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Abstract

Positron emission tomography (PET) plays a crucial role in diagnosing and monitoring neu-
rological disorders. However, its clinical availability is constrained by high costs, radiation
exposure risks, and logistical limitations. In this study, we propose Causal PETS, a novel
causality-informed multimodal synthesis model for PET image generation. Unlike conven-
tional approaches that rely on a direct transformation from T;-weighted MRI to PET, our
model explicitly captures causal relationships among multimodal data—including MRI,
demographic information, and cerebrospinal fluid (CSF) biomarkers—and seamlessly in-
tegrates these factors into the PET synthesis process. Through extensive evaluations, we
demonstrate that Causal PETS surpasses existing non-causal methods in image clarity and
accuracy, particularly in highlighting regions of interest critical for neurological disorders
such as Alzheimer’s disease (AD). This work underscores the significance of causality in
medical image synthesis and highlights the potential of multimodal integration for enhanc-
ing clinical decision-making.
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1. Introduction

Medical image synthesis offers new solutions to the problem of obtaining certain modality
imaging data. For example, Positron Emission Tomography (PET) is pivotal in neuroimag-
ing and is crucial for the diagnosis and monitoring of neurodegenerative diseases such as
Alzheimer’s Disease (AD) by detecting abnormal molecules (Marcus et al., 2014; Nordberg
et al., 2010). However, the widespread use of PET is hindered by several challenges: its
reliance on frequent scans for longitudinal studies, the significant expenses of the radio-
tracers and advanced imaging technology, and the health risks posed by radiation exposure
(Nievelstein et al., 2012; Brix et al., 2009). Thus, there is an urgent need to explore alter-
native approaches for acquiring PET to support diagnostic applications, among which the
synthesis of PET from other more available modalities presents a promising solution.
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Figure 1: The Causal Graph of PET Synthesis

Recently, deep learning-based medical image synthesis models have shown great po-
tential. (Wang et al., 2021a,b). In the context of PET imaging, most approaches adopt
a straightforward architecture for generating target images from source images. Some re-
search synthesize PET images from MRI or CT (Zhang et al., 2022a; Ou et al., 2024b),
while others aim at generating high-dose PET images from low-dose PET data (Pan et al.,
2024; Shen et al., 2024). While achieving success, this type of image-to-image paradigm,
as shown in Fig. 1 (blue path), faces one key challenge: the significant information gap
between two image modalities. For instance, generating PET-CT from MRI often suffers
from insufficient information representation. The imaging principle of MRI relies on dif-
ferences in proton relaxation times, which provides structural information. In contrast,
PET-CT imaging, based on the positron radiation of radioactive tracers binding to specific
molecules, reflects the distribution of these molecules, which MRI inherently lacks.

Multi-modal image synthesis, which integrates complementary information from other
modalities, serves as an effective approach to filling the information gap between two im-
age modalities. However, existing multi-modal image synthesis methods typically take all
modalities as direct inputs and rely on the network to automatically learn how to utilize
them. This approach often suffers from limitations, such as suboptimal exploitation of rela-
tionships between different modalities, which in turn leads to inefficient feature fusion and
degraded synthesis performance.

To address these limitations, we propose an innovative causality-informed multi-modal
synthesis model that explicitly models and leverages causal relationships between multi-
modalities to better exploit their complementary information, fill the information gap be-
tween image modalities, and improve synthesis performance. Specifically, the novelties and
contributions of this paper are as follows: (i) A novel causality-informed multimodal
medical image synthesis paradigm. Unlike conventional image-to-image translation methods
that rely on a single modality, Causal PETS employs a causal graph to explicitly model and
leverage causal relationships among multiple modalities, effectively capturing their com-
plementary information for improved PET image synthesis. (ii) Enhanced Performance.
Leveraging the causal graph, Causal PETS achieves state-of-the-art (SOTA) reconstruction
quality in PET image synthesis. Furthermore, by integrating the synthesized PET images
with existing modality data, our approach also attains SOTA classification performance for
the early diagnosis and monitoring of Alzheimer’s disease (AD). (iii) High interpretabil-
ity. By generating PET images under controlled interventions on specific variables in the
model, Causal PETS enables a deeper understanding of the role of each modality, enhancing
the interpretability of the synthesis process.
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Figure 2: The architecture of the auto-encoder of Ty MRI and the PET generator.

2. Method: Causal PETS

2.1. Causal Graph & Structural Causal Equations
2.1.1. CAusaL GRAPH

A Causal Graph (Pearl, 2010) is a graph representing the causal relationships between
variables, where nodes represent variables and an edge from node A to node B (A—B)
signifies that A has a direct causal effect on B. The variables can be either Observed
Variables, measured in the dataset or Latent Variables, not directly observed.

We construct the causal graph of PET acquisition for AD as Fig.1, which ontains the
demographic factor M (Age, Gender, Education levels, APOE4 allele number), brain struc-
ture S, biomarker CSF level Bogr, biomarker distribution B, Ty MRI image I, and PET
image Ippr , according to clinical research, explained as follows.

M — §: Demographic factors have a causal impact on brain structure. Brain atrophy
occurs as a results of age increasing (Kasantikul et al., 1979), differences in brain volumes
are significant between males and females (Gur et al., 2002), and both educational levels
and the presence of the APOE4 allele contribute to brain atrophy (Coffey et al., 1999; Lim
et al., 2017).

S — Ir1: Ty MRI relies on the magnetic resonance signals of hydrogen nuclei(Tang
et al., 2018) and is directly caused by the brain structure.

S — Ippr: PET imaging (Catafau and Bullich, 2015) relies on the use of radiotracers
the uptake of radiotracers may vary depending on the size and shape of brain (.5).

B — Ipgp: The radiotracers bind to specific molecules and the molecule concentration
distribution(B) determines the radiotracer uptake and thus influences Ipgr (Catafau and
Bullich, 2015).

B — Bcgp: CSF biomarkers measure the sampled concentration of molecules in the
cerebrospinal fluid (CSF), thus determined by the distribution of specific molecule.
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2.1.2. STRUCTURAL CAUSAL EQUATIONS

Structural Causal Equations show how a variable is generate, which can be expressed as
Y = fy(Pa(Y),ey), (1)

where fy is a generative function, Pa(Y") denotes the set of parent variables of Y, and ey
is an error term representing all other latent variables affecting Y.
Take the variable Ippr as an example. The structural equation is expressed as

IPET:prET(SyB)eprT)v (2)

where ey can be the PET image prototype, the instrumental or the imaging noise, which
can affect the PET image but are not included in the model.

For the PET synthesis model, I7; and Bogr can be used to provide the information of
their causal parents. In our model, we predict the posterior S and B by

S =gs(Ir,,M), B=gp(Bcsr,M), (3)

where gg is implemented by an encoder and gp by an Multiple-Layer Perceptron (MLP).
Then we use an decoder to implement f7,,, in (2).

2.2. Causality-Informed PET Synthesis (Causal PETS)

The Causal PETS Model is shown in Fig. 2, based on the causal graph Fig. 1. We use two
decoders as the structural equation for Ty MRI and PET, described in (2).
When training and infering, the S and B are firstly approximated by

S = E(Ir,,M), B= f(Bosr, M), (4)

where f denotes the fusion MLP and F denotes the T; MRI encoder.
Then Ipgr,,, and Iy, are generated as the causal structural function,

Ipgt,,, = Gp(S, B, eppr), Ir1,.. = G1,(S,€11), (5)

where G'p and G, denotes generator, eppr and ey, are sampled from normal distribution.
As for the better quality of PET synthesis, we added a discriminator D for adversary
training, matching the synthetic data distribution to the target data distribution.

2.2.1. ARCHITECTURES

In this section we introduce the architectures of networks of the proposed model. Fig. 2
provides an architectural overview. The model architecture details can be found in code!.

Auto-encoder for Ty The auto-encoder consists of one Atten-ResBlock, five ResBlocks,
three Upsample Layers, and three Downsample Layers. The encoder predict the pug and og
and the decoder outputs the Irq, .. The dimension of feature map is marked in Fig. 2.

1. https://github.com/jessyblues/Causality-Informed-PET-Synthesis-from-Multi-modal-Data



CausaL PETS

Attention-based Generator The attention-based generator consists of three Atten-
ResBlocks and three upsampling layers. The first Atten-ResBlock is of cross-attention
and the other two are of self-attention.

Fusion MLP and Discriminator The fusion MLP is made up with three linear layers
of a latent dimension 128, and the discriminator is chosen as a Patch Discriminator, a
discriminator structure based on PatchGAN (Isola et al., 2017a).

2.2.2. Loss FUNCTION

For the auto-encoder, the commonly used reconstruction loss and the KL loss is used as

Lar = Bonty, [z, — Gri(E(I7)|IP] + KL (qo(E(I1,)) [p(S)) , (6)

where KL (¢ (S|I1,)|[p(S)) is the KL divergence between the approximate posterior and the
prior distribution (normal distribution)

For the PET image generator, an Lq loss and a perceptual loss are incorporated to
minimize the absolute pixel-wise difference and the perceptual difference.

'Cl(GP) = IE(:JC,z,m,y)N(IT1 ,BCSF,M,IPET),eNNHy - GP(E(xv m)7 f(Z), 6)”1’
(7)

['Perceptual(GP) = E(w,z,m,y)N(ITl,BCSF,M,IPET),ENNHV(y) - V(GP(E($, m), f(Z, m), 6)) ”1
(8)

The loss function of the generator Gp and the discriminator D is as follows,

‘/:’(D) = E(x,z,m)w(IT1 ,Besr,M),e~N [(D(GP<E($7 m)? f(Z, m)? 6))2] + IEZ/’VIPET [(D(y) - 1)2] 5
(9)

Lado(GP) = Byt sm(Bosp. M) e[l — (D(Gp(E(z,m), f(2),€))?].
(10)

The overall loss function are as follows:

ﬁAE,Gp = ['AE + 'Cl(GP) + )\pEPerceptual(GP> + Aadvﬁadv(GP)- (11)

where A, and Ayq, are the hyper-parameters and the details are in appendix.

3. Experiments

3.1. Datasets and Training Details

We train and test on a subset of the Alzheimer’s Disease Neuroimaging Initiative database
(ADNI) (Petersen et al., 2010), using PET of two different radio-tracers, AV45 and AV1451,
with corresponding CSF bio-marker data. The details of dataset are in the appendix.
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dataset AV45 ‘ dataset AV1451
Method MAE(x10-1) | SSIM(%)1  PNSRT  espyrl | MAE(x10-1) | SSIM(%)1  PNSRT  esovih
CycleGAN (Zhu et al., 2017) 0.34940.147 92.4641.50 23.19242 558 0.2310.30 0.44310.219 88.26+2.10 21.86943.263 0.1240.11
Pix2Pix (Isola et al., 2017b) 0.45040.164 93.7841.46 21.82543.001 0.2140.27 0.25140.081 91.3441 50 25.46941 830 0.1240.12
U-Net w/o condition 0.26540.122 96.7311.33 25.71949.930 0.1610.17 0.23040.112 95.4241 37 26.21642.610 0.1140.10
U-Net w/ condition 0.23710.142 97.194128  26.57842859  0.1240.13 0.22940.119 95.1541 51 26.425:2668  0.09+0.09
BMGAN (Hu et al., 2021) 0.32040.116 96.5141.41 24.26212.374 0.1840.22 0.21440.136 94.78.41.53 27.64443 691 0.1040.11
BPGAN (Zhang et al., 2022b) 0.32140.114 95.6341.31 24.09219 915 0.1840.24 0.21419.162 93.9741.49 27.68814.985 0.1110.10
ControlNet (Zhang et al., 2023) 0.55340.081 91.904178  21.720+1.107  0.1740.16 0.94140.167 81.774266  19.29611.415  0.1040.00
CLDM (Ou et al., 2024a) 0.32940.128 95.5741.26 23.90542 833 0.2340.15 0.21140.117 97.0742.92 27.89643.215 0.1140.12
PASTA (Li et al., 2024) 0.34910.109 95331120  23.51342303  0.2340.14 0.39410.171 93.261273 2310413155  0.1240.09
Causal PETS (ours) 0.224 10,104 97.47:113 26.74012581 0.10:013 0.202.19.096 98.12.:0982 29.687:1905 0.08:010

Table 1: Quantitative comparison of PET images synthesised by different methods

CycleGAN Pix2Pix Unet Unet* BMGAN BPGAN ControlNet cLom PASTA Ours GroundTruth  T1MRI

880000000000

Figure 3: The visualizations of synthesized AV45 PET (the first row) and AV1451 PET
(the third row) of different methods with the different map against the grountruth.

3.2. PET Image Quality

We evaluate our model’s performance in generating PET images, compared against image
translation methods Pix2Pix (Isola et al., 2017b), CycleGAN (Zhu et al., 2017), Unet,
and MRI-specific networks including BMGAN (Hu et al., 2021), BPGAN (Zhang et al.,
2022b) and diffusion-based method including ControlNet (Zhang et al., 2023), CLDM (Ou
et al., 2024a), and PASTA (Li et al., 2024). Quantitative results, including mean absolute
error (MAE), multi-sacle structural similarity (SSIM) index, and Peak Signal-to-Noise Ratio
(PSNR), are detailed in Table 1.

Specifically, we furthermore compute the SUVR (Standardized Uptake Value Ratio)
MAE between the synthesized PET and the target real PET. SUVR is a metric to quantify
the concentration of radio-tracer uptake in a region of interest (ROI) relative to a reference
region. As recommended in clinical research (Schindler et al., 2021; Jack Jr et al., 2018), the
cerebral cortex region is set as the ROI with the cerebellar cortex as the reference region.
The formula of SUVR computation is provided in the appendix.

Our method achieves the lowest MAE, the highest SSIM and PSNR on both datasets,
demonstrating a superior accuracy and the advanced structural similarity. Our method
also outperforms other methods in terms of SUVR MAE, demonstrating its effectiveness in
synthesizing high-quality PET images in terms of ROI.

Figs. 3 show the slices of the synthesised AV45 and AV1451 PET images respectively.
The error map is visualized by subtracting the real PET image from the synthetic one. It
shows that our method generates the most authentic PET image and the darkest error map.
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3.3. Downstream Tasks

dataset AV45 ‘ dataset AV1451

Method F1 AUC Acc Prec Recall ‘ F1 AUC Acc Prec Recall

CycleGAN (Zhu et al., 2017) 0.74367  0.54699  0.75510  0.73312  0.75510 | 0.86502  0.93009  0.85185  0.88881  0.85185
Pix2Pix (Isola et al., 2017b) 0.76648  0.59096  0.75510  0.78001  0.75510 | 0.86902  0.92097  0.85185  0.90897  0.85185
Unet w/o condition 0.77533  0.49639  0.80612  0.75409  0.80612 | 0.90177  0.97872  0.88889  0.94017  0.88889
Unet w/ condition 0.79949  0.78976  0.79082  0.81016  0.79082 | 0.91000  0.94833  0.90741  0.91355  0.90741
BMGAN (Hu et al., 2021) 0.70168  0.50141  0.68878  0.71553  0.68878 | 0.89463  0.93921  0.88889  0.90370  0.88889
BPGAN (Zhang et al., 2022b) 0.76482  0.64197  0.76020  0.76973  0.76020 | 0.88403  0.99696  0.90741  0.91631  0.90741
ControlNet (Zhang et al., 2023)  0.58333  0.72222  0.73333  0.58333  0.58333 | 0.45455  0.70000  0.83333  0.45455  0.41667
CLDM (Ou et al., 2024a) 0.64000  0.77778  0.80000  0.64000  0.67308 | 0.91793  0.92358  0.96296  0.91793  0.97917
PASTA (Li et al., 2024) 0.41558  0.50000  0.57143  0.41558  0.32653 | 0.77778  0.82703  0.83333  0.77778  0.90000
Causal PETS (ours) 0.82261 0.81486 0.81122 0.83937 0.81122 | 0.94260 0.96657 0.94444 0.94213 0.94444
Real Images 0.84894  0.82811  0.84694  0.85117  0.84694 ‘ 0.96488  0.99392  0.96296  0.97119  0.96296

Table 2: Comparison of pMCI vs sMCI classification results using synthesised PET images.

dataset AV45

dataset AV1451

Method F1 AUC Acc Prec Recall ‘ F1 AUC Acc Prec Recall

PET 0.84894  0.82811  0.84694  0.85117  0.84694 | 0.96488  0.99392  0.96296  0.97119  0.96296
Tabular 0.77974  0.79096  0.74490 0.88921 0.74490 | 0.88079  0.63526 ~ 0.88889  0.87710  0.88889
Ty and PET 0.81249  0.79257  0.81122  0.81379  0.81122 | 0.91262  0.95745 0.92593  0.93174  0.92593
T, and Tabular 0.78680  0.81767  0.76020  0.83971  0.76020 | 0.89463  0.91489  0.88889  0.90370  0.88889
PET and Tabular 0.80826  0.81747  0.79082  0.83735  0.79082 | 0.96296 0.99696 0.96296  0.96296  0.96296
T; and PET and Tabular 0.86334 0.86827 0.85204 0.88591 0.85204 | 0.98200 0.99696 0.98148 0.98380 0.98148
PET* 0.82261  0.81486  0.81122  0.83937  0.81122 | 0.94260  0.96657  0.94444  0.94213  0.94444
PET* and Tabular 0.78625  0.75361  0.79082  0.78204  0.79082 | 0.92975  0.97264  0.92593  0.93745  0.92593
Ty and PET* and Tabular 0.82659 0.80341 0.81633 0.84141 0.81633 | 0.94843 0.97872 0.94444 0.96111 0.94444

Table 3: Comparison of pMCI vs sMCI classification results by different modality data.

To further evaluate the synthesized PET images, we employ a downstream task of
classification of progressive Mild Cognitive Impairment (pMCI) and stable Mild Cognitive
Impairment (sMCI). Mild Cognitive Impairment (MCI) is a stage before dementia. pMCI
is likely to progress to AD while sMCI remains relatively stable over time. Distinguishing
between pMCI and sMCI is essential for early intervention and treatment planning. Based
on the encoder of the Ty MRI encoder, we train a PET classifier on the real PET images
and synthesized PET are only for test. As Table 2 shows, for both the AV45 and AV1451,
our method scores the highest in all metrics. Real PET images provide the benchmark and
our proposed method closely approximates these results.

Table 3 shows the classification results using different modalities data. PET* denoted
the synthesized PET images while PET denoted the real PET images. It can be observed
that using real PET images significantly improves the classification performance. When real
PET images are unavailable, synthesized PET images (PET*) show considerable improve-
ment over using just T and Tabular data. The combination of T, PET*, and Tabular
achieves an F'1 score of 0.82659 in the AV45 dataset, compared to 0.78680 for the combined
T and Tabular. The results indicate the clinical significance of our method.
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Figure 4: The SURV comparisons of counterfactual PET

3.4. Interpretability

Generating counterfactual PET images by intervening on variables explains their roles in
the model. For example, reducing APOE4 count lowers SUVR in generated PET images
(Anapogps = —1), shown in Fig. 4, indicating less amyloid or tau deposition and milder
AD, consistent with clinical findings (Lim et al., 2017). This enhances Causal PETS’
interpretability. More results are in the appendix.

3.5. Ablation Study

To validate the contribution of each module and loss function component, we conducted
ablation experiments, shown in Table 4. Removing I reconstruction leads to the highest
MAE increase and SSIM drop, while omitting the PET Discriminator also degrades perfor-
mance, highlighting their roles in image refinement. Additionally, perceptual loss and €z, .
help reduce variance, suggesting that €;,,, improves robustness to image noise.

dataset AV45 dataset AV1451
Method MAE(x10~1) | SSIM(%)+  PNSRt esovr 4 | MAE(x107') | SSIM(%)1  PNSRt esuvr L
w/o I reconstruction 0.247+0.100 97.33+1.15 26.2519 53 0.130+0.120 | 0.265+0.119 98.11+1.08 24.0249.94 0.090-0.089
W/O PET Discriminator 0»243i0.109 97429i1.10 26.25i2_49 04136ig_110 0.235ig_102 98401ig_93 26.70i1_95 04091ig_094
w/o Perceptual loss 0.233+0.111 97.31+1.10 26.4612.61 0.12410.120 | 0.211+0.002 97.28 10,62 28.2619.07 0.08310.104
W/0 €1ppr 0.23310.131 97.30+1.31 26.36+2.85 0.13140.182 | 0.21240.122 97.28.41.49 27.384238  0.089+0.133
Ours 0.224.10.104 97471113 26.74012581 0.10:013 | 0.20210.096 98.121082 29.68711905 0.08:0.10

Table 4: Ablation Study on AV45 and AV1451 Dataset

4. Conclusion

In this work, we propose Causal PETS, a novel causality-informed synthesis model for
generating PET images from multi-modal data. Our model analyzes the causal relation-
ships between different modalities to generate PET images. Our causality-informed PET
synthesis model represents a significant step forward in the integration of multi-modal data
for medical imaging. However, our work still has some limitations, e.g., we do not con-
sider the temporal dimension. By addressing the limitations we can enhance the clinical
applicability and impact of this approach.
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Appendix A. Dataset

AV45 PET imaging (Johnson et al., 2013), also known as florbetapir (AV-45) PET imaging,
is used to visualize amyloid plaques. Correspondingly, CSF AfS data is chosen as Beogr,
referring to measurements of amyloid-beta peptides in the CSF. AV45 PET images and CSF
Ap data reflect the amyloid pathology in brain. AV1451 PET imaging (Mishra et al., 2017),
also known as flortaucipir (AV-1451)PET imaging, is the imaging of tau protein tangles.
Meanwhile, CSF tau and p-tau data measure the total tau and phosphorylated tau proteins
in the CSF, respectively. They both reflect the tau pathology.

The dataset details for training the synthesis model is as follows. We divided the dataset
into training, validation, and test sets in a 4:1:1 ratio, ensuring that all scans from the same
individual appear in the same set, thereby preventing data leakage.
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AV45 dataset

Category CN MCI AD

# of subjects 519 476 197

# of sessions 776 954 213

Age 74.8447.29 73.29+7.44 73.60+7.46

AV145]1 dataset

Category CN MCI AD

# of subjects 187 130 61

# of sessions 314 269 82

Age 72.96+7.32 72.80+7.08 72.73+8.02

Table 5: The Basic Information of ADNI Dataset

For imaging processing, all T; MRI are skull-stripped using ROBEX (Iglesias et al.,
2011), aligned to the MNI152 space, resampled to 1.5mm isotropic using ANTs (Avants
et al., 2009), cropped to dimensions of 96x 128 x96, and normalized in voxel values to range
[0, 1]. The PET images are skull-stripped using ROBEX (Iglesias et al., 2011), registered
to the paired T; MRI, normalized to range [0, 1].

To pair Ipgt with IT; and Bcgr, we define a successful pairing as having a measurement
interval of less than 6 months. let tprT, t1T1, and tcsp represent the time points at which
the data were taken. A successful pair is defined as:

max (|tPET — tT1| , |tPET — tCSF| , |tT1 — tcsp’) < 6 months.

This condition ensures that the measurements Ipgr, IT1, and Bcsr are temporally aligned.

Appendix B. Training Process

We adopt an adversarial training approach, where the generator and discriminator are
alternately trained. The ADAM optimizer is used with a learning rate (LR) of 0.0001 for
the generator, fusion Network, auto-encoder and a LR of 0.0005 for the discriminator. The
training is conducted over 1000 epochs, taking approximately 1.5 days. The batch size
is set to 2, and we use 6 NVIDIA TITAN RTX GPUs for parallel training. All code is
implemented based on PyTorch. The auto-encoder, generator, and discriminator are built
using the basic architectures from MONAIL The Apercepruar is set to 0.02 and Agq, is set to
0.005 in the overall loss function.

Appendix C. SUVR formula
The SUVR value is calculated using the following formula:

1
SUVR = [VRoi| ZvEVROI v

, (1)

1
“/ref| Z’Uevvlfef v

where VRor is the set of voxel values in ROI, and Vit is the set of voxel values in the
reference region. |Vror| and |Vief| denote the number of voxels in each respective region. As
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recommended in clinical research (Schindler et al., 2021; Jack Jr et al., 2018), the cerebral
cortex region is set as the ROI with

Appendix D. Interpretability

In this section we generate PET images with intervening on one of the variables in Fig. 1,
and the role of each variable within the model can be explained. This counterfactual
manipulation allows us to explore the role of variables in our causal PETS model, thereby
enhancing the interpretability of the model.

Here we presents the visualisation results of synthesised PET with the intervention on
Besr (AByge for AV45 dataset and prg for AV1451 daraset).

ABcsr(AB) (pg/ml)

—300

Figure 5: The PET images generated by intervening on the Beogp(Afs2), experiments on
AV45 dataset. The first row shows the generated PET image and the second row shows the
difference map.

ABgsr(pr) (pg/mi)
—40 -30 -20 -10 0 10 20 30 40

Yy yvyvy lsa_lpa\‘yx'

Figure 6: The PET images generated by intervening on the Beosp(pT), experiments on
AV1451 dataset. The first row shows the generated PET image and the second row shows
the difference map.

In dataset AV45, Bogr measures the soluble AS4s concentration in CSF, while PET

detects the deposited amyloid in the brain. Lower levels of AfB4o in the CSF are often
associated with higher levels of amyloid deposition in the brain because AB49, which is a form
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of amyloid-beta, tends to accumulate in amyloid plaques in the brain, leading to reduced
levels in the CSF. Thus, a lower CSF concentration indicates more amyloid deposition in
the brain, resulting in a higher-signal in PET image, and vice versa. As Fig. 5 shows, our
visualization results reflect the specific locations (mostly cerebral cortex) and patterns of
amyloid deposition in the brain as CSF concentration decreases.

In dataset AV1451, Bogr measures prig; protein and binds to neurofibrillary tangles,
which are aggregates of pr associated with AD. The prg; protein is primarily generated
in the brain and enters the CSF through the blood-brain barrier. Thus, a lower CSF
concentration indicates less prig1 in the brain, resulting in a lower-signal in PET image,
and vice versa. As Fig. 6 shows, our visualization results reflect the specific locations and
patterns of prig1 in the brain as CSF concentration increases.
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