)]
[Medline: 33010424]

Zhang H, Xie P, Xing E. Missing value imputation based on deep generative models. Computer Science, Machine Learning
2018:- [FREE Full text]

Batista GEAPA, Prati RC, Monard MC. A study of the behavior of several methodsfor balancing machine learning training
data. SIGKDD Explor. Newsl 2004 Jun;6(1):20-29. [doi: 10.1145/1007730.1007735]

Mora A, Krug BS, Grigonis AM, Dawson A, Jing Y, Hammerman Sl. Optimizing laboratory test utilization in long-term
acute care hospitals. Proc (Bayl Univ Med Cent) 2017 Jan 11;30(1):26-29 [FREE Full text] [doi:
10.1080/08998280.2017.11929516] [Medline: 28127124]

National Health Insurance Research Database, Taiwan. 2014. URL : https://nhird.nhri.org.tw/en/ [accessed 2021-01-22]
Hsing AW, loannidis JPA. Nationwide Population Science: lessons from the Taiwan National Health Insurance Research
Database. JAMA Intern Med 2015 Sep 01;175(9):1527-1529. [doi: 10.1001/jamainternmed.2015.3540] [Medline: 26192815]
Shao S, Chan Y, Kao Yang Y, Lin S, Hung M, Chien R, et a. The Chang Gung Research Database-A multi-institutional
electronic medical records database for real-world epidemiological studiesin Taiwan. Pharmacoepidemiol Drug Saf 2019
May 16;28(5):593-600. [doi: 10.1002/pds.4713] [Medline: 30648314]

Quan H, Sundarargjan V, Halfon P, Fong A, Burnand B, Luthi J, et al. Coding algorithms for defining comorbiditiesin
ICD-9-CM and ICD-10 administrative data. Med Care 2005 Nov;43(11):1130-1139. [doi:
10.1097/01.mlr.0000182534.19832.83] [Medline: 16224307]

Huang T, Huang S, Shyu Y, Lee C, wo S, Chen B, et al. A procal citonin-based algorithm to guide antibiotic therapy in
secondary peritonitis following emergency surgery: a prospective study with propensity score matching analysis. PLoS
One 2014 Mar 4;9(3):90539 [EREE Full text] [doi: 10.1371/journal.pone.0090539] [Medline: 24594916]

Fletcher J. What to know about hepatic encephal opathy. Medical News Today. 2019 Nov 6. URL: https://www.

medi cal newstoday.com/articles/326919 [accessed 2021-01-11]

http://www.jmir.org/2021/2/€18372/ JMed Internet Res 2021 | vol. 23 | iss. 2 | 18372 | p. 22

(page number not for citation purposes)


https://dx.plos.org/10.1371/journal.pone.0066341
http://dx.doi.org/10.1371/journal.pone.0066341
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23826094&dopt=Abstract
https://arxiv.org/abs/1807.01705
http://dx.doi.org/10.1145/3097983.3098088
http://dx.doi.org/10.1093/bib/bbaa040
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32349125&dopt=Abstract
http://dx.doi.org/10.1145/3357384.3357884
http://dx.doi.org/10.1007/978-3-642-37456-2_24
http://dx.doi.org/10.1109/ijcnn.2010.5596486
http://europepmc.org/abstract/MED/19885181
http://europepmc.org/abstract/MED/19885181
http://dx.doi.org/10.1177/193229680800200112
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19885181&dopt=Abstract
http://dx.doi.org/10.1164/rccm.200906-0896oc
http://dx.doi.org/10.1164/rccm.200711-1754oc
http://dx.doi.org/10.1186/1477-7525-12-13
http://europepmc.org/abstract/MED/19564179
http://dx.doi.org/10.1136/bmj.b2393
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19564179&dopt=Abstract
http://dx.doi.org/10.1016/j.jbi.2020.103576
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33010424&dopt=Abstract
https://arxiv.org/abs/1808.01684
http://dx.doi.org/10.1145/1007730.1007735
http://europepmc.org/abstract/MED/28127124
http://dx.doi.org/10.1080/08998280.2017.11929516
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28127124&dopt=Abstract
https://nhird.nhri.org.tw/en/
http://dx.doi.org/10.1001/jamainternmed.2015.3540
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26192815&dopt=Abstract
http://dx.doi.org/10.1002/pds.4713
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30648314&dopt=Abstract
http://dx.doi.org/10.1097/01.mlr.0000182534.19832.83
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16224307&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0090539
http://dx.doi.org/10.1371/journal.pone.0090539
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24594916&dopt=Abstract
https://www.medicalnewstoday.com/articles/326919
https://www.medicalnewstoday.com/articles/326919
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Sheng et d

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

Facciorusso A. Hepatorenal syndrome Type 1: current challenges and future prospects. Ther Clin Risk Manag 2019
Nov;15:1383-1391. [doi: 10.2147/tcrm.s205328]

FujiwaraK, Mochida S. Indications and criteriafor liver transplantation for fulminant hepatic failure. J Gastroenterol 2002
Jan;37(S13):74-77. [doi: 10.1007/bf02990104]

Omagari K, Norimura D, YajimaH, Kadokawa Y, Takamori K, Yoshimura M. Recovery from fulminant hepatic failure
and prolonged deep comawithout liver transplantation. Acta Medica Nagasakiensia 2004;49(4):153-157 [FREE Full text]
Salerno F, Gerbes A, Gines P, Wong F, Arroyo V. Diagnosis, prevention and treatment of hepatorenal syndromein cirrhosis.
Postgrad Med J 2008 Dec 01;84(998):662-670. [doi: 10.1136/gut.2006.107789] [Medline: 19201943]

Inadomi J, Sonnenberg A. Cost-analysis of prophylactic antibiotics in spontaneous bacterial peritonitis. Gastroenterology
1997 Oct;113(4):1289-1294. [doi: 10.1053/gast.1997.v113.pm9322524] [Medline: 9322524]

Domhan T, Springenberg J, Hutter F. Speeding up automatic hyperparameter optimization of deep neural networks by
extrapolation of learning curves. In: University of Freiburg. 2015 Presented at: Twenty-Fourth International Joint Conference
on Artificial Intelligence; 2015; Buenos Aires, Argentina URL : https://ml.informatik.uni-freiburg.de/papers/
15-1JCAI-Extrapolation of Learning_Curves.pdf

LiuY, Zheng Y. One-against-all multi-class SVM classification using reliability measures. In: Proceedings 2005 |EEE
International Joint Conference on Neural Networks. 2005 Presented at: 2005 | EEE I nternational Joint Conference on Neural
Networks, 2005; 31 July-4 Aug, 2005; Montreal, Que, Canada. [doi: 10.1109/ijcnn.2005.1555963]

Milgram J, Cheriet M, Sabourin R. 'One Against One' or 'One Against All': which oneis better for handwriting recognition
with SVMs? HAL-Inria. 2006. URL: https://hal.inria.fr/inria-00103955 [accessed 2021-01-22]

David MW. Evaluation: from precision, recall and F-measure to ROC, informedness, markedness and correlation. arXiv
2010:- [FREE Full text] [doi: 10.9735/2229-3981]

van Buuren S, Groothuis-Oudshoorn K. Multivariate imputation by chained equationsin R. J Stat Soft 2011;45(3):1-68.
[doi: 10.18637/jss.v045.i03]

Mazumder R, Hastie T, Tibshirani R. Spectral regularization algorithms for learning large incomplete matrices. JMach
Learn Res 2010 Mar 01;11:2287-2322 [FREE Full text] [Medline: 21552465]

Troyanskaya O, Cantor M, Sherlock G, Brown P, Hastie T, Tibshirani R, et a. Missing value estimation methods for DNA
microarrays. Bioinformatics 2001 Jun 01;17(6):520-525. [doi: 10.1093/bioinformatics/17.6.520] [Medline: 11395428]
Lundberg S. A unified approach to interpreting model predictions. arXiv Preprint posted online November 25, 2017. [FREE
Full text]

Hoshida Y, Villanueva A, Llovet IM. Molecular profiling to predict hepatocellular carcinoma outcome. Expert Rev
Gastroenterol Hepatol 2009 Apr;3(2):101-103 [FREE Full text] [doi: 10.1586/egh.09.5] [Medline: 19351279]

Abbreviations

AHE: acute hepatic encephal opathy

AUC: areaunder the curve

CGRD: Chang Gung Research Database

CNN: convolutional neural network

EHR: electronic health record

HRS: hepatorenal syndrome

ICU: intensive care unit

MMCBR: multiple measurement case-based reasoning
NHIRD: National Health Insurance Research Database
RNN: recurrent neural network

RNN-LR: recurrent neural network-latent regulator
SHAP: Shapley Additive Explanations

SMOTEENN: Synthetic Minority Oversampling Technique-Edited Nearest Neighbors
T-LSTM: time aware long short-term memory

http://www.jmir.org/2021/2/€18372/ JMed Internet Res 2021 | vol. 23 | iss. 2 | 18372 | p. 23

(page number not for citation purposes)


http://dx.doi.org/10.2147/tcrm.s205328
http://dx.doi.org/10.1007/bf02990104
https://www.jstage.jst.go.jp/article/amn/49/4/49_4_153/_article/-char/en
http://dx.doi.org/10.1136/gut.2006.107789
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19201943&dopt=Abstract
http://dx.doi.org/10.1053/gast.1997.v113.pm9322524
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9322524&dopt=Abstract
https://ml.informatik.uni-freiburg.de/papers/15-IJCAI-Extrapolation_of_Learning_Curves.pdf
https://ml.informatik.uni-freiburg.de/papers/15-IJCAI-Extrapolation_of_Learning_Curves.pdf
http://dx.doi.org/10.1109/ijcnn.2005.1555963
https://hal.inria.fr/inria-00103955
https://www.researchgate.net/publication/228529307_Evaluation_From_Precision_Recall_and_F-Factor_to_ROC_Informedness_Markedness_Correlation
http://dx.doi.org/10.9735/2229-3981
http://dx.doi.org/10.18637/jss.v045.i03
http://europepmc.org/abstract/MED/21552465
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21552465&dopt=Abstract
http://dx.doi.org/10.1093/bioinformatics/17.6.520
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11395428&dopt=Abstract
https://arxiv.org/abs/1705.07874
https://arxiv.org/abs/1705.07874
http://europepmc.org/abstract/MED/19351279
http://dx.doi.org/10.1586/egh.09.5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19351279&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Sheng et d

Edited by G Eysenbach; submitted 22.02.20; peer-reviewed by OS Liang, A Aminbeidokhti, J Yang, N Mohammad Gholi Mezerji;
comments to author 29.06.20; revised version received 13.09.20; accepted 21.12.20; published 12.02.21

Please cite as:

Sheng JQ, Hu PJH, Liu X, Huang TS, Chen YH

Predictive Analytics for Care and Management of Patients With Acute Diseases: Deep Learning—Based Method to Predict Crucial
Complication Phenotypes

J Med Internet Res 2021;23(2):€18372

URL: http://www.jmir.org/2021/2/e18372/

doi: 10.2196/18372

PMID: 33576744

©Jessica Qiuhua Sheng, Paul Jen-Hwa Hu, Xiao Liu, Ting-Shuo Huang, Yu Hsien Chen. Originally published in the Journal of
Medical Internet Research (http://www.jmir.org), 12.02.2021. This is an open-access article distributed under the terms of the
Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is
properly cited. The complete bibliographic information, alink to the original publication on http://www.jmir.org/, aswell asthis
copyright and license information must be included.

http://www.jmir.org/2021/2/€18372/ JMed Internet Res 2021 | vol. 23 | iss. 2 | 18372 | p. 24
(page number not for citation purposes)

RenderX


http://www.jmir.org/2021/2/e18372/
http://dx.doi.org/10.2196/18372
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33576744&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

