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ABSTRACT

Privacy concerns around sharing personally identifiable information are a major
practical barrier to data sharing in medical research. We utilize Generative Adver-
sarial Networks (GANs) to create medical imaging datasets consisting entirely of
synthetic patient data. We assess the quality of synthetic data generated by two
GAN models for chest radiographs with 14 different radiology findings and brain
computed tomography (CT) scans with six types of intracranial hemorrhages. We
measure the synthetic image quality by the performance difference of predictive
models trained on either the synthetic or the real dataset. We find that synthetic
data performance disproportionately benefits from a reduced number of unique
label combinations and determine at what number of samples per class overfitting
effects start to dominate GAN training. We conducted a reader study in which
trained radiologists do not perform better than random on discriminating between
synthetic and real medical images for both data modalities to a statistically signif-
icant extent. Our open-source benchmark offers valuable guidelines and outlines
practical conditions under which insights derived from synthetic medical images
are similar to those that would have been derived from real imaging data.

1 INTRODUCTION

Sharing sensitive data under strict privacy regulations remains a crucial challenge in advancing med-
ical research (Lo, 2015), especially due to the potential abuse of personal information (Haas et al.,
2011). While there have been several large-scale research collaborations to pool and de-identify
medical data for open-source research purposes (Bycroft et al., 2018; Clark et al., 2013), most data
is still isolated in hospitals and laboratories due to privacy concerns (van Panhuis et al., 2010).

In medical research, information is often analysed at the level of cohorts rather than individuals. A
potential solution to the medical data sharing bottleneck, is therefore, the generation of synthetic
patient data that, in aggregate, has similar statistical properties to those of a source dataset without
revealing sensitive private information. Among other generative deep learning models (Vahdat &
Kautz, 2020), GANs have demonstrated the capability to generate realistic, high-resolution imaging
datasets (Karras et al., 2019; Brock et al., 2019). GANs have been utilized within several medical
domains, among others, for the generation of retinal images (Costa et al., 2018), skin lesions (Ali
et al., 2019), hematoxylin and eosin (H&E) stained breast cancer tissue (Quiros et al., 2020), x-ray
mammographs (Zhou et al., 2020) or chest radiographs (Han et al., 2019).

To the best of our knowledge, there is no work aimed at providing a comprehensive benchmark
analysis for the generation of synthetic medical images. Our contributions can be summarized as
follows: 1) We develop an open benchmark to analyse the generation of synthetic medical images
when varying the number of classes, the number of samples per class, and the spatial resolution. 2)
We present valuable guidelines for the effective generation of medical image datasets by evaluating
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our open-source benchmark. 3) We analyse privacy considerations, assess the causal contributions
of predictive models trained on the synthetic datasets, and conduct a large-scale reader study in
which trained radiologists discriminate between real and synthetic medical images.

2 APPROACH

We randomly split each patient cohort into training, validation and test set within strata of radiology
�ndings. We developed all GAN models on the training datasets and stopped GAN training when the
Fréchet Inception Distance (FID) score (Heusel et al., 2017) converged (A.5). Next, we generated
synthetic data for the train and validation folds by conditioning on the respective labels. In all
settings, we used a pre-trained densenet-121 Convolutional Neural Network (CNN) (Huang et al.,
2017) as a predictive model, with the mean area under the receiver operating characteristics curve
over all labels (AUC) as the evaluation metric (A.6). For each classi�er, we stopped training when
the validationAUC converged, after which we evaluated both on the separate, real data test fold to
compute the difference in performance:AUC real � AUC syn . We repeated all experiments multiple
times with varying random initialisation to perform statistical tests (A.7).

The prog-GAN model refers to the progressive GAN as a reference model (Karras et al., 2018),
still commonly used in medical image generation (Ali et al., 2019; Han et al., 2019). The cpD-
GAN refers to our novel model, based on the prog-GAN with changes to the architecture and the
discriminator and generator conditioning (A.4.2). To assess the generalisation capabilities, there is
no �ne-tuning across different benchmark settings, only when increasing the resolution, we make
the necessary changes to the network architectures.

The model performance is evaluated across three benchmark dimensions, detailed in Table 1. First,
we varied the number of classes (unique binary label combinations) included in the dataset. Next,
we �xed the present classes and assessed how changes in the number of samples per class impacted
performance. While we evaluated the �rst two benchmark settings at a resolution of32� 32pixels,
we �nally analysed how increasing the resolution to64 � 64 and128 � 128 pixels affected our
scores. We only performed changes across a single dimension at a time to ensure no confounding
factors can impact training.

For further insights we compared the predictive models' feature importance when trained on either
real or synthetic datasets, estimated with the method of Schwab & Karlen (2019) (A.9). We ad-
dressed privacy concerns by analysing differences between synthetic images and the most closely
matching nearest neighbour images from the entire training dataset (A.8). Finally, we conducted a
reader study in which we asked trained radiologists to label a mixed set of100images for both data
modalities as real or synthetic (cpD-GAN) at a resolution of128� 128pixels (A.10 and A.12).

3 RESULTS

Both models are stable across all benchmark settings with no collapses. The prog-GAN achieved
an averageAUC real � AUC syn score of0:0495 (� 0:0276)across all settings on chest x-rays and
0:1367 (� 0:0324) on brain scans. These scores were improved with the cpD-GAN that achieves
0:0206 (� 0:0100)on the chest x-rays and0:0650 (� 0:0198)on the brain scans.

3.1 IMPACT OF NUMBER OF CLASSES

The classi�cation performance on both real and synthetic data increased when we lowered the num-
ber of classes present in the dataset. We reason that the complexity of the predictive task decreases
with fewer label combinations, resulting in higherAUC scores. However, as can be seen in Figure
1a and 1b, the differences inAUC real � AUC syn scores also decreased when lowering the num-
ber of classes. For both datasets, the differences between the extreme cases (20 and2 classes for
the chest x-rays and10 and2 classes for the brain CT scans) for the cpD-GAN were statistically
signi�cant (p-values< 0:0001). The relative performance increase was even more pronounced for
the prog-GAN. The trend of improvement in classi�er performance when trained on synthetic data
versus the performance when trained on real data shows that GAN models and the generated data
quality disproportionately bene�ted from a smaller label space, thereby con�rming the signi�cance
of the class conditioning methods. One crucial difference between the two evaluated GAN models
is the improved label conditioning mechanism used with the cpD-GAN (Miyato & Koyama, 2018).
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Figure 1: Benchmark results. In each �gure, AUC real scores are indicated by the black line
with the shaded area representing the standard deviation across repeated experiments. The bar plots
represent theAUC syn scores generated by the cpD-GAN (blue) and prog-GAN (red), while the error
bars indicate the standard deviation. The sub�gures show the changes in predictive performance
observed when varying the number of classesa) for chest x-rays andb) for brain CTs, the number
of samples per classc) for chest x-rays andd) for brain CTs, and the image resolutione) for chest
x-rays andf) for brain CTs.

Due to its inferior conditioning, the prog-GAN model bene�ted from a lower class number to a
greater extent. Two important practical guidelines for synthetic data generation in medical imag-
ing can be derived from these results: 1) Even though rare �ndings may be of particular medical
interest including them could hurt performance and 2) research on the conditioning mechanism of
GAN models should be prioritized as it is likely to lead to signi�cant performance improvements,
especially for downstream tasks.

3.2 IMPACT OF NUMBER OF SAMPLES PER CLASS

When we lowered the number of samples per label combination included in each dataset, the predic-
tive performances obtained when training on real and synthetic data remained similar until approxi-
mately3; 000samples per class, see 1c and 1d. These results indicate that GAN model performance
may be stable when the training data consists of at least3; 000 samples per class. After that both
the AUC real andAUC syn scores started to decrease substantially. However, we observed a rela-
tive performance improvement, meaning decreasingAUC real � AUC syn scores for the cpD-GAN,
when moving towards low numbers of samples. Despite the heightened variance in predictive per-
formance, the difference in the scores between the extrema (5; 950 and200 samples per class for
the chest x-rays and5; 400and100samples per class for the brain CT scans) was statistically sig-
ni�cant (p-values< 0:001). The observed trend in performance in the low data regime indicates
the growing effects of label over�tting during GAN training: Given a low number of samples, the
variation within real images becomes too low, and the generative model may resort to memorizing
label information in the training set instead of learning the real data distribution. This is supported
by the fact that the FID scores increase towards low sample regimes indicating a decreasing image
quality. In practice this means that no guarantees on the label and image consistency of synthetics
from rare classes can be given.

3.3 IMPACT OF RESOLUTION

When increasing the resolution from32� 32pixels to128� 128pixels, allAUC scores improved,
as shown in Figure 1e and 1f. For both models theAUC real � AUC syn scores either remain similar
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