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Synthetic Electronic Medical Record Generation using Generative
Adversarial Networks

Mohammadreza Beyki

(ABSTRACT)

It has been a while that computers have replaced our record books, and medical records are

no exception. Electronic Health Records (EHRs) are digital versions of a patient’s medical

records. EHRs are available to authorized users, and they should help doctors understand a

patient’s condition quickly. In recent years, Deep Learning models have proved their value

and have become state-of-the-art in computer vision, natural language processing, speech,

and other areas. The private nature of EHR data has prevented public access to EHR

datasets. There are many obstacles to create a deep learning model with EHR data. Because

EHR data primarily consists of huge sparse matrices, these challenges are mostly unique to

this field. Due to this, research in this area is limited, and we can improve existing research

substantially. In this study, we focus on high-performance synthetic data generation in EHR

datasets. Artificial data generation can help reduce privacy leakage for dataset owners as

there are research articles that describe re-identification attacks that undo de-identification

methods. We propose a novel approach we call Improved Correlation Capturing Wasserstein

Generative Adversarial Network (SCorGAN) to create EHR data. This work leverages Deep

Convolutional Neural Networks to extract and understand spatial dependencies in EHR

data. To improve our model’s performance, we focus on our Deep Convolutional Autoen-

coder to better map our real EHR data to our latent space where we train the Generator.

To assess our model’s performance, we demonstrate that our generative model can create

excellent data statistically close to the input dataset. Additionally, we evaluate our synthetic



dataset against the original data using our previous work that focused on GAN Performance

Evaluation. This work is publicly available at https://github.com/mohibeyki/SCorGAN.



Synthetic Electronic Medical Record Generation using Generative
Adversarial Networks

Mohammadreza Beyki

(GENERAL AUDIENCE ABSTRACT)

Artificial Intelligence (AI) systems have improved greatly in recent years. They are being

used to understand all kinds of data. A practical use case for AI systems is to leverage their

power to identify illnesses and find correlations between different conditions. To train AI and

Machine Learning systems, we need to feed them huge datasets, and in the training process,

we need to guide them so that they learn different features in our data. The more data

an intelligent system has seen, the better it performs. However, health records are private,

and we cannot share people’s health records with the public, even for research purposes.

This study provides a novel approach to synthetic data generation that others can use with

intelligent systems. We show that our synthetic dataset is a good substitute for real datasets

to train intelligent systems. Then these systems can work with actual health records and

give accurate feedback on people’s health conditions. Lastly, we present an intelligent system

that we have trained using synthetic datasets to identify illnesses in a real dataset, with high

accuracy and precision.
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Chapter 1

Introduction

1.1 Motivation

We can see a substantial increase in the amount of data that is gathered and stored. We

now have massive datasets stored in all imaginable areas, and the health care domain is no

exception [6, 7]. The sheer size of these datasets requires new algorithms to extract valuable

data and make sense of them. Researchers worldwide are leveraging intelligent systems and

machine learning models to accomplish this goal. This is thanks to hardware improvements

and advancements in Artificial Intelligence and Machine Learning.

Deep Learning models are now so advanced and practical that we see them everywhere,

from smartphones to smart home appliances. However, for Deep Learning models to achieve

high-level performance and quality, we need to provide huge amounts of data to them. This

massive data requirement is an issue in all areas, and most of the time, a considerable amount

of manual human labor is required to gather the data, label it, and process it for public use.

In the healthcare domain, the situation is much worse than in other areas as most of the

time health records are private, not public.

Companies use de-identification techniques to remove private data from their datasets to

mitigate privacy concerns. However, researchers have shown time and time again that al-

most all of the de-identification methods are prone to re-identification attacks. Given the

1
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importance of the matter, companies rarely share their datasets with the public, and even

when they do so for research and educational use, the process is complicated and takes a

long time.

Another technique that has recently surfaced is to generate data that closely resembles actual

data with a substantial reduction in the leakage of personal and private data. Unfortunately,

Synthetic Data Generation has not gained much traction, and research in this area is usually

laser-focused on a specific scenario with small amounts of data. Additionally, there is not

much solid evidence on the practicality of the synthetic data that these studies have produced.

As stated before, due to lack of availability, we cannot mitigate these issues by using massive

amounts of data.

We believe that generating models that take advantage of new deep learning techniques can

reduce privacy risks. Our goal is to introduce a novel approach to synthetic health care data

generation by leveraging new deep learning models.

1.2 Research Questions

The main goal of this research is to create a generative model that can generate useful

synthetic EHR datasets. To achieve our goal and measure our success, we came up with the

following research questions.

• RQ1: How can we measure realism? What are the characteristics of a real dataset

that set it apart from a fake one?

• RQ2: How can we improve upon existing synthetic data generation models?

• RQ3: How can we produce data good enough to replace real datasets in the training

phase of practical AI applications?
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1.3 Research Hypotheses

Some research focuses on how we can measure the performance of generative models [8, 9].

We hypothesize that deep learning models could perform better than other AI models in

measuring the quality of synthetic datasets.

To answer our other two research questions, we hypothesize that Convolutional Neural Net-

works are better at capturing the input features compared to Multilayer Perceptron (MLPs)

since CNNs can capture features that are positioned close to each other in the input.

Additionally, we expect our model to capture shared statistical characteristics of the input

dataset, such as its distribution. We think that the statistical similarities will allow re-

placement of real datasets with our generated synthetic datasets for construction of artificial

intelligence and machine learning models.

1.4 Research Challenges

This research addresses multiple challenges, including the three that follow.

1.4.1 Discrete Data

Generative Adversarial Networks (GANs) [10] are known for their high performance as gen-

erator models. However, they do not work well with discrete data [11], and our primary

electronic health record dataset consists of discrete data.
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1.4.2 Difficulties of Training GANs

GANs are hard to train, and one of the most significant problems that researchers run into

when training GANs is that they cannot correctly train them, since GANs are prone to

mode-collapse [12]. Additionally, GANs can refuse to converge [13].

1.4.3 Evaluation of Synthetic Data

The other main challenge we faced was the evaluation of synthetic data. There is no gold

standard to compare with our findings. To demonstrate our generative model’s performance,

we needed a way to measure its quality. As stated before, the goal is to generate synthetic

data and use that data to train other models. We needed some intelligent models that

perform well on real datasets, and our goal was to measure their performance relative to

when we trained them using our synthetic dataset. We also needed to find a few statistical

metrics to compare our findings with the real dataset, as finding a model that works with

real data is not always feasible.

1.5 Research Contributions

In this research, we were able to contribute the following.

• Introduce a new evaluation metric to measure GANs performance: We in-

troduced a novel approach to GAN evaluation using discriminative models. We then

showed its superior performance by comparing it to other known evaluation metrics

such as Fréchet Inception Distance (FID) [14] and Inception Score (IS) [15].

• Introduce a robust deep learning model that can create high-quality data
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using two datasets: We introduced CorGAN, our novel approach to synthetic data

generation using convolutional neural networks in GANs. We then chose different

techniques capable of measuring each of our datasets’ performance, and then compared

the output quality to other models. We demonstrated that CorGAN is capable of

creating high-quality datasets, and its performance surpasses other generative models.

• Further improvements and optimizations on CorGAN: Lastly, we improved

our model and generated better samples in a shorter time by further optimizing some

parts of our model and utilizing a technique to prevent mode collapse. We call this

improved model SCorGAN.

1.6 Outline

The rest of this thesis is organized as follows:

• In Chapter 2, we review related literature on generative models to offer a comprehensive

overview of techniques used in this area.

• In Chapter 3, we introduce our domain agnostic evaluation metric to measure GAN

performance. We then show that our proposed novel approach can detect common

GAN pitfalls like mode-dropping and mode-invention.

• In Chapter 4, we introduce our main contribution, CorGAN, our proposed generative

model that can capture correlated features from the input dataset and create high-

quality synthetic datasets.

• In Chapter 5, we introduce further optimizations to CorGAN to improve its training

time and performance.
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• Finally, in Chapter 6, we conclude this research, going over our findings, contributions,

and suggestions for future work.



Chapter 2

Review of Literature

In this research, we focus on generating good synthetic health records. Additionally, we

introduce a new metric to evaluate generative models. In this chapter, we go through estab-

lished and new evaluation methods and then review recent generative models.

2.1 Evaluation Metrics

GANs are a form of deep learning generative models that are still relatively new. Given how

popular they are, evaluating their performance is also a hot topic as there are many research

articles on new evaluation metrics and comparisons between them [16, 17, 18].

One of the most common and well-known metrics is the Inception Score (IS) [15]. However,

IS is primarily used in the vision domain and is not a good metric for use in other domains,

such as music [19]. It also has some issues which make it unable to provide helpful insight and

even render it ineffective [20]. The basic idea behind IS is that a good image classifier has a

classification ability resembling that of humans. Although some researchers have challenged

this assumption [21, 22], other researchers have adopted this idea with different generative

models, and observed promising results [23, 24, 25].

Another well-known metric is Fréchet Inception Distance (FID) Score [14]. FID can overcome

some of the shortcomings of IS. For example, it confirms if the generative model is not

7
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producing samples of a specific class. Regarding metrics included in this work, we mainly

concentrate on FID and IS, and compare them to our approach.

There are other metrics that measure the performance of generative models. Annealed Im-

portance Sampling (AIS) [16] provides a metric for decoder-based models. It evaluates

log-likelihoods and uses a bidirectional Monte Carlo method for validation. However, some

articles show its deficiencies [26].

Skill Rating [17] also provides a measurement for GAN performance. Skill Rating pits the

training model against its past and future, or differently tuned versions. Lastly, Precision-

Recall [27] is a novel metric that tries to distinguish different ways a GAN fails instead of

providing a score.

Beyond the utilization of metrics for the evaluation of GANs, a widely used approach is

training and testing a classifier on fake and real data, respectively, to assess the fidelity of

the synthetic data [28, 29]. Although practical, such an approach limits the evaluation to

the use-case under investigation, and neither the classifier nor the training regime can be

generalized to different use-cases.

The majority of evaluation metrics are domain-specific, fail to address mode dropping, or

have disadvantages in generalization. For example, when comparing our method with FID,

although our approach needs labeled data, it does not need a pre-trained classifier as required

in FID. Furthermore, as FID operates on a pre-trained image classifier, its generalizability to

other domains is problematic. Accordingly, we propose a domain-agnostic metric to evaluate

GANs by utilizing Siamese Neural Networks (SNNs) and provide a comprehensive analysis.
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2.2 Generative Models

Generative Adversarial Networks (GANs) [10] have become one of the most famous genera-

tive models ever since their introduction in 2014. There are several research articles on data

generation using GANs [30, 31, 32, 33]. Some of them focus on the privacy aspect of data

generation, while some others focus on data-driven approaches to overcome the current lack

of publicly available data. We employ GANs in our proposed generative model.

Our work closely follows previous work done on medGAN [34]. medGAN utilizes GANs to

generate EHR data. Their work leverages multilayer perceptron [35] neural networks and

can achieve good results. In our work, we try to improve their model by capturing spatial

features of the data using Convolutional Neural Networks.

An issue that makes training GANs hard is mode-collapse. It occurs when the generator

collapses and the generator keeps generating the same sample for the whole minibatch.

One of the proposed methods to prevent mode collapse is called Minibatch Discrimination

(MD) [15]. In MD, the discriminator investigates the whole batch and penalizes the generator

for generating a batch with low entropy. Additionally, the medGAN [34] authors introduced

Minibatch Averaging (MA) as an alternative to MD.

2.3 Architecture Improvements

There is a lot of research on GANs. As we mentioned in the research challenges section,

GANs can be tricky to train, and therefore, researchers are always trying to improve their

performance.

Jacobian Clamping [36] is a technique that improves performance by generator conditioning.

Top-K training [37] achieves better performance by simply removing the gradient of samples
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with low scores by the discriminator. Another work suggests [38] image augmentation can

improve GANs’ performance in the vision domain.

Our research investigates whether we can improve performance by training a better au-

toencoder, meaning one that sees fewer errors after reconstructing the input by passing it

through the encoder and the decoder. We also apply a similar technique to what was used

in medGAN to prevent mode-collapse.



Chapter 3

Evaluation of GANs by

Discriminative Models

GANs can model complex multi-dimensional data accurately and produce realistic samples.

However, due to their implicit estimation of data distributions, their evaluation is a chal-

lenging task. Qualitative visual evaluation is the validation method used by most research

efforts associated with tackling this issue. Such approaches do not generalize well beyond the

computer vision domain. Since many of those evaluation metrics are proposed and bound to

the vision domain, they are challenging to apply to other areas. Quantitative measures are

necessary to help guide the training and comparison of different GANs models. In this work,

we leverage Siamese neural networks to propose a domain-agnostic evaluation metric [3, 39]:

• It is a qualitative evaluation that is consistent with human evaluation.

• It is robust relative to common GAN issues such as mode dropping and mode invention.

• It does not require any pre-trained classifier.

The empirical results of our work demonstrate the superiority of this method compared to

the popular Inception Score. They also are competitive with the FID score.

I would like to acknowledge that the work reported in this chapter was carried out in collabo-

ration with Dr. Amirsina Torfi. Our initial work and results were published in ICPR-2020 [3]

11
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and are included in Dr. Torfi’s dissertation [39]. We collaborated closely on this research

work, that was carried out in the Digital Library Research Laboratory, which is directed

by our common advisor, Dr. Fox. The collaboration included model design, development,

testing, and evaluation.

3.1 Introduction

Generative Adversarial Networks (GANs) [10] have gained much attention due to their ca-

pability to capture data characteristics, producing fake but realistic samples (Figure 3.1),

and their superiority compared to other generative models. Many successful research ef-

forts utilized GANs in different applications such as image super-resolution [40], natu-

ral language generation [41], healthcare synthetic data generation [42], style transfer [43],

etc. [24, 44, 45, 46].

Figure 3.1: Comparison of real (left figure) and fake images (right figure). The fake images
are generated using WGAN [1] for training regime and DCGAN [2] as the architecture.
These images are taken from [3].

Despite GANs’ success for generative purposes, a significant challenge is their quantitative
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evaluation because it is almost impossible to understand the underlying data distribution

that is captured by a GAN model. Log-Likelihood and Kullback-Leibler divergence are

widely used to evaluate generator models focused on density estimation [47]. However, it

can be hard to calculate the log-likelihood [47]. Even if we can do so, research shows that it

can be misleading for high-dimensional complex data [47].

Many researchers have proposed different GANs evaluation approaches. The majority of

research efforts conducted associated with the image domain utilize the visual evaluation

of the synthesized sample. Such visual approaches are subjective and might even be mis-

leading [27, 48]. Furthermore, in other areas such as Natural Language Processing, visually

evaluating the fake data is not straightforward or even plausible. Indeed, the generalizabil-

ity of GANs evaluation metrics is a challenging topic of discussion, and only a few research

efforts have been conducted regarding domain agnostic evaluation metrics [27, 49].

In the computer vision domain, efforts led to the invention of excellent metrics such as

Inception Score (IS) [15] and Fréchet Inception Distance (FID) [14]. However, IS is proven

to have many weaknesses such as suboptimality, issues regarding its application beyond the

ImageNet dataset [50] (see Figure 3.2), and not being sensitive to mode dropping [20]. The

FID score remedies the majority of IS issues. However, it is still not designed to operate

beyond the vision domain without modification.

Motivated by such problems, we propose a novel approach to evaluate the GANs using

Siamese Neural Networks (SNNs). These are known to be effective discriminative models

for verification applications. In the past, researchers have used SNNs to augment the training

of GANs [51]. In this work, we leverage SNNs to quantify the evaluation of GANs.

Our Contributions: We (1) introduce a novel metric to evaluate the GANs, demonstrating

how it works and what desired characteristics it has; (2) compare our method with two
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Figure 3.2: The prediction of Inception Score on images from Cifar-10 (black) and the
real class labels (red). Clearly IS score fails to go beyond ImageNet. From left to right
and top to bottom: Amphibian (Frog), Milk Can (Truck), Milk Can (Truck), Threshing
Machine (Deer), Sorrel (Automobile), Sorrel (Automobile), Container Ship (Bird), Japanese
Spaniel (Horse), Fox Squirrel (Ship). This image is taken from [3].

other widely used approaches to clarify our model’s advantages; and (3) demonstrate that

our method is domain agnostic by going beyond the vision domain.

3.2 Proposed Approach

How can we train a discriminative model to measure the realistic characteristics of fake data?

We propose to train a discriminator using real data. This discriminator is independent of

the discriminator trained by the GAN; we call it a Siamese discriminator. For this aim, we

employ Siamese Neural Networks.

As a human observes a new pattern, he/she usually can recognize and associate this pattern

with an already known concept with a reasonable level of confidence. In evaluating GANs,
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this is a challenging task due to the lack of supervised information about the generated data

since neither the label nor the explicit prior distributions are available. However, given the

discriminative model paradigm, we aim to leverage the real data’s implicit distribution to

distinguish the generated data’s realistic characteristics pX(x). By realistic, we refer to the

similarity of pg(x) to pX(x). Thus, the goal here is to quantify this realism.

We train a discriminative model via a supervised learning paradigm with Siamese neural

networks, and then we reuse the trained model to measure how well the GAN works. A

critical aspect of this quality assessment is the quality measurement of the generated samples.

The main focus here is character and image recognition. However, this approach is not bound

to the data domain as we go beyond the image domain to further illustrate this desired

characteristic of our proposed approach. The utilized model captures the similarity and

dissimilarity between inter-class and intra-class samples without considering domain-specific

knowledge.

3.2.1 Siamese Architecture

The discriminative model uses a Siamese architecture [52, 53], which consists of two identical

neural networks. The aim is to create a target feature subspace for discriminating between

similar and dissimilar pairs based on a simple distance metric.

The model is depicted in Figure 3.3. The general idea is that when two samples belong to a

genuine pair (a pair in which both samples belong to the same category), their distance in

the target feature subspace should be as small as possible, while for an impostor pair (a pair

in which the samples belong to different categories), the samples should be as far apart as

possible in the output space. Let Xp1 and Xp2 be a pair of samples as the system’s input,

whether in training or testing mode. The distance between a pair of samples in the target
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subspace is defined as DW (Xp1 , Xp2) (e.g., the ℓ2 − norm between two vectors), in which W

is the parameters of the whole network (weights).

DW (Xp1 , Xp1) = ||FW (Xp1)− FW (Xp2)||2. (3.1)

Figure 3.3: Siamese Architecture, Image taken from [3].

3.2.2 Learning

Contrastive Cost

The goal of the loss function LW (X,Y ) is to minimize the loss in both scenarios, i.e., of

encountering genuine and impostor pairs, so the definition should satisfy two conditions, as

follows:

LW (X,Y ) =
1

N

N∑
k=1

LW (Yi, (Xp1 , Xp2)i), (3.2)



3.2. PROPOSED APPROACH 17

where N is the number of samples for training and the function LW (Yi, (Xp1 , Xp2)i) is defined

as:

LW (Yi, (Xp1 , Xp2)k) = Yi ∗ Lgen(DW (Xp1 , Xp2)k)

+ (1− Yi) ∗ Limp(DW (Xp1 , Xp2)k,

(3.3)

where Lgen and Limp are defined as:


Lgen(DW ) = 1

2
(DW )2

Limp(DW ) = 1
2
(max{0,M −DW})2.

(3.4)

where M is a margin that is obtained by cross-validation, and DW stands for DW (Xp1 , Xp2).

Moreover, the max argument declares that in the case of an impostor pair, if the distance

in the target feature space is greater than the threshold M , there would be no loss.

Input

For training input, we must have genuine and impostor pairs from the real data. The goal of

training a Siamese architecture is to put genuine and impostor pairs into close and distant

manifolds. To create genuine pairs, we combine samples from the same classes as follows:

(Xp1 , Xp2) | Xp1 , Xp2 ∈ yi
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On the other hand, to create imposter pairs, we do as follows:

(Xp1 , Xp2) | Xp1 ∈ yi, Xp2 ∈ yj, i ̸= j

3.2.3 Method Statement

Assume having an unconditional sample generation setting with a dataset that is composed of

samples x(i). In unconditional sample generation, the labels y(i) do not play a role in image

generation. However, we need the ground-truth labels to train our Siamese architecture.

But, how and why?

As is explained earlier, a Siamese architecture utilizes two identical networks (networks with

the same architectures and parameters θ) to create a nonlinear mapping from its input

domain to a shared Euclidean output feature space:

ψ : X → Rm

Due to the weight sharing and contrastive cost, such a scheme guarantees that:

• similar samples will stay close in the output feature space;

• the model is robust against intra-class samples variations, as the model minimizes

intra-class differences;

• dissimilar samples will be placed in distant places in the output space; and

• the model is robust against inter-class sample similarities as the model maximizes

inter-class differences.
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Hence, we ideally will have separate clusters, in each of which there are samples from just

one particular category. For example, all images belonging to dogs will be placed in one

cluster, while pictures of cats will reside in another cluster in the output Euclidean space.

Each cluster is a data manifold that belongs to that class.

Such a learning paradigm will create a system that can:

1. recognize the category of a fake sample, i.e., which cluster of data the fake sample

belongs to (determining the closest cluster to classify the fake sample);

2. determine how close the fake sample is to the cluster or any real data within (deter-

mining the quality of a fake sample given the real samples); and

3. clarify how diverse the generated fake samples are (to penalize the model for mode

collapse).

This metric would punish the model if it does not deliver all data distribution modes (compar-

ing with the data inside clusters) and classes (all clusters have some fake samples associated

with them). How close a fake sample is to a manifold determines the precision. On the other

hand, recall refers to how well the generator can produce samples similar to the variety of

samples in the data manifold [54].

3.2.4 Siamese Distance Score (SDS)

Once the network is trained, we can use it for evaluation purposes. Referring back to Fig-

ure 3.3, we technically have one set of weights W and two copies of one network. Evaluation

of a fake sample has the following procedure:

1. We feed all real samples to the trained neural network and compute the feature vector
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FW (Xr
i ) for each real sample Xr

i . If we have N real samples, we will have N feature

vectors:

F r
i = FW (Xr

i ), i ∈ {1, . . . , N}

2. We feed a fake (synthesized) sample Xs
j to the network and compute its output feature

vector FW (Xs
j ) = F s

j . If we have M fake samples, we will have M feature vectors:

F s
j = FW (Xs

j ), j ∈ {1, . . . ,M}

3. We calculate the Euclidean distance of each F s
j with all previously calculated feature

vectors F r
i (i ∈ {1, . . . , N}), and we pick the K closest ones (K smallest distances

Dj
i and j is fixed for each fake sample). The index list is denoted with P for which

|P| = K,P ∈ {1, . . . , N}.

Dj
i =

∥∥F s
j −F r

i

∥∥ , i ∈ {1, . . . , N}

4. Among the closest K Dj
i distances, we pick their associated F r

i . From that, we extract

their associated real samples and labels.

Dj
P ⇒ FP

r ⇒ XP
r , |P| = K,P ∈ {1, . . . , N}

5. As we have the class of real samples, using a simple majority vote (K-nearest neighbor

algorithm), we determine the class of the fake sample. Basically, the majority vote

operates on XP
r samples (real samples with indexes of P) and their associated classes.

6. After we determine the class of the fake sample as C, in the cluster of K nearest

samples, we take out the real samples that have the determined class label of the
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fake sample (class C). The index list of these samples is denoted with R for which

|R| = R,R ∈ {1, . . . , N}.

XR
r ,y(XR

r ) = C

7. We calculate the distance of the fake sample output feature F j
s with all FR

r feature

vectors, then compute the average, and denote it as SDSj. The subscript j refers to

the fake sample index. We then average SDSj over all fake samples and call it the

Siamese Distance Score (SDS).

3.3 Experiments

To conduct our experiments, we split our data into three partitions as D = G ∪ S ∪ E . G,

S, E will be used for training our generative model, discriminative model, and evaluations,

respectively. It is worth noting that (1) G ∩ S ∩ E = ∅, (2) both G and S follow the same

data distribution due to the random partitioning, and (3) all class labels in the data are

available in G and S, in balance.

We denote the fake generated data as F . We run all of our experiments ten times and

then report the average. Such a setup ensures the robustness of the results against possible

sensitivity regarding the network weights. We observed high stability and very low variance.

This indicates the robustness of the model relative to small variations of the network weights

due to retraining which corrects a major drawback of the Inception Score [20].

3.3.1 Image Domain

We made the following decisions for our image domain studies to ensure a balanced collec-

tion of experiments: We used three common datasets in the GANs literature: MNIST [55],
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Fashion-MNIST [56], and CIFAR-10 [57]. To train our generative model, we used WGAN [1],

due to its stability and robustness to mode collapse [15], with DCGAN [2] as the architec-

ture for all datasets. We fixed the latent dimension (input noise z) to 100 and the noise

distribution to be N (0, 1). The batch size used is 64. We train our GAN for 20, 20, and

1001 epochs for MNIST, Fashion-MNIST, and CIFAR-10, respectively.

We used a three-layer convolutional neural network to train our discriminative Siamese

network, followed by a fully connected layer of size 1024 as the output embedding space. To

boost the training process, we used batch normalization [58]. We utilized LeakyReLU [59]

for layers’ activation to avoid encountering dead ReLUs and zero gradients. In this work,

to calculate SDS, we used a simple nearest neighbor (K-nearest neighbor in which K = 1)

classifier as we did not observe a unique difference by picking K > 1.

Quality

To assess the visual quality, we demonstrate the evaluation of fake samples on MNIST and

Fashion-MNIST in Figure 3.4. As can be observed, as the SDS increases, the visual image

quality decreases. Such observation aligns with human evaluation.

Mode dropping and invention

To evaluate mode dropping (not generating a class of data) and mode invention (generating

samples that do not belong to any class), we used MNIST, Fashion-MNIST, and CIFAR-10

datasets by fixing all their images’ sizes to 32×32. Each dataset has ten classes. Here’s how

we set up our experiments:

• We pick S so it only has 5 classes and train our Siamese model with it.
1Required number epochs for each model to generate samples that looked good to a human observer
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Figure 3.4: Demonstration of the quality measurement of fake samples which is consistent
with human evaluation. The horizontal axis is the index of images from left to right and top
to bottom. The vertical axis is the SDS score of the sample. Image is taken from [3].

• We create a test set T from E which only has i classes.

• For each i we measure SDS.

The results are depicted in Figure 3.5. As can be observed, increasing the number of classes

from 1 to 5 gives a better score, as fewer classes mean mode dropping. Additionally, in-

creasing the number of classes beyond five results in an increase in SDS, which shows the

detection of mode invention.

Figure 3.6 demonstrates the comparison of our method SDS with the other two popular

methods in the literature. SDS and FID are both good at capturing mode dropping. How-

ever, SDS shows higher sensitivity in mode dropping.

Intra-class mode-collapse

As we mentioned earlier, the intra-class mode collapse (mode dropping) refers to the situation

that GAN can generate all modes (classes) of data but only one or few examples from each
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Figure 3.5: SDS is sensitive to mode dropping and mode invention. The higher the SDS
is, the worst the results are. The score for each dataset has its scale. For each dataset
experiment, the scores are normalized according to their own max-min obtained scores.
Image taken from [3].

mode (fails to generate a variety within class samples). To assess SDS metric robustness to

this phenomena, we conduct the following experiments:

• We pick S so it has all classes and train our Siamese model with it.

• We create a test set T from E which also has all classes. However, only p percentage

of each class’s samples are used (note that S and T are mutually exclusive and |T | =

|E| × p).

• For each class, regardless of p, we select an identical number of samples (say K number

of samples per class). Note that K is maximum when p = 1. We select K as K = |T |/C

in which C is the number of classes.

• For each p we measure SDS and report the results.
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Figure 3.6: Comparison of Inception Score, FID, and our proposed metric SDS. The score
for each dataset has its own scale. For each dataset experiment, its scores are normalized
according to its own max-min obtained scores. Image taken from [3].

The results are depicted in Figure 3.7. The metric is sensitive to mode dropping. Based on

the evaluation approach, the nearest neighbor algorithm is forced to pick a sample as the

closest one. If there are only a few modes available, the algorithm picks from the samples

that do not represent the variety of the samples available in T . Henceforth, such behavior

was expected, which is one of the desired characteristics of the proposed approach.

3.3.2 GANs Models Evaluation

To investigate the feasibility of using our metric for different GANs models’ comparison, we

focus on the work’s model evaluation aspects. For the baseline, we used the GAN with the

non-saturating update rule (NS) as proposed by Goodfellow [10].

We analyze three different generally utilized GAN models on the Cifar10 dataset: (1) Base-
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Figure 3.7: SDS is sensitive to intra-class mode dropping. The higher the SDS is, the worse
the results are. The score for each dataset has its scale. For each dataset experiment, the
scores are normalized according to its own max-min obtained scores. Image taken from [3].

line GAN [10], (2) GAN with spectral normalization (SN) [60], and (3) WGAN with gradient

penalty (GP) [61]. The utilized architecture is DCGAN. The results are given in Table 3.1.

Table 3.1: The comparison of different GANs models using the FID and SDS metrics. These
results were previously published in [3].

FID SDS
Baseline 53.72 ± 5.43 0.53 ± 0.08

SN 31.25 ± 2.17 0.15 ± 0.03
WGAN + GP 38.48 ± 2.73 0.21 ± 0.04

In concurrence with the results obtained in [60] to rank the models, SDS also reports the

same GANs ranking based on their generated sample quality and consistent with FID. We

computed both FID and SDS scores from 10,000 real and generated samples.
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3.3.3 Utilization of the Approach Beyond the Image Domain

To assess the generalizability of our proposed metric, we considered the healthcare domain

and the Electronic Health Records (EHRs) data, which have very different statistics and

characteristics compared to image data.

We performed our experiments with the UCI Epileptic Seizure Recognition dataset [62]. This

dataset contains brain activities; the main objective is brain seizure classification. Approxi-

mately 20% of the samples are classified as seizure activity (we have only two class labels).

The number of features for each sample is 179 and there is a total of 11500 samples. The

first 178 features are associated with the Electroencephalogram (EEG) values, while the last

one is the class label.

Although the main goal of this work is to evaluate GANs, our proposed approach can be

extended to evaluate any kind of generative model. To showcase that, we picked three differ-

ent successful generative models in the healthcare domain – Variational Autoencoders [63],

medGAN [34], and CorGAN [5] – to generate the synthetic one-dimensional data:

• Variational Autoencoder (VAE): A 1D convolutional neural network is utilized

with two hidden layers of 128 for both the encoder and the decoder.

• medGAN: The medGAN [34] architecture includes: (1) fully-connected layers, (2)

shortcut connections to augment the generator, and (3) minibatch-averaging [34] to

overcome mode-collapse. Although medGAN has been originally proposed for generat-

ing discrete records, we removed its autoencoder part to directly generate continuous

records.

• CorGAN: The CorGAN [5] architecture has the following elements: (1) 1-D convo-

lutional neural network for discriminator and generator, (2) WGAN training regime.
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Both medGAN and CorGAN have proven to be successful methods in generating dis-

crete and continuous healthcare records.

We evaluate the averaged SDS score after training our Siamese architecture with three fully

connected layers, each with the size of 128. We report the results of our score along with

Maximum Mean Discrepancy (MMD) [64], which is known to be an effective sample-based

GANs evaluation metric [65]. For both MMD and SDS, an equal number of synthetic and

real samples are chosen for calculation. The results are depicted in Figure 3.8. As can be

observed, SDS is consistent with MMD regarding the comparison of the three models.

Figure 3.8: The comparison between different generative models using MMD and SDS. As
can be seen, our proposed metric can effectively rank generative models concur with the
MMD score. Image taken from [3].
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3.4 Conclusion

We proposed an evaluation metric for GANs, which relies on Siamese neural networks. Our

metric can be applied in the evaluation of any generative model. The proposed approach

enables us to evaluate GANs without the need for any pre-trained classifiers. We empirically

proved that our method could address different GANs failure situations (mode dropping,

mode invention, intra-mode collapse) and is sensitive to visual quality aligned with human

evaluation. Finally, the proposed approach’s significant advantage is its domain agnostic

characteristics that make it useful beyond the image domain and in various applications.



Chapter 4

CorGAN: Correlation-Capturing

Convolutional GANs

In this chapter, we describe our novel approach to generating synthetic health records. We

leverage Convolutional GANs, which are mainstream in the computer vision domain, and

are able to create remarkable samples. We would like to note that this chapter was done

in collaboration with Dr. Amirsina Torfi. Earlier versions appeared in Virginia Tech’s

institutional repository [5], The Thirty-Third International Flairs Conference [4], and Dr.

Torfi’s dissertation [39]. We both developed the architecture and I carried out experiments

we used to evaluate this model. We made the following contributions:

• We propose our novel generative model. In our model, CorGAN [5], we use Convo-

lutional Autoencoders (CAs) and Convolutional GANs. We show that CorGAN is

capable of generating both discrete and continuous data.

• We demonstrate that Convolutional Neural Networks (CNNs) are proficient in detect-

ing the correlation between features.

• We demonstrate that the synthetic data CorGAN generates is a good substitute for

real data in classification.

• We employ the membership inference attack on CorGAN to evaluate the privacy of

our proposed model.

30
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4.1 Method

In this section, we review the structure of an EHR dataset and the architecture of our

proposed model. It is important to know about the EHR dataset, as the generative model

is trained using that dataset and it generates synthetic data in the same space as the input

space.

4.1.1 EHR Data Structure

We primarily use the MIMIC-III dataset [66, 67]. In this dataset, each row represents

a patient and each column shows whether a patient has been diagnosed with a medical

condition or not (ICD-9 [68] code). We chose this dataset because it is the most common

dataset used in EHR data generation models that is publicly available.

4.1.2 Architecture

Our proposed model [4] uses GANs as its base architecture. As we mentioned in Chapter 2,

our model follows the work done in medGAN [34]. In this section we describe medGAN’s [34]

architecture and we follow it by describing the architecture of our proposed generative model.

Baselines

The combination of a generator and a discriminator creates a GAN. At each iteration, the

generator creates a new sample and sends it to the discriminator. The discriminator then

attempts to decide if the item is a fake or a genuine sample from the input dataset.

During the training phase, the generator tries to create better samples to fool the discrim-
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inator by learning the real data distribution. In comparison, the discriminator tries to dis-

tinguish these better but still fake samples from real ones. We continue the training process

until the discriminator can no longer distinguish generated samples from the real ones.

Even though GANs are very capable, they are not so in all areas. An issue with GANs

is that they are not capable of generating good discrete datasets. This proves to be a big

issue as we have a lot of discrete data in the healthcare domain. Discrete data makes the

backpropagation process inaccurate, which results in impossible or very hard to train GANs.

To overcome this, we developed our model by using the general architecture of medGAN [34].

Figure 4.1 shows CorGAN’s architecture. Our baseline model utilized Multilayered Percep-

trons (MLPs) for both the generator and the discriminator, which mirrors the model used

in medGAN [34].

Figure 4.1: The proposed architecture for CorGAN.

X describes real input, which is discrete EHR data. z describes the random distribution

that the generator (G) takes as its source. Dec is the decoder part of our autoencoder

model, which maps the continuous data in the latent space to the discrete data of our input

space. The discriminator D takes the real data X and fake data Dec(G(z)) and tries to
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distinguish fake input from real input.

As we mentioned before, GANs do not work well with discrete data. Researchers have

proposed a few ways to overcome the limited capability of GANs in generating discrete

data [69, 70, 71, 72]. We choose an indirect approach that trains the model in the continuous

space and then transfers it into the input space by employing autoencoders. Autoencoders

consist of two neural networks, as shown in Figure 4.2: an encoder and a decoder.

Figure 4.2: The architecture of an Autoencoder.

The autoencoder’s encoder takes discrete input and then maps it to a corresponding con-

tinuous space. The decoder part of the autoencoder takes that continuous data and maps

it back to the input space (Equation 4.1). We use the Binary Cross Entropy (BCE) loss

function in the training process to calculate the network’s loss (Equation 4.2) [5].



34 CHAPTER 4. CORGAN: CORRELATION-CAPTURING CONVOLUTIONAL GANS

yi = Dec(Enc(xi)) (4.1)

BCEloss = − 1

N

N∑
i=1

xi log(yi) + (1− xi) log(1− yi) (4.2)

After training, the autoencoder should output data that closely resembles the source input

data. Our model does not need the encoder, so we take the decoder and put it after the

generator. In this model, the generator takes the random distribution, generates a batch of

data, and then passes it to the decoder. The decoder will convert that data into the EHR

input space. The discriminator will then train on that batch.

CorGAN Architecture

Our generative model is called CorGAN. In CorGAN, we replaced our baseline MLP net-

works with one-dimensional convolution neural networks (1D CNNs). We then used a one-

dimensional convolutional autoencoder (1D CAE) to help capture spatial features of the

dataset and create a better mapping between our one-dimensional and discrete input data

and our continuous latent space.

4.2 Discriminative Model

This section describes our approach to train a discriminative model that can distinguish a

real dataset from a fake one. Since we have trained the discriminator of our GAN with its

generator, it is already being fooled into believing our fake data is real, so we cannot use that

discriminator. We propose to use a discriminator that is trained using real and synthetic
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data independently from our generative model.

4.2.1 Siamese Architecture

We leverage a Siamese model [73] as our discriminative model. Siamese models use two

identical neural networks in parallel with each other. We will feed those two models a pair

and calculate the distance between the output of those models. We need to build a target

feature space to distinguish similar and contrasting pairs. If we feed our model two samples

from the same pool, then the distance between them in the target feature space should be

very close, while if we use two samples from different pools, their distance in the target

feature space should indicate they are quite far from each other. Our model is pictured in

Figure 4.3.

Figure 4.3: Siamese Model. Image taken from [4].
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We feed our model two samples we callXp1 andXp2 . We call the distance between them in the

feature space DW (Xp1 , Xp2), also known as the contrastive loss function. W represents the

weights of the discriminator models. When we feed our model a genuine pair, DW (Xp1 , Xp2)

should be low, and for impostor pairs, it should be high. The label (Y ) should be one if

both our samples are genuine and should be zero otherwise. F denotes our discriminator

model, and W (weights vector) is the same across discriminators as we use two identical

discriminators. We can calculate the distance using the following equation:

DW (Xp1 , Xp1) = ||FW (Xp1)− FW (Xp2)||2 (4.3)

4.2.2 Contrastive Cost

The following is the equation for the loss function. It is applied to both genuine and impostor

pairs, so it should attempt to minimize the cost in either case.

LW (X,Y ) =
1

N

N∑
i=1

LW (Yi, (Xp1 , Xp2)i) (4.4)

In the previous equation, N denotes the total number of samples, and i denotes the index

of the current sample. We define LW (Yi, (Xp1 , Xp2)i) as follows [74]:

LW (Yi, (Xp1 , Xp2)i) = Y ∗ Lgen(DW (Xp1 , Xp2)i)

+ (1− Y ) ∗ Limp(DW (Xp1 , Xp2)i) + λ||W ||2
(4.5)

The regularization parameter (λ) is used in the last term. Lgen and Limp are defined as the

functions of DW (Xp1 , Xp2) as follows [74]:
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
Lgen(DW (Xp1 , Xp2)) =

1
2
DW (Xp1 , Xp2)

2

Limp(DW (Xp1 , Xp2)) =
1
2
max{0, (M −DW (Xp1 , Xp2))}2

(4.6)

We employ cross-validation to calculate the margin parameter M . It is clear that in this

equation, if the distance in the target space of an impostor pair becomes larger than the

margin parameter M , we reduce it to zero.

4.3 Experiments

This section covers our experiments. We start by describing our experiments’ setup. We

then go over methods we used to improve and better train our generative model.

4.3.1 Setup

To generate discrete EHR data, we used MIMIC-III [66, 67], a known and publicly available

dataset. MIMIC-III has health records of nearly 50 thousand patients. We used a table

in it that shows patients and ICD-9 codes [68] that they have been diagnosed with. There

are 1071 unique ICD-9 codes, and they each show whether or not the patient was diagnosed

with a specific condition. In our preprocessing, we make a single binary table of 46,000×1071

where rows represent patients, and the columns represent ICD-9 codes.

We implemented five different models, including CorGAN. All of the implemented models

have the same architecture. MA denotes Minibatch Averaging [34], MD denotes Minibatch

Discrimination [15], and BN denotes Batch Normalization [58]. Table 4.1 shows the details

of the implemented models. MLP networks we used have two fully connected layers. The

first one has a size of 256, while the second one has a size of 128. We used the same MLP
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network in all models that leverage this kind of neural network to keep our results consistent

and comparable.

Table 4.1: Comparison of different baseline architectures.

Name Decoder (pre-trained) Generator Technique
GAN Autoencoder (NO) MLP Regular Training
GANpre Autoencoder (YES) MLP Regular Training
GANpre Autoencoder (YES) MLP MD
medGAN Autoencoder (YES) MLP MA + BN
CorGan Autoencoder (YES) 1-D CNN MD + BN

We developed CorGAN using PyTorch 1.3 [75]. In the training process, our batch size was

1,000 while we used the Adam Optimizer [76] with a learning rate of 1e-3. Our autoencoder

is fully convolutional, meaning that the encoder uses convolutional operations to extract

features, and the decoder uses deconvolutional [77] operations to reconstruct data. Our

autoencoder uses a 256-dimensional latent space.

4.3.2 Mode-Collapse

As we mentioned previously, mode collapse is one of the biggest pitfalls of GANs. It happens

when the generator limits itself to a specific set of parameters and keeps generating similar

batches. Since the discriminator has no way of providing feedback to the generator not to

generate the same sample, the mode collapse happens, and the generator keeps generating

the same samples.

We utilized minibatch discrimination (MD) [15] to prevent mode-collapse in our experiments.

MD penalizes the generator for generating a batch with low variety.
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4.3.3 Training Improvements

To further improve our generative model, we employed Wasserstein GAN (WGAN) [1] as

our training algorithm as the WGAN [1] authors showed improvement with their generative

models in more recent research articles [78, 79, 80]. Wasserstein-1 distance is defined as the

cost to transform the generated dataset’s distribution Pg to the real dataset’s distribution

Pr (Equation 4.7 [1]).

W (Pr,Pg) = inf
γ∈Π(Pr,Pg)

E(x,y)∼γ

[
∥x− y∥

]
(4.7)

Π(Pr,Pg) shows all of the possible distributions in the previous equation, and γ(x, y) refers

to the cost of transforming Pr to Pg. However, it is hard to calculate the infimum in this

equation. The researchers behind WGAN proposed the following (Equation 4.8) based on

Kantorovich-Rubinstein duality [1, 81].

W (Pr,Pθ) = sup
∥f∥L≤1

Ex∼Pr [f(x)]− Ex∼Pθ
[f(x)] (4.8)

In this equation, the supremum is calculated over all the 1-Lipschitz functions [81] f : X → R.

To help make things easier, we call the greatest lower bound the infimum and the least upper

bound supremum.

K-Lipschitz functions show the following behavior:

∀(x1, x2) ∈ X, ∃K ∈ R : dY (f(x1), f(x2)) ≤ KdX(x1, x2) (4.9)

Using K = 1 and Equation 4.9 we get the following equation:
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∀(x1, x2) ∈ X : |f(x1)− f(x2)| ≤ |x1 − x2| (4.10)

We can see that we need a 1-Lipschitz function to calculate the cost. We can deploy a neural

network to learn it. To do so, we need to create our discriminator model without using a

sigmoid function. Additionally, we need to return a scalar rather than the probability. The

WGAN authors [1] suggest a simple gradient clipping method to limit the weights matrix in

the model to enforce the restriction.

4.3.4 Evaluation Methods

To evaluate our model and the synthetic data it generates, we primarily leverage the two fol-

lowing metrics: dimension-wise probability (DWP) and maximum mean discrepancy (MMD).

During this process, we divide our real dataset into two sets: Str and Ste. In the training

process, we use Str. After properly training our model, we use it to generate a synthetic

dataset Ssyn with the same size as Ste.

• Dimension-wise probability: This is a simple metric to verify that the probability

of seeing an ICD-9 code is the same in both our synthetic dataset and the real dataset.

We refer to the Bernoulli success probability of each dimension when each ICD-9 code

is a dimension.

• Maximum Mean Discrepancy (MMD) [82]: This measures similarity between

the distribution of two datasets. To evaluate our synthetic data, we use a slightly

different version called Kernel Maximum Mean Discrepancy [82], and we measure its

value for our synthetic data and our real testing dataset.

• Discriminative Model: This is the Siamese model we described in the previous sec-
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tion. We separately train this discriminator model and then run our real and synthetic

dataset through it and present our findings.

4.3.5 Dimension-wise Probability

We show only our top three performing models in Figure 4.4. Each point in the scatter plots

represents an ICD-9 code. The closer the points are to the y = x line, the better. CorGAN

and WGAN performed similarly, while they both outperformed medGAN.

4.3.6 Maximum Mean Discrepancy

We report the results of our experiments in Table 4.2. We generate a dataset of synthetic

data for each model and then compare it to the real dataset. If we compare the real dataset to

itself, the results should be zero. We are reporting our findings with the mean and standard

deviation of five experiments for each model.

Table 4.2: Results of employing MMD on different models with the real dataset. Results
taken from [5].

Name Score
GAN 0.0064± 0.00035
GANpre 0.0048± 0.00022

GANpre+md 0.0043± 0.00018
medGAN 0.0032± 0.00021
WGAN 0.0018± 0.00024
CorGan 0.0008 ± 0.00015
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(a) medGAN (b) WGAN

(c) CorGAN

Figure 4.4: Results of dimension-wise probability analysis. Each point represents one ICD-9
code. The x-axis represents the real dataset, and the y-axis denotes the synthetic dataset.
The diagonal line displays the perfect scenario where they both have the same probability.
Images taken from [5].

4.3.7 Discriminator Model

As we mentioned before, to properly train and evaluate our model, we split our training

dataset into two parts: Str and Ste. We used our model to generate a synthetic dataset Ssyn

for evaluation after the training process. We need to create pairs (Xp1, Xp2) to train and

evaluate our discriminative model. In the training phase, to create a genuine pair, we pick

both Xp1 and Xp2 from the Str. To create an imposter pair, we pick one sample from Str
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and the other from Ste. In the evaluation phase, we pick one sample from Ssyn and the other

from Str for a genuine pair. For the imposter pair, we pick one sample from Ssyn and the

other from Ste.

We used Receiver Operating Characteristic (ROC) [83] to evaluate the results from this

experiment. Figure 4.5 shows our results. The vertical axis represents True Positive Rate

(TPR) while the horizontal axis represents False Positive Rate (FPR). We can see that our

discriminative model can match our synthetic data with its real counterparts, and displays

outstanding performance.

Figure 4.5: Results of running the discriminative model five times. Image taken from [5].
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4.4 Privacy Assessment

We used the membership inference attack [84] to determine if a dataset is leaking information

about its participants. This attack is usually done to find the similarity of two datasets. We

are concerned about leaking private information of patients whose records were used to

train our generative model. One possible risk is that an attacker might be able to use re-

identification attacks [85] to identify specific patients used in training. We conducted this

experiment to investigate the similarity of our synthetic data with the training dataset. In

a perfect scenario, the attacker is not able to match any of the synthetic records with any

record from the training dataset.

In our evaluation, we have two pools of patient records. One consists of synthetic patient

records Psyn and the other consists of real patient records U. Half of U is taken from the

training dataset Str and the other half from the testing dataset Ste, which we denote Ptr and

Pte, respectively. Psyn has 10,240 samples and they all come from the Ssyn dataset. We used

the same records in Psyn and U for all of our experiments.

If our model was leaking data, it would leak data from Str, as we never used Ste samples in the

training process. To investigate this, we calculated the cosine similarity between synthetic

samples and the samples we provided to the attacker. We then flag results that are higher

than a preset threshold as a match, which we denote as M. To calculate the value of this

threshold, we used a normal distribution with a mean of 0.5 and a standard deviation of

0.01 and selected 100 random samples from it. We report the results from the best attack.

We define precision as the number of synthetic records that the attacker inferred were used

in training, i.e., those matched with a sample from Ptr, divided by the total number of

matched records (Equation 4.11). We define recall as the fraction of the training dataset’s

members that were correctly identified by the attacker as used in training, i.e., the number
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of synthetic records that we matched with a sample from Ptr, divided by the total number of

records in the training dataset (Equation 4.12). We report the precision and recall metrics

from our experiment. Table 4.3 shows our findings. It shows that as we increase the number

of real records used in the attack, the attack becomes less accurate. This shows that the

similarity between synthetic and real datasets is limited to a subset of the training dataset.

We can use this attack and remove matched synthetic records from our synthetic dataset to

get to a smaller synthetic dataset, that according to this metric, is not similar to our training

dataset, minimizing risk of re-identification attacks using similar methods. This experiment

can be done with other generative models to compare them with CorGAN.

precision =
|M ∩ Ptr|

|M|
(4.11)

recall =
|Ptr ∩M|

|Ptr|
(4.12)

Table 4.3: Results of employing Membership Inference Attack. Published in [5].

U 100 1k 2k 3k 4k 5k
Precision 0.60 0.51 0.41 0.40 0.40 0.39

Recall 0.05 0.10 0.19 0.28 0.27 0.28

4.5 Conclusion

We proposed CorGAN, our novel approach to generate synthetic health records. To even fur-

ther understand the association between input features, CorGAN employs one-dimensional

convolutional neural networks. CorGAN generates better samples than our baseline ver-

sions, as discussed in the previous sections. This is a noticeable improvement that shows the
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advantage of using CNNs over MLP networks to capture correlated data. In addition, we

introduce a metric for measuring the similarity of real and synthetic samples. Our exper-

iments demonstrate that the evaluation metric effectively matches synthetic samples with

the corresponding real data that we used to train the generative model. Lastly, we do a

membership inference attack on our synthetic data and we show that our generative model

does not leak information from the training samples. We can filter out problems and have a

synthetic dataset that does not leak private patient records.



Chapter 5

SCorGAN: Improved

Correlation-Capturing Convolutional

GANs

This chapter describes further improvements we made on top of our previous generative

model (CorGAN). Our experiments showed that the autoencoder plays a huge role in Cor-

GAN’s performance. In SCorGAN, we improve the autoencoder significantly and introduce

a modified version of minibatch averaging to improve our training time and sample quality.

We made the following contributions:

• We propose SCorGAN, our improved generative model based on CorGAN, that gener-

ates better samples while being two times faster than CorGAN in the training phase.

• Improved Autoencoder: We improve the autoencoder significantly, meaning that this

new autoencoder has a better mapping between our input space and the latent space.

It has four times less error when we compare it to our previous autoencoder.

• Minibatch Subsampling: We introduce a modified version of the minibatch averaging

introduced in medGAN [34]. In this method, we leverage a technique that can capture

spatial features of the input and helps the discriminator distinguish synthetic samples

from the real ones.

47
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• We demonstrate that using an MLP neural network in conjunction with CNNs can help

capture the correlations between features not spatially adjacent in the input data.

• We demonstrate that SCorGAN can generate high-fidelity samples using our base

datasets (MIMIC-III [66, 67] and UCI Epileptic Seizure Recognition Dataset [62]). We

then demonstrate that we can use these synthetic samples as the training dataset to

train competent classifiers that work with real datasets.

5.1 Method

This section first reviews the new dataset we used, the UCI Epileptic Seizure Recognition

Dataset [62]. We then introduce our mode-collapse prevention method, Minibatch Subsam-

pling. Lastly, we review the architectural improvements we made to our generative model.

5.1.1 New EHR Dataset

In addition to MIMIC-III [66, 67], we used another dataset in our experiments, the UCI

Epileptic Seizure Recognition dataset [62], which is the same dataset we considered in Sec-

tion 3.3.3. In this dataset, each row is the patient’s brain activity (electroencephalogram or

EEG) except for the last column, representing the label associated with the patient, which

indicates whether they were having a seizure or not. Further, the UCI Epileptic Seizure

Recognition Dataset [62] is a time-series dataset. On the other hand, MIMIC-III [66, 67] is

an adjacency matrix connecting patients to ICD-9 codes. We believe the difference between

these two datasets makes them good candidates to evaluate our generative model. Addi-

tionally, both of these datasets are well known and widely discussed in the literature, which

should help people compare our approach to other approaches in this area.
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5.1.2 Minibatch Subsampling

Researchers behind medGAN [34] proposed a new approach to prevent mode-collapse called

Minibatch Averaging (MA). In this technique, before feeding a minibatch to the discrimi-

nator, we calculate the average of each feature in the minibatch and then add this average

to the input as additional features for all samples in the minibatch, practically doubling

the number of features. We propose a slightly modified version of this technique, and we

downsample the minibatch to one-tenth of its features and then add that to the minibatch,

increasing the number of features by ten percent. To downsample a minibatch, for every 10

features, we calculate the average of those 10 features in the minibatch and then add that

value to every sample in the minibatch as an additional feature, as shown in Figure 5.1. We

hypothesized that one of the primary benefits of minibatch averaging was that fake batches

start with an average close to 0.5, that can be very different from the average of real samples.

Minibatch Subsampling should help the discriminator identify fake samples and, therefore,

boost the training process. We employed this technique in our proposed model to great effect

(see the experiments sections 5.2.3, 5.2.4 and 5.2.5).

Figure 5.1: Minibatch Subsampling on MIMIC-III; bs denotes batch size.
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5.1.3 Early Architectures

We noticed that the Convolutional Neural Networks (CNNs) were getting a lot of attention

in the computer vision domain while none of the famous medical data generation models

were using CNNs [34, 86, 87]. In CorGAN, we used deep convolutional neural networks in

the autoencoder, discriminator, and generator. We surveyed other generative models in the

health care domain, e.g., our baseline research medGAN [34] along with others like PATE-

GAN [88], DPGAN [87], medWGAN [86], and medBGAN [86], all of which leveraged MLP

neural networks to a great extent. In CorGAN’s development process, we started replacing

MLP networks with CNNs, one network at a time, to see the effect of using CNNs. We

started with the autoencoder, and in our testing with the MIMIC-III [66, 67] dataset, we

noticed that our new autoencoder is on par or better than medGAN’s autoencoder since it

had a slightly better error rate compared to medGAN. Creating the generator and discrim-

inator using CNN networks proved problematic as we failed to train our early models. We

focused on the generator and found out that we could not train it because it was not deep

enough. By increasing the number of layers to 6, we trained our model and had better results

(using dimension-wise probability evaluation) than our baseline medGAN model. Following

a similar procedure for the discriminator, we obtained our final CorGAN model.

5.1.4 Architectural Improvements

We hypothesized that perhaps using MLP layers after convolutional neural networks can

simplify our models and speed up the training process, to make further improvements. We

also hypothesized that the correlation between medical records could be easily captured using

a two-layer CNN. Our baseline model [34] used one-layer MLP networks for both encoder and

decoder. To develop our improved autoencoder, we started developing an autoencoder using
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deep MLP neural networks to evaluate their performance, since we had no data on how deep

MLP autoencoders would perform. In our experiments, however, deep MLP autoencoders

had a higher error rate than our baseline model [34], resulting in us abandoning further

experimentation on deep MLP autoencoders. We created the new encoder and decoder using

a two-layer CNN network connected to a two-layer MLP network to test our hypothesis. To

compare the autoencoders, we used the MIMIC-III [66, 67] validation dataset. We fed each

model with the validation dataset, and we counted the number of digits that changed after

going through both the encoder and the decoder. A perfect autoencoder would have zero

changed digits. Our experiments showed that both medGAN and CorGAN autoencoders

have about 30K errors, while our best-performing experimental model had less than 9K

errors in the same setting. In SCorGAN, we employ this improved autoencoder.

Our generator is the same as CorGAN, while our discriminator is slightly modified to count

for the extra features that minibatch subsampling adds to the input data. We employed two

Conv1D with kernel sizes of 11 and 7 for the first one and the second one, respectively, and

then two fully connected layers to the latent space for the encoder in our autoencoder. We

used two fully connected layers and then two ConvTranspose1D (with the same settings as

Conv1D layers in the encoder) layers in the decoder.

5.1.5 Adapting to UCI Dataset

To adapt our model to generate UCI Epileptic data, we tried to use the exact same CNN

networks in all parts of the generative model. We used the same two CNN networks in

the autoencoder for both the encoder and the decoder. However, the UCI Epileptic dataset

has only 178 features compared to the MIMIC-III dataset’s 1071. We wanted to have the

same latent space of size 128 for both models. This lead us to reduce the size of our MLP
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networks in the encoder and the decoder. The size of the hidden layer between those two

MLP networks stayed the same between both models at 256. Since we used the same size for

the latent space for both datasets, we used the same generator for both models. However,

our input features are of different sizes and we had to make changes to the discriminator.

To adapt our discriminator model, we had to reduce the size of our model. The output of

the discriminator is a bit denoting if the record is fake or genuine. Since the UCI Epileptic

Seizure Recognition dataset has far fewer features, we needed to reduce our model size to

get to the same one bit output. To achieve this and adapt our model to the UCI dataset,

we used the same first three layers of our discriminator. We removed the fourth layer and

reduced the last layer’s kernel size from 3 to 2.

5.2 Experiments

In this section, we start by describing how we ran our experiments. Then we briefly describe

the evaluation metrics we used. Lastly, we go over the results of our experiments and

conclusions.

5.2.1 Setup

In the SCorGAN experiments, we used the MIMIC-III dataset [66, 67] as well as the UCI

Epileptic Seizure Recognition dataset [62]. The process for the MIMIC-III dataset was the

same as in the CorGAN experiments.

We described the UCI Epileptic Seizure Recognition dataset [62] in the previous section. It

has fewer features than MIMIC-III [66, 67], so we modified our model slightly to accom-

modate the new data structure. It is worth mentioning that the UCI dataset consists of
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floating-point numbers, so instead of binary cross-entropy, we used mean square error as the

loss function to train the autoencoder.

We developed SCorGAN in PyTorch 1.7. We used the batch of 64 with the Adam Optimizer

(same as CorGAN).

For evaluation, we compared SCorGAN to CorGAN and medGAN, to assess our new gen-

erative model, relative to the baseline models.

5.2.2 Evaluation Methods

To evaluate the performance of our model with the MIMIC-III and UCI Epileptic Seizure

datasets, we employ the following evaluation metrics. Just like our previous work, we divide

both of our datasets into Str and Ste for training and testing, respectively. After training it,

we use it to generate a synthetic dataset Ssyn with the same size as Str.

• Dimension-wise probability: This is the same metric we used to evaluate CorGAN.

We use it again to test SCorGAN with MIMIC-III. The probability of seeing an ICD-9

code in a patient should be close to seeing it in the real dataset.

• Maximum Mean Discrepancy (MMD) [82]: This is the same metric we used

to evaluate CorGAN. This metric measures similarity between the distribution of two

datasets. To evaluate our synthetic data, we use a slightly different version called

Kernel Maximum Mean Discrepancy [82], and we measure its value for our synthetic

data and our real testing dataset. Please note that these values were gathered us-

ing different experiments and are not comparable with MMD results of the previous

chapter.

• Binary Classifier: We use this metric to evaluate SCorGAN with the UCI Epileptic
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Seizure Dataset. We use multiple known classifier models, and we train them using

Ssyn. Then we evaluate the precision and recall of those classifiers when we use them

on Ste.

5.2.3 Dimension-wise Probability

Figure 5.2 shows dimension-wise probability results of medGAN, CorGAN, and SCorGAN.

Each point in the scatter plots represents an ICD-9 code with MIMIC-III. The closer the

points are to the y = x line, the better. All models are trained for 100 epochs using the

same settings. SCorGAN noticeably outperforms CorGAN and medGAN. In our testing,

dimension-wise probability results of CorGAN improve a great deal if it is trained for 300

epochs; see Figure 5.3. However, SCorGAN does not benefit from more training epochs but

it (see Figure 5.2.c and Figure 5.3.a) still outperforms a well-trained CorGAN. One of the

important parts of this graph is near the origin point; SCorGAN dots are closer to the y = x

line and are further away from the X axis and the Y axis. This shows that SCorGAN can

capture the features that rarely occur better than CorGAN and medGAN.

5.2.4 Maximum Mean Discrepancy

We report the results of our experiments with the MIMIC-III and UCI Epileptic Seizure

Recognition datasets in Tables 5.1 and 5.2, respectively. We generate a dataset of synthetic

data for each model and then compare it to the real dataset. If we compare the real dataset to

itself, the results should be zero. We are reporting our findings with the mean and standard

deviation of five experiments for each model. We only compared medGAN, CorGAN, and

SCorGAN as we have already established that both medGAN and CorGAN outperform our

baseline models.
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(a) medGAN (b) CorGAN

(c) SCorGAN

Figure 5.2: Results of dimension-wise probability analysis with MIMIC-III. Each point rep-
resents one ICD-9 code. The x-axis represents the real dataset, and the y-axis denotes the
synthetic dataset. The diagonal line displays the perfect scenario where they both have the
same probability. Models are trained for 100 epochs.

5.2.5 Binary Classifier

To evaluate the practicality of the generated synthetic dataset, we created this experiment

using binary classifiers. Since this is a binary classification task, we were limited to the UCI

Epileptic Seizure Recognition Dataset [62] as the MIMIC-III [66, 67] does not have a binary
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(a) CorGAN 300 Epochs (b) SCorGAN 300 Epochs

Figure 5.3: Results of dimension-wise probability analysis with MIMIC-III. Models are
trained for 300 epochs.

Table 5.1: Results of employing MMD on synthetic data of medGAN, CorGAN and SCor-
GAN with the MIMIC-III dataset.

Name MMD Score
medGAN 0.00105± 0.00014
CorGan 0.00125± 0.00018

SCorGan 0.00046 ± 0.00012

label associated with its records. We developed K-NearestNeighbors (KNN) [89], Random

Forest (RF) [90], Logistic Regression (LR), Decision Tree (DT), XGBoost Classifier [91],

and Gradient Boosting Classifier (GBC) models for the UCI dataset. Table 5.3 shows the

results of SCorGAN compared to CorGAN and medGAN. SCorGAN outperforms both the

CorGAN and medGAN generative models in all of the metrics using all classifiers. Please

note that having an abysmal recall value makes a poor generative model as we would like

to identify all patients experiencing a seizure. The results are not as good as with the real

dataset, but they are very close, and they present a remarkably good substitute for the real

data.
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Table 5.2: Results of employing MMD on synthetic data of medGAN, CorGAN and SCor-
GAN with the UCI Epileptic Seizure Recognition dataset.

Name MMD Score
medGAN 0.01667± 0.00196
CorGan 0.00953± 0.00032

SCorGan 0.00196 ± 0.00074

Table 5.3: Results of employing various binary classifiers on synthetic UCI Epileptic Seizure
Recognition data.

KNN RF LR DT XGBoost GBC
AUC (Real) 0.971 0.993 0.502 0.862 0.996 0.983

Precision 0.989 0.896 0.286 0.756 0.898 0.858
Recall 0.263 0.936 0.427 0.838 0.961 0.941

AUC (SCorGAN) 0.921 0.966 0.541 0.710 0.970 0.939
Precision 0.966 0.719 0.268 0.353 0.703 0.698

Recall 0.391 0.927 0.508 0.796 0.933 0.863
AUC (CorGAN) 0.834 0.569 0.494 0.529 0.629 0.595

Precision 0.475 0.249 0.391 0.218 0.265 0.274
Recall 0.754 0.751 0.392 0.574 0.591 0.555

AUC (medGAN) 0.632 0.980 0.506 0.560 0.641 0.668
Precision 1.000 1.000 0.253 0.710 0.750 0.546

Recall 0.003 0.164 0.477 0.468 0.312 0.647

5.3 Conclusion

In this chapter, we presented our improved model that we call SCorGAN. We demonstrated

that this new model is better at generating synthetic data than our baseline models, medGAN

and CorGAN, using the provided evaluation metrics.

5.3.1 Contributions

We made the following contributions in SCorGAN:
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• developed an improved autoencoder;

• introduced a minibatch subsampling technique; and

• developed new models to adapt to the UCI dataset.

We made improvements in the autoencoder model resulting in four times less error. We

proposed our method of minibatch subsampling to boost the training time by up to two

times. We modified both CorGAN and SCorGAN to generate a different type of EHR

dataset, and then we showed that this newer model can achieve significantly better results

in the same number of training epochs than our previous model, CorGAN, for both of the

MIMIC-III and UCI Epileptic Seizure datasets. Finally, we showed that our synthetic dataset

can be used instead of the real dataset to train classifiers that work with real data.



Chapter 6

Conclusions and Future Work

6.1 Conclusions

In this work, we aimed to solve the issue of EHR dataset availability by creating high-quality

synthetic data as a replacement for real EHR datasets. We started by determining the

research questions and research challenges, and described state-of-the-art generative models

and evaluation metrics that are widely used in the literature.

We developed our novel generative model, CorGAN. We demonstrate that it can create high-

fidelity datasets in various areas of medical records. We then developed a novel discriminator

model to evaluate the fidelity of our synthetic dataset. Additionally, we developed our

improved generative model, SCorGAN, by fine-tuning its architecture and employing a new

technique to make the training process faster. Lastly, we developed multiple traditional

classifiers using our synthetic dataset and showed that it is a practical replacement for real

EHR datasets.

6.2 Publications

Our work, and collaborative work in which we have played a significant role, have resulted

in four publications [3, 4, 5, 39].
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6.3 Future Work

In Chapter 3, we proposed a domain agnostic evaluation metric to assess the quality of

synthetic datasets. In addition to being domain-agnostic, our evaluation metric can assess

the performance of any generator mode. However, it cannot assess all types of datasets.

Our metric employs Siamese neural networks, and it requires labeled datasets in its training

phase. Therefore, it cannot be used to evaluate non-labeled synthetic datasets. Developing

another approach that can evaluate non-labeled datasets using Siamese networks would be

interesting future work. Additionally, we evaluate our model in limited areas. An interesting

effort would be applying it in other areas and comparing it to other metrics.

In Chapter 4, we proposed a novel generative model using Convolutional Neural Networks.

We then improved it in Chapter 5. We used WGAN in both models. It would be inter-

esting to see how other GANs perform in a similar experiment. Additionally, we employed

Convolutional Autoencoders in our generative model. An interesting work would be to use

a different model to map input data into a continuous space for GAN training. Lastly, re-

searchers have proposed various methods to improve GAN’s training. Future work including

these improvement techniques on top of our model could lead to promising results.
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