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ABSTRACT

Tau positron emission tomography supports Alzheimer’s disease staging but is difficult to scale
because of tracer, scanner, and radiation constraints. Synthesis from structural MRI is therefore
attractive, but it is a particularly difficult setting. T1-weighted and FLAIR MRI provide anatomy
and disease correlated morphology, but they do not directly measure Tau-PET relevant signal. We
introduce SFL-Net, a multi-input synthesis framework that predicts Tau-PET from T1-weighted and
FLAIR MRI. SFL-Net factorizes the latent representation into shared, T1-specific, FLAIR-specific,
and complementary pathways and preserves anatomical detail through latent structural conditioning
rather than direct encoder-decoder connections. We evaluated SFL-Net and baseline models using
605 training and 83 validation subjects from ADNI-3 and OASIS-3 datasets. Evaluation included
raw image fidelity, standardized uptake value ratio agreement, high uptake overlap, regional Bland-
Altman bias, braak derived stage agreement, non-inferiority sensitivity analysis, and latent component
Shapley attribution.
SFL-Net performed competitively on both clinically relevant and reconstruction metrics, while also
delivering explicit source level auditability that conventional UNet derived models lack.

Keywords Tau-PET, MRI, vector quantization, source-factorized representation learning, interpretable deep learning,
Alzheimer’s disease, medical image synthesis.

1 Introduction

Tau positron emission tomography (tau-PET) provides in-
vivo information about neurofibrillary pathology and is
closely related to Alzheimer’s disease (AD) stage and clini-
cal decline [1–3]. However, tau-PET is difficult to scale be-
cause it requires radioactive tracer injection and exposure,
long acquisition, and specialized imaging infrastructure.
Structural MRI is more widely available and provides high
resolution anatomical information, motivating MRI to PET
synthesis as an attractive alternative [4–6].

Prior tau-PET synthesis studies have considered several
cross-modal input settings, but these settings differ substan-
tially in clinical burden and information content. For ex-

ample, tau-PET synthesis from FDG-PET or amyloid-PET
can be more accurate than synthesis from structural MRI
because the input already contains molecular or metabolic
information related to AD pathophysiology [6]. However,
PET to PET synthesis only partially addresses the scalabil-
ity problem, since FDG-PET and amyloid-PET still require
radioactive tracers, PET acquisition, radiation exposure,
and specialized infrastructure. An alternative approach is
to synthesize tau-PET from structural MRI, requiring the
model to infer molecular tau load based on anatomy and
disease associated morphological changes rather than us-
ing another PET-based biomarker. This constitutes a more
weakly constrained task. T1-weighted MRI primarily re-
flects brain structure and atrophy, and FLAIR highlights
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tissue abnormalities such as white matter hyperintensities,
vascular damage, and other structural signal alterations,
but neither imaging sequence provides a direct measure of
tau binding. Existing structural MRI to tau-PET work has
demonstrated feasibility, but has largely focused on T1-
weighted MRI alone or on conventional CNN and UNet
based synthesis models [6,7]. Consequently, it remains un-
clear how well an interpretable structural MRI to tau-PET
model performs when evaluated against stronger capacity-
matched synthesis baselines and clinically oriented tau
metrics.

Medical image synthesis is usually evaluated with voxel-
wise error or perceptual similarity, but these metrics are
insufficient for tau-PET. Quantitative utility depends on
regional standardized uptake value ratio (SUVR), preserva-
tion of sparse high-uptake signal, calibration across disease
stages, and downstream agreement with tau staging rules.
A visually plausible synthetic PET image can still fail
clinically if regional uptake is biased toward the cohort
mean or if advanced stage subjects do not cross SUVR
thresholds. These issues are especially relevant for AD,
where molecular burden is spatially heterogeneous and
clinically interpreted through regional staging rather than
global image similarity alone.

A second limitation is interpretability. UNet style syn-
thesis models can obtain strong average metrics but do
not distinguish information shared across MRI contrasts
from input-specific or interaction dependent cues. Direct
encoder-decoder skip connections can also transmit high
bandwidth anatomical information around the bottleneck,
making it difficult to attribute the generated PET signal to
specific latent mechanisms. This is problematic in multi-
input synthesis, where the central question is not only
whether the target can be predicted, but which source infor-
mation supports the prediction. This concern is especially
relevant because UNet-style skip connections were intro-
duced to recover spatial detail [8], and image to image
translation work has used them specifically to pass low
level structure around the bottleneck [9].

Thus, we propose SFL-Net, a Source-Factorized Latent
Network for interpretable tau-PET synthesis from T1-
weighted and FLAIR MRI. SFL-Net addresses the lim-
itations above by replacing a monolithic continuous bot-
tleneck with a quantized latent representation organized
into shared, T1-specific, FLAIR-specific, and cross-source
complementary pathways. The method has two core com-
ponents. First, a vector-quantized encoder is regularized
with a source-factorization loss that shapes the dependence
structure among latent partitions [10]. Second, a structure-
conditioned latent decoder maintains anatomical fidelity
without relying on any direct feature skip connections be-
tween encoder and decoder. This design aligns with condi-
tioning strategies that introduce information via controlled
feature modulation or spatial structural priors [11–14]. The
purpose of the design is to enable operational, source-level
auditability via component ablation and attribution that can
be integrated with state-of-the-art synthesis frameworks.

Our contributions are: (i) a source-factorized quantized la-
tent architecture for structural MRI to PET synthesis; (ii) a
structure-conditioned latent decoder that preserves anatom-
ical detail without direct encoder-decoder skip connections;
and (iii) a clinically oriented validation that includes PET
fidelity, SUVR agreement, high-uptake overlap, braak-
derived stage agreement, Bland-Altman analysis, non-
inferiority sensitivity analysis, and latent-component Shap-
ley attribution against strong baselines.

2 Method

2.1 SFL-Net Architecture

SFL-Net is composed of a shared/source-specific en-
coder for the separate T1 and FLAIR branches, a cross-
source complementary encoder that processes concate-
nated T1/FLAIR inputs, and a structure-conditioned la-
tent decoder (Fig. 1). Each encoder includes a quantization
layer that performs nearest neighbor code assignment, map-
ping the encoder’s latent output to a code vector from its
learned vector codebook [Fig. 1] [10]. The shared/source-
specific encoder processes T1 and FLAIR with shared
weights and produces indexed latent partitions. The cross-
source complementary encoder receives the concatenated
inputs and captures interaction dependent information that
cannot be derived from either single-source pathway. The
decoder receives quantized latent factors as its primary
input and reconstructs the PET volume while being condi-
tioned by edge-derived structural cues. This design avoids
full-resolution encoder feature skip connections so that
PET-relevant signal is forced to pass primarily through the
factorized latent representation. The latent partitions are:

zT1 → [zsT1, z
u
T1], zFL → [zsFL, z

u
FL], zC → zc, (1)

where zsT1, z
s
FL are shared factors between T1 and FLAIR

input sources containing mutual subject information such
as anatomy and structure, zuT1, z

u
FL are source-specific fac-

tors that contain orthogonal information between the input
sources, and zc is the cross-source complementary factor
containing information that only arises by coupling the
input sources.

2.2 Latent Source Factorization

The architectural streams encourage separation of shared,
source-specific, and cross-source complementary infor-
mation in the latent representation. The shared, source-
specific, and complementary terminology is conceptually
related to partial information decomposition, but SFL-Net
does not estimate formal PID atoms; the factorization
is an operational representation constraint designed for
multi-input synthesis, ablation, and component-level attri-
bution [15, 16]. Shared factors are encouraged to agree
across inputs, source-specific factors are discouraged from
sharing information, and the cross-source complementary
factor is discouraged from collapsing into either shared or
source-specific streams.
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Figure 1: General architecture of the proposed SFL-Net model for structural MRI to tau-PET synthesis. T1-weighted
and FLAIR MRI are encoded into shared, source-specific, and cross-source complementary quantized latent pathways.
Anatomical structure is provided through low-bandwidth latent-derived conditioning rather than direct encoder-decoder
feature concatenation. ↑ refers to trilinear interpolation of desired scale, and ↓ refers to convolution downsample of
kernel size 2 and stride 2.

For each pair of latent partitions, we estimate discrete
mutual information from differentiable soft assignments to
the corresponding codebooks [17–19] and normalize it by
the finite-alphabet upper bound. For pre-quantized latent
zP and codebook EP = {eP,k}KP

k=1,

πP (k | zP ) = softmaxk

(
−∥zP − eP,k∥22

τ

)
. (2)

Given paired samples from partitions A and B, their joint
code-index distribution is approximated as

p̂AB(k, ℓ) =
1

N

N∑
n=1

πA(k | z(n)A )πB(ℓ | z(n)B ), (3)

with marginal code-index distributions obtained by sum-
ming over the joint distribution,

p̂A(k) =

KB∑
ℓ=1

p̂AB(k, ℓ), p̂B(ℓ) =

KA∑
k=1

p̂AB(k, ℓ).

(4)

We then compute the discrete mutual information between
the induced code-index variables [17],

I(A;B) =

KA∑
k=1

KB∑
ℓ=1

p̂AB(k, ℓ) log
p̂AB(k, ℓ) + ϵ

(p̂A(k) + ϵ) (p̂B(ℓ) + ϵ)
.

(5)

We can thus define a bounded finite-alphabet normalized
MI score, capacity normalized mutual information (cNMI)
as

cNMI(A;B) =
I(A;B)

log(min(KA,KB)) + ϵ
. (6)

that follows from the finite-alphabet bound I(A;B) ≤
min{H(A), H(B)} ≤ log(min(KA,KB)) [17], yielding
cNMI(A;B) ∈ [0, 1]. Unlike entropy based NMI [20, 21],
the denominator is fixed by the codebook capacity, giving
a stable regularization scale across latent partition pairs,
including cases where KA ̸= KB [22].

Finally, we define the source-factorization loss as

LSF = λu cNMI(zuT1; z
u
FL) + λsRs + λus

∑
i,j

cNMI(zui ; z
s
j )

+ λcs
∑
j

cNMI(zc; zsj ) + λcu
∑
i

cNMI(zc; zui ),

(7)

Rs = 1− cNMI(zsT1; z
s
FL) + λalign∥zsT1 − zsFL∥22.

(8)

Here, A and B denote two distinct latent parti-
tions; P is the partition index such that zP ∈
{zsT1, z

u
T1, z

s
FL, z

u
FL, z

c}; EP = {eP,k}KP

k=1 is its code-
book, where KP is the number of code entries and
KA,KB are the codebook sizes for the compared par-
titions; πP (k | zP ) is the soft assignment of zP to code
k; τ controls assignment sharpness; M is the number of
paired latent samples; p̂AB and p̂A, p̂B are the estimated
joint and marginal code-index distributions; I(A;B) is the
corresponding discrete mutual information; and ϵ is used
for numerical stability. i and j ∈ {T1,FL}. The shared
alignment term, ∥zsT1 − zsFL∥22, can be omitted by setting
λalign = 0 when agreement is defined only in terms of
code-index dependence. In this work, we set λalign = 1 to
encourage both shared code-index information and latent
content agreement. To reduce latent under utilization chan-
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nelwise collapse in the source-specific and complementary
factors, we applied a variance-floor penalty to zuT1, zuFL,
and zc:

Lvf(z) =
1

C

C∑
j=1

max
(
0, σ0 − Std(zj)

)
, (9)

where σ0 is a predefined minimum standard deviation
threshold, C denotes the number of channels, and z rep-
resents the latent factor. This penalty discourages low
variance latent channels and helps preserve effective capac-
ity in non-shared partitions. To reduce asymmetry between
the shared branches, we used random input swapping and
stochastic shared factor mixing during training to obtain
the shared latent partition as

zs = ρzsT1 + (1− ρ)zsFL, ρ ∼ U(0, 1). (10)
These operations were used only as training-time regular-
izer and were disabled at inference and during inference
zs = zsI , where I is the first source latent by input channel
index.

2.3 Structure-Conditioned Latent Decoding

UNet derived skip connections can preserve spatial detail
but also create high bandwidth pathways around the bottle-
neck, which can weaken attribution to the latent vectors [8].
To counter this, SFL-Net conditions the decoder using low
bandwidth structural maps predicted from a fixed channel
slice of the shared latent representation. This slice is con-
ditioned using an input derived edge map during training
supervision. We thus reserve a fixed set of channels Istr
within zs for structural conditioning and define

zstr = zsstr[:, Istr, ·], (11)
where the channel indices and dimensionality of zsstr is
fixed across training and inference. The decoder is initial-
ized at the coarsest scale by

dL = ϕL(η(z
s, zuT1, z

u
FL, z

c)) , (12)
where η(·) denotes latent fusion. At decoder level ℓ, a
scale-matched structural conditioning map is predicted
from zstr and fused with the upsampled decoder feature:

q̃ℓ = ψℓ(z
s
str), dℓ = ϕℓ(Up(dℓ+1)∥q̃ℓ) , (13)

where ∥ indicates concatenation along the channel dimen-
sion, ϕℓ denotes the decoder block, and ψℓ corresponds to
the sequence of layers employed to produce the structural
map at the associated decoder level.

For supervision, a fixed 3D Sobel edge magnitude map
is computed from the structural MRI input and min-max
normalized to obtain M̂ [23, 24]. Structural consistency is
enforced in zstr by

Ledge =
∥∥∥M̃ − M̂

∥∥∥2
2
, M̃ = θ(zsstr). (14)

Where θ is a shallow projection layer only activated during
training (Fig. 1). Thus, anatomical structure regularizes
the latent-derived conditioning pathway without directly
providing edge maps or encoder feature maps to the de-
coder.

2.4 Total Training Objective

The full SFL-Net objective combines PET reconstruc-
tion, vector-quantization regularization, latent source-
factorization, and structural consistency losses:
L = λPETLPET + λVQLVQ + λSFLSF + λedgeLedge.

(15)
Here, LPET is the PET reconstruction loss, LVQ is the
vector-quantization commitment and codebook loss [10],
LSF is the source-factorization loss over the shared, source-
specific, and cross-source complementary latent partitions,
and Ledge regularizes the structural conditioning pathway.
The coefficients λPET, λVQ, λSF, and λedge balance the
corresponding objective terms.

3 Experiments

3.1 Data and Preprocessing

We evaluated SFL-Net using ADNI-3 [25] and OASIS-
3 [26] datasets. After preprocessing and quality control,
605 subjects were used for training and 83 held-out sub-
jects were used for validation. Training and validation
subjects were randomly drawn from both datasets. Subject
metadata, including site, scanner, acquisition protocol, de-
mographic variables, and cohort labels were not used for
model training or evaluation.

For each subject, FLAIR MRI and tau-PET were regis-
tered to the corresponding T1-weighted MRI space, with a
maximum acquisition time difference of 1.5 years between
imaging modalities. Volumes were skull stripped using
FreeSurfer SynthStrip [27–29], denoised, cropped, resized,
and intensity normalized before training. PET-derived
SUVR maps were computed by normalizing tau-PET up-
take to cerebellar cortex uptake. Braak relevant regional
masks were obtained using FreeSurfer SynthSeg [30] and
grouped into Braak I/II (entorhinal cortex, parahippocam-
pal gyrus, and hippocampus), Braak III/IV (limbic and
temporal cortices), and Braak V/VI (parietal, frontal, and
occipital cortices).

Subjects were assigned to five ordered tau stages using a
sequential regional SUVR rule [31]:

Stage =



4, SUVRbraak V/VI > 1.873,

3, SUVRbraak III/IV > 1.523,

2, SUVRbraak III/IV > 1.307,

1, SUVRbraak I/II > 1.129,

0, otherwise.

(16)

The validation set contained 16 Stage 0, 45 Stage 1, 7
Stage 2, 10 Stage 3, and 5 Stage 4 subjects. Training used
on-the-fly spatial augmentations, including random affine
transformations, random axis flipping, and random resized
cropping.

3.2 Baselines and Metrics

We compared SFL-Net against VAE, VQ-VAE, UNet,
and Spatially-adaptive denormalization (SPADE) UNet⊛
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Figure 2: Representative SUVR reconstructions comparing
ground truth, SFL-Net, and benchmark models.

baselines trained under matched input-output conditions
[8, 10, 12, 32]. All models used the same MKConv back-
bone where applicable and were capacity matched to ap-
proximately 5 million learnable parameters. Training used
an effective batch size of 8 with gradient accumulation,
with 64 training cases randomly sampled per epoch. All
models were trained for 1000 epochs using AdamW with
cosine learning rate decay from 10−4 to 10−5. Vector-
quantized models used 20 warmup epochs with quantiza-
tion disabled, followed by k-means codebook initialization
and exponential moving average codebook updates.

Additional contrast-weighted and gradient-aware variants
were included to evaluate whether conventional loss shap-
ing improved high-uptake recovery independent of the
source-factorized latent design [33–35]. We evaluated raw
PET and SUVR MAE, MSE, PSNR, SSIM, MS-SSIM [36],
and relative regional SUVR error, defined as the abso-

lute regional SUVR disagreement as a percentage of the
true regional SUVR. We also evaluated high-uptake Dice
score, sensitivity, specificity, regional Bland-Altman agree-
ment [37], Braak-stage exact accuracy, within-one-stage
accuracy, mean absolute stage error (MASE), and quadratic
weighted kappa (QWK).

Continuous paired metrics were tested using two-sided
Wilcoxon signed-rank tests, paired binary staging metrics
using exact McNemar tests, and latent Shapley contribu-
tions using one-sided Wilcoxon signed-rank tests. Non-
inferiority analyses were treated as sensitivity analyses and
were assessed using paired bootstrap 90% confidence in-
tervals, equivalent to one-sided 5% non-inferiority testing.

4 Results

4.1 Integrated Quantitative Performance

Table 1 summarizes reconstruction fidelity, high-uptake
agreement, regional SUVR bias, and braak staging per-
formance. SFL-Net†⊙achieved the best raw PET MAE,
MSE, and PSNR, the lowest absolute SUVR Bland-Altman
bias, the lowest MASE, and the highest QWK. However,
the added SSIM, MS-SSIM, and regional SUVR relative-
error results show that performance was metric dependent.
UNet⊛variants achieved the strongest structural-similarity
metrics, the lowest regional SUVR relative error, and the
best high-uptake Dice, sensitivity, and exact stage accu-
racy. Thus, SFL-Net†⊙was strongest for raw PET intensity
fidelity, regional SUVR bias, and ordinal stage displace-
ment, whereas SPADE-based UNet baselines remained
highly competitive for SUVR-domain structural similarity,
relative SUVR error, and threshold-dependent metrics.

Paired subject-level tests supported this interpretation.
Adding the source-factorization term improved SFL-
Net†⊙over SFL-Net†on all raw PET reconstruction met-
rics, including SSIM and MS-SSIM (all p ≤ 0.0151; raw
MS-SSIM p = 1.18× 10−5). SUVR-domain gains were
more selective, with significant improvements in SSIM
(p = 1.74× 10−4) and MS-SSIM (p = 8.34× 10−9), but
not in MAE, MSE, PSNR, or regional SUVR relative error
(p = 0.1675). Regional relative error was tested by averag-
ing absolute percent SUVR error across ROIs within each
subject, followed by paired Wilcoxon signed-rank testing
across subjects.

Adding SPADE inside SFL-Net did not improve per-
formance. SFL-Net†⊙outperformed SFL-Net⊛†⊙on raw
and SUVR reconstruction metrics, including raw MS-
SSIM (p = 1.14 × 10−13) and SUVR MS-SSIM (p =
1.67×10−13), while regional SUVR relative error was not
significantly different (p = 0.5984). Compared with the
strongest conventional staging baseline, UNet⊛†∗, SFL-
Net†⊙improved raw PET MSE and PSNR (p = 0.0110
and p = 0.0171), but not raw SSIM or MS-SSIM (p =
0.1131 and p = 0.1283). SUVR SSIM and MS-SSIM
favored UNet⊛†∗(p = 0.0424 and p = 0.0086), and
regional SUVR relative error was not significantly dif-
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Table 1: Validation results for evaluated models. Raw PET and SUVR normalized PET are assessed using reconstruction
metrics, while high-uptake agreement is summarized by subject-level Dice, sensitivity, and specificity. Bland-Altman
(BA) bias is computed over pooled subject ROI SUVR pairs from the five-level sequential staging regions, with %BA
denoting percent SUVR bias. SUVR RelErr denotes relative regional SUVR error. Staging performance is evaluated
using the five-level sequential staging rule over all validation subjects and over the early-stage subset restricted to
ground-truth Braak stages 0–2. Model superscripts are defined as †: MSE reconstruction loss, ‡: Voxelwise Contrast
Weighted Charbonnier reconstruction loss, ∗: Voxelwise Contrast Weighted Gradient Edge reconstruction loss, ⊛:
SPADE, ⊙: source-factorization loss, ⋎: ResNet 18 supervision.

Raw PET SUVR PET High uptake BA bias Braak stage

All stages Early stages 0–2

Model MAE↓ MSE↓ PSNR↑ SSIM↑ MS-SSIM↑ MAE↓ MSE↓ PSNR↑ SSIM↑ MS-SSIM↑ RelErr↓ Dice↑ Sens.↑ Spec.↑ SUVR→ 0 %→ 0 Exact↑ Within-1↑ MASE↓ QWK↑ Exact↑ Within-1↑ MASE↓ QWK↑

VAE† 0.1243 0.0212 16.65 0.838 0.747 0.3684 0.0846 18.30 0.841 0.747 46.3 0.124 0.091 0.940 -0.288 -18.4 0.193 0.735 1.313 0.000 0.235 0.897 0.868 0.000
VQ-VAE† 0.1215 0.0210 16.91 0.841 0.747 0.3571 0.0784 18.41 0.844 0.751 45.3 0.159 0.120 0.925 -0.283 -18.1 0.193 0.747 1.301 0.006 0.235 0.912 0.853 0.031
UNet† 0.1201 0.0209 17.07 0.854 0.812 0.3528 0.0819 19.08 0.855 0.812 31.2 0.161 0.118 0.947 -0.286 -18.4 0.193 0.735 1.313 0.000 0.235 0.897 0.868 0.000
UNet⊛† 0.1072 0.0178 18.31 0.861 0.850 0.2914 0.0543 20.51 0.866 0.857 12.8 0.507 0.513 0.827 -0.132 -5.8 0.494 0.819 0.819 -0.067 0.603 0.985 0.412 0.108
UNet⊛∗ 0.4219 0.2472 7.52 0.688 0.002 0.9712 0.7751 10.05 0.729 0.020 73.0 0.037 0.026 0.809 -0.886 -68.2 0.193 0.735 1.313 0.000 0.235 0.897 0.868 0.000
UNet⊛‡ 0.1066 0.0175 18.36 0.863 0.854 0.2924 0.0555 20.44 0.868 0.861 13.4 0.570 0.636 0.771 -0.106 -3.5 0.530 0.831 0.735 -0.051 0.647 1.000 0.353 0.135
UNet⊛†∗ 0.1072 0.0178 18.29 0.863 0.851 0.2938 0.0560 20.43 0.868 0.857 13.7 0.561 0.632 0.758 -0.102 -3.1 0.554 0.831 0.723 -0.002 0.676 0.985 0.338 0.165
UNet⊛‡∗ 0.1063 0.0175 18.37 0.862 0.850 0.2921 0.0555 20.48 0.867 0.857 13.2 0.542 0.574 0.796 -0.136 -5.9 0.518 0.831 0.771 -0.050 0.632 1.000 0.368 0.134
SFL-Net† 0.1085 0.0178 18.22 0.861 0.842 0.2958 0.0567 20.57 0.865 0.848 15.7 0.503 0.519 0.806 -0.146 -6.8 0.482 0.807 0.843 0.007 0.588 0.985 0.426 0.189
SFL-Net†⋎ 0.1135 0.0188 17.65 0.852 0.811 0.3252 0.0715 19.70 0.855 0.810 44.6 0.171 0.118 0.962 -0.236 -14.2 0.217 0.735 1.289 -0.019 0.265 0.897 0.838 -0.013
SFL-Net⊙†⋎ 0.1093 0.0181 18.13 0.858 0.837 0.3033 0.0604 20.37 0.861 0.840 26.6 0.378 0.320 0.904 -0.196 -11.0 0.277 0.771 1.133 0.005 0.338 0.941 0.721 -0.003
SFL-Net⊙† 0.1043 0.0168 18.53 0.862 0.848 0.2918 0.0538 20.54 0.866 0.855 13.1 0.539 0.605 0.754 -0.101 -3.3 0.518 0.831 0.711 0.140 0.632 0.985 0.382 0.216
SFL-Net⊙‡ 0.1088 0.0182 18.06 0.855 0.835 0.3044 0.0625 20.14 0.859 0.839 25.6 0.391 0.353 0.882 -0.192 -10.6 0.325 0.783 1.060 0.011 0.397 0.956 0.647 0.032
SFL-Net⊙⊛† 0.1093 0.0181 18.12 0.856 0.831 0.3016 0.0619 20.29 0.860 0.837 16.6 0.430 0.399 0.868 -0.161 -8.0 0.422 0.807 0.928 -0.042 0.515 0.985 0.500 0.098
SFL-Net⊙⊛‡ 0.1084 0.0180 18.12 0.857 0.839 0.3074 0.0641 20.14 0.860 0.843 23.1 0.430 0.406 0.862 -0.180 -9.4 0.361 0.795 1.024 -0.040 0.441 0.971 0.588 0.069

Figure 3: Signed early braak stage (0-2) error composition
across synthesis models. Bars show the fraction of subjects
with severe underestimation, one stage underestimation,
exact agreement, one stage overestimation, or severe over-
estimation.

ferent (p = 0.4456). High-uptake Dice also favored
UNet⊛†∗(p = 0.0095), whereas sensitivity, specificity,
and downstream staging metrics were not significantly
different.

4.2 Bias and braak Stage Error

Regional agreement was assessed with pooled Bland-
Altman analysis across subject ROI SUVR pairs. SFL-
Net†⊙had the smallest absolute SUVR bias (-0.101; 95%
LoA [-0.805, 0.604]), while UNet⊛†∗had slightly smaller
percent bias (-3.1%; 95% LoA [-39.4, 33.1]%).

For braak stage tracking, SFL-Net†⊙achieved the low-
est mean absolute stage error (0.711) and highest QWK
(0.140), whereas UNet⊛†∗achieved the highest exact stage
accuracy (0.554). Overall, SFL-Net†⊙remains close or
better in both all stage and early stage tracking metrics
compared to the top baseline models Table. 1. The signed
stage error composition in Fig. 3 shows that the best per-
forming models concentrate more subjects in the exact

and one-stage error categories, whereas weaker baselines
are dominated by larger underestimates, highlighting the
design superiority of SFL-Net and dynamic loss based
SPADE-UNet baselines.

Table 2: Paired non-inferiority sensitivity analysis for
braak stage metrics. Differences are computed as SFL-
Net†⊙minus UNet⊛†∗. CIs are paired bootstrap 90% con-
fidence intervals. For exact and within-one-stage accuracy,
values are in percentage points; for MASE, values are in
braak-stage units. NI denotes non-inferiority established;
Inc. denotes inconclusive non-inferiority.

Exact acc. ↑ Within-1 acc. ↑ MASE ↓
Mean diff. −3.6 pp 0.0 pp −0.012 stages
LCI −10.8 pp 0.0 pp −0.096 stages
UCI 3.6 pp 0.0 pp 0.072 stages
Margin −5 pp −2.5 pp +0.05 stages
Result Inc. NI Inc.
Margin −7.5 pp −5 pp +0.10 stages
Result Inc. NI NI
Margin −10 pp −10 pp +0.15 stages
Result Inc. NI NI
Margin −12.5 pp - +0.25 stages
Result NI - NI

Table 2 summarizes paired non-inferiority sensitivity analy-
ses against UNet⊛†∗. SFL-Net†⊙had slightly lower MASE
than the baseline and satisfied non-inferiority for margins
of +0.10 stages or larger. Within-one-stage accuracy was
identical between models and remained non-inferior across
all tested margins. Exact stage accuracy was slightly lower
for SFL-Net†⊙; non-inferiority was inconclusive for mar-
gins up to −10 percentage points and was established only
under the more permissive −12.5 percentage-point margin.
Thus, SFL-Net showed comparable ordinal-stage displace-
ment and within-one-stage tolerance in this sensitivity anal-
ysis, while exact threshold-level staging remained the most
margin-sensitive metric.
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Figure 4: Latent-component Shapley attribution for SFL-Net using mean-replacement ablation. Significance bars denote
pairwise comparisons between latent-component Shapley contributions within each metric using paired Wilcoxon
signed-rank tests with Holm correction. ∗ : padj < 0.05, ∗∗ : padj < 0.01, ∗∗∗ : padj < 0.001; n.s. : non− significant.
Early-stage metrics were computed for validation subjects with ground-truth Braak stage ≤ 2. Error metrics were
sign-adjusted such that positive contributions indicate lower error. Structure-only decoding served as the empty-coalition
baseline for Shapley attribution.

4.3 Latent Attribution

We quantified the contribution of SFL-Net latent compo-
nents using coalitional Shapley attribution over shared, T1-
unique, FLAIR-unique, and cross-source complementary
latent components [38–40]. This extends previous Shapley-
based analysis of multi-contrast segmentation from input
attribution to latent-component attribution in image syn-
thesis [40]. Structure-only decoding served as the empty-
coalition baseline, and missing latent components were
ablated using mean replacement.

The cross-source complementary component produced the
largest Shapley contribution across staging and SUVR-
based reconstruction metrics, indicating that information
jointly derived from both MRI contrasts was most im-
portant for downstream decoding performance (Fig. 4).
Shared and FLAIR-unique components showed interme-
diate positive contributions, with their relative ordering
depending on the metric. In contrast, the T1-unique com-
ponent contributed weakly and was near-zero or nega-
tive for several staging-based metrics. Pairwise paired
Wilcoxon signed-rank tests with Holm correction showed
that the complementary component was significantly differ-
ent from the other latent components across all evaluated
metrics, while shared and FLAIR-unique contributions
were not consistently separable for MASE, early MASE,
stage accuracy, or SUVR MAE. These findings support
the intended architectural role of the cross-source comple-
mentary stream and suggest that shared and FLAIR-unique
information provide secondary but useful contributions,
while T1-unique information is less consistently benefi-
cial.

5 Discussion

In this study, we proposed and evaluated SFL-Net, a source-
factorized and quantized multi-input representation for
MRI to Tau-PET synthesis. The central contribution is an
architecture that organizes the latent bottleneck into shared,
source specific, and cross-source complementary pathways
that can be interrogated through component ablation and
Shapley attribution. Within the held-out validation set, the

strongest SFL-Net variant achieved competitive clinical
and reconstruction performance among the evaluated mod-
els. These results were obtained without full encoder to
decoder feature bypass, allowing latent components to be
evaluated through coalition-based attribution rather than
treating multi-contrast structural MRI to Tau-PET synthe-
sis as a single opaque regression problem.

5.1 Multi-contrast structural MRI to Tau-PET
synthesis is feasible

We show that T1 and FLAIR based multi-contrast struc-
tural MRI to Tau-PET synthesis is possible, although it
remains a weakly constrained regression problem. T1 and
FLAIR MRI do not directly measure tau binding, yet the
evaluated models recovered clinically meaningful Tau-PET
metrics, including regional SUVR agreement, high-uptake
Tau overlap, Bland-Altman bias, Braak-stage agreement,
and early staging performance. This supports the view
that multi-contrast structural MRI contains disease related
information that can be used to approximate Tau-PET sig-
nals.

We also extend existing structural MRI to Tau-PET syn-
thesis work by evaluating stronger capacity-matched base-
lines in the same regression setting. Rather than comparing
SFL-Net only against conventional autoencoder or simple
UNet models, we included SPADE-based UNet variants
and contrast/gradient-edge aware reconstruction objectives.
The results show that these additions substantially improve
conventional UNet performance. Compared with UNet†,
SPADE-based UNet models achieved much better SUVR
reconstruction, high-uptake agreement, regional relative
SUVR error, and Braak-stage metrics. The best SPADE-
UNet variants also improved clinically oriented metrics,
including high-uptake Dice and sensitivity, exact stage
accuracy, within-one-stage agreement, and early-stage ac-
curacy. Thus, the baseline analysis shows that structural
conditioning and adaptive reconstruction losses can im-
prove both quantitative reconstruction and clinically rele-
vant downstream metrics.

Against these stronger baselines, our proposed model, SFL-
Net⊙†, achieved similar top-tier performance across recon-
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struction and clinical benchmarks. It achieved the best
raw PET MAE, MSE, and PSNR, the lowest absolute re-
gional SUVR Bland-Altman bias, the lowest MASE, and
the highest QWK among the evaluated models. While
not the best, our method remained competative among
several threshold and similarity dependent metrics, includ-
ing SUVR SSIM/MS-SSIM, regional SUVR relative error,
high-uptake Dice, and exact stage accuracy. The non-
inferiority sensitivity analysis further showed that SFL-
Net⊙†preserved within-one-stage tolerance and compara-
ble ordinal stage displacement relative to the strongest
baseline, while exact stage accuracy remained margin sen-
sitive. Thus, SFL-Net shows that our proposed method
maintains competitive clinical performance while adding
an auditable latent bottleneck that conventional UNet based
models lack.

The ablation behavior also explains why SPADE and adap-
tive reconstruction losses did not improve SFL-Net in the
same way they improved the UNet baselines. For the UNet
baselines, SPADE adds valuable ROI-level spatial con-
ditioning information using semantic segmentation maps
of the brain, leading to improved signal recovery by ROI
mask. In SFL-Net, however, anatomical preservation is
already encouraged by the source-factorized bottleneck
and structure-conditioned latent decoder. Adding SPADE
to this architecture degraded performance, suggesting that
the existing factorized latent design may already preserve
anatomical information efficiently and that additional spa-
tial modulation can interfere with the intended bottleneck
organization. Similarly, adaptive contrast aware objec-
tives worsened SFL-Net performance in this implemen-
tation. Based on training behavior, this likely reflects re-
duced stability of the vector-quantized codebooks under
these objectives rather than a general failure of adaptive
losses. These results suggest that objectives and condition-
ing mechanisms that benefit continuous UNet-based re-
gression pipelines may not transfer directly to a quantized
source-factorized architecture without additional stabiliza-
tion.

Overall, SFL-Net is best suited for synthesis settings where
UNet derived skip connections may be a pitfall for down-
stream tasks. Skip connections can preserve fine spatial
detail, but they also create high-bandwidth routes around
the bottleneck, weakening the ability to attribute the output
to specific latent mechanisms. SFL-Net achieves compa-
rable clinical and reconstruction performance without full
encoder-decoder feature bypass, making it a more appropri-
ate design when interpretability, bottleneck accountability,
and source-level auditing are central requirements.

5.2 Latent source factorization provides
component-level auditability

The latent Shapley analysis shows that SFL-Net effectively
separates source-factorized latent components into func-
tionally specialized partitions. This separation is encour-
aged by the architecture itself, which assigns shared, T1-
unique, FLAIR-unique, and cross-source complementary

pathways, and is reinforced by the source-factorization
loss. Across most clinical and reconstruction metrics,
component-level importance followed the same broad or-
dering: complementary > shared > FLAIR-unique > T1-
unique. This pattern indicates that the most useful informa-
tion for decoding Tau-PET signal is not contained in either
structural MRI contrast alone, but in the joint configuration
of T1-weighted and FLAIR MRI.

The dominant complementary contribution is important be-
cause it supports the intended role of the cross-source path-
way. For MRI to Tau-PET synthesis, the model must infer
a molecular imaging target from structural and disease as-
sociated anatomical cues. A strong complementary compo-
nent suggests that the prediction benefits from interaction-
dependent information across T1-weighted and FLAIR
MRI, such as the spatial relationship between anatomy,
atrophy patterns, tissue abnormalities, and regional dis-
ease context. This suggests that the multi-contrast input
configuration is being used in a nontrivial way.

The relative ordering of FLAIR-unique and T1-unique
information is also informative. The stronger FLAIR-
unique contribution suggests that after shared anatomy has
been captured, residual FLAIR-specific signal may provide
more disease-relevant context than residual T1-specific sig-
nal. By contrast, much of the useful T1-weighted informa-
tion may already be absorbed into the shared anatomical
and structural-conditioning pathways, leaving compara-
tively little residual T1-unique information relevant for
decoding Tau signals.

This source-factorized interpretation is the central practical
advantage of SFL-Net. It allows the synthesis process to be
audited by asking whether the generated Tau-PET signal is
driven primarily by shared anatomy, by one MRI contrast,
or by cross-source interactions. This is more informative
than treating the synthesis model as a single monolithic
regressor. The Shapley results therefore help rationalize the
model output and provide evidence that the latent partitions
carry specialized information.

5.3 Clinical metrics and early-stage evaluation are
necessary

The results also show that reconstruction metrics alone
do not fully characterize clinical utility. SFL-Net⊙†was
strongest for raw PET intensity fidelity and regional signed
bias, whereas SPADE-UNet variants were stronger for
SUVR structural similarity, high-uptake Dice, and exact
stage accuracy. These discrepancies are expected because
voxelwise image similarity, regional SUVR calibration,
high-uptake localization, and threshold-based Braak stag-
ing measure different properties of the prediction. A model
can have favorable global reconstruction error while still
missing sparse high-uptake regions, and a model can have
low signed Bland-Altman bias while retaining substantial
absolute regional error because positive and negative er-
rors cancel across ROIs and subjects. Therefore, evaluation
of synthetic Tau-PET should include clinically oriented
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metrics such as regional SUVR error, high-uptake over-
lap, signed and absolute bias, exact and within-one-stage
agreement, MASE, QWK, and early-stage performance.

Early-stage evaluation is particularly important for this
application as the most relevant use case is not simply rec-
ognizing advanced disease after substantial neurodegenera-
tion is already visible on structural MRI, but distinguishing
low burden or early tau-positive patterns and supporting
early disease tracking. Later stage disease may be accom-
panied by more obvious atrophy or structural abnormality,
whereas early stage changes are subtle and more clinically
important for distinguishing cognitively normal and mild
cognitive imparement, or evaluating disease trajectory. For
this reason, early stage performance is a more appropriate
and clinically relevant test for MRI to Tau-PET synthesis.

Additionally, the validation set contained many more Stage
0 and Stage 1 subjects than Stage 3 and Stage 4 subjects,
making higher-stage predictions under perform. In addi-
tion, Braak-stage assignment depends on regional SUVR
thresholds, so small reconstruction errors, segmentation
uncertainty, or registration misalignment can alter the pre-
dicted stage. These issues are amplified when the decisive
uptake pattern is spatially sparse or heterogeneous. To-
gether, the class imbalance and threshold sensitivity help
explain the observed mean-pulling behavior, where most
models tend to underestimate higher stages and pull predic-
tions toward the dominant lower-stage training distribution.
Thus, whole-stage results should be interpreted together
with early-stage metrics, signed-error composition, Bland-
Altman analysis, and regional SUVR errors.

6 Conclusion

SFL-Net offers a practical alternative to UNet-based MRI
to Tau-PET synthesis in settings where interpretability,
bottleneck transparency, and source-level auditing are pri-
oritized over reconstruction accuracy alone. The model
delivers competitive clinical and reconstruction perfor-
mance without relying on full encoder–decoder skip con-
nections, and its source-factorized latent architecture sup-
ports component-wise attribution of shared, T1-specific,
FLAIR-specific, and cross-source complementary con-
tributions. While SFL-Net is not a direct substitute for
stronger UNet baselines, it attains similarly competitive
performance with an auditable bottleneck that clarifies how
multi-contrast structural MRI inputs shape the generated
Tau-PET signal.
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