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Deep learning algorithms trained on medical images often encounter limited data availability, 
leading to overfitting and imbalanced datasets. Synthetic datasets can address these challenges by 
providing a priori control over dataset size and balance. In this study, we present PACGAN (Progressive 
Auxiliary Classifier Generative Adversarial Network), a proof-of-concept framework that effectively 
combines Progressive Growing GAN and Auxiliary Classifier GAN (ACGAN) to generate high-quality, 
class-specific synthetic medical images. PACGAN leverages latent space information to perform 
conditional synthesis of high-resolution brain magnetic resonance (MR) images, specifically targeting 
Alzheimer’s disease patients and healthy controls. Trained on the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI) dataset, PACGAN demonstrates its ability to generate realistic synthetic images, 
which are assessed for quality using quantitative metrics. The ability of the generator to perform 
proper target synthesis of the two classes was also assessed by evaluating the performance of the pre-
trained discriminator when classifying real unseen images, which achieved an area under the receiver 
operating characteristic curve (AUC) of 0.813, supporting the ability of the model to capture the target 
characteristics of each class. The pre-trained models of the generator and discriminator, together with 
the source code, are available in our repository: https://github.com/aiformedresearch/PACGAN.

The development of deep learning (DL) techniques, with their ability to automatically extract high-level features 
from raw data, shows great promise in medical imaging, where data are inherently digital. Convolutional neural 
networks (CNNs)1 are the most common type of DL models for medical imaging and could potentially automate 
various time-consuming tasks performed by radiologists for disease diagnosis2. These algorithms can assess 
features that were previously overlooked by radiologists and arrive at a repeatable conclusion in a fraction of 
the time required for a human interpreter. Although DL techniques can provide such benefits to radiologists, a 
CNN has many training parameters that can reach millions, which requires a large amount of training data to 
avoid overfitting. However, medical images typically have a dataset size lower by orders of magnitude compared 
to natural images due to limited availability caused by data privacy regulations3. Furthermore, medical data are 
generally imbalanced because healthy subjects usually outnumber patients with a disease. Since classification 
algorithms typically rely on balanced datasets, they may encounter varying degrees of defects when dealing with 
imbalanced data classification because the model may interpret data contained in the smaller classes as noisy 
values.

Data augmentation is a consolidated approach to address these issues by modifying the training data. It 
provides a way to artificially expand a dataset to help the model avoid learning features that are too specific to 
the original training data, which enhances the model’s generalizability and ultimately improves the performance 
on the test set. Basic augmentation methods employ geometrical transformations such as translation, rotation, 
flipping, cropping, and occlusion. While they are simple to compute, their output is strongly dependent on the 
original data4–6.

A promising and increasingly popular technique in artificial intelligence is the generation of synthetic data. 
Among the generative models, two techniques have emerged in recent literature:generative adversarial networks 
(GANs)7 and diffusion models8. GANs are a DL-based approach that can automatically learn to generate realistic 
images belonging to the same distribution as the training set, achieved through the adversarial training of two 
DL models. In contrast, diffusion models iteratively denoise noisy images through a learned diffusion process to 
generate new data instances aligned with the training data distribution. Despite the promise of diffusion models, 
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recent studies have highlighted concerns regarding their tendency to overfit training data compared to GANs9,10. 
This propensity for overfitting is a serious limitation in sensitive domains such as healthcare, where securing 
patient privacy is critical.

This characteristic makes GANs particularly well-suited for generating medical images, leading the research 
community to increasingly employ GANs in the field of medical imaging11–13. One of the main potential 
benefits of GANs is that they take many decisions away from the user. An ideal GAN is able to estimate the 
underlying theoretical distribution of the finite training samples, and thereby the effect is to simultaneously 
apply augmentation to each source of variance within the dataset. While traditional methods can only augment 
or remove linear sources of variance, such as size or rotation, a trained GAN can directly learn the distribution 
of many sources of variance from the available data. For example, when training a GAN with a dataset of MRI 
brain images with different gyro-sulcal morphology, the model can learn the source of variance of the gyri and 
sulci shapes, enabling the synthesis of images along the continuum of all shapes. As a result, GANs infer this 
model directly from the training data without the need for a complex model of realistic gyro-sulcal morphology. 
One potential limitation of using GANs is the possibility of producing images with imperfect fidelity. However, 
realism is not necessarily a goal when creating augmented data because even unrealistic images can help produce 
a more generalizable model5.

During the training phase, two DL models – a generator and a discriminator – are jointly trained in a zero-
sum game, whereby as the discriminator improves its ability to differentiate between real and fake samples, it 
reduces the generator’s performance in producing realistic synthetic samples, and vice versa. The discriminator 
is a classifier trained to distinguish real images from fake ones – produced by the generator. The generator 
takes a random vector z as input and is trained to generate synthetic images that are realistic according to the 
discriminator output, treating the input vector as its latent space. However, a drawback of GANs is the lack 
of control over the modes of the generated data. While they are capable of generating new random plausible 
examples for a given dataset, there is no way to control the types of generated data. In scenarios where datasets 
include additional information, such as a class label, it is desirable to use that to synthesize target data. The 
Auxiliary Classifier GAN (ACGAN)14 modifies the GAN architecture to generate target images. The generator of 
the ACGAN takes as input both the vector z and the label y of the data to be generated and produces synthetic 
images of the target class. The discriminator, on the other hand, exclusively receives images (real and generated) 
and is trained not only to determine their realness but also to estimate their class label. In this way, the ACGAN 
overcomes the aforementioned drawback enabling targeted image synthesis. Another limitation of both GAN 
and ACGAN is the limited resolution of the generated images. The generator must learn how to output both the 
large-scale structure and fine details simultaneously, leading to a poor capacity for generating high-resolution 
images. Moreover, the details of the high-resolution images make it easier to discriminate real images from fake 
ones, causing the training process to fail. Finally, the training of a GAN that generates large images, such as 1024 
×  1024, requires smaller minibatches, leading to greater instability in the training process15. The Progressive 
Growing GAN15 proposes a solution to the problem of training stable GAN models for larger images. The basic 
idea is to train the GAN network in multiple phases, incrementally adding layers to the discriminator and 
generator models to manage images with increasingly higher resolution. This approach enables the model to 
first discover the large-scale structure of the image distribution and then shift its focus to increasingly finer-scale 
details, instead of having to learn all scales simultaneously. Although it can generate high-resolution images, the 
Progressive Growing GAN has the same drawback as GANs, i.e., it cannot perform conditional image synthesis.

In this study, we introduce Progressive ACGAN (PACGAN), a proof-of-concept model that integrates the 
strengths of ACGAN and progressive growing GAN to generate high-resolution, class-specific medical images. 
PACGAN is designed to address the dual challenge of realistic high-resolution synthesis and controlled class-
conditioned generation, making it a promising candidate for medical data augmentation. PACGAN consists of a 
generator that synthesizes high-resolution brain MR images conditioned on class labels and a discriminator that 
distinguishes real from synthetic images while also classifying them into categories. By evaluating the pre-trained 
discriminator on unseen real images, we assessed whether the learned latent representations are sufficiently 
robust to guide the generation of high-quality, class-specific synthetic images. To demonstrate its capability, we 
trained and tested PACGAN on 2444 structural magnetic resonance (MR) images from the Alzheimer’s Disease 
Neuroimaging Initiative (ADNI)16 dataset (http://adni.loni.usc.edu), which includes MRI data of patients with 
Alzheimer’s Disease (AD) and healthy controls (HC), and we used it to generate and classify images of the two 
classes.

To further assess the practical utility of PACGAN, we explored its application in a downstream classification 
task involving the diagnosis of AD from brain MR images. Specifically, we simulated a realistic scenario in 
which a researcher has access only to a small labeled dataset, a common situation due to privacy regulations or 
restrictive data sharing agreements. In such low-data settings, training a classifier from scratch is challenging, 
and using a pretrained model can be highly beneficial – especially if the pretraining was performed on images 
from the same domain. However, when access to large sets of real images for pretraining is not possible, 
synthetic images generated by a model like PACGAN may serve as an alternative. Therefore, we tested whether 
pretraining a ResNet-18 classifier on PACGAN-generated images could enhance classification performance in 
this constrained setting, thereby evaluating the value of PACGAN as a tool to support learning when real data 
is scarce or inaccessible.

Results
The quality of the images generated by PACGAN was quantitatively evaluated using three metrics: Fréchet 
Inception Distance (FID)17,18, Kernel Inception Distance (KID)18,19, and Structural Similarity Index Measure 
(SSIM)20. These metrics assess different aspects of similarity between the generated and real images, providing 
a multifaceted evaluation of the performance of PACGAN. While FID and KID quantify the distance between 
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feature distributions, assessing the distributional and statistical properties of the generated images, SSIM focuses 
on pixel-level structural similarity, capturing fine-grained details that reflect local image quality.

The computed metric values are presented in Table  1, where they were calculated under three different 
configurations. In the first row (Real/Fake), the synthetic images were compared to real ones to assess their 
realness. In the subsequent rows, the metrics were computed by considering images from the same distribution 
(Real/Real and Fake/Fake) to estimate their diversity. The comparison between the last two values was used to 
evaluate the network’s capability to capture the real distribution.

To assess the capability of PACGAN in generating target images, we computed the KID and the SSIM for 
images within the same class. For KID, we used batches of 50 images, while for SSIM, we compared 1000 image 
pairs, as detailed in the Methods section. Table 2 presents the mean and standard deviation of these two metrics 
for each class. The similarity between synthetic and real images (Real/Fake) within each class should reflect the 
inherent balance observed in the real dataset (Real/Real). Furthermore, the distribution of synthetic data (Fake/
Fake) should exhibit similar behavior. Figure 1 shows representative examples of synthetic images generated by 
PACGAN for each class along with images from the test set.

To further evaluate the performance of PACGAN in generating target images, we assessed the ability of the 
trained discriminator to classify new real instances. Since the generator was trained using the discriminator as 
a guide, this evaluation provides an indirect measure of the generator’s capability to synthesize target images. 
The area under the receiver operating characteristic curve (AUC) was 0.814 for real images (on a separate test 
set, different from PACGAN’s training set) and 1.0 for synthetic ones. To contextualize the performance of the 
discriminator, we trained several ResNet models (ResNet-18, ResNet-34, ResNet-50, and ResNet-101) using the 
same training set as PACGAN and evaluated them on the same independent test set. These models, fine-tuned 
for 10 epochs using Adam optimizer with a learning rate of 0.001, achieved AUC scores of 0.760, 0.784, 0.755, 
and 0.748, respectively – all of which were lower than the 0.814 AUC achieved by the PACGAN discriminator.

To evaluate PACGAN’s utility in real-world scenarios, we simulated the situation of a researcher with limited 
access to labeled data attempting to improve classification performance through pretraining. Specifically, we 
compared two ResNet-18 classifiers: one pretrained on ImageNet, and the other pretrained on 3,000 synthetic 
brain MR images generated by PACGAN. Both models were then fine-tuned for 10 epochs on two subsets of 

HC AD

KID ↓ SSIM ↑ KID ↓ SSIM ↑

[0, ∞ ) [0, 1] [0, ∞ ) [0, 1]
Real/fake 0.050 ±  0.004 0.598 ±  0.036 0.059 ±  0.005 0.606 ±  0.037

Real/real 0.000 ±  0.001 0.605 ±  0.055 0.000 ±  0.001 0.618 ±  0.074

Fake/fake 0.000 ±  0.001 0.612 ±  0.049 0.000 ±  0.001 0.629 ±  0.061

Table 2.  Mean and standard deviation of the kernel inception distance (KID) and structural similarity index 
measure (SSIM) for each class: healthy controls (HC) and alzheimer’s disease (AD). The range of each metric 
is indicated in the table header. The symbol ↑  means that a higher value indicates greater similarity, while ↓  
denotes the opposite. The KID was computed using batches of 50 images from the same class, while the SSIM 
was calculated between 1000 couples of images from the same class. Supplementary methods contain image 
data IDs for real images involved in the computation, and synthetic images are available in the supplementary 
material as a NIfTI file.

 

FID ↓ KID ↓ SSIM ↑

[0, ∞ ) [0, ∞ ) [0, 1]
Real/fake 51.894 0.052 ±  0.005 0.602 ±  0.037

Real/real 0.000 0.000 ±  0.001 0.611 ±  0.065

Fake/fake 0.000 0.000 ±  0.002 0.621 ±  0.056

Table 1.  Synthesis performance of the PACGAN for the final model trained on the entire training set, 
computed considering the images of the test set as the “real” distribution. The quality of the synthetic images 
was evaluated using the Fréchet inception distance (FID), kernel inception distance (KID), and structural 
similarity index measure (SSIM). The range of each metric is indicated in the header. The symbol ↑  indicates 
that a higher value corresponds to greater similarity, while ↓  means the opposite. The quality metrics 
computed for the comparison between real and synthetic images (Real/Fake) serve as an index of the realness 
of the synthetic images. The same metrics computed between images from the same distribution (Real/Real 
and Fake/Fake) enable the assessment of the diversity of the generated images. Image data IDs for real images 
used in the computation are provided in supplementary methods, and synthetic images are accessible as a 
NIfTI file in the supplementary material.
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real brain MR data, containing either 100 or 200 real images. Performance was evaluated on a separate test set 
of 100 images. Table 3 presents the AUC and coefficients of variation, computed over 100 bootstrap repetitions.

The results presented in this study were obtained using a model that underwent a grid search to optimize 
three hyperparameters: zdim, embdim, and λ cls, as defined in the Method section. The process for selecting 
the best model is described in detail in the PACGAN hyperparameter tuning section below. Supplementary 
Table 1 provides a summary of the various hyperparameter combinations explored in the grid search 
( zdim ∈ {100, 300, 512}, embdim ∈ {2, 3, 4, 5, 6, 7, 8}, λ cls ∈ {3, 4, 5, 6}) along with the 
corresponding results for each training configuration. For each training iteration, quantitative metrics (FID, KID, 
SSIM) were computed by comparing the synthetic images with real images (Real/Fake column) and with other 
synthetic images within the fake distribution itself (Fake/Fake column). Additionally, the AUC on the validation 
set was calculated. Based on these results, the hyperparameter configuration yielding the best performance was 
determined to be zdim = 512, embdim = 3, and λ cls = 4, as detailed in the PACGAN hyperparameter tuning 
section. The results presented in Supplementary Table 1 demonstrate the high stability of PACGAN training, 
with only 2 out of 105 training runs failing to reach convergence. This indicates that the training process achieved 
convergence in 98.1% of the cases, consistently demonstrating excellent performance in image generation and 
classification of new instances. Supplementary Figs. 1–3 depict the average classification performance of the 
discriminator under varying values of the three hyperparameters. The consistent performance observed across 
all values indicates that the discriminator’s ability to differentiate between the classes remains unaffected by the 
hyperparameters of the generator.

Discussion
This study introduces PACGAN, an adaptation of GAN-based architectures specifically developed to generate 
high-resolution synthetic images of a target class while monitoring the accuracy of class representation. The 

Training set size

Average AUC CV

ImageNet PACGAN ImageNet PACGAN

100 images 0.678 0.703 0.1137 0.0727

200 images 0.713 0.760 0.0840 0.0533

Table 3.  Utility assessment. Average area under the ROC curve (AUC) and coefficient of variation (CV) 
computed for two ResNet-18 classifiers pretrained on imagenet and on PACGAN-generated images. Both 
models were fine-tuned using datasets of 100 and 200 images, respectively, across 100 bootstrap repetitions, 
and tested on a test set of 100 images.

 

Fig. 1.  Comparison of synthetic images generated by the PACGAN with real brain MRI. (a, b) display real 
brain MRI of healthy controls (HC), while (c, d) depict real brain MRI images of Alzheimer’s Disease (AD) 
subjects. Image Data IDs from the ADNI dataset: I217939, I1391580, I50702, I1190066, respectively. On the 
lower row, (e, f) present synthetic brain MRI images of HC subjects, while (g, h) show synthetic brain MRI 
images of AD subjects.
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model achieves this by progressively training on labeled data of increasing size. In this study, we used a dataset 
comprised of 2D brain MRI images extracted from the central axial slice of each volume sourced from the ADNI 
dataset. The ADNI dataset encompasses images of both AD patients and HC. The training process involves two 
distinct networks, namely the generator and discriminator, which are trained in an adversarial manner. The 
objective is to enable the generator to synthesize new images by leveraging the discriminator’s feedback as a 
guiding mechanism. In this study, the discriminator is trained to perform two key tasks. Firstly, it distinguishes 
between real and fake data thus providing valuable guidance to the generator for synthesizing more realistic 
images. Additionally, the discriminator is also trained to classify images into the AD and HC classes, further 
assisting the generator in producing accurate representations of each class. Upon completion of the training 
process, the generator exhibits the capability to generate full-resolution synthetic brain MRI images of both 
AD patients and HC. At the same time, the discriminator demonstrates good accuracy in classifying new data 
instances, suggesting that its internal model, which guided the generator in synthesizing target images for both 
classes, accurately represents brain MRI slices of both HC and AD subjects. The quality of the synthetic images 
is deemed satisfactory. This is supported by the metrics presented in Table 1 and the visual evidence depicted 
in Fig. 1. Indeed, the synthetic images closely resemble the structural characteristics of real images, albeit with 
certain limitations in capturing finer details. The generator is equally effective in synthesizing target images 
for both classes, as evidenced by the similarity loss values provided in Table 2. These values indicate that the 
realism of the images from both classes is comparable, as assessed by three different similarity scores. The 
fidelity of representation in the synthetic instances for each class relies on the discriminative capabilities of 
the discriminator. Indeed, throughout the training process, the discriminator indirectly guides the generative 
process, influencing the generator’s ability to produce accurate representations. This is confirmed by the 
discriminator’s classification of the synthetic images, achieving an AUC value of 1.0. This result indicates that the 
generator successfully captures the latent space of the discriminator and generates target images according to it.

To further evaluate the effectiveness of the discriminator, we compared its performance to ResNet classifiers 
trained on the same dataset used to train PACGAN. Specifically, ResNet-18, ResNet-34, ResNet-50, and 
ResNet-101 were trained on real brain MRIs and tested on the same independent test set. The discriminator 
outperformed all of them, achieving an AUC of 0.814. This suggests that the discriminator effectively learned 
meaningful feature representations for classifying real brain MR images.

We also compared the performance of the discriminator to the state-of-the-art classifiers from the literature. 
However, this comparison was complicated by the fact that, in this exploratory investigation, we focused on 
generating 2D images. This approach, in fact, imposed limitations on the discriminator’s capabilities, as it was 
only able to classify based on a single slice of brain MRI for each subject, rather than considering the entire 3D 
volume. Consequently, the performance of our model did not reach that of state-of-the-art classifiers, which 
achieved AUC scores exceeding 0.89. This discrepancy can be attributed to the fact that these classifiers utilized 
3D-CNN21–26, enabling them to analyze the complete volume of brain MRI for each subject. Alternatively, some 
studies incorporated classic CNN architectures while considering multiple slices for each subject27,28 and, in 
some cases, integrating genetic or demographic features. Despite the disadvantage of relying on a single brain 
MRI slice, PACGAN demonstrated a commendable ability to capture the distribution of real data with good 
accuracy. Our findings exhibit a promising behavior that we anticipate can be enhanced by extending the 
network’s functionality to work with 3D data.

To appraise the quality of the synthetic images produced by the generator, we computed three quantitative 
metrics as mentioned above. The metrics employed were FID and KID, which compare the feature distributions 
of real and synthetic images, quantifying how closely the generated images resemble the real data in terms of 
high-level representations. Additionally, we employed SSIM to evaluate perceptual similarity, which evaluates 
image quality based on pixel-wise structure, luminance, and texture. SSIM is particularly relevant for medical 
imaging, such as brain MRIs, as it takes into account structural patterns.

The FID is a widely utilized metric for evaluating the quality of synthetic images29, which has shown to be 
consistent with human perceptual evaluation of medical images30. However, its application to synthetic brain 
MRI has been limited, with only a few studies31–34 implementing it in the context of synthetic brain MRI. The 
reported FID values in these studies ranged between 37.01 and 131.62. However, direct comparison of FID 
scores across different studies can be challenging since this metric depends on the number of images used in 
its computation19. To address this challenge, we also implemented the KID as an additional metric. Unlike FID, 
KID is not biased by the number of images considered19. However, we were unable to find prior studies that 
employed this metric for assessing the realism of synthetic imaging data in our specific domain, thus limiting 
our ability to make direct comparisons. Supplementary Figs. 1–3 show that both FID and KID exhibit similar 
trends when varying the value of each hyperparameter. Considering the typically limited availability of medical 
imaging data and the resulting potential bias of FID, we recommend using KID as an alternative for assessing 
the realism of synthetic images in the medical field. This is particularly relevant where the scarcity of images is 
a common challenge, as KID provides a more suitable evaluation metric. It is worth noting that both FID and 
KID rely on the Inception Net which was trained on ImageNet, a dataset containing natural images. As a result, 
discrepancies between these metrics and human judgment may arise when working with non-ImageNet data, 
such as brain MRI.

The primary metric commonly used to assess the realness of synthetic brain MRI is SSIM35. This score 
measures the similarity between pairs of images ranging from 0 to 1, with 1 indicating maximum similarity (i.e., 
identical images). PACGAN achieved an SSIM score of 0.602, which may initially seem lower when compared to 
previous works36–48 reporting values between 0.57 and 0.98. However, it is important to note that the obtained 
SSIM value is optimal in our specific case. Specifically, the optimal SSIM value between the real and synthetic 
images should be comparable to the score between pairs of real images (Real/Real in Table 1). A higher SSIM 
value would indicate that, on average, pairs of real and fake images are more similar than pairs of real images, 
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hence not reflecting the real distribution. In this regard, our optimal SSIM score of 0.602 holds significance, as it 
closely aligns with the SSIM between pairs of real images (0.611), demonstrating a satisfactory level of similarity 
and realism for the synthetic brain MRI images generated by PACGAN, highlighting the model’s capability to 
generate realistic images. Furthermore, it is crucial, as suggested by Odena and colleagues14for the similarity 
between images from the synthetic distribution to be comparable to the similarity between images from the real 
distribution. A high SSIM value solely within the synthetic images would indicate that the generator of the GAN 
is afflicted with mode collapse, where it produces only a subset of images that are realistic enough to deceive the 
discriminator, failing to capture the full variability of the target distribution. In our case, the metrics computed 
using pairs of synthetic images (Fake/Fake in Table 1) are comparable to those computed between real images 
(Real/Real), indicating that PACGAN successfully avoids the problem of mode collapse. The model effectively 
captures the diversity and variability present in the target distribution, reinforcing its ability to generate diverse 
and realistic synthetic images.

To provide a benchmark for our results, we conducted an extensive literature review to identify previous 
studies that utilized GANs for brain MRI synthesis. Our analysis revealed that the majority of works focused 
on multi-modal synthesis32,36–46,49 to generate images representing different modalities. Conversely, only a few 
studies specifically aimed at data augmentation47,48,50,51. In terms of generating synthetic brain MRI of specific 
classes, we found only two studies51,52 that shared a similar objective to ours, targeting the generation of synthetic 
brain MRI for two classes: AD and HC. Notably, the majority of the other studies focused on generating images 
for a single class, rather than differentiating between classes. This comparison highlights the novelty of our study 
in generating synthetic brain MRI images for two distinct classes, and the limited number of existing studies that 
share this specific purpose. Han et al.51 employed a two-step approach to generate full-size brain MRI images of 
two classes: one progressive growing GAN was trained for each class (with and without tumors) separately. On 
the other hand, Islam et al.52 focused on generating synthetic brain positron emission tomography (PET) images 
representing three different stages: AD, mild cognitive impairment (MCI), and HC. They trained three GANs, 
each dedicated to generating images for one of the three classes, which tripled the computational time required. 
In comparison, our model addresses the task of data augmentation and has a distinct advantage. It only requires 
a single training process to generate images belonging to multiple classes. This approach enables PACGAN to 
learn a more comprehensive and faithful model of the real data distribution and the distinguishing features 
associated with each class. Consequently, our model offers increased efficiency and versatility in generating 
target images across a range of classes for data augmentation purposes.

To assess the practical utility of PACGAN-generated images, we conducted a downstream classification 
experiment designed to emulate a realistic low-data scenario, where access to large, labeled datasets is 
constrained due to privacy regulations or restrictive data sharing policies. Within this setting, we investigated 
whether synthetic images generated by PACGAN could serve as effective pretraining data to improve diagnostic 
accuracy in AD classification. Specifically, we compared two ResNet-18 classifiers: one pretrained on ImageNet, 
a standard benchmark for natural image features, and the other pretrained on 3000 synthetic brain MR images 
generated by PACGAN. Both models were subsequently fine-tuned on limited real data consisting of 100 and 
200 T1-weighted MR images sampled from the National Alzheimer’s Coordinating Center (NACC) dataset. 
Importantly, the NACC dataset differs from the ADNI dataset (used to train PACGAN) in both diagnostic 
criteria and population characteristics, thereby introducing a domain shift that increases the complexity of the 
classification task. Despite this, across 100 bootstrap repetitions, the average AUC achieved by the classifiers 
pretrained on PACGAN-generated images was higher than that of those pretrained on ImageNet. Moreover, the 
CV across bootstrap repetitions was lower for PACGAN, indicating reduced variability in performance. These 
findings suggest that PACGAN-generated images may support more consistent classifier performance in low-
data settings where real-domain pretraining data are unavailable.

We acknowledge several limitations in our study. Firstly, our demonstration of PACGAN focused on 
generating 2D images specific to a target class. However, considering that medical imaging data is typically 
acquired in 3D volumes, extending the PACGAN architecture to handle 3D data could provide a more 
comprehensive representation of the input data. This extension would enable PACGAN to compete with current 
state-of-the-art classifiers in the field, which often leverage 3D volumes for analysis and classification tasks. 
Moreover, the model has been trained on images from a restricted number of participants, thereby constraining 
its performance potential. Increasing the number of subjects in the training set could potentially enhance both 
the quality of the generated images and the classification performance of the discriminator. Finally, our evaluation 
of synthetic images involved the use of quantitative metrics and the assessment of classification performance 
by the discriminator, without the direct involvement of expert radiologists. However, it is important to note 
that the diagnostic accuracy of these synthetic images cannot be guaranteed. Therefore, further validation and 
assessment by medical professionals would be necessary to determine the clinical utility and diagnostic accuracy 
of the generated synthetic images.

In conclusion, PACGAN demonstrates its potential in two key aspects: (i) synthesizing brain MRI images of 
AD patients and HC, and (ii) accurately discriminating new instances between the two classes. The conditional 
synthesis capability of PACGAN offers the opportunity to generate a synthetic dataset that comes with 
native labels. Moreover, PACGAN exhibits versatility and applicability beyond brain MRI images. Indeed, its 
architecture can be adapted to generate high-resolution samples of various classes in the domain of natural and 
medical images. The flexibility of the model extends to accommodating images of resolutions other than the 
256 ×  256 size. The framework’s source code, available on the GitHub repository, is accompanied by Docker 
containerization, enabling researchers to readily adapt and deploy PACGAN for their specific image synthesis 
tasks.
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Methods
Data source
PACGAN is a generalizable model that can be trained with different labeled datasets to generate and classify 
images belonging to two or more classes. For this study, we utilized data obtained from the Alzheimer’s Disease 
Neuroimaging Initiative (ADNI), which can be accessed through the LONI Image and Data Archive (IDA) 
research data repository. Access to the data, public and freely accessible, can be obtained by researchers through 
the website http://adni.loni.usc.edu/data-samples/adni-data/. Interested individuals are required to submit an 
online application form that contains the institutional affiliation of the investigator and the intended purpose of 
data usage. Diagnostic classification in ADNI is obtained based on the Mini-Mental State Examination (MMSE), 
Clinical Dementia Rating (CDR) score, and the Logical Memory II subscale of the Wechsler Memory Scale–
Revised, with cutoff scores based on education16.

For this study, we included all follow-up data from all project phases (ADNI1, ADNI GO, ADNI2, ADNI3), 
and selected the T1-weighted MRI with a 3D acquisition type, selecting as Research Group “AD” and “CN”. We 
selected the data with image descriptions “MP-RAGE”, “MP-RAGE REPEAT”, “MP-RAGE SENSE2”, “Accelerated 
Sagittal MP-RAGE”, “Repeat Accelerated Sagittal MP-RAGE”, “MP-RAGE 24 FOV” and “MP-RAGE 24 FOV 
REPEAT”. This resulted in a total of 2727 downloaded 3D images (volumes). We carefully reviewed the dataset 
and discarded three duplicate volumes, eight corrupted volumes, and 232 volumes with various types of artifacts. 
Please refer to the Supplementary Methods for the corresponding Image Data IDs. To ensure comparability 
between the subject groups, we conducted further refinement through age-and-sex matching, as described in the 
Training, validation and test set section. This process led to the exclusion of additional 40 volumes. As a result, we 
obtained a final dataset consisting of 2444 volumes (679 AD and 1765 HC) to train, validate and test the model. 
These volumes were derived from a cohort of 521 subjects, comprising 234 males and 287 females, with ages 
ranging from 51 to 93 years (mean age 74.26).

To evaluate the utility of PACGAN, we used the National Alzheimer’s Coordinating Center (NACC) dataset53, 
which provides independently collected brain MR images under different clinical protocols. Diagnosis of AD 
in the NACC dataset follows different criteria than those used in ADNI and is defined by a combination of the 
cognitive status variable (NACCUDSD = 4) and the etiologic diagnosis variable (NACCALZD = 1), as outlined at 
​h​t​t​p​s​:​​/​/​w​w​w​.​​n​a​c​c​d​a​​t​a​.​o​r​g​​/​r​e​q​u​​e​s​t​i​n​g​​-​d​a​t​a​/​​d​a​t​a​-​r​​e​q​u​e​s​t​-​p​r​o​c​e​s​s. Access to NACC data is available to researchers 
upon request and acceptance of the data usage agreement, via https://naccdata.org/requesting-data/nacc-data.

To simulate a realistic low-data setting, we selected baseline MR images and randomly sampled 300 images 
from 300 unique subjects. This sample included 117 males and 183 females, aged 18 to 93 years (mean age 68.39). 
The selected images were divided into a test set of 100 images (28 AD, 72 CN) and a training set of 200 images 
(38 AD, 162 CN). To simulate a more constrained data setting, we further subsampled 100 images (20 AD, 80 
CN) from the training set to create a smaller training set.

MRI data preprocessing
We have co-registered each individual T1-weighted volume to the MNI152 standard template space at 1 mm 
voxel size using FSL54 (version 6.0). The co-registration process involved a linear registration with 9 degrees of 
freedom and trilinear interpolation using FSL’s FLIRT. The resulting co-registered T1-weighted volumes had a 
data matrix size of 182 ×  218 ×  182 and a voxel size of 1 mm ×  1 mm ×  1 mm. To achieve a cubic shape 
with a data matrix size of 256 ×  256 ×  256, each co-registered volume was processed using the Freesurfer tool 
mri_convert --conform. Additionally, the orientation of the volumes was changed from Left-Inferior-Anterior 
(LIA) to Right-Anterior-Superior (RAS) for improved visualization. Subsequently, we extracted the central axial 
slice corresponding to the slice number 127 from each for each co-registered T1-weighted volume. These axial 
slices were then concatenated into a single NIfTI volume with a size of 256 ×  256 ×  #images, where #images 
represent the total number of images.

PACGAN
The primary contribution of this study is the development and implementation of a proof-of-concept approach 
called Progressive ACGAN (PACGAN). This model combines the benefits of the multi-scale structure of 
Progressive Growing GAN with the ACGAN framework to synthesize full-size MR images (256 ×  256) and 
enable the discriminator to classify each image according to its class.

PACGAN architecture
The architecture, shown in Fig. 2, draws inspiration from the Progressive GAN proposed by Karras et al.15. The 
architecture of the two networks, schematized in Table 4 has been faithfully reproduced according to the original 
design. During the training, 3-layer blocks are progressively introduced to handle images of increasing resolution. 
To smoothly transition between layers, the output of the previous layer ( Oprev) is either doubled (using nearest 
neighbor filtering) in the generator or halved (using average pooling) in the discriminator. To avoid sudden 
shock to the already trained layers, the outputs Onew  of the new layers are smoothly faded-in using a weighted 
sum (1 − α ) · Oprev + α · Onew , with α  linearly increasing from 0 to 1. After each convolutional block 
(Conv 3 ×  3) of the generator, the pixel-wise normalization of the feature vectors is performed.

To adapt the architecture for our specific purposes, two architectural modifications were made. Firstly, the 
network depth was adjusted. While the original Progressive Growing GAN was designed for 1024 ×  1024 
images, we modified it to work with 256 ×  256 images by removing the last two blocks of the generator and the 
first two blocks of the discriminator. Additionally, the size of the feature maps within each block was suitably 
scaled. Note that our implementation can be easily modified to work with images of different sizes. Furthermore, 
the architectures were designed to accommodate both grayscale and RGB images, with a flexible number of 
channels nch.
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The second modification involves the adaptation to the ACGAN architecture, enabling the model to handle 
datasets with a variable number of classes nclasses:

•	 In the generator, in addition to the latent vector z of dimension zdim, the input also included the label y of 
the image to be generated. The label is embedded as a natural number in embdim elements, resulting in the 
vector clsembedded that is concatenated with z. For the sake of simplicity, in Fig. 2, the vector clsembedded is 
denoted as y. The values of zdim and embdim were determined through a grid-search process. For zdim, we 
explored the values suggested by Goodfellow et al.7 ( zdim = 100, for images of size 28 ×  28 and 32 ×  32) 
and by Karras et al.15 ( zdim = 512, for images of size 1024 ×  1024). Since our model is designed for 256 ×  
256 images, three values for zdim were investigated: 100, 300, and 512. To set the optimal value of embdim, 
we considered the natural numbers between 2 and 8. The optimal values were determined to be zdim = 512, 
and embdim = 3, as discussed in the Results section.

•	 In the discriminator both real and fake images (normalized to values in the range [-1,1]) are provided as input. 
The discriminator produces two outputs:

	– Dw(· ), which estimates the realness of the input image, following the architecture of the Progressive GAN. 
A fully connected layer with linear activation function is designed starting from the last 4 ×  4 layers, as 
illustrated in Table 4.

	– ŷ, which estimates the class of the input image through a deeper fully connected network (refer to Table 4). 
The softmax activation function is employed to handle multi-class classification problems with a general 
number of classes nclasses.

As recommended by Karras and colleagues15, a constant layer called Minibatch stddev is added at the end of the 
discriminator. This layer computes the average standard deviation of each feature over the minibatch, encouraging 
the minibatches of generated images to show similar statistical properties to the real ones. Additionally, we 
adhered to their suggestion of employing the Leaky Rectified Linear Activation (LReLU) with a leakiness of 0.2 
in all layers of both the generator and discriminator networks, except for the last layers which utilize linear or 
softmax activation, as specified in Table 4.

PACGAN implementation
The entire procedure is summarized in Algorithm 1, which was implemented in Python using the Pytorch 
framework. Following the scheme proposed by Goodfellow and colleagues7, each epoch consisted of alternating 
the optimization of G once with the optimization of D ncritic times. Using ncritic > 1 can yield a stronger 
discriminator, thereby challenging the generator to produce more realistic images. However, striking a balance is 
crucial, as an excessively proficient discriminator would impede constructive parameter updates in the generator, 
resulting in unsatisfactory training outcomes. Therefore, we set ncritic = 1 for lower resolutions (4–64) and 2 
for the higher resolutions (128,256). During the network growth process, the batch size was adjusted. A batch 
size of 32 was used for training at lower resolutions (4–16) and was reduced to 16 for the subsequent steps 
(resolution ≥ 32). For training, we employed the Adam optimizer55 with a learning rate of 0.001, β 1 = 0.5, 
β 2 = 0.999, while utilizing the GradScaler to prevent underflow.

Fig. 2.  Architecture of the PACGAN model. The generator takes a random vector, denoted as (represented 
with reduced dimension for clarity), concatenated with the real label of the image to generate. In the algorithm, 
the label is embedded into a vector of elements () before being concatenated with. The discriminator produces 
two outputs: (i), the estimation of the input image’s realness, and (ii) the predicted class label.
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Following the suggestion of Karras and colleagues15, we implemented the Wasserstein loss56 with 
gradient penalty57 (WGAN-GP) as the loss function. The Wasserstein distance can be implemented as 

1
m

∑
m
i=1[Dw (G( z(i), y(i) )) − Dw

(
x(i))] under the assumption that the discriminator Dw(· ) belongs to the 

parameterized family of K-Lipschitz functions. To enforce the Lipschitz constraint, the gradient penalty penalizes 
the discriminator whenever the gradient of Dw(· ) exceeds a norm of 1. Due to the infeasibility of evaluating 
Dw(· ) at all points in the input space, the gradient of Dw (x̂) is computed, where x̂ = εx + (1 − ε)G(z, y) 
is a linear combination of real and generated data weighted by ε, randomly chosen between 0 and 1. In order to 
optimize the class estimation made by the discriminator, and encourage the generator to effectively utilize the 
input label y, the cross entropy (CE) between the real label and the estimated one was added to the loss function. 
As previously mentioned, in addition to Dw(· ), which indicates the realness of the sample, the discriminator 
also outputs ŷ, the estimated label. It should be noted that D receives as input both real samples and fake ones. 
Therefore, ŷreal represents the estimated label of a real image, while ŷfake represents the estimation for a fake 
image.

In the discriminator loss, we assigned different weights to the gradient penalty and class loss to ensure their 
significance within the loss function. The gradient penalty was assigned a weight of λ GP = 10, consistent 
with the WGAN-GP57. To optimize class estimation, considering the different goals of the discriminator and 
the generator, we employed two different weights λ CLS1  and λ CLS2 , with λ CLS1 = 2 · λ CLS2 . For the 
discriminator, which aimed to correctly classify real images, optimizing the term CE (y, ŷreal) was crucial 
and it was multiplied by λ CLS1 , while the term CE (y, ŷfake) by λ CLS2 . Conversely, for the generator, 
the primary objective was to generate images correctly classified by the discriminator. Hence, the weights were 
inverted with respect to the discriminator. The value of λ CLS1  was treated as a hyperparameter and determined 

Generator Act. Output shape Params Discriminator Act. Output shape Params

z | clsembedded − 522 ×  1 ×  1 − Input image − nch ×  256 ×  256 −
Conv 4 ×  4 LReLU 512 ×  4 × 4 4.28 M Conv 1 ×  1 LReLU 16 ×  256 ×  256 1k

Conv 3 ×  3 LReLU 512 ×  4 ×  4 2.36 M Conv 3 ×  3 LReLU 16 ×  256 ×  256 4.6k

Upsample − 512 ×  8 ×  8 − Conv 3 ×  3 LReLU 32 ×  256 ×  256 9.2k

Conv 3 ×  3 LReLU 512 ×  8 ×  8 2.36 M Downsample − 32 ×  128 ×  128 −
Conv 3 ×  3 LReLU 512 ×  8 ×  8 2.36 M Conv 3 ×  3 LReLU 32 ×  128 ×  128 18.4k

Upsample − 512 ×  16 ×  16 − Conv 3 ×  3 LReLU 64 ×  128 ×  128 37k

Conv 3 ×  3 LReLU 256 ×  16 ×  16 1.18 M Downsample − 32 ×  64 ×  64 −
Conv 3 ×  3 LReLU 256 ×  16 ×  16 590k Conv 3 ×  3 LReLU 64 ×  64 ×  64 74k

Upsample − 256 ×  32 ×  32 − Conv 3 ×  3 LReLU 128 ×  64 ×  64 147k

Conv 3 ×  3 LReLU 128 ×  32 ×  32 295k Downsample − 128 ×  32 ×  32 −
Conv 3 ×  3 LReLU 128 ×  32 ×  32 147k Conv 3 ×  3 LReLU 128 ×  32 ×  32 295k

Upsample − 128 ×  64 ×  64 − Conv 3 ×  3 LReLU 256 ×  32 ×  32 590k

Conv 3 ×  3 LReLU 64 ×  64 ×  64 74k Downsample − 256 ×  16 ×  16 −
Conv 3 ×  3 LReLU 64 ×  64 ×  64 37k Conv 3 ×  3 LReLU 256 ×  16 ×  16 1.18 M

Upsample − 64 ×  128 ×  128 − Conv 3 ×  3 LReLU 512 ×  16 ×  16 2.36 M

Conv 3 ×  3 LReLU 32 ×  128 ×  128 18.4k Downsample − 512 ×  8 ×  8 −
Conv 3 ×  3 LReLU 32 ×  128 ×  128 9.2k Conv 3 ×  3 LReLU 512 ×  8 ×  8 2.36 M

Upsample − 32 ×  256 ×  256 − Conv 3 ×  3 LReLU 512 ×  8 ×  8 2.36 M

Conv 3 ×  3 LReLU 16 ×  256 ×  256 4.6k Downsample − 512 ×  4 ×  4 −
Conv 3 ×  3 LReLU 16 ×  256 ×  256 2.3k Minibatch stddev − 513 ×  4 ×  4 −
Conv 1 ×  1 linear nch ×  256 ×  256 1.5k Conv 3 ×  3 LReLU 512 ×  4 ×  4 2.36 M

Tot params 13.7 M Conv 4 ×  4 LReLU 512 ×  1 ×  1 4.2 M

FC (Dw (· )) linear 1 ×  1 ×  1 513

FC linear 150 ×  1 ×  1 76.9k

FC 
(

ŷ
)

Softmax nclasses ×  1 ×  1 151

Tot params 16.1 M

Table 4.  Architecture details of the generator and discriminator in the PACGAN framework for generating 
256 × 256 images. The generator takes the random vector z and the embedded label of the image to be 
generated, clsembedded as input. It generates an image of size 256 × 256 with a variable number of channels, 
denoted as Nch. On the other hand, the discriminator receives images of size nch × 256 × 256 and produces 
two outputs: the realness of the input image, denoted as Dw (· ), and the relative class estimation, denoted as 
ŷ. Both networks consist of convolutional (Conv) and fully connected (FC) layers, with activation functions 

(Act.) such as leaky rectified linear activation function (LReLU), linear, or softmax.
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through a grid search in combination with zdim and embdim. We explored values between 2 and 6, ultimately 
finding that λ CLS1 = 4 yielded the best results.

In addition to hyperparameter selection during the grid search, the validation set played a crucial role in 
determining the optimal number of training epochs for each step, to limit the problem of overfitting. During the 
validation process, we trained the model for 100 epochs per step, evaluating both the classification performance 
of the discriminator on new data (i.e., the validation set) and the ability of the generator to generate target images 
for each epoch. To determine the optimal number of epochs, we defined the validation_loss as shown at 
line 16 of Algorithm 1. This metric involved calculating the AUC between the real labels y and the estimated 
labels for real and fake images ( ŷreal and ŷfake, respectively) after completing 60% of the specified number 
of epochs for each step. Thus, at every epoch, the validation_loss was computed once 60 epochs of training 
were completed for each step. Upon completing each training phase, we identified the epoch with the highest 

Algorithm 1.  PACGAN training procedure. The training process consists of multiple phases, during which 
the algorithm operates on images of increasing resolution, ranging from 4 × 4 to 256 × 256. For each resolution, 
training is performed for a fixed number of epochs, denoted as #epochs. During each epoch, the discriminator 
is trained ncritic times (with ncritic varying depending on the resolution), while the generator is trained once. 
After completing 60% of the total training epochs, the validation_loss is computed for each epoch to identify 
the best_epoch, which corresponds to the model at the current resolution that exhibits superior generalization 
performance on the validation set. The model obtained at the best_epoch is considered the best model and 
serves as the starting point for training the subsequent resolution.
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validation_loss and designated it as the best epoch. The models obtained at the best epoch were saved and used 
as the starting point for training in the subsequent step (e.g., passing from training the 4 ×  4 models to 8 ×  8 
models, as indicated in line 3 of Algorithm 1). Therefore, the validation set served two purposes: (i) the selection 
of hyperparameters during the grid search, schematized in Supplementary Tables 1, and (ii) determining the 
optimal number of training epochs for each phase, to obtain a model with enhanced generalization on new data.

Training, validation, and test set
To ensure balance and comparability, patients and controls were matched within each group based on age and 
sex. The age matching between AD and HC was assessed using the Mann-Whitney U test, while the χ 2 p-value 
was employed for the sex matching. Initially, matching was assessed for the entire population by systematically 
removing one male and one female for AD patients and 2 females for HC subjects within predefined age ranges 
( 49 − 60 years for AD, 73 − 83 years for HC) until all p-values were not significant ( ≥ 0.05). The ranges were 
defined based on the differences observed between the two distributions. This phase resulted in the removal of 
40 images (6 AD and 34 HC), obtaining a p-value of 0.1322 for the Mann-Whitney U test, and 0.0524 for the 
χ 2 test.

Subsequently, the matched subjects were divided into training, validation, and test set. To avoid data 
leakage58,59, which can introduce bias and compromise model evaluation, we took precautions to ensure that 
images from the same subject were grouped together (i.e., in the training, validation, or test set). This was achieved 
through the use of a stratified holdout approach, exploiting the StratifiedGroupKFold function in scikit-learn60. 
The division of images was carried out in two sequential steps. In the first step, we employed a 5-fold stratified 
cross-validation scheme grouped by subjects, whereby 20% of the images were assigned to the test set, while the 
remaining 80% were allocated for training and validation. This first step was iteratively repeated until age and sex 
matching reached non-significance, as indicated by p-values from the Mann-Whitney U test for age and the χ 2 
test for sex. In the second step, the 80% subset of images was further split into the training and the validation set. 
Within this already matched set, we applied the aforementioned stratified holdout procedure, keeping 20% of the 
images as the validation set, ensuring that images of the same subject remained in the same set.

The Image Data IDs of the images used as training, validation, and test sets are listed in the Supplementary 
Methods.

Assessment metrics
Quality of synthetic images
The quality evaluation of the generated images encompasses both visual and quantitative assessment. 
Considering that there is not a GAN evaluation measure better than the others29, we implemented multiple 
scores that measure semantic similarity: FID, KID, and SSIM.

The FID, which has been shown to be consistent with human judgments29, quantifies the similarity between 
feature vectors extracted from images belonging to two distributions. To compute FID, a set of generated 
samples and real images are embedded into a feature space using a specific layer of Inception Net61. The mean 
and covariance of the embedding for fake and real data are computed by treating the embedding layer as a 
continuous multivariate Gaussian distribution. The Fréchet distance, also known as Wasserstein-2 distance, is 
calculated between these two Gaussian distributions, defined as:

	
F ID(r, g) =∥ µ r − µ g∥ 2

2 + T r
(

σ r + σ g − 2(σ rσ g)
1
2

)
,

where Tr represents the trace of the matrix, (µ r, σ r) and (µ g, σ g) denote the mean and covariance of the 
real (r) and generated (g) distributions, respectively. A lower FID score indicates a smaller distance between 
the synthetic and real data distributions. We exploited the TorchMetrics62 implementation of FID, which takes as 
input the two image distributions of interest, saturating to zero negative values. It is important to note that when 
the number of images is limited, the FID metric may be biased, and meaningful comparisons can only be made 
if it is computed with the same number of samples19.

The KID serves as an unbiased alternative to FID. Similar to FID, it employs the Inception Net to extract 
feature vectors from real and fake images. However, KID computes the distance between these feature vectors 
using a polynomial kernel:

	
K (φ ( x), φ (y )) =

(1
d

φ
(
x)T φ

(
y) + 1

)3
,

where φ (x) and φ (y) represent the Inception representations of real ( x) and fake ( y) images, and d is the 
dimension of the representation. We utilized the TorchMetrics implementation of KID, which takes as input the 
two image distributions and divides them into multiple batches to compute the score several times, estimating the 
mean and standard deviation. Negative values have been saturated to zero. The KID computation was performed 
twice: once with the entire distribution of generated data and once with images of the same class, using a batch 
size of 50. It should be noted that the same approach cannot be applied to FID, as reducing the number of images 
involved in the computation would inflate the score, leading to inaccurate results. Both FID and KID metrics 
demand images of size 299 ×  299 RGB to align with Inception Net’s input specifications. Consequently, we 
resized and converted the images of interest to RGB format by replicating grayscale images in three channels.

The SSIM is a perceptual similarity measure widely used to evaluate the realness of the synthetic brain MRI 
images35, that seeks to exclude features of a picture that are not crucial for human perception20. It compares 
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corresponding pixels and their neighborhoods in two images, denoted as x and y, using three quantities: 
luminance (I), contrast (C), and structure (S):

	
I(x, y) = 2µ xµ y+C1

µ 2
x+µ 2

y+C1
C(x, y) = 2σ xσ y+C2

σ 2
x+σ 2

y+C2
S(x, y) = σ xy+C3

σ xσ y+C3

Here, µ x, µ y , σ x and σ y  represent the mean and standard deviations of pixel intensities within a local 
image patch centered at either x or y (typically a square neighborhood of 5 pixels). σ xy  denotes the sample 
correlation coefficient between corresponding pixels in the patches centered at x and y. The constants C1, 
C2, and C3 are small values added for numerical stability. The SSIM score is obtained by combining the three 
quantities:

	 SSIM(x, y) = I(x, y)α C(x, y)β S(x, y)γ

Typically, α , β , and γ  are set to 1. The resulting SSIM index ranges from 0 to 1, where 1 indicates that the two 
images are identical. Computation of the SSIM score was performed using the scikit-image60 implementation, 
which requires a pair of images as input. To compute the mean and standard deviation, the computation was 
repeated for 1000 sample pairs, following the methodology described by Odena and colleagues14.

Classification metrics
Although the primary objective of the generator is to synthesize realistic images, in the context of PACGAN (and 
conditional GANs in general) it is also crucial to learn to represent images differently based on their labels. In 
our case, this means that synthetic brain MRIs of healthy subjects should exhibit discernible differences from 
those of AD patients, reflecting the actual differences between the two groups. To assess this ability, we used the 
AUC.

The AUC serves as a summary of the classification performance and is commonly used to compare different 
classifiers. For binary classification problems, the confusion matrix is constructed, defining the number of True 
Positive (TP — positive class data point correctly classified as positive), True Negative (TN — negative class 
data point correctly classified as negative), False Positive (FP — negative class data point incorrectly classified as 
positive) and False Negative (FN — positive class data point incorrectly classified as negative). The ROC curve 
is a graphical representation that depicts the True Positive Rate 

(
T P R = T P

T P +F N

)
 and the False Positive Rate (

F P R = F P
F P +T N

)
 at various classification thresholds. The AUC is the area under the ROC curve and was 

computed using the roc_auc_score function provided by scikit-learn. A higher AUC value, closer to 1, indicates 
better predictive performance of the discriminator.

To evaluate the performance of the discriminator, we also trained multiple ResNet models on the same 
training set used to train PACGAN and assessed their performance on the same test set. Specifically, we fine-
tuned ResNet-18, ResNet-34, ResNet-50, and ResNet-101 for 10 epochs using the Adam optimizer with a 
learning rate of 0.001.

Utility assessment
To assess the practical utility of PACGAN in a downstream classification task, we investigated whether 
pretraining a classifier on synthetic brain MR images generated by PACGAN could improve performance in 
the diagnosis of Alzheimer’s disease. We focused on a realistic scenario commonly encountered in the medical 
imaging domain, where researchers need to train classification models using only limited amounts of labeled 
data. In such cases, pretraining on external datasets is a well-established strategy to enhance model performance. 
However, when pretraining relies on large datasets of natural (non-medical) images — such as ImageNet — 
the learned representations may not transfer effectively to medical tasks due to significant domain mismatch. 
Although large, domain-relevant medical datasets could provide more suitable pretraining data, they are 
frequently inaccessible due to privacy concerns or data sharing limitations, and may not correspond directly to 
the specific task at hand.

To simulate this scenario, we used the NACC dataset and applied the same preprocessing pipeline as with the 
ADNI dataset. From the preprocessed data, we constructed two training subsets consisting of 100 and 200 MR 
images. Given the limited training data, we selected ResNet-18 as the classifier architecture due to its relatively 
shallow depth, which helps mitigate overfitting in low-data regimes. We compared two pretraining strategies 
for ResNet-18: (i) Pretraining on ImageNet, exploiting the model provided by torchvision.models, and (ii) 
pretraining on 3000 synthetic MR images for 100 epochs, with early stopping using a patience of 20 epochs. 
Each pretrained model was fine-tuned for 10 epochs on the two NACC training sets (100 and 200 images) and 
evaluated on the test set. To assess sample variability, we repeated this process applying 100 bootstrap iterations. 
Specifically, for each training set size, we generated 100 resampled training subsets, allowing duplicates, to 
account for fluctuations due to sampling. For each iteration, we computed the AUC. After all iterations, we 
calculated the CV to quantify the relative variability in performance. An overview of the experimental setup is 
shown in Fig. 3.

PACGAN hyperparameter tuning
To determine the optimal values for the three hyperparameters of the PACGAN model ( zdim ∈ {100, 300, 512}, 
embdim ∈ {2, 3, 4, 5, 6, 7, 8}, λ cls ∈ {2, 3, 4, 5, 6}), we employed the grid search method. This involved 
conducting 105 training configurations on an NVIDIA A100 Tensor Core GPU, resulting in a total computational 
time of 630 h. For each training configuration, we evaluated the AUC on the validation set and measured FID, 
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KID, and SSIM to assess image similarity. These metrics were computed both between images from the two 
distributions (synthetic and real ones) and between images from the same distribution.

The selection of the best model was based on the classification performance of the discriminator, assessed 
through the AUC, and the quality of the synthetic images. Considering the importance of accurately capturing the 
structural differences between the two classes during the generation of synthetic data and that the discriminator 
serves as a guide for the generation process, we prioritized its classification performance when selecting the final 
model. For this reason, we chose the hyperparameter configuration that reached the highest AUC score on the 
validation set as the best configuration.

Subsequently, the resulting model was re-trained on the combined training and validation set. The optimal 
number of epochs determined during the validation phase (as outlined in Algorithm 1) was used for this re-
training process. Finally, the performance of the model was evaluated on the test set.

Data availability
The dataset used to train PACGAN and to assess the quality of its synthetic images is available in the Alzheim-
er’s Disease Neuroimaging Initiative (ADNI) repository, https://adni.loni.usc.edu/data-samples/adni-data. The 
synthetic images generated and analysed during the current study are available in 10.5281/zenodo.8276786. The 
dataset used to assess the utility of PACGAN is available through the National Alzheimer’s Coordinating Center 
(NACC) site at https://naccdata.org/requesting-data/nacc-data. The ResNet-18 model pretrained on 3000 ​P​A​C​
G​A​N​-​g​e​n​e​r​a​t​e​d images is available at: https://doi.org/10.5281/zenodo.15614653.

Received: 1 October 2024; Accepted: 13 August 2025

References
	 1.	 Lecun, Y., Bottou, L., Bengio, Y. & Haffner, P. Gradient-based learning applied to document recognition. Proc. IEEE. 86, 2278–2324 

(1998).
	 2.	 Montagnon, E. et al. Deep learning workflow in radiology: A primer. Insights into Imaging. 11, 22 (2020).
	 3.	 Price, W. N. & Cohen, I. G. Privacy in the age of medical big data. Nat. Med. 25, 37–43 (2019).
	 4.	 Shorten, C. & Khoshgoftaar, T. M. A survey on image data augmentation for deep learning. J. Big Data. 6, 60 (2019).
	 5.	 Chlap, P. et al. A review of medical image data augmentation techniques for deep learning applications. J. Med. Imaging Radiat. 

Oncol. 65, 545–563 (2021).
	 6.	 Khalifa, N. E., Loey, M. & Mirjalili, S. A comprehensive survey of recent trends in deep learning for digital images augmentation. 

Artif. Intell. Rev. 55, 2351–2377 (2022).
	 7.	 Goodfellow, I. et al. Generative adversarial Nets. In: Advances in Neural Information Processing Systems. Curran Associates, Inc.; 

(2014).
	 8.	 Ho, J., Jain, A. & Abbeel, P. Denoising diffusion probabilistic models. In: Advances in neural information processing systems 

[Internet]. pp. 6840–51. (2020). Available from: ​h​t​t​p​s​:​​/​/​p​r​o​c​​e​e​d​i​n​g​​s​.​n​e​u​r​​i​p​s​.​c​​c​/​p​a​p​e​​r​_​f​i​l​e​​s​/​p​a​p​e​​r​/​2​0​2​​0​/​f​i​l​e​​/​4​c​5​b​c​​f​e​c​8​5​8​​4​a​f​0​d​​9​6​7​f​
1​a​​b​1​0​1​7​9​​c​a​4​b​-​P​​a​p​e​r​.​p​d​f

Fig. 3.  Experimental scheme to assess the utility of the synthetic images generated by PACGAN for the 
pretraining of a ResNet-18 classifier. The training was performed with two training sets, repeated for 100 
bootstrap repetitions, and tested on a test set using the area under the ROC curve (AUC).

 

Scientific Reports |        (2025) 15:34241 13| https://doi.org/10.1038/s41598-025-16257-1

www.nature.com/scientificreports/

https://adni.loni.usc.edu/data-samples/adni-data
https://naccdata.org/requesting-data/nacc-data
https://doi.org/10.5281/zenodo.15614653
https://proceedings.neurips.cc/paper_files/paper/2020/file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf
http://www.nature.com/scientificreports


	 9.	 Somepalli, G., Singla, V., Goldblum, M., Geiping, J. & Goldstein, T. Diffusion art or digital forgery? Investigating data replication 
in diffusion models. In: 2023 IEEE/CVF conference on computer vision and pattern recognition (CVPR). pp. 6048–58. (2023).

	10.	 Carlini, N. et al. Extracting training data from diffusion models. arXiv preprint [Internet]. ;arXiv:2301.13188. (2023). Available 
from: http://arxiv.org/abs/2301.13188

	11.	 Yi, X., Walia, E. & Babyn, P. Generative adversarial network in medical imaging: A review. Med. Image. Anal. 58, 101552 (2019).
	12.	 Jeong, J. J. et al. Systematic review of generative adversarial networks (GANs) for medical image classification and segmentation. J. 

Digit. Imaging. 35 (2), 137–152 (2022).
	13.	 Kazeminia, S. et al. GANs for medical image analysis. Artif. Intell. Med. 109, 101938 (2020).
	14.	 Odena, A., Olah, C. & Shlens, J. Conditional image synthesis with auxiliary classifier GANs. In: Proceedings of the 34th 

international conference on machine learning. PMLR; pp. 2642–51. (2017).
	15.	 Karras, T., Aila, T., Laine, S. & Lehtinen, J. Progressive growing of GANs for improved quality, stability, and variation. ICLR ; 

(2018).
	16.	 Petersen, R. C. et al. Alzheimer’s disease neuroimaging initiative (ADNI): clinical characterization. Neurology 74, 201–209 (2010).
	17.	 Szegedy, C., Vanhoucke, V., Ioffe, S., Shlens, J. & Wojna, Z. Rethinking the inception architecture for computer vision. In: 2016 

IEEE conference on computer vision and pattern recognition (CVPR). pp. 2818–26. (2016).
	18.	 Heusel, M., Ramsauer, H., Unterthiner, T., Nessler, B. & Hochreiter, S. GANs trained by a two time-scale update rule converge to a 

local Nash equilibrium. In: Advances in Neural Information Processing Systems. Curran Associates, Inc.; (2017).
	19.	 Bińkowski, M., Sutherland, D. J., Arbel, M. & Gretton, A. Demystifying MMD GANs. In: International conference on learning 

representations. (2022).
	20.	 Wang, Z., Bovik, A., Sheikh, H. & Simoncelli, E. Image quality assessment: from error visibility to structural similarity. IEEE Trans. 

Image Process. 13, 600–612 (2004).
	21.	 Chen, L., Qiao, H. & Zhu, F. Alzheimer’s disease diagnosis with brain structural MRI using multiview-slice attention and 3D 

Convolution neural network. Front. Aging Neurosci. ;14. (2022).
	22.	 Wang, C. et al. A high-generalizability machine learning framework for predicting the progression of alzheimer’s disease using 

limited data. Npj Digit. Med. 5, 1–10 (2022).
	23.	 Oh, K., Chung, Y-C., Kim, K. W., Kim, W-S. & Oh, I-S. Classification and visualization of alzheimer’s disease using volumetric 

convolutional neural network and transfer learning. Sci. Rep. 9, 18150 (2019).
	24.	 Venugopalan, J., Tong, L., Hassanzadeh, H. R. & Wang, M. D. Multimodal deep learning models for early detection of alzheimer’s 

disease stage. Sci. Rep. 11, 3254 (2021).
	25.	 Liu, S. et al. Generalizable deep learning model for early alzheimer’s disease detection from structural MRIs. Sci. Rep. 12, 17106 

(2022).
	26.	 Yagis, E. et al. 3d convolutional neural networks for diagnosis of alzheimer’s disease via structural mri. In: 2020 IEEE 33rd 

international symposium on computer-based medical systems: Proceedings : 28–30 july 2020, virtual event /. Pistacaway, New 
Jersey : IEEE; -7. (2020).

	27.	 Kim, J. S. et al. Deep learning-based diagnosis of alzheimer’s disease using brain magnetic resonance images: an empirical study. 
Sci. Rep. 12, 18007 (2022).

	28.	 Bae, J. B. et al. Identification of alzheimer’s disease using a convolutional neural network model based on T1-weighted magnetic 
resonance imaging. Sci. Rep. 10, 22252 (2020).

	29.	 Borji, A. Pros and cons of GAN evaluation measures. Comput. Vis. Image Underst. 179, 41–65 (2019).
	30.	 Woodland, M. et al. Evaluating the performance of StyleGAN2-ADA on medical images. In: Zhao C, Svoboda D, Wolterink JM, 

Escobar M, editors. Simulation and synthesis in medical imaging. pp. 142–53. (2022).
	31.	 Yang, X., Lin, Y., Wang, Z., Li, X. & Cheng, K-T. Bi-modality medical image synthesis using semi-supervised sequential generative 

adversarial networks. IEEE J. Biomedical Health Inf. 24, 855–865 (2020).
	32.	 Hu, S. et al. Bidirectional mapping generative adversarial networks for brain MR to PET synthesis. IEEE Trans. Med. Imaging. 41, 

145–157 (2022).
	33.	 Kossen, T. et al. Synthesizing anonymized and labeled TOF-MRA patches for brain vessel segmentation using generative adversarial 

networks. Comput. Biol. Med. 131, 104254 (2021).
	34.	 Zhu, J., Tan, C., Yang, J., Yang, G. & Lio’ Arbitrary scale super-resolution for medical images. Int. J. Neural Syst. 31, 2150037 (2021).
	35.	 Ali, H. et al. The role of generative adversarial networks in brain MRI: A scoping review. Insights into Imaging. 13, 98 (2022).
	36.	 Zhan, B. et al. D2FE-GAN: decoupled dual feature extraction based GAN for MRI image synthesis. Knowl. Based Syst. 252, 109362 

(2022).
	37.	 Zhan, B., Li, D., Wu, X., Zhou, J. & Wang, Y. Multi-modal MRI image synthesis via GAN with multi-scale gate mergence. IEEE J. 

Biomedical Health Inf. 26, 17–26 (2022).
	38.	 Ranjan, A., Lalwani, D. & Misra, R. GAN for synthesizing CT from T2-weighted MRI data towards MR-guided radiation treatment. 

Magma (New York NY). 35, 449–457 (2022).
	39.	 Yang, H., Xia, K., Anqi, B., Qian, P. & Khosravi, M. R. Abdomen MRI synthesis based on conditional GAN. In: 2019 international 

conference on computational science and computational intelligence (CSCI). Las Vegas, NV, USA: IEEE; pp. 1021–5. (2019).
	40.	 Yang, Q. et al. MRI cross-modality image-to-image translation. Sci. Rep. 10, 3753 (2020).
	41.	 Dai, X. et al. Multimodal MRI synthesis using unified generative adversarial networks. Med. Phys. 47, 6343–6354 (2020).
	42.	 Sharma, A. & Hamarneh, G. Missing MRI pulse sequence synthesis using multi-modal generative adversarial network. IEEE Trans. 

Med. Imaging. 39, 1170–1183 (2020).
	43.	 Liu, X., Yu, A., Wei, X., Pan, Z. & Tang, J. Multimodal MR image synthesis using gradient prior and adversarial learning. IEEE J. 

Selec. Topics Signal Process. 14, 1176–1188 (2020).
	44.	 Alogna, E., Giacomello, E. & Loiacono, D. Brain magnetic resonance imaging generation using generative adversarial networks. In: 

2020 IEEE symposium series on computational intelligence (SSCI). pp. 2528–35. (2020).
	45.	 La Rosa, F. et al. MPRAGE to MP2RAGE UNI translation via generative adversarial network improves the automatic tissue and 

lesion segmentation in multiple sclerosis patients. Comput. Biol. Med. 132, 104297 (2021).
	46.	 Cheng, D., Qiu, N., Zhao, F., Mao, Y. & Li, C. Research on the modality transfer method of brain imaging based on generative 

adversarial network. Front. NeuroSci. 15, 655019 (2021).
	47.	 Kwon, G. et al. Generation of 3D brain MRI using auto-encoding generative adversarial networks. In: Shen D editor. Medical 

image computing and computer assisted intervention – MICCAI 2019. pp. 118–26. (Lecture notes in computer science). (2019).
	48.	 Mukherkjee, D., Saha, P., Kaplun, D., Sinitca, A. & Sarkar, R. Brain tumor image generation using an aggregation of GAN models 

with style transfer. Sci. Rep. 12, 9141 (2022).
	49.	 Tang, B. et al. Dosimetric evaluation of synthetic CT image generated using a neural network for MR-only brain radiotherapy. J. 

Appl. Clin. Med. Phys. 22, 55–62 (2021).
	50.	 Shin, H-C. et al. Medical image synthesis for data augmentation and anonymization using generative adversarial networks. In: 

Gooya A, Goksel O, Oguz I, Burgos N, editors. Simulation and synthesis in medical imaging. pp. 1–11. (Lecture notes in computer 
science). (2018).

	51.	 Han, C. et al. Infinite brain MR images: PGGAN-based data augmentation for tumor detection. In: (eds Esposito, A., Faundez-
Zanuy, M., Morabito, F. C. & Pasero, E.) Neural Approaches To Dynamics of Signal Exchanges. Singapore: Springer; 291–303. 
(2020). (Smart innovation, systems and technologies).

	52.	 Islam, J. & Zhang, Y. GAN-based synthetic brain PET image generation. Brain Inf. 7, 3 (2020).

Scientific Reports |        (2025) 15:34241 14| https://doi.org/10.1038/s41598-025-16257-1

www.nature.com/scientificreports/

http://arxiv.org/abs/2301.13188
http://www.nature.com/scientificreports


	53.	 Beekly, D. L. et al. The National alzheimer’s coordinating center (NACC) database. Alzheimer Dis. Assoc. Disord ;18(4). (2004).
	54.	 Jenkinson, M., Beckmann, C. F., Behrens, T. E., Woolrich, M. W. & Smith, S. M. Fsl Neuroimage ;62:782–790. (2012).
	55.	 Kingma, D. P. & Ba, J. Adam: A method for stochastic optimization. In: Bengio Y, LeCun Y, editors3rd international conference on 

learning representations, ICLR. san diego, CA, USA, may 7–9, 2015, conference track proceedings. 2015. (2015).
	56.	 Arjovsky, M., Chintala, S. & Bottou, L. Wasserstein generative adversarial networks. In: Proceedings of the 34th international 

conference on machine learning. PMLR; pp. 214–23. (2017).
	57.	 Gulrajani, I., Ahmed, F., Arjovsky, M., Dumoulin, V. & Courville, A. C. Improved training of Wasserstein GANs. In: Advances in 

Neural Information Processing Systems. Curran Associates, Inc.; (2017).
	58.	 Diciotti, S., Ciulli, S., Mascalchi, M., Giannelli, M. & Toschi, N. The peeking effect in supervised feature selection on diffusion 

tensor imaging data. Am. J. Neuroradiol. 34, E107–E107 (2013).
	59.	 Yagis, E. et al. Effect of data leakage in brain MRI classification using 2D convolutional neural networks. Sci. Rep. 11, 22544 (2021).
	60.	 Pedregosa, F. et al. Scikit-learn: Machine Learning in Python (MACHINE LEARNING IN PYTHON, 2011).
	61.	 Szegedy, C. et al. Going deeper with convolutions. In: IEEE conference on computer vision and pattern recognition (CVPR). 

Boston, MA, USA: IEEE; 2015. pp. 1–9. (2015).
	62.	 Detlefsen, N. et al. TorchMetrics - measuring reproducibility in pytorch. J. Open. Source Softw. 7, 4101 (2022).
	63.	 Wilkinson, M. D. et al. The FAIR guiding principles for scientific data management and stewardship. Sci. Data. 3, 160018 (2016).

Acknowledgements
We would like to extend our sincere appreciation to Dr. Riccardo Scheda for his contribution to the creation of 
the Docker image for this research project.The research leading to these results has received funding from the 
European Union - NextGenerationEU through the Italian Ministry of University and Research under PNRR - 
M4C2-I1.3 Project PE\_00000019 “HEAL ITALIA” to Stefano Diciotti” - CUP J33C22002920006. The views and 
opinions expressed are those of the authors only and do not necessarily reflect those of the European Union or 
the European Commission. Neither the European Union nor the European Commission can be held responsible 
for them.Data used in the preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI) database (adni.loni.usc.edu). As such, the investigators within the ADNI contributed to the 
design and implementation of ADNI and/or provided data but did not participate in the analysis or writing 
of this report. A complete listing of ADNI investigators can be found at: ​h​t​t​​​​p​s​​:​/​​/​​a​d​​n​​i​.​l​​o​n​i​.​​u​​​s​​c​.​e​​d​u​​/​w​p​-​c​o​n​​t​e​​
n​t​/​u​p​l​o​a​d​s​/​h​o​w​_​t​o​_​a​p​p​l​y​/​A​D​N​I​_​A​c​k​n​o​w​l​e​d​g​e​m​e​n​t​_​L​i​s​t​.​p​d​f​. Part of the data collection and sharing for this 
project was funded by the Alzheimer’s Disease Neuroimaging Initiative (ADNI) (National Institutes of Health 
Grant U01 AG024904) and DOD ADNI (Department of Defense award number W81XWH-12-2-0012). ADNI 
is funded by the National Institute on Aging, the National Institute of Biomedical Imaging and Bioengineering, 
and through generous contributions from the following: AbbVie, Alzheimer’s Association; Alzheimer’s Drug 
Discovery Foundation; Araclon Biotech; BioClinica, Inc.; Biogen; Bristol-Myers Squibb Company; CereSpir, 
Inc.; Cogstate; Eisai Inc.; Elan Pharmaceuticals, Inc.; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Ro-
che Ltd and its affiliated company Genentech, Inc.; Fujirebio; GE Healthcare; IXICO Ltd.; Janssen Alzheimer Im-
munotherapy Research \& Development, LLC.; Johnson \& Johnson Pharmaceutical Research \& Development 
LLC.; Lumosity; Lundbeck; Merck \& Co., Inc.; Meso Scale Diagnostics, LLC.; NeuroRx Research; Neurotrack 
Technologies; Novartis Pharmaceuticals Corporation; Pfizer Inc.; Piramal Imaging; Servier; Takeda Pharma-
ceutical Company; and Transition Therapeutics. The Canadian Institutes of Health Research is providing funds 
to support ADNI clinical sites in Canada. Private sector contributions are facilitated by the Foundation for the 
National Institutes of Health (www.fnih.org). The grantee organization is the Northern California Institute for 
Research and Education, and the study is coordinated by the Alzheimer’s Therapeutic Research Institute at the 
University of Southern California. ADNI data are disseminated by the Laboratory for Neuro Imaging at the 
University of Southern California.The NACC database is funded by NIA/NIH Grant U24 AG072122. NACC 
data are contributed by the NIA-funded ADRCs: P30 AG062429 (PI James Brewer, MD, PhD), P30 AG066468 
(PI Oscar Lopez, MD), P30 AG062421 (PI Bradley Hyman, MD, PhD), P30 AG066509 (PI Thomas Grabowski, 
MD), P30 AG066514 (PI Mary Sano, PhD), P30 AG066530 (PI Helena Chui, MD), P30 AG066507 (PI Mari-
lyn Albert, PhD), P30 AG066444 (PI David Holtzman, MD), P30 AG066518 (PI Lisa Silbert, MD, MCR), P30 
AG066512 (PI Thomas Wisniewski, MD), P30 AG066462 (PI Scott Small, MD), P30 AG072979 (PI David Wolk, 
MD), P30 AG072972 (PI Charles DeCarli, MD), P30 AG072976 (PI Andrew Saykin, PsyD), P30 AG072975 (PI 
Julie A. Schneider, MD, MS), P30 AG072978 (PI Ann McKee, MD), P30 AG072977 (PI Robert Vassar, PhD), 
P30 AG066519 (PI Frank LaFerla, PhD), P30 AG062677 (PI Ronald Petersen, MD, PhD), P30 AG079280 (PI 
Jessica Langbaum, PhD), P30 AG062422 (PI Gil Rabinovici, MD), P30 AG066511 (PI Allan Levey, MD, PhD), 
P30 AG072946 (PI Linda Van Eldik, PhD), P30 AG062715 (PI Sanjay Asthana, MD, FRCP), P30 AG072973 (PI 
Russell Swerdlow, MD), P30 AG066506 (PI Glenn Smith, PhD, ABPP), P30 AG066508 (PI Stephen Strittmat-
ter, MD, PhD), P30 AG066515 (PI Victor Henderson, MD, MS), P30 AG072947 (PI Suzanne Craft, PhD), P30 
AG072931 (PI Henry Paulson, MD, PhD), P30 AG066546 (PI Sudha Seshadri, MD), P30 AG086401 (PI Erik 
Roberson, MD, PhD), P30 AG086404 (PI Gary Rosenberg, MD), P20 AG068082 (PI Angela Jefferson, PhD), P30 
AG072958 (PI Heather Whitson, MD), P30 AG072959 (PI James Leverenz, MD).

Author contributions
M.L., L.C, and S.D. conceived the idea. C.M. performed the data pre-processing. M.L. developed the software 
implementation of the model training and validation. M.L. and S.D. drafted the manuscript and designed fig-
ures and tables. All authors contributed to the interpretation of the results and revised the final version of the 
manuscript.

Declarations

Competing interests
The authors declare no competing interests.

Scientific Reports |        (2025) 15:34241 15| https://doi.org/10.1038/s41598-025-16257-1

www.nature.com/scientificreports/

https://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
https://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
http://www.nature.com/scientificreports


Additional information
Supplementary Information The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​1​0​3​8​/​s​4​1​5​9​8​-​0​2​5​-​1​6​2​5​7​-​1​​​​​.​​

Correspondence and requests for materials should be addressed to S.D.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give 
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and 
indicate if changes were made. The images or other third party material in this article are included in the article’s 
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025 

Scientific Reports |        (2025) 15:34241 16| https://doi.org/10.1038/s41598-025-16257-1

www.nature.com/scientificreports/

https://doi.org/10.1038/s41598-025-16257-1
https://doi.org/10.1038/s41598-025-16257-1
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿High-resolution conditional MR image synthesis through the PACGAN framework
	﻿Results
	﻿Discussion
	﻿Methods
	﻿Data source
	﻿MRI data preprocessing
	﻿PACGAN
	﻿PACGAN architecture
	﻿PACGAN implementation
	﻿Training, validation, and test set
	﻿Assessment metrics
	﻿Quality of synthetic images


	﻿Classification metrics
	﻿Utility assessment
	﻿PACGAN hyperparameter tuning
	﻿References


