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Abstract

Background: Observational biomedical studiesfacilitate anew strategy for large-scale electronic health record (EHR) utilization
to support precision medicine. However, datalabel inaccessibility isan increasingly important issuein clinical prediction, despite
the use of synthetic and semisupervised learning from data. Little research hasaimed to uncover the underlying graphical structure
of EHRs.

Objective: A network-based generative adversarial semisupervised method is proposed. The objective is to train clinical
prediction models on label -deficient EHRs to achieve comparable learning performance to supervised methods.

Methods: Three public data sets and one colorectal cancer data set gathered from the Second Affiliated Hospital of Zhejiang
University were selected as benchmarks. The proposed models were trained on 5% to 25% labeled data and evaluated on
classification metrics against conventional semisupervised and supervised methods. The data quality, model security, and memory
scalability were also evaluated.

Results:  The proposed method for semisupervised classification outperforms related semisupervised methods under the same
setup, with the average area under the receiver operating characteristics curve (AUC) reaching 0.945, 0.673, 0.611, and 0.588
for thefour data sets, respectively, followed by graph-based semisupervised learning (0.450, 0.454, 0.425, and 0.5676, respectively)
and label propagation (0.475,0.344, 0.440, and 0.477, respectively). The average classification AUCs with 10% |abeled datawere
0.929, 0.719, 0.652, and 0.650, respectively, comparable to that of the supervised learning methods logistic regression (0.601,
0.670, 0.731, and 0.710, respectively), support vector machines (0.733, 0.720, 0.720, and 0.721, respectively), and random forests
(0.982, 0.750, 0.758, and 0.740, respectively). The concerns regarding the secondary use of data and data security are alleviated
by realistic data synthesis and robust privacy preservation.

Conclusions: Training clinical prediction models on |abel-deficient EHRsisindispensablein data-driven research. The proposed
method has great potential to exploit the intrinsic structure of EHRs and achieve comparable learning performance to supervised
methods.
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Introduction

The recent rise of observational biomedical research, driven by
greatly expanding electronic health records (EHRs) and the
prevalence of machine learning methods, has drawn great
attention [1-4]. Cornventional strategies tend to screen out
subgroups of interest based on expert supervision or established
risk factors. An aternative data-driven paradigm extracts
underlying subtypes by comprehensively profiling the
longitudinal irregularity, interdimensional heterogeneity, and
intrinsic homogeneity of the database, thus progressively
facilitating the practice of precision medicine. For instance, the
Electronic Medical Recordsand Genomics (eM ERGE) network
[5] leverages expertise from multiple ingtitutions and
communities to integrate biorepositories and EHRS to support
genomic research. Observational research approaches exhibit
both potential and challenges for more sophisticated data
analysis.

However, the acquisition of realistic data, especially datalabels,
is dtill restricted when confronting concerns about system
security, patient privacy, and intellectual property protection
[6,7]. Excluding data and labels may be ubiquitous during the
data collection phase. Long-term studies often lack sufficient
time to gather data and have no control over the switching
behaviors of patients [8,9], resulting in the loss of accurate
outcome measurements.

Restrictionson transferring intellectual property among different
institutions hinder the sharing of data, which is expected to be
complete. Additionally, some expertise-requiring annotations
aretedious and have no guarantee of correctness[10]. Generally,
label deficienciesoccur frequently when analyzing observational
EHR data.

There have been some attempts to addressinsufficient labeling
by realistic synthesized EHR (RS-EHR) generation. One
approach to RS-EHRs is knowledge-based [11,12]. Such
approaches combine publicly available statistics, clinical practice
guidelines, and medical coding dictionaries to improve the
fidelity of generated EHRs. However, the models are till
restricted to development, testing, and public demonstrations.

Another strategy isdata-driven. Generative adversarial networks
(GANSs) are a new class of methods for obtaining realistic
synthesized data [13,14]. The philosophy of GANs isto train
two networks, one generating fake samples and the other
discriminating fake and real samples, in a min-max game until
equilibrium is achieved, indicating that the generated fake
samples cannot be distinguished from the real samples. There
has been some work on applying state-of-the-art GANSs to
generate synthesized EHR data sets [15,16]. However, these
studies have not fully applied the generated data to augment
EHR computationa phenotyping and classification. GANs for
few-labeled data are still unlikely to recover the whole
distribution of labels from the raw data set due to imbalanced
labeling. Additionally, there are some arguments that
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GAN-generated samplesarelikely to copy real samplesexactly,
which isapotentia violation of privacy [17,18].

Semisupervised learning (SSL) is a set of techniques that are
usually adopted to leverage unlabeled data and an underlying
data set structure. With a relatively small set of labeled data
compared to that needed in supervised learning (SL), SSL can
still display decent learning performance. Some previous studies
used SSL to phenotype EHR databases [19,20]. These studies
achieved excellent performance in EHR-based risk prediction,
but the feature dimensions were restricted to discrete medical
codes. GANs were adopted to boost the SSL [21], but as
mentioned above, the generator was trained to eventually
remember exact copies of the samples for the limited span of
an EHR data set in adiscrete and high-dimensional space, which
therefore raised privacy concerns. SSL is a powerful tool for
label-deficient circumstances but needs specifications for
observational research.

Network analysisis a solution to both obstacles. Encoding the
similarities among patientsinto their connections protectstheir
identities. Theinput of the analysisisonly the network structure
and embedded vectors. Network analysis is the basis for
manifold learning, which has an advantage in approximating
the data structure in a high-dimensional space. Many
manifold-based methods have prevailed inintuitively visualizing
and phenotyping coordinated data sets [22-24]. Additionally,
there have been quite afew attempts to extend deep learning to
irregular data structures, such as graphs. Several studies have
shown great performance in representative learning with SSL
[25-28], and endeavors have been made to apply GANSs to
graphs [29-31].

However, few studies have considered exploiting the inherent
network structure of an EHR database in SSL tasks. GANson
networks have not been fully investigated in terms of privacy
preservation. Additionally, under various label-deficient
situations, the performance remains to be evaluated. It is very
promising to scale SSL and GANSs to the graph structure
extracted from an EHR database and to thereby acquire a new
perspective on EHR data sets.

For this paper, the main contributions are as follows: (1) This
study triesto addresslimitations dueto existing label deficiency
in observationa EHR analytical research by extending the
network analysis pipeline to EHRs. A boosting learning model
is proposed by applying GAN-boosted SSL to network data
extracted from label-deficient coordinated EHRs. (2)
Experiments are conducted on 3 public data sets aswell asone
from the First Affiliated Hospital of Zhejiang University, and
they are evaluated by prediction metrics that are compared to
conventional learning methods. The proposed method shows
superior performance over conventional semisupervised methods
and i ndicates comparabl e performance with supervised learning
methods when data are fully labeled. (3) To ensure the utility
of the proposed model, further evaluations of data quality,
nondisclosure, and memory space consumption are performed.
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The proposed method shows higher datafidelity, lower precision
metrics against compromised attack, and less graphics
processing unit (GPU) memory consumption over conventional
semisupervised methods.

Methods

Data Set Structure Conversion to a Graph

Graph structure definition and semisupervised learning on graph
formularization are shown in Multimedia Appendix 1A [31-37].
According to the well-accepted assumption that a manifold is
locally Euclidean intopol ogical space, itis plausibleto represent
a data set X with a graph G. However, this conversion rule
should be scrutinized. First, it depends on the number of edges
|E] that comprise the edge set. |E| should be restricted to arange
that avoids disconnected components and short circuits that
obscure structural information. Second, the neighborhood
searching strategy should be scalable to feature value scalesand
effective in practice. Third, the local density variance should
be preserved during conversion, which means that the weights
of edges should not be binary.

To circumvent this problem, the k-nearest neighbors (K-NN)
method was sel ected to convert the original dataset into agraph
measure space. As its name indicates, the k nearest points in
the Euclidean space of point x are identified as its neighbors,
N (x). Each edge weight w;; is refined with the Jaccard
coefficient:

_ [Nk n N ()|

- [N () U N (v;)] @

wy = j(vev))
The Jaccard coefficient addresses the unified weight problem
brought by k-NN searching and restricts the weights to [0,1],
which scales the local densities as node degrees. deg(v; ) =
Yj0n_kw_i )Wij- Additionally, when the lower bound is reached,
the edge isremoved from the graph, and eventually, nodeswith
degree zero will be considered noise and therefore removed.
Thefinal graph serves as one of the inputs of the GAN.

GANsfor Graphsand Their Modified L osses

In this study, we focus on generating vectorized fake samples
by the use of both the graph structure and coordinated features.
The coordinated features of the graph structure are acquired by
feeding the Jaccard graph into large-scal e information network
embedding [38], explicitly setting the output dimension as half
of d.

Thefundamentals of GAN [32,33] are presented in Multimedia
Appendix 1C [31-37]. Nevertheless, it isimportant to take into
account the unconventional loss of semisupervised adversaria
learning, as insufficient labels do not effectively minimize the
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current adversarial learning loss. The generator is trained to
produce samples that bridge the density gap between samples
from distinct classes. In the case of binary classification tasks,
the 2 classes are “true” and “false” By expanding the density
gap between labeled true samples, labeled false samples, and
generated density gap samples, the adjusted discriminator |oss
can enhance semisupervised |learning performance. Therefined
discriminator loss Lp for SSL purposes comprises
semisupervised loss, entropy loss, and class distance. (1)
Semisupervised loss. there are two terms; the first is the
supervised loss calculated by cross-entropy between the labels
and prediction. The second emphasizesthelossduetoincorrect
classification by SSL. Ayisahyperparameter that balancesthese
2 terms.

IOSSsemi = I0$'sup + )\OI 0Ssn
=—E_(xioxo) 10g P(y; | X;.yi < M)
=g (Exioxu 109(1=P(M | X)) + Eyi—g(» |0g P(M | X))
2
(2) Entropy regularization [39,40]: this term calculates the

entropy of a distribution over al labels M to enhance the
certainty of the prediction.

10SSent = —Eyexv Xy P (ilx, i < M) log P(y;|x;, y; < M) 3)

(3) Cluster distance loss [31]: this term tends to enlarge the
density gap so that samples from different classes are separate.

h"(x) is the last-layer output of the discriminator.

1 om TR (x) 1P
losspe = ——— %1 Yixj I—Ih"(xi)l{h"(xlv)l 4)

m(m-1)
Thefinal lossterm for the discriminator generator is

lossy = 10SSpygp + [0S + 0SSy + 0SS, (5)
The loss of generator | ¢ is aso modified by adding the term
(4). Thefinal lossterm for the training generator is

lossg = 10SSgygp + 108S; (6)

The network structure is illustrated in Figure 1. During the
training phase, real embeddings and fake inputs of the same
sizearefedinto the network separately in batches, with the goal
of optimizing the aforementioned losses of the discriminator
and generator. During 1 training epoch, batches of real labeled
data, real unlabeled data, and fake data are fed into the network
to calculate different loss terms for optimization. Batch
normalization is conducted. After training, the discriminator
lossisexpected to be stable and could be exploited asaclassifier
for testing samples and predictions. The generator is suitable
for measuring data quality and preserving privacy.
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Figurel. Anoverview of the proposed model. Real samples are extracted from the k-NN graph by the embedding layer, and the fake samples generated
by the generator have the same dimension. Both real and fake samples are fed into and backpropagated from the discriminator in minibatches. The
output layer of thediscriminator issoftmax. The embedding layer isapretrained large-scale information network embedding [32]. BN: batch normalization;

k-NN: k-nearest neighbors.
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Data Setsand Experimental Setup

EHR data sets were obtained from public resources, including
University of California Irvine Machine Learning Repository
Type 2 Diabetes 30-Day Readmission (UCI-T2D) [41];
Surveillance, Epidemiology, and End Results Ovarian Cancer
(SEER-OVC) [42]; and Surveillance, Epidemiology, and End
Results Colorectal Cancer (SEER-CRC) [42]. The dimensional
information issummarized in Table 1. Another colorectal cancer
dataset from the Second Affiliated Hospital Zhejiang University
School of Medicine (SAHZU-CRC) was selected to investigate
feasibility in practica situations. These data sets were selected
because they arelong-term follow-ups, the labels of which take

Table 1. Dimensiona description of the selected data sets.

Discriminator

much time and effort to obtain and are likely to be missing due
to regulations on data collection. The selected featuresincluded
basic demographics, medication, clinical codes, stage codes,
laboratory variables, and dispositions. A basic description of
the data sets and preprocessing is provided in Multimedia
Appendix 1B.

We trained the proposed models for a maximum of 200 epochs
using Adam optimization with a learning rate of 0.003 and a
momentum of 0.5. The batch size was 128. For each class, the
rate of labeled points (the |1abel rate isthe percentage of labeled
points among all points) increased progressively from 5% to
25% with a step of 5%. The number of test setswas set as 20%
of the data set.

Data sets Records Categorical  Numerical Preprocessed  Labeling standard
variables variables dimensions

University of Californialrvine Machine Learning Repository 61,675 44 8 57 Readmissionin 30 days

Type 2 Diabetes 30-Day Readmission

Surveillance, Epidemiology, and End Results Ovarian Cancer 10,038 18 3 34 Survival over 5 years

Surveillance, Epidemiology, and End Results Colorectal Cancer 40,014 7 2 14 Survival over 5 years

Second Affiliated Hospital of Zhejiang University 1244 8 2 14 Survival over 5 years

We compared the model with the following baselines: (1)
supervised learning methods, including logistic regression (LR),
asupport vector machine (SVM), and arandom forest (RF) and
(2) SSL methods, including graph-based semisupervised learning
(GSSL) and label propagation (LP). All these methods are run
using the scikit-learn Python package. The graph convolutional
network (GCN) [25,27], a state-of-the-art graph-based
semisupervised deep learning method, is also considered a
competing method. To measure the classification performance,
the accuracy and recall—for the important purpose of excluding
false negative cases to conserve medical resources—and the
area under the receiver operating characteristics curve (AUC)
were selected as metrics. Each metric represented the average
of 30 repetitions of 10-fold cross-validation training.

https://medinform.jmir.org/2023/1/e47862

Ethical Considerations

This study did not involve any human or animal experiments.
The UCI-T2D, SEER-OVC, and SEER-CRC data sets are
public, and we complied with their ethical requirements. We
also used a colorectal cancer—specific disease cohort of the
Second Affiliated Hospita Zhejiang University School of
Medicine; this was approved by the Human Research Ethics
Committee of Zhejiang University in August 2017 (2017-067).

Results

SSL -based Classification of EHR Data

In the aforementioned experiments, the proposed method for
semisupervised  classification  outperformed  related
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semisupervised methods by a decent margin. Basic graph
semisupervised methods (ie, GSSL) arelimited in classification
performance, mostly dueto their assumption that edges encode
only the similarity of nodes. The spectral methods (LP and
GCNs) do not perform well, perhaps because their low-order
approximation may smooth the frontiers in the graph. Neither
of these 2 methods consider the local properties of the input
graph, and under some circumstances, they classify the majority
of nodesinto 1 class. Additionally, at a 10% to 15% label rate,
the proposed method achieves the best performance on
SEER-OVC, SEER-CRC, and SAHZU-CRC (Table 2). The
AUCs declined as label rates continued to rise. GCNs, as the
state-of-the-art semisupervised deep learning method, had
somewhat better results for a data set with a size that can be
handled by a GPU, but still exhibited worse performance than
the proposed method, presumably due to oversmoothing the
graphs and having less refined loss.

Lietd

In regard to supervised learning, as shown by the barsin Figure
2A, even with alabel rate of 10%, SSL on agraph with aGAN
performed comparably to the supervised learning methods. As
the portion of labeled dataincreased, the learning performance
progressively increased, which isaconsegquence of the abundant
information of thelabel distribution over the constructed graph.
However, as the label rate continued to rise, the performance
decreased because of mode collapse and overfitting. Astheerror
bars show, with 10% labeled data, the standard deviations of
the proposed model are slightly larger, as shown in Figures 2A
and 2C, indicating alimitation of our proposed method; it only
appliesto certain low label-rate circumstances. When the labels
are sufficient, more robust SL methods are better. However,
some poorly trained and undertuned SL methods show far worse
metricsintesting. Additionally, asthe vector dimensions, shown
in Table 1, decreased somewhat, the learning performance
showed a significant decrease. This is perhaps a consequence
of the lack of dimension diversity for similarity encoding and
the local graph structure.

Table2. Summary of theresults of the classification AUCsfor semisupervised |earning methods under progressively increasing label rates. Thelearning
performance of the graph convolutional network on the large data sets—that is, data sets other than Second Affiliated Hospital of Zhejiang University

Colorectal Cancer—is unavailable due to memory limits.

Label Rate 5%, AUC2 10%, AUC 15%, AUC 20%, AUC 25%, AUC
University of California lrvine Machine Learning Repository Type 2 Diabetes 30-Day Readmission
GssLP 0.450 0.472 0.523 0.542 0.602
LP® 0.475 0.475 0.564 0.585 0.566
Proposed 0.929 0.979 0.964 0.930 0.924
Surveillance, Epidemiology, and End Results Ovarian Cancer
GSSL 0.454 0.512 0.537 0.591 0.591
LP 0.344 0.364 0.462 0.478 0.491
Proposed 0.640 0.719 0.677 0.678 0.650
Surveillance, Epidemiology, and End Results Colorectal Cancer
GSSL 0.525 0.527 0.447 0.585 0.578
LP 0.540 0.532 0.512 0.540 0.513
Proposed 0.595 0.652 0.640 0.581 0.590
Second Affiliated Hospital of Zhejiang University Colorectal Cancer
GSSL 0.547 0.573 0.564 0.553 0.580
LP 0.454 0.448 0.512 0.460 0.507
GenNd 0.505 0.575 0.562 0.585 0.606
Proposed 0.587 0.650 0.634 0.568 0.508

8AUC: area under the receiver operating characteristics curve.
bGssL: graph-base semisupervised learning.

CLP: label propagation.

dGeN: graph convolutional network.
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Figure2. Summary of the results of the classification of the proposed method versus those of the conventional supervised learning methods. (A) AUC;
(B) accuracy; (C) recall. The proposed method was evaluated under progressively increasing label rates. The supervised learning models were trained
on fully labeled data. The error barsindicate the SD for each metric. AUC: areaunder the receiver operating characteristics curve; LR: logistic regression;
RF: random forest; SAHZU-CRC: Second Affiliated Hospital of Zhejiang University Colorectal Cancer; SEER-CRC: Surveillance, Epidemiology, and
End Results Colorectal Cancer; SEER-OV C: Surveillance, Epidemiology, and End Results Ovarian Cancer; SVM: support vector machine; UCI-T2D:
University of Californialrvine Machine Learning Repository Type 2 Diabetes 30-Day Readmission.
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Boosting Semisupervised Learning by Generating a
Density Gap

In this section, we visualize the final layer of discriminator D
in the proposed method by feeding it real samples from
UCI-T2D and their generated counterparts. By embedding the
output layer at different iteration steps with t-distributed
stochastic neighbor embedding [22], the progression of the
density gap from the generated samples, described in equation
4, isverified.

In Figure 3, we can seethat at the starting epochs, the generated
samples are mixed with the real samples, and the different
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classes are not divided. During training, D gradually learns a
nonlinear map to project the fake samplesand real samplesinto
distinct clusters, while G learnsto generate samplesto take over
the central areaand isolate the clusters of different classes. This
process has 2 advantages. First, the fake samples from the
generator are unlikely to be copies of the original data, avoiding
thedirect disclosure of private information. Second, the samples
on the borders of different classes are more correctly divided,
which not only improves the accuracy of classification but also
reveals the underlying training strategy of splitting one large
classinto several smaller classesto obtain abetter classification.
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Figure 3. The progressive generation of density gapsin high-dimensional space and its visualization. (A) 0 epochs; (B) 40 epochs; (C) 80 epochs; (D)
120 epochs. The generated samples ultimately span the gap between areal and afalse sample. The line chart (E) indicates the function of the pull-away

term and how its optimization affects the generator and discriminator.
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Fidelity Evaluation of the Generated Data

Frontier nodes are nodes at the borders of different clustersin
a graph. The definition is given in Multimedia Appendix 1D.
It is possible that a trained model is exploited directly for
secondary purposes, such as fundamental profiling or
developmental usage during the primary phase of data sharing
[12]. We calculated the dimensionwise probability (DWPro)
and dimensionwise prediction (DWPre) proposed by Choi et &l
[15] to evaluate the fidelity of the generator in our proposed
model. DWPro is a basic statistical confirmation of the
distributions of real data that are appropriately learned by the
generator in the model. A training set R and synthetic sample
set S of the same sample size are compared using the Bernoulli
success probability pk of each dimension k. DWPre measures
the extent to which the internal relations of every feature are
captured. One dimension k is selected, and the rest of the

https://medinform.jmir.org/2023/1/e47862
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features are used as training data. R and S are used to train the
LR classifiers. Then, the dimension k is regarded as the |abel
column for testing. It is a rational assumption that a smaller
margin between the predictions of 2 models implies a better
synthetic quality. The F;-score is selected as the metric for

comparison.

Figure 4 shows that all 4 data sets were depicted well from a
featurewise perspective, and over haf of the dots are near the
diagond line. In Figure 4C, the consistency of each feature
indicates high synthetic quality. Figure 5 shows a mildly
diminished learning quality considering interdimensional
fidelity. However, half of the features are till likely to be
inferred from the remaining columns and the same proportion
of features. Considering that the generated frontier is still
different from the directly generated datapoints [15,16], the
fidelity is acceptable for some secondary uses.
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Figure4. Dimensionwise probability of 4 selected data sets: (A) University of Californialrvine Machine Learning Repository Type 2 Diabetes 30-Day
Readmission; (B) Surveillance, Epidemiology, and End Results Ovarian Cancer; (C) Surveillance, Epidemiology, and End Results Colorectal Cancer;
(D) Second Affiliated Hospital of Zhejiang University Colorectal Cancer. The x-axisisthe Bernoulli success probability for the features of thereal data
sets, whilethe y-axisisthe corresponding value from the synthetic data. Each blue dot represents afeature of the data set. Thered diagonal lineindicates
an identical Bernoulli success probability of both the real and generated data sets, and ideal fidelity is learned featurewise by the generator.
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Figure5. Dimensionwise prediction of 4 selected data sets: (A) University of Californialrvine Machine Learning Repository Type 2 Diabetes 30-Day
Readmission; (B) Surveillance, Epidemiology, and End Results Ovarian Cancer; (C) Surveillance, Epidemiology, and End Results Colorectal Cancer;
(D) Second Affiliated Hospital of Zhejiang University Colorectal Cancer. The x-axis is the F1-score of models trained on the real data sets, while the
y-axis is the corresponding values from the synthetic data. Each blue dot represents a feature of the data set. The red diagonal line indicates that the
F,-score was identical for the models trained and tested on the real and generated data sets, and ideal interdimensional fidelity was learned by the

generator.

1.0 A 1.0 Ba

o

08 o8 | *®

0.6 0.6

0.4 0.4

0.2 0.2

0.0 0.0

1.0 1.0

0.8 0.8

0.6 0.6

0.4 0.4

0.2 0.2

0.0 0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

https://medinform.jmir.org/2023/1/e47862 JMIR Med Inform 2023 | vol. 11 | e47862 | p. 8

X SL F (page number not for citation purposes)
-FO

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Evaluation of the Disclosure Risk of the Gener ated
Data

The generator in our proposed model may be exploited to
generate data points similar to the origina data sets, posing
threats to patient privacy. We need to ensure that the frontier
nodes generated by the proposed model can be protected from
attackers with compromised data. Therefore, a quantitative
evaluation of presence and attribute disclosure was conducted
on the SAHZU-CRC data set. Of the real samples N, 1% were
randomly sampled, and among the 11 dimensions (the numerical
dimensions are left out and the nominal columns are collapsed
into 2 for simplification), aprogressively increasing number of
features, denoted as r, were assumed to be known by the
attacker. Then, the attacker could exploit the knowledge of the
data (1% x N x r) to conduct k-NN searches of the synthetic
data, and the other unknown feature values were estimated
according to those of the k-NN. Finally, the unknown features
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were compared to the real features to gain precision and
accuracy. The calculation was repeated 100 times with 1% of
the real records chosen at random.

Under these circumstances, the sensitivity indicates when the
attacker has 1% x N x r of the disclosed data and al the
synthetic dataand how many records of all the positive features
the attacker can correctly estimate with a 1-NN attack. The
precision indicates how many features among all the features
estimated positive by the attack were on average accurate. For
instance, in Figure 6A,, if an attacker with 1% of the records (12
of 1244 records for SAHZU-CRC) and 5 features from the real
data conducts 1-NN on the synthetic SAHZU-CRC data
generated by the proposed method, the positive estimation of
the remaining unknown features of the real datawill be 12.5%
correct on average (0.125 precision), and of al the positive
predictions, 15.8% will be correct (0.158 sensitivity).

Figure 6. Privacy preservation evaluation. When increasing the number of known features, the attack achieves (A) precision and (B) sensitivity with
1% compromised records from the Second Affiliated Hospital of Zhejiang University data set.
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In summary, the precision and sensitivity of attacks on synthetic
data is relatively low, 0.158 at best when r is 11. The most
effective attack setting is 1-NN. It is difficult to estimate more
information from our frontier nodes due to the modification of
the network losses. Substitution of both the generator and
discriminator |earning strategies boosts the model performance
on classification with label deficiency and provides synthetic
samples capable of preventing disclosure.

Scalability of the Memory Consumption of
Batch-Based Training

Because GPUs have been used in deep learning—based
computation, we further examined whether the proposed method
could achieve practica memory consumption. The
aforementioned semisupervised methods are compared with

https://medinform.jmir.org/2023/1/e47862

our proposed method on memory consumption for 4 data sets.
For the algorithms that do not need GPUs, their centra
processing unit consumption is measured.

For small data sets (eg, SAHZU-CRC), our proposed method
takes up more space because of its complex network structure
(Table 3). However, as the size expands, our proposed method
shows the least and most stable space consumption, because
minibatch training isindependent of the number of samples (for
SEER-CRC and SEER-OVC). Conventional network-based
SSL methods tend to train on full batches. When the data set is
large enough, there is a huge obstacle to storing the data in
memory. Stable memory consumption implies ascalable model
for training and prediction on diverse data sizes. The GCN, as
a transductive SSL method, is unable to be directly scaled to
larger data sets despite its excellent representative ability.
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Table 3. Graphics processing unit memory consumption of the proposed method against that of typical semisupervised learning algorithms on 4 data
sets. The graph convolutional network is not suitable for data sets other than Second Affiliated Hospital of Zhejiang University; therefore, only one

result is shown.

UCI-T2D3 MB  SEER-OVCP,MB SEER-CRCY, MB SAHZU-CRCY MB
Graph-based semisupervised learning (CPU®) 1374 770 1260 297
Label propagation (CPU) 1200 702 1263 257
Graph convolutional network Out of memory ~ Out of memory Out of memory 732
Proposed 336 345 330 332

8JCI-T2D: University of Californialrvine Machine Learning Repository Type 2 Diabetes 30-Day Readmission.
bSEER-OVC: Surveillance, Epidemiology, and End Results—Ovarian Cancer.
CSEER-CRC: Surveillance, Epidemiology, and End Results—Colorectal Cancer.

dSAHZU-CRC: Second Affiliated Hospital of Zhgjiang University.
€CPU: central processing unit.

Discussion

Principal Results

The proposed model fully utilizes the inner graphical structure
of EHRs and provides cost-effective prediction metrics. The
density gap derived from the modified network loss enables
different class labels to be better distinguished. Under
label-deficient circumstances, the proposed model achieves a
comparable performance to that of conventiona supervised
learning methods where all of the training data are labeled.
Specifically, with only 10% labeled data, the performance of
popular supervised machine learning methods is approached,
which implies there is a broad set of situations in which this
model could be considered for prediction tasks. Following the
same setting of label rates for the purpose of comparison, the
conventional SSL methods show poor datarepresentation ability.
The learning performance, compared to that of our proposed
method, shows worse stability and scalability. With the
increasing labdl rate, the conventional SSL modelsdisplay either
poor performance on classification due to label deficiency or
extreme cases wherethe classifier putsevery sampleinto 1 class
as a consequence of overfitting. Additionally, the memory cost
isworth noting. M ost semisupervised methods have atendency
to copy the whole graph structure into memory [19,27,43],
which brings a very large burden of computational resources
considering that the EHRs absorb increasingly more data.

Extracting the frontier of generated samples that shows high
performance in DWPro and DWPre has potential in applying
some special frontier nodes as sample datafor secondary usage,
in the same way as related work applies GANs to RS-EHR
generation. According to related studies [15,16], generating
data with adequate quality is crucia in cross-organization data
sharing. The quality of the data determines the model
performance on redlistic data sets. Additionally, for diverse
developmental needs, the more realistic the generated data are
compared to the real samples, the more persuasiveness and
fidelity the researching systems will acquire. The generator in
our model fulfills this demand by generating similar samples
to the original data after the training phase.

To revea the hidden clinical and physiological characteristics
of certain groups, EHRs are among the most reliableinformation

https://medinform.jmir.org/2023/1/e47862

sources. Nonetheless, administrative regulations and the
protection of patient privacy have decreased the accessibility
of EHRsfor avariety of reasons and made downstream analysis
inconvenient. Our method first addresses privacy considerations
by transforming the data set into a k-NN graph where the
similarities between different patients are re-encoded while the
identifying information is hidden. Second, the vector from the
embedded graphisfed into our model for further analysis. Under
practical scenarios, authorization to share and use the original
data will not be a necessity. Additionally, even when
conventional attacks attempt to reidentify personal information
from the publicly generated samples, the k-precision and
k-sensitivity metrics indicate that it is quite safe if the attacker
holds only a small fraction of the knowledge of the real data
and conducts the most powerful 1-NN attack. Furthermore, the
density gapsavoid the usual case where GANswould otherwise
be trained to copy the real input, thereby shielding the patient
information from another possible method of disclosure.

Limitations

The limitations of this study are till worth noting. The
evaluation of how the proposed model can improve dataquality
and predict performance on the actual label collection phase
has yet to be considered. Additionally, we excluded all patient
duplicatesto conduct a prediction method without considering
any temporal information. Further investigation of the temporal
trgjectories of the same patients may reveal more of the inner
mechanisms of disease progression, and localization methods
of temporal and spatia structure in many other fields may
address the same problem [44,45]. Additionally, the proposed
model only applies to some label-rate setups, and performance
diminishes as more |abel s become available. The thresholdsfor
switching between the different algorithms (SSL and SL) remain
to be studied. Finally, to be more protective of patient privacy
and intellectual property, our future explorationsinclude graph
generation and attention mechanisms [28,29,34,46]. A whole
generated graph can be taken into consideration. With the power
of GANSs, the underlying structure of large-scale EHRs could
be preserved while achieving full anonymity.

Conclusions

EHR-based systems and observational studieswith conventional
learning strategies are facing diverse challenges as data and
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label inaccessibility increase. Training on few labeled dataisa
pivotal task and needs substantial resources. Uncovering the
underlying graphical structure of EHRs brings a motivating
perspective and informative prerequisites to analyzing patient
data. As a downstream analysis method, GAN-boosted SSL
usesagraphical structure and greatly improveslearning quality
in label-deficient situations. GANs with refined |oss also meet
the demands of deidentification and decent data fidelity under

Lietd

multiple-source data-sharing circumstances. This combination
achieves impressive performance on prediction metrics, data
quality, and protection from compromising attackers over
various data sets, while popular machine learning methods
encounter obstacles to sufficient training. This study indicates
the potential of discovering the structural features that underlie
the datainstead of merely feeding models coordinated data sets
and using unlabeled data when label deficiency occurs.

Acknowledgments

This work was supported by the National Natural Science Foundation of China (82172069), the Mgjor Scientific Project of
Zhejiang Lab (2020ND8ADO01), and the Fundamental Research Funds for the Central Universities (226-2023-00050). We owe
thanksto the staff of the National Cancer I nstitute and each member involved in the Surveillance, Epidemiology and End Results
program.

Conflictsof I nterest
None declared.

Multimedia Appendix 1

Graph structure definition and semisupervised learning on graph formularization.
[DOCX File, 82 KB-Multimedia Appendix 1]

References

1.

10.

11.

12.

13.

https://medinform.jmir.org/2023/1/e47862

Hripcsak G, Duke J, Shah N, Reich CG, Huser V, Schuemie MJ, et al. Observational Health Data Sciences and |nformatics
(OHDSI): opportunities for observational researchers. Stud Health Technol Inform 2015;216:574-578 [FREE Full text]
[doi: 10.3233/978-1-61499-564-7-574] [Medline: 26262116]

Banda JM, Seneviratne M, Hernandez-Boussard T, Shah NH. Advancesin electronic phenotyping: From rule-based
definitions to machine learning models. Annu Rev Biomed Data Sci 2018 Jul;1(1):53-68 [FREE Full text] [doi:
10.1146/annurev-biodatasci-080917-013315] [Medline: 31218278]

Xiao C, Choi E, Sun J. Opportunities and challenges in developing deep learning models using electronic health records
data: a systematic review. JAm Med Inform Assoc 2018 Oct 01;25(10):1419-1428 [FREE Full text] [doi:
10.1093/jamial/ocy068] [Medline: 29893864]

Blumenthal D, Tavenner M. The "meaningful use" regulation for electronic health records. N Engl JMed 2010 Aug
05;363(6):501-504 [doi: 10.1056/NEJM p1006114] [Medline: 20647183]

Gottesman O, Kuivaniemi H, Tromp G, Faucett WA, Li R, Manolio TA, eMERGE Network. The Electronic Medical
Records and Genomics (eM 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]

Summary of the HIPAA Privacy Rule. US Department of Health and Human Services. URL: https.//www.hhs.gov/hipaa/
for-professional s/privacy/laws-regul ations/index.html [accessed 2022-10-19]

El Emam K, Rodgers S, Malin B. Anonymising and sharing individual patient data. BMJ 2015 Mar 20;350:h1139 [FREE
Full text] [doi: 10.1136/bmj.h1139] [Medline: 25794882]

Herbert RD, Kasza J, Ba K. Analysis of randomised trials with long-term follow-up. BMC Med Res Methodol 2018 May
29;18(1):48 [FREE Full text] [doi: 10.1186/s12874-018-0499-5] [Medline; 29843614]

Calzetta L, Matera MG, Goldstein MF, Fairweather WR, Howard WW, Cazzola M, et a. A long-term clinical trial on the
efficacy and safety profile of doxofyllinein Asthma: The LESDA study. Pulm Pharmacol Ther 2020 Feb;60:101883 [FREE
Full text] [doi: 10.1016/j.pupt.2019.101883] [Medline: 31884206]

Welinder PP. Online crowdsourcing: rating annotators and obtaining cost-effectivelabels. 2010 Presented at: | EEE Computer
Society Conference on Computer Vision and Pattern Recognition - Workshops; June 13-18, 2010; San Francisco, CA p.
25-32 [doi: 10.1109/cvprw.2010.5543189]

McLachlan S, Dube K, Gallagher T. Using the CareM ap with health incidents statistics for generating the realistic synthetic
electronic healthcare record. 2016 Presented at: |EEE International Conference on Healthcare Informatics (ICHI); October
4-7, 2016; Chicago, IL p. 439-448 [doi: 10.1109/ichi.2016.83]

Walonoski J, Kramer M, Nichols J, Quina A, Moesel C, Hall D, et a. Synthea: An approach, method, and software
mechanism for generating synthetic patients and the synthetic electronic health care record. JAm Med Inform Assoc 2018
Mar 01;25(3):230-238 [FREE Full text] [doi: 10.1093/jamia/ocx079] [Medline: 29025144]

Goodfellow |, Pouget-Abadie J, MirzaM, Xu B, Warde-Farley D, Ozair S, et al. Generative adversarial networks. Commun.
ACM 2020 Oct 22;63(11):139-144 [FREE Full text] [doi: 10.1145/3422622]

JMIR Med Inform 2023 | vol. 11| e47862 | p. 11
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v11i1e47862_app1.docx&filename=a6de2c844e950eaf2eb7fc87c21a4a42.docx
https://jmir.org/api/download?alt_name=medinform_v11i1e47862_app1.docx&filename=a6de2c844e950eaf2eb7fc87c21a4a42.docx
https://europepmc.org/abstract/MED/26262116
http://dx.doi.org/10.3233/978-1-61499-564-7-574
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26262116&dopt=Abstract
https://europepmc.org/abstract/MED/31218278
http://dx.doi.org/10.1146/annurev-biodatasci-080917-013315
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31218278&dopt=Abstract
https://europepmc.org/abstract/MED/29893864
http://dx.doi.org/10.1093/jamia/ocy068
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29893864&dopt=Abstract
http://dx.doi.org/10.1056/NEJMp1006114
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20647183&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1098-3600(21)02714-3
https://linkinghub.elsevier.com/retrieve/pii/S1098-3600(21)02714-3
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://www.hhs.gov/hipaa/for-professionals/privacy/laws-regulations/index.html
https://www.hhs.gov/hipaa/for-professionals/privacy/laws-regulations/index.html
https://europepmc.org/abstract/MED/25794882
https://europepmc.org/abstract/MED/25794882
http://dx.doi.org/10.1136/bmj.h1139
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25794882&dopt=Abstract
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/s12874-018-0499-5
http://dx.doi.org/10.1186/s12874-018-0499-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29843614&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1094-5539(19)30277-9
https://linkinghub.elsevier.com/retrieve/pii/S1094-5539(19)30277-9
http://dx.doi.org/10.1016/j.pupt.2019.101883
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31884206&dopt=Abstract
http://dx.doi.org/10.1109/cvprw.2010.5543189
http://dx.doi.org/10.1109/ichi.2016.83
https://europepmc.org/abstract/MED/29025144
http://dx.doi.org/10.1093/jamia/ocx079
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29025144&dopt=Abstract
https://dl.acm.org/doi/pdf/10.1145/3422622
http://dx.doi.org/10.1145/3422622
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Lietd

14.

15.

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

Radford A, Metz L, Chintala S. Unsupervised representation learning with deep convolutional generative adversarial
networks. ArXiv. Preprint posted online Nov 19, 2015 2023 [doi: 10.48550/arXiv.1511.06434]

Choi E, Biswal S, Malin B. Generating multi-label discrete patient records using generative adversarial networks. 2017
Presented at: The 2nd Machine Learning for Healthcare Conference; August 18-19, 2017; Boston, MA p. 2017-2305 URL :
https:.//proceedings.mlr.press/v68/choi17a.html

Baowaly M, Lin C, Liu C, Chen K. Synthesizing el ectronic health records using improved generative adversarial networks.
JAmM Med Inform Assoc 2019 Mar 01;26(3):228-241 [FREE Full text] [doi: 10.1093/jamia/ocy142] [Medline: 30535151]
Xiel, Wang S, Wang F, Zhou J. Differentially private generative adversarial network. ArXiv. Preprint posted online Feb
19, 2018 2023 [doi: 10.48550/arXiv.1802.06739]

Zhang X, Ji S, Wang T. Differentially private releasing viadeep generative model (technical report). ArXiv. Preprint posted
online Jan 5, 2018 2023 (forthcoming) [FREE Full text] [doi: 10.48550/arXiv.1801.01594]

Beaulieu-Jones BK, Greene CS, Pooled Resource Open-Access ALS Clinical Trials Consortium. Semi-supervised learning
of the electronic health record for phenotype stratification. J Biomed Inform 2016 Dec;64:168-178 [FREE Full text] [doi:
10.1016/}.jbi.2016.10.007] [Medline: 27744022]

Estiri H, Murphy SN. Semi-supervised encoding for outlier detectionin clinical observation data. Comput M ethods Programs
Biomed 2019 Nov;181:104830 [FREE Full text] [doi: 10.1016/j.cmpb.2019.01.002] [Medline: 30658851]

Chez,Cheng Y, Zha S, Sun Z, Liu Y. Boosting deep learning risk prediction with generative adversarial networks for
electronic health records. 2017 Presented at: |EEE International Conference on Data Mining (ICDM); November 18-21,
2017; New Orleans, LA p. 787-792 [doi: 10.1109/icdm.2017.93]

van der Maaten L, Hinton G. Visualizing data using t-SNE. JMach Learn Res 2008;9(86):2579-2605 [FREE Full text]
van der Maaten L. Accelerating t-SNE using tree-based algorithms. J Mach Learn Res 2014;15(1):3221-3245 [FREE Full
text]

Khan A, Uddin S, Srinivasan U. Comorbidity network for chronic disease: A novel approach to understand type 2 diabetes
progression. Int JMed Inform 2018 Jul;115:1-9 [doi: 10.1016/j.ijmedinf.2018.04.001] [Medline: 29779710]

Defferrard M, Bresson X, Vandergheynst P. Convolutional neural networks on graphs with fast localized spectral filtering.
2016 Presented at: 30th Conference on Neural Information Processing Systems (NIPS 2016); December 5-10, 2016;
Barcelona, Spain URL: https://proceedings.neurips.cc/paper/2016/hash/04df 4d434d481c5bb723belb6df 1ee65-Abstract.
html [doi: 10.48550/arXiv.1606.09375]

Hamilton W, Ying R, Leskovec J. Inductive representation learning on large graphs. 2017 Dec Presented at: 31st Conference
on Neural Information Processing Systems (NIPS); December 4-9, 2017; Long Beach, CA [doi: 10.48550/arXiv.1706.02216]
Kipf TN, Welling M. Semi-supervised classification with graph convolutional networks. 2017 Presented at: International
Conference on Learning Representations; April 24-26, 2017; Toulon, France [doi: 10.48550/arXiv.1609.02907]
Velickovi¢ P, Cucurull G, Casanova A, Romero-Soriano A, Lio P, Bengio Y. Graph attention networks. 2018 Presented
at: International Conference on Learning Representations; Apr 30-May 3, 2018; Vancouver, BC URL: https://arxiv.org/
abs/1710.10903

De Cao N, Kipf T. Molgan: An implicit generative model for small molecular graphs. ArXiv. Preprint posted online May
30, 2018 2018 May:1-13 (forthcoming). [doi: 10.48550/arXiv.1805.11973]

Bojchevski AOS, Ziigner D, Giinnemann S. Netgan: Generating graphs via random walks. 2018 Presented at: The 35th
International Conference on Machine Learning; July 10-15, 2018; Stockholm, Sweden p. 610-619 [doi:
10.48550/arXiv.1803.00816]

Ding M, Tang J, Zhang J. Semi-supervised learning on graphs with generative adversarial nets. 2018 Presented at: CIKM
'18: Proceedings of the 27th ACM International Conference on Information and Knowledge Management; October 22-26,
2018; Torino, Italy p. 913-922 [doi: 10.1145/3269206.3271768]

Arjovsky M, ChintalaS, Bottou L. Wasserstein generative adversarial networks. 2017 Presented at: International Conference
on MachineLearning; August 6-11, 2017; Toulon, France p. 214-223 URL : https.//proceedings.mlr.press/v70/arjovsky17a.
html

Gulrgjani 1, Ahmed F, Arjovsky M, Dumoulin V, Courville A. Improved training of Wasserstein GANs. 2017 Presented
at: The 31st International Conference on Neural Information Processing Systems; December 4-9, 2017; Long Beach, CA
p. 5769-5779 URL.: https.//proceedings.neurips.cc/paper_files/paper/2017/hash/
892c3b1c6dccd52936e27chdOff683d6-Abstract.html

Wang H, Wang J, Wang J, Zhao M, Zhang W, Zhang F, et al. GraphGAN: graph representation learning with generative
adversarial nets. In: Proceedings of the AAAI Conference on Artificial Intelligence. 2018 Presented at: Thirty-Second
AAAI Conference on Artificial Intelligence (AAAI-18); February 2—7, 2018; New Orleans, LA [doi:
10.1609/asai.v32i1.11872]

Arjovsky M, Chintala S, Bottou L. Wasserstein generative adversarial networks. 2017 Presented at: 34th International
Conference on Machine Learning; August 6-11, 2017; Sydney, Australia p. 214-223 URL : https://proceedings.mir.press/
v70/arjovskyl7a.html

De Cao DZ, Kipf T. MolGAN: An implicit generative model for small molecular graphs. ArXiv. Preprint posted online
May 30, 2018 2018:1-13 [doi: 10.48550/arXiv.1805.11973]

https://medinform.jmir.org/2023/1/e47862 JMIR Med Inform 2023 | vol. 11 | e47862 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.48550/arXiv.1511.06434
https://proceedings.mlr.press/v68/choi17a.html
https://europepmc.org/abstract/MED/30535151
http://dx.doi.org/10.1093/jamia/ocy142
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30535151&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.1802.06739
https://arxiv.org/abs/1801.01594
http://dx.doi.org/10.48550/arXiv.1801.01594
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(16)30140-X
http://dx.doi.org/10.1016/j.jbi.2016.10.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27744022&dopt=Abstract
https://europepmc.org/abstract/MED/30658851
http://dx.doi.org/10.1016/j.cmpb.2019.01.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30658851&dopt=Abstract
http://dx.doi.org/10.1109/icdm.2017.93
https://jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf
https://dl.acm.org/doi/pdf/10.5555/2627435.2697068
https://dl.acm.org/doi/pdf/10.5555/2627435.2697068
http://dx.doi.org/10.1016/j.ijmedinf.2018.04.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29779710&dopt=Abstract
https://proceedings.neurips.cc/paper/2016/hash/04df4d434d481c5bb723be1b6df1ee65-Abstract.html
https://proceedings.neurips.cc/paper/2016/hash/04df4d434d481c5bb723be1b6df1ee65-Abstract.html
http://dx.doi.org/10.48550/arXiv.1606.09375
http://dx.doi.org/10.48550/arXiv.1706.02216
http://dx.doi.org/10.48550/arXiv.1609.02907
https://arxiv.org/abs/1710.10903
https://arxiv.org/abs/1710.10903
http://dx.doi.org/10.48550/arXiv.1805.11973
http://dx.doi.org/10.48550/arXiv.1803.00816
http://dx.doi.org/10.1145/3269206.3271768
https://proceedings.mlr.press/v70/arjovsky17a.html
https://proceedings.mlr.press/v70/arjovsky17a.html
https://proceedings.neurips.cc/paper_files/paper/2017/hash/892c3b1c6dccd52936e27cbd0ff683d6-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2017/hash/892c3b1c6dccd52936e27cbd0ff683d6-Abstract.html
http://dx.doi.org/10.1609/aaai.v32i1.11872
https://proceedings.mlr.press/v70/arjovsky17a.html
https://proceedings.mlr.press/v70/arjovsky17a.html
http://dx.doi.org/10.48550/arXiv.1805.11973
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Lietd

37.

38.

39.

40.

41.

42.

43.

45,

46.

Bojchevski A, Shchur O, Zigner D, Gunnemann S. Netgan: Generating graphs via random walks. 2018 Presented at:
Proceedings of the 35th International Conference on Machine Learning; July 10-15, 2018; Stockholm, Sweden p. 610-619
URL: https://proceedings.mir.press/v80/bojchevskil8ahtml

Tang J, Qu M, Wang M, Zhang M, Yan J, Mel Q. LINE: Large-scale Information Network Embedding. 2015 Presented
at: Proceedings of the 24th International Conference on World Wide Web; May 18-22, 2015; Florence, Italy p. 1067 [doi:
10.1145/2736277.2741093]

Grandvalet Y, Bengio Y. Semi-supervised learning by entropy minimization. In: Advancesin Neural Information Processing
Systems. 2004 Presented at: The 17th International Conference on Neural Information Processing Systems; December 1,
2004; Vancouver, BC p. 529-536 URL : https://proceedings.neurips.cc/paper/2004/hash/

96f 2b50b5d3613adf9c27049b2a888c7-Abstract.html

Springenberg JT. Unsupervised and semi-supervised learning with categorical generative adversarial networks. 2016
Presented at: International Conference on Learning Representations;, May 2-4, 2016; San Juan, Puerto Rico [doi:
10.48550/arXiv.1511.06390]

Eby E, Hardwick C, Yu M, Gelwicks S, Deschamps K, Xie J, et al. Predictors of 30 day hospital readmission in patients
with type 2 diabetes: aretrospective, case-control, database study. Curr Med Res Opin 2015 Jan;31(1):107-114 [doi:
10.1185/03007995.2014.981632] [Medline: 25369567]

Secondary Surveillance, Epidemiology, and End Results. National Cancer Ingtitute. URL: https://www.Seer.cancer.gov
[accessed 2023-05-16]

Li L, Cheng W, Glicksberg BS, Gottesman O, Tamler R, Chen R, et al. Identification of type 2 diabetes subgroups through
topological analysis of patient similarity. Sci Transl Med 2015 Oct 28;7(311):311ral74 [FREE Full text] [doi:
10.1126/scitrans med.aaa9364] [Medline: 26511511]

Zhang J, Feng W, Yuan T, Wang J, Sangaiah AK. SCSTCF: spatial-channel selection and temporal regularized correlation
filtersfor visual tracking. Appl Soft Comput 2022 Mar;118:108485 [doi: 10.1016/j.as0c.2022.108485)]

Zhang J, Sun J, Wang J, Li Z, Chen X. An object tracking framework with recapture based on correlation filtersand Siamese
networks. Comput Electr Eng 2022 Mar;98:107730 [doi: 10.1016/j.compeleceng.2022.107730]

Hwang U, Jung D, Yoon S. HexaGAN: generative adversarial nets for real world classification. 2019 Presented at: ICML
2019: 36th International Conference on Machine Learning; June 10-15, 2019; Long Beach, CA [doi:
10.1007/978-3-658-40442-0_9]

Abbreviations

AUC: areaunder the receiver operating characteristics curve

DWPre: dimensionwise precision

DWPro: dimensionwise probability

EHR: electronic health record

eMERGE: Electronic Medical Records and Genomics

GAN: generative adversarial network

GCN: graph convolutional network

GPU: graphics processing unit

GSSL: graph-base semisupervised learning

GSSL: graph-based semisupervised learning

k-NN: Kk-nearest neighbors

LP: label propagation

LR: logistic regression

RF: random forest

RS-EHR: redlistic synthesized electronic health record

SAHZU-CRC: Second Affiliated Hospital of Zhejiang University Colorectal Cancer
SEER-CRC: Surveillance, Epidemiology, and End Results Colorectal Cancer
SEER-OVC: Surveillance, Epidemiology, and End Results Ovarian Cancer
SL: supervised learning

SSL: semisupervised learning

SVM: support vector machine

UCI-T2D: University of California Irvine Machine Learning Repository Type 2 Diabetes 30-Day Readmission

https://medinform.jmir.org/2023/1/e47862 JMIR Med Inform 2023 | vol. 11 | e47862 | p. 13

(page number not for citation purposes)


https://proceedings.mlr.press/v80/bojchevski18a.html
http://dx.doi.org/10.1145/2736277.2741093
https://proceedings.neurips.cc/paper/2004/hash/96f2b50b5d3613adf9c27049b2a888c7-Abstract.html
https://proceedings.neurips.cc/paper/2004/hash/96f2b50b5d3613adf9c27049b2a888c7-Abstract.html
http://dx.doi.org/10.48550/arXiv.1511.06390
http://dx.doi.org/10.1185/03007995.2014.981632
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25369567&dopt=Abstract
https://www.seer.cancer.gov
https://europepmc.org/abstract/MED/26511511
http://dx.doi.org/10.1126/scitranslmed.aaa9364
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26511511&dopt=Abstract
http://dx.doi.org/10.1016/j.asoc.2022.108485
http://dx.doi.org/10.1016/j.compeleceng.2022.107730
http://dx.doi.org/10.1007/978-3-658-40442-0_9
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Lietd

Edited by G Eysenbach, C Lovis; submitted 04.04.23; peer-reviewed by M Gong, W Zhu; commentsto author 03.05.23; revised version
received 11.05.23; accepted 12.05.23; published 13.06.23

Please cite as:

Li R, TianY, Shen Z, Li J, Li J, Ding K, Li J

Improving an Electronic Health Record—Based Clinical Prediction Model Under Label Deficiency: Network-Based Generative
Adversarial Semisupervised Approach

JMIR Med Inform 2023;11:e47862

URL: https://medinform.jmir.org/2023/1/e47862

doi: 10.2196/47862

PMID: 37310778

©Runze Li, Yu Tian, Zhuyi Shen, Jin Li, Jun Li, Kefeng Ding, Jingsong Li. Originally published in IMIR Medical Informatics
(https.//medinform.jmir.org), 13.06.2023. 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 IMIR Medical Informatics, is properly cited. The complete
bibliographic information, alink to the original publication on https.//medinform.jmir.org/, as well as this copyright and license
information must be included.

https://medinform.jmir.org/2023/1/e47862 JMIR Med Inform 2023 | vol. 11 | e47862 | p. 14
(page number not for citation purposes)

RenderX


https://medinform.jmir.org/2023/1/e47862
http://dx.doi.org/10.2196/47862
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37310778&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

