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Abstract. Alzheimer's Disease, a progressive neurodegenerative disorder with no cure, presents a
formidable challenge to global healthcare. The simulation of brain states, encompassing both
rejuvenation and aging, aids clinicians in understanding disease progression and early detection.
Recent advances in deep adversarial neural networks, effective in generating age-varied facial
images, are now applied to brain MRI simulations across different time states. However, existing
methods for brain MRI synthesis predominantly focus on aging simulation, lacking rejuvenation
capabilities, and relying heavily on longitudinal data. Access to rejuvenated brain scans is essential
as it can help researchers track the structural changes and biomarkers in the early stage of AD,
facilitating AD research and personalized treatments. Additionally, previous methods are often 2D-
based, failing to capture complex 3D spatial information obtained by 3D scans. To overcome these
limitations, | propose BrainSim, a novel longitudinal brain MRI synthesis framework. Specifically,
BrainSim leverages a bidirectional cycle-consistent generative neural network to generate
rejuvenated and aged MRI scans simultaneously using cross-sectional scans only. BrainSim
incorporates a 3D conditional U-Net as its fundamental model, facilitating the direct generation of 3D
MRI scans conditioned on the subject's health state and sex. BrainSim was evaluated against
benchmark models using longitudinal data and a pre-trained age predictor to assess the quality of
generated images. Experiments using the ADNI dataset show BrainSim's state-of-the-art
performance in brain aging and rejuvenation tasks, marking significant advancements in MRI
synthesis for Alzheimer's research and drug development.

Keywords: Alzheimer’s Disease, Generative Adversarial Network, Magnetic Resonance Imaging,
Brain Aging and Rejuvenation.

1. Introduction

Alzheimer's disease (AD) is the most common age-related neurodegenerative disorder [1].
However, the underlying mechanism has not been completely revealed, and adverse effects
accompany the existing treatments and the response is limited [2].

Past studies have shown that a diagnosis early in the course of illness allows time for all concerned
to adjust whilst the patient can still actively engage, and offers access to both non-pharmacological
and pharmacological treatments. Many patients with mild-to-moderate Alzheimer’s dementia can live
with the disease for several years with a good quality of life and access to the optimal treatments and
resources [3]. Therefore, alternative diagnosis of AD requires urgent development. Prior research has
suggested that accurate simulations of the brain’s chronicle-changing process can provide prognostic
information about the progression of individuals to cognitive decline, dementia, and subsequent death
[4]. Brain imaging is also helpful in improving the biological classification of AD by allowing
proposed classifications based on pathology to be applied in vivo, opening a new window of
therapeutic intervention at preclinical stages [5].

Brain MRI Imaging is a well-established tool for AD diagnosis [6]. Specifically, longitudinal MRI
studies are helpful in the process of AD research and diagnosis as they can capture the aging process
of individuals, allowing researchers to investigate individual variability by testing the interaction of
between- and within-subject effects. However, longitudinal studies must include multiple time points,
covering the specific life period under investigation in each subject. This nature of longitudinal MRI
studies thus makes them notoriously difficult to perform in humans. For pragmatic reasons, they can
suffer from an important drop-out of participants and usually cover a short period of subjects’ lives
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(usually less than 10 years) [7], [8], [9]. Moreover, consistent longitudinal MRI scans are difficult to
acquire due to the inconsistent longitudinal scans among subjects and the heterogeneous progressions
of high-dimensional regions of interest (ROIs) in MRI. Even in ADNI [10], one of the most well-
known large-scale datasets, longitudinal images are acquired at a few time points and cover only a
few years.

Many non-deep learning models were used for MRI image synthesis. Hajij et al. proposed an MRI
synthesizer based on Normalizing Flows, an approach that transforms unknown complex distributions
into simpler ones [11]. The penalized likelihood model was used by Pal et al. to generate personalized
MRI images [12]. Researchers reported that the performance of these models provides a promising
indication of non-deep-learning models’ capability in medical image generation [11].

On the other hand, deep learning based methods are more prevalent nowadays. They have been
employed to forecast the future degeneration of human brains by leveraging existing scans [13], [14].
Researchers have found that compared to conventional methods, deep learning-based methods
demonstrate superior performance in generating more realistic synthetic images with higher similarity
to real images and better quantitative metrics [15]. Xia et al. proposed a deep learning-based method
that learns to simulate subject-specific brain aging trajectories without relying on longitudinal data
[13]. Despite its significant improvements from the previous approaches, however, this simulator is
also constrained by two limitations. As a one-directional generative adversarial network, the proposed
model fails to achieve brain rejuvenation. Past studies have shown that brain rejuvenation has equal
importance as brain aging to provide valuable information about AD progression and diagnosis. In
addition, this method, along with many other previous simulators, is limited to the simulation of 2D
MRI slices and can only generate MRI scans slice-by-slice. Thus, these existing models fail to capture
the complex 3D spatial relationships among brain structures inherent in 3D MRI scans.

Here, | propose BrainSim to address the limitations identified from existing models. BrainSim is
a bidirectional CycleGAN network that is capable of synthesizing 3D retrospective and aged brain
MRI scans for a desired age, sex, and health state. In this paper, | build a deep learning-based model
that can be trained without longitudinal data. A simplified schematic of BrainSim is shown in Fig. 1.
Given a brain image, BrainSim produces a brain of the same subject at the target ages. The input
image, divided into one of the two domains depending on the need, is first encoded into a latent space,
which is modulated by two vectors representing the age difference and health state (AD, MCI, and
CN), respectively. The conditioned latent space is finally decoded into an output image (the
synthesized aged and/or retrospective image). Based on the CycleGAN framework, the proposed
model has two sets of Generators and Discriminators that are trained to either learn the joint
distribution of brain appearance, age, sex, and health state or encourage accurate synthesis of MRI
scans at the desired age. Multiple loss functions are also purposed to maintain the subject identity and
accuracy of the generated images.

BrainSim was trained and tested using the ADNI dataset and evaluated using both quantitative and
qualitative metrics. | pre-trained an Al-based age predictor and used the age estimation as a proxy
metric for age accuracy. | also show qualitative results by performing aging and rejuvenating
simulations on different health states and conducting longitudinal image synthesis. Both quantitative
and qualitative results show that BrainSim outperforms benchmarks with more accurate simulations
that capture the characteristics specific to each individual in different health states.

My contributions are summarized as follows:

- Proposed a bidirectional CycleGAN network to simulate both the brain’s aging and rejuvenating
process and perform subject-specific brain aging synthesis, trained on cross-sectional data
overcoming the need for longitudinal data.

- Designed a 3D conditional U-Net that generates 3D MRI scans that can maximize the
preservation of details regarding the morphological structure of the brain.

- Incorporated sex as a factor for image generation and discrimination to encourage sex-specific
structural changes in the synthesized image.
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2. Method

In this section, I first introduce the structures of data involved and the data processing workflow.
Then, | introduce the architecture of the proposed model, BrainSim.

2.1. BrainSim Framework

The proposed BrainSim, built on Zhu et al.'s CycleGAN model, features a framework comprising
two generator networks (Gy and Gy) and two discriminator networks (Dy and Dy), as shown in
Figure 1. Gy generates aged 3D brainscans Gy(X,,4) fromthe younger-age brain X, , while Gy
producing retrospective scans Gy (Y,;4) from older-age brain Y, ., both aiming to deceive the
discriminators. Notably, X,,, and Y,,, are scans from distinct individuals, with Y,;, being older
than X,,,,. Additionally, the synthetic brain image G,(Xyn,) and Gy(Y,4) should retain the
subject identity, i.e. belong to the same subject as the input X,,,,, and Y4, throughout the aging and
rejuvenating process. Dy and D, are tasked with distinguishing between these generated scans and
authentic brain images.

!m

Figure 1. Overview of the proposed BrainSim model
Gx(Xyng) and Gy (Y,q) arethe output (aged and retrospective, respectively) image from domain
X (supposedly belonging to the same subject of X,,, and Y, ) of the target age and health state.
The Generator G, / Gytakesasinput X,,,,/Y,q, and outputs G, (Xyng)/Gy (Y,1q); the Discriminator
takes as input a generated brain image and a ground truth, and outputs a discrimination score.
The contributions of my approach, shown in Fig. 1, are the design of the conditioning mechanism
and the 3D bidirectional CycleGAN network. I detail all these below.

2.1.1. Conditioning on Age and Health State
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Figure 2. Ordinal encoding of age difference and health state
The Left shows how I represent age difference using a binary vector with the first a; elements
as 1 and the rest as 0; the middle is the encoding of health states, | used a 2 <1 vector to represent
three categories of AD status; the right is the encoding of sex of the patients, | used a 1x1 vector ([0]
for female; [1] for male).
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In the proposed BrainSim model, | used ordinary binary vectors to encode the health state, sex,
and age of the subjects, which are embedded in the bottleneck layer of the Generator. luseda 2 x 1
vector to encode the health stateand a 1 X 1 to encode the patient’s sex. Similarly, Tuseda 100 X 1
vector to encode the designated age difference, assuming a maximum difference of 100 years. A
simple illustration of this encode is illustrated in Figure 2.

2.1.2. Generator
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Figure 3. Detailed architecture of the conditional U-Net Generator

The Generator contains an encoder E; to extract latent features, a feature fusion module to
incorporate the target age and health state into the latent features to involve the target age and health
state, and a decoder D, to generate aged and retrospective images.

The generator G takes as input 3D brain images X,,, and Y,,4, and ordinal binary vectors for
target health state h, and age difference a,. The age difference vector is conditioned to a,; =
lax — ay|, such that the generator G, generates an image thatis a, years older than that of X, ,,
while Generator Gy generates an image thatis a; Yyears younger than that of Y,;,.

G has three components, Encoder E, gesture fusion module F;, and Decoder D;. E; extracts
latent features from the input images while F; fuses the target age and health state into the network.
Lastly, D, generates the aged/retrospective brain image from the bottleneck features. To incorporate
age and health state information into the model, | start by combining the latent vector V;, derived
from E, with the health state vector h,. Next, this merged vector undergoes processing to produce
the latent vector V,, which is concatenated with the difference age vector a,. Finally, the resulting
vector V5 is concatenated with the sex vector s, utilized to generate the output image. | adopted
long-skip connections between layers E; and D, to preserve input image details and enhance the
sharpness of the output images [26]. In summary, the Generator's forward pass can be expressed as:

Gx(Xyng) = GX(Xyng'ad' ho, so) and Gy(Yoia) = Gy(Youa, @a, hos So)-

2.1.3. Discriminator

The Discriminator implemented is a Multi-Layer Discriminator. The discriminator architecture
consists of multiple layers of convolutional neural network followed by activation functions such as
ReLU (Rectified Linear Unit) and leaky ReL U, a type of activation function based on a ReLU [27].

The discriminator is made up of 3 convolutional neural networks, with each layer in the
discriminator extracting features from the input data and learning increasingly abstract
representations as the data flows through the network. Between the three layers, the dimension of the
image is transformed from (64, 64, 64) to (4, 4, 4), with a channel number of 512. The discriminator
can capture complex patterns and features in the data, allowing it to better discriminate between real
and fake samples.
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Figure 4. Detailed architecture of the Multi-layer Discriminator

The discriminator consists of 3 layers, Each layer extracts increasingly abstract features from the
input data. The real and fake sample generated by the generator is distinguished after the feature
abstraction process.

The final layer uses a sigmoid activation function to squash the output into the scalar vector
between [0, 1], where values close to 1 represent real images and values close to O represent fake
images.

2.2. Loss Functions

BrainSim is trained with a multi-component loss function containing adversarial, cycle-consistent,
and identity-preservation losses.

(@) Adversarial Losses: The adversarial loss aims to measure the discriminability between aged
or retrospective brain images with the ground truth, pushing the generator towards authentic outputs.
The loss function is given by:

Lagvy (Gx,Dx) = IEy~p(Yuld)[DX(GX(y))]'IEx~p(Xyng)[DX(x)]
Where the differences between the retrospective image Gy (y) is compared to the ground truth
image X. Similarly, for Gy and Dy:
Ladvy (Gy, Dy) = Exepxyng ) [Dy (Gy (D) ]-Ey <y (v,10 [Py ()]
The optimization process of Gy and Dy is:

min max L4, x(Gx, Dx)
Gx Dy

Similarly, the optimization process of Gy and Dy is denoted as:

min max Laavy Gy, Dy)

(b) Cycle-Consistent Losses: The cycle-consistent loss ensures translations Gy(X,,4) and
Gy(Ysq) can be reverted to the X,,, and Y,,, domains, respectively. It is given by

Leye (G, Gy) = By py,lll Gy (Gx () —y 2]+ Ex~p x| Gx(Gy(x)) = x 2]

(c) Identity Losses: The identity loss ensures that the transformation done by Gy and Gy does
not significantly alter input MRIs. It is given by:

Lige (Gx, Gy) = Byp v o)l (Gx (1)) = ¥ I+ B (x5 ) [ (Gy (1)) — x 1]
The overall objective function is the sum of the above three losses.
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Liotar = Ladv (Gx, Dx) + Ly (Gy, Dy) + Lcyc (Gx, Gy) +Lige (Gx, Gy)

3. Results

3.1. Data Processing

All the data used in this study are 3D MRI scans obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) Dataset [10]. This initiative aims to develop a multisite, longitudinal,
prospective, naturalistic study of normal cognitive aging, mild cognitive impairment (MCI), and early
Alzheimer's disease as a public-domain research resource to facilitate the scientific evaluation of
neuroimaging and other biomarkers for the onset and progression of MCI and Alzheimer's disease. A
total of 1152 images were used, with 384 images for each of the health states: Alzheimer’s Disease
(AD), Mild Cognitive Impairment (MCI), and Cognitively Normal (CN).

All volumetric data were skull-stripped and linearly registered to MNI 152 space using FSL-
FLIRT and BET [28], [29]. | then normalized brain volumes using the Min-max norm by rescaling
the resulting intensities to the range [—1, +1]. Such intensity pre-processing also helps alleviate
potential intensity harmonization issues between datasets in a manner that creates no leakage. All
processed brain volumes are cropped to the size of [256, 256, 160]. The grayscale channel is then
added and transform the images to the size of [1, 256, 256, 160].

For the 2D model, the middle 60 axial slices are selected from each volume and cropped each slice
to the size of [1, 256, 256]. For the 3D model, each brain volume is divided into 256 [1, 64, 64, 64]
patches with a stride of [25, 25, 25]. During testing, the patches are assembled while applying Median
Filtering of [3>3] to remove noises and preserve the edges of the generated image.

3.2. Baselines

2D conditional CycleGAN Network

This method is a trained 2D-based cycleGAN network. Translation from domains X to Y can be
achieved by finding a latent representation that generates image X and then rendering this latent
representation into style Y. The model is trained with cross-sectional data. The conditionals regarding
the subject’s age, sex, and AD status are involved in the image generation process. It receives and
generates 2D scans only.

3D non-conditional CycleGAN Network

Like the proposed BrainSim, this method is a 3D-based bidirectional CycleGAN network that
translates images back and forth between domains X and Y. However, this model contains a non-
conditional generator. Thus, the condition of the designated health state and sex is not involved in the
training process.

2D conditional GAN Network

This is a 2D conditional GAN model proposed by Xia et al [13]. The model contains a generator
and a discriminator and synthesizes images conditioned on an individual’s age and AD status. The
model is trained using cross-sectional 2D images.

3.3. Implementation Details

To train the model, | selected images of the same age from each subject and paired them according
to their health state before applying them to the model. Thus, the model is trained to generate aged
and retrospective images within the same health state. For the testing of BrainSim, | paired images
from the same subject but different ages. This reiterates my purpose that the model should be trained
to generate images that are from the same subject as the input image. BrainSim was implemented
using PyTorch [30]. It was trained for 384,000 iterations on one V100-SXM2-32GB GPU with a
learning rate of 2 x 10~*and a batch size of 10.
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3.4. Quantitative Evaluation

3.4.1. Evaluation Metrics

To evaluate the quality of synthetically aged images, | used standard definitions of root mean
squared error (RMSE), peak signal-to-noise ratio (PSNR), and structural similarity (SSIM) to
evaluate the closeness of the predicted images to the ground truth [31].

PSNR is the quantity measured as the ratio between the power of the signal noise and a signal’s
maximum power [32]. It is commonly used to measure the quality of images in various applications
involving compression and reconstruction. The higher the PSNR, the higher the quality of the
extracted image.

SSIM is used to quantify the structural similarity between two images [33]. It is based on
luminance, contrast, and changes in structural information. In contrast to PSE and PSNR, SSIM gives
perception and saliency-based errors [34]. Thus, it is designed to model the human visual system
more closely than PSNR and MSE, making it more aligned with human perception of image quality.

3.4.2. Result Analysis

Table 1. Quantitative evaluation of 2D conditional, Xia et al., 3D non-conditional, and BrainSim
for several metrics

AD MCI CN

PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM RMSE
2D cond. 16463 0.602 0.177 14.225 0.521 0.245 13.767 0.481  0.237
Xia et al. 17.698 0.563  0.122 17.618 0.542 0.101 18.719 0.760  0.134

3D non-cond. 18.250 0.622 0.132 17912 0.576  0.127 18.072 0.575  0.125
BrainSim 24.734 0.865 0.058 23.285 0.852 0.069 24.940 0.799 0.111

AD MCI CN
PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM RMSE
2D cond. 16.541 0.579 0.174 14564 0547 0.239 14.136 0414 0.224

3D non-cond. 18.633 0.583 0.117 18.125 0.562  0.124 18.743 0.443 0.116
BrainSim 25.902 0.831 0.051 25553 0.877 0.053 24.269 0.899  0.061

The upper one measures the accuracy of aged brain MRI generation; the lower one measures the
accuracy of retrospective brain MRI generation.

The quantitative results are shown in Table 1. The evaluation metrics employed are the PSNR,
which measures the quality of the reconstruction by quantifying the ratio between the maximum
possible power of a signal and the power of corrupting noise that affects the fidelity of its
representative; SSIM, which measures the similarity between two images based on three components:
luminance similarity, contrast similarity, and structure similarity; and RMSE, measuring the average
deviation of predicted values from the actual values.

Compared to the model proposed by Xia et al., BrainSim demonstrated an average 6.308 increase
in PSNR. This suggests that when trained with limited MRI slices, BrainSim performs with a higher
accuracy, which can be attributed to the cycle-GAN architecture it uses.

The change from a 2D to a 3D-based network shows a significant increase in the performance of
the model. For the aged brain simulation, an average increase of 9.501dB in PSNR value is observed
across all health states. In addition, the SSIM value experienced an average increase of 0.396 in SSIM,
while the mean RMSE values had a 0.140 decrease. Simultaneously, the retrospective brain
simulation resulted in a 10.161 dB increase in PSNR, a 0.356 increase in SSIM, and a 0.157 decline
in RMSE.
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It is thus indicated that BrainSim has a superior performance across all three health states in both
aged and retrospective brain simulation. More importantly, the retrospective brain generation
processes yielded an accuracy that is 0.922dB SSIM higher than that of the aging process.

3.5. Qualitative Evaluation

3.5.1. Evaluation Metrics

To evaluate the performance of the models qualitatively, error maps are used to visually represent
the discrepancies and differences between the generated images and the ground truths. Specifically,
these error maps are generated by computing the pixel-wise differences between the generated image
and the target image.

I also used a Global-local Transformer-based age-predicting model to predict the actual age of the
MRI scans [35]. | trained the model with 3D images from the ADNI dataset. The trained age
prediction model yielded a mean absolute error (MAE) of 3.1 years.

3.5.2. Result Analysis

3D
2D cond. Xia et al. non-cond. BrainSim

3D

2D cond. non-cond.  BrainSim

A' A' Error:
Y -Y,
X; (age: 78) Error: Y; (age: 80) ¥ - ¥l
|Xl - X(I
§ 3
- Prediction:
Prediction: ?
B. B.
Y; (age: 75) Error:
X; (age: 73) Error: 1% - Y|
1Xi - Xi| 3
a Prediction:
Prediction: rediction:
X,
X; (age: 79) Error: Y; (age: 82) Prror

I1X: - Xil

i

Figure 4. Examples results of (A) AD; (B) MCI; and (C) CN image generation

Results of both brain aging (left) and retrospecting (right) are shown for each health state. | predict
output ¥, frominput X; andoutput X, frominput Y; using baseline models and my method. Errors
between the outputs and the ground-truths as |X, — X;| and |Y, — Y;| are also shown. It can be
observed that BrainSim achieves the most accurate results outperforming the baseline models. For
more details see text.

As demonstrated in Fig.4, the best results are achieved by the 3D conditional model, BrainSim,
where the least error between X, — X; and Y, — Y; is observed. The 2D conditional model
produced the poorest output images, with observable structural differences from ground truth,
indicating loss of subject identity. It is also noticeable that the brain ventricle is enlarged in BrainSim
results and the values of |X, — X;| and |Y, — Y;| are reduced, which is consistent with the accepted
fact that the ventricle increases during the aging process.

Prediction: Prediction:
j2 2

Y;

. b
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Furthermore, the result of the same AD subject at different target ages is shown in Fig. 5. The
brain generations from age 58 to 98 are shown with a 5-year increment. It is obvious that as the age
difference between the target age and the original age increases, more observable errors and
discrepancies between the generated image and the ground truth start to exist. This observation is
consistent with the prior findings that AD progression can be indicated by the chronicle-changing
process of the brain over a period of time [4]. | then used f,,.., to estimate the age of these synthetic
images. On average across 300 samples of AD, MCI, and CN images, synthetic AD images are 4.5 =
2.0 years older than the target age, whereas synthetic MCI and CN images are 1.9 3.1 years and 1.5
+2.4 years older than the target

58 63 68 73 it
YXXXXEXEEL

A.

59.6 65.5 70.2 75.1 86.4 93.3 96.4 99.9

50.0 58.8 65.9 69.8 78.6 80.1 86.2 90.4
51 56 61 66 Xi: 71 76 81 86 91
C.
] ) ?
50.2 57.8 60.7 68.5 77.4 82.9 88.3 92.8

Figure 5. Brain aging and retrospecting progression for (A)AD subject X; (at age 78); (B) MCI
subject X;(at age 72); (C) CN subject X;(atage 71)

The aged and retrospective images, ¥, and X,, respectively, are generated are compared. The
differences between generated images and ground truths, |[X, — X;|and |Y, — Y;|, are visualized along
with the simulations ¥, and X,. I also show the predicted (apparent) ages of X; as obtained by the
pre-trained age predictor (below the generated images).

age, respectively. These observations are consistent with previous studies that AD accelerates
brain aging [10]. A larger discrepancy between the target and predicted ages of the brain of AD
patients are observed as the target age becomes larger (it is important to know that the maximum age
of the age predictor is set to be 100.0).

| also observe that the gray/white matter contrast decreases as age increases in the generated
images, which is consistent with existing findings [36]. In addition, enlarging ventricle volume is also
observed from the generated AD images, which is consistent with current findings [37].
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4. Discussion

BrainSim, as presented in this paper, is a novel method for generating aged and retrospective
subject-specific brain MRI scans without using longitudinal data. Utilizing a double-sided conditional
U-Net architecture with embedded age, health state, and sex information, BrainSim effectively
simulates brain images subjected to subject-specific clinical variables. The cycleGAN-based
architecture, along with age-modulated and self-reconstruction losses, ensures that the generated
images maintain subject identity and consistency throughout the generation process.

The effectiveness of BrainSim was demonstrated through evaluations on the ADNI dataset,
showing its capability to produce realistic images conditioned on age, sex, and health state. The
qualitative and quantitative results indicate superior performance compared to benchmarks, thus
underscoring BrainSim's potential to address existing challenges in longitudinal MRI studies by
imputing missing data and ensuring study continuity.

Table 2. Feature Comparison to existing deep learning-based MRI generation models (Dep-GAN,
Xia et al., and DaniNet)

DEP-GAN Xia et al. DaniNet BrainSim
Rejuvenation X X X NI
3D MRI Images X X X N
Longitudinal MRI-Free vV Vv X N4
Health-conditioned X v v N
Sex-conditioned X X X v

The five features being compared are brain MRI rejuvenation capability, the dimension of the
model, the need of longitudinal MRIs, and whether the image generation processed are health and
sex-conditioned.

As suggested by table 2, compared with existing studies, BrainSim is unigue due to its bidirectional
architecture and sex-included image generation algorithms [14], [23], [41]. A study by Aggarwal et
al. suggests that the clinical presentation, cognitive testing profiles, and biomarker profiles of AD all
differ by sex [38]. Thus, the overlook of sex as a variable in image generation is likely to be one of
the major sources of error in previous models [14]. The high performance of BrainSim can thus be
partly attributed to the sex-oriented image generation algorithm it obtains.

As one of the few 3D image synthesis models, BrainSim outperforms other 2D networks by
preserving more details and predicting structural changes more accurately in a 3D space. Since 3D
MRI can provide better image quality, especially for complex anatomical structures, it is more well-
suited for advanced post-processing techniques such as 3D reconstruction. The implementation of a
3D network of BrainSim thus further improves the accuracy of the generation and increases the
performance of the model. In addition, the use of 3D image segmentation also reduces the potential
error of miss-matching slices, which is found in multiple models using 2D image slices [13]. Despite
posing challenges to the device and the length of training, the implementation of a 3D network can
greatly increase the precision of the generated image and therefore increase its chance to be used in
clinical and research industries.

4.1. Potential applications

BrainSim has several potential applications. BrainSim can allow researchers to impute the missing
MRI data of a patient at any time point since missing data due to patient dropout and poor-quality
scans are common challenges in longitudinal MRI studies. In addition, BrainSim is proven to have
sufficiently understood the structural changes in AD patients, as discussed in section 3.4.2. This
suggests that BrainSim has huge potential for clinical use, allowing further clinical analysis of aging
patterns and possibly fostering studies into neurodegenerative diseases. Lastly, | have successfully
extended the cycleGAN structure so that it can be applied in the field of medical image processing
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and generation. BrainSim’s major pipeline can be employed in the image generation of other types
(i.e. CT, PET, SPECT) and body parts (i.e. blood vessels, abdomen, lymph nodes).

4.2. Limitations and avenues for improvement

While | employed various loss functions to maintain the subject identity in generated images, it is
important to recognize that this doesn’t guarantee the preservation of an individual’s identity. Further
analysis of new loss functions and mechanisms could potentially enhance identity preservation.
Unfortunately, due to the limited accessible data on different variables related to identity, pathology,
and demographics, the level of preservation of identity can only be approximated.

In this paper, | use a simple way to encode both age and AD status conditions into the image
generation network. However, the use of further clinical information to reflect health status can be of
benefit as the classification of MCI is challenging and equivocal. Additional clinical variables such
as genotypes can also be incorporated into the model for better image generation and disease
progression prediction. While researchers are experimenting with new techniques to incorporate these
variables into the process of image generation, their utility in integrating clinical variables with
imaging data is still under investigation [39], [40].

Furthermore, in this paper, | focus on the use of cross-sectional data to train a model to predict
aged and retrospective brain images. If longitudinal MRI data are available, model performance could
be further improved by implementing supervised losses and transforming the model into a semi-
supervised learning model.

5. Conclusion

This paper presents a method that learns to simulate both aged and retrospective subject-specific
brain MRI scans without longitudinal data. It relies on two conditional U-Net generators to generate
the images and two Multilayer Discriminators. The generator captures the joint distribution of brain
images and clinical variables, i.e. age, health state (AD status), and sex. The proposed cycleGAN-
based network allows the simultaneous generation of aged and retrospective brain MRIs. BrainSim
consists of an embedding mechanism to encode the information of age, health state, and sex into the
network, and age-modulated and self-reconstruction losses to preserve subject identity. | also use
cycle-consistent loss to maintain the consistency of the generators.

| present qualitative results showing that my method can generate consistent and realistic images
conditioned on the target age and health state. | evaluate with longitudinal data from ADNI for image
quality and age accuracy. | demonstrate on ADNI that BrainSim outperforms benchmarks both
qualitatively and quantitatively and, via a series of ablations, illustrate the importance of each design
decision. BrainSim, therefore, has the potential for clinical and research applications.
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