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Abstract. Predicting the progression of preclinical Alzheimer’s disease
(AD) such as subjective cognitive decline (SCD) is fundamental for the
eﬀective intervention of pathological cognitive decline. Even though multimodal neuroimaging has been widely used in automated AD diagnosis,
there are few studies dedicated to SCD progression prediction, due to
challenges of incomplete and limited data. To this end, we propose a Joint
neuroimage Synthesis and Representation Learning (JSRL) framework
with transfer learning for SCD conversion prediction using incomplete
multimodal neuroimaging data. Speciﬁcally, JSRL consists of two major
components: 1) a generative adversarial network for synthesizing missing
neuroimaging data, and 2) a classiﬁcation network for learning neuroimage representations and predicting the progression of SCD. These two
subnetworks share the same feature encoding module, encouraging that
the to-be-generated representations are prediction-oriented and also the
underlying association among multimodal images can be eﬀectively modeled for accurate prediction. To handle the limited data problem, we further leverage both image synthesis and prediction models learned from a
large-scale ADNI database (with MRI and PET acquired from 863 subjects) to a small-scale SCD database (with only MRI acquired from 113
subjects) in a transfer learning manner. Experimental results show that
the proposed JSRL can synthesize reasonable PET scans and is superior
to several state-of-the-art methods in SCD conversion prediction.

1

Introduction

As a self-reported experience of cognitive impairment, subjective cognitive
decline (SCD) is one of the earliest noticeable symptoms of Alzheimer’s disease (AD), mild cognitive impairment (MCI), and related dementia [1–5]. Considering that individuals with SCD are at increased risk of developing MCI or
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Fig. 1. Illustration of (a) conventional methods for separate neuroimage synthesis and
representation learning and (b) the proposed Joint neuroimage Synthesis and Representation Learning (JSRL) framework for disease progression prediction using incomplete
multimodal neuroimaging data (i.e., MRI and PET).

dementia [6], it is clinically meaningful to predict the progression of SCD for
drug development and possible intervention of AD-related cognitive decline.
Existing studies have shown that structural magnetic resonance imaging
(MRI) and positron emission tomography (PET) data contain complementary
information to improve the performance of computer-aided brain disease diagnosis [7–9]. Unfortunately, compared with MRI, it is generally more diﬃcult to
obtain PET due to the relatively higher cost of PET scanning and other issues
such as patients’ concern about radioactive exposure. For instance, while all
subjects in the public Alzheimer’s Disease Neuroimaging Initiative (ADNI) have
MRI data, only part of them have PET scans [10]. In the China Longitudinal
Aging Social Survey (CLAS) dataset [11], all 113 subjects at 7 years’ follow-up
with deﬁnite conversion results have MRI scans but no PET data.
Previous studies usually discard subjects without PET scans, therefore signiﬁcantly reducing the number of training samples and degrading the learning performance [12,13]. Recently, generative adversarial networks (GANs) have
been employed to impute missing neuroimaging data [14,15], followed by multimodal representation learning and disease classiﬁcation (see Fig. 1 (a)). Since
image synthesis and representation learning are treated as two separate steps,
these methods may lead to sub-optimal performance. Besides, existing methods
often concatenate MRI and PET features for subsequent analysis, ignoring the
underlying association between MRI and PET [16,17]. Intuitively, such association could be used as prior knowledge to boost the prediction performance. As
shown in Fig. 1 (b), we propose to jointly perform image synthesis and representation learning for SCD conversion prediction, through which the underlying
association between MRI and PET can be implicitly modeled.
In addition, we usually have very limited number of subjects for model learning. Directly training models on these limited data would degrade their robustness. To this end, we propose to leverage both image synthesis and prediction
models learned from a large-scale ADNI database (with MRI and PET acquired
from 863 subjects) to a small-scale SCD database (with only MRI from 113 subjects) in a transfer learning manner. The assumption is that, since SCD may be
the preclinical stage of MCI and AD and AD/MCI is a progressive neurodegenerative disease, the discriminate brain changes between AD/MCI and normal
controls (NCs) are potential biomarkers for SCD conversion prediction.
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Fig. 2. Illustration of our JSRL framework for SCD conversion prediction, with a image
synthesis network (bottom) and a representation learning network (top) for prediction.
These two networks share the same feature maps, i.e., [fM 1 , fM 2 ] for MRI and [fP 1 , fP 2 ]
for PET, encouraging that the to-be-generated representations are task-oriented for
the prediction purpose. Conv: Convolution; Decov: Deconvolution.

The main contributions of this work can be summarized as follows: 1) A joint
image synthesis and representation learning framework is proposed for predicting the progression of SCD subjects using incomplete multimodal neuroimaging
data. This is diﬀerent from previous approaches that discard data-missing subjects or treat image synthesis and feature learning as two separate tasks. 2) A
transfer learning strategy is developed to handle the limited data problem, by
leveraging knowledge learned from the ADNI to a small-scale SCD database.

2

Proposed Method

Our JSRL framework is illustrated in Fig. 2, containing 1) a generative adversarial network (GAN) for synthesizing missing neuroimages and generating multimodal features, and 2) a representation learning network for extracting imaging
features and predicting the progression of brain disorders. These two subnetworks share the same features, i.e., [fM 1 , fM 2 ] for MRI and [fP 1 , fP 2 ] for PET,
encouraging that the to-be-generated representations are prediction-oriented and
the association between MRI and PET can be modeled.
Problem Formulation. In this work, we aim to utilize the domain knowledge
learned from ADNI with MRI and PET scans to aid the conversion prediction of
SCD with only MRI data. Let IM denote the domain of MRI images and IP be
the domain of PET images. We denote a set of subjects (with paired MRI and
PET scans) as D = {(xM , xP ) |xM ∈ IM , xP ∈ IP }. If no PET data is available,
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one can resort to an image generator GM : IM → IP to impute each PET based
on its corresponding MRI. Based on the real MRI and synthesized PET data, a
conventional multimodal prediction model is generally formulated as
y = C (xM , GM (xM )) ,

(1)

where y is the class label (e.g., stable SCD or progressive SCD) and C is a
classiﬁer that tells whether an SCD subject will convert to MCI within a certain
period. From Eq. 1, one can see that image synthesis and disease prediction
are treated as two separate tasks. The JSRL can simultaneously perform image
synthesis and prediction via a GAN model and a representation learning network,
respectively. Based on the shared multimodal features (i.e., fM 1 , fM 2 for MRI,
and fP 1 , fP 2 for PET), the prediction model can be formulated as
y = C (fM 1 , fM 2 , fP 1 , fP 2 ) .

(2)

Joint Image Synthesis and Representation Learning. Our JSRL has two
subnetworks for joint image synthesis and prediction, with details given as below.
1) Image Synthesis Network: We resort to a 3D GAN to synthesize missing
neuroimages. Speciﬁcally, our image synthesis model contains a generator (i.e.,
GM ) and a discriminator (i.e., DP ). While the generator GM is used to impute
missing PET images based on MRI scans, a discriminator is used to tell whether
an input PET scan is real or not. As shown in the bottom of Fig. 2, the generator
contains an encoder with 3 convolutional (Conv) layers, a transfer part with 3
residual blocks, a decoder with 2 deconvolutional (Deconv) layers, and an output
layer. The channels of 3 Conv layers are 16, 32 and 64, respectively. For the sake
of symmetry, the channels of two Deconv layers are the same as the corresponding
Conv layers. The ﬁlter size of these Conv and Deconv layers is 3×3×3 except the
ﬁrst Conv and the last Deconv layers with the ﬁlter size of 7 × 7 × 7. Two types
of loss functions are used in the image synthesis network, i.e., an adversarial loss
and a reconstruction loss, deﬁned as

GM (xM ) − xP 1 + log (1 − DP (GM (xM ))), (3)
L(GM ) =
{xM ∈IM ,xP ∈IP }

where the 1st term is the reconstruction loss, and the 2nd term is the adversarial
loss. For DP , we need to minimize the loss

log(1 − DP (xP )) + log (DP (GM (xM ))).
(4)
L (DP ) =
{xM ∈IM ,xP ∈IP }

2) Representation Learning Network: To capture the association of diﬀerent modalities, we develop a representation learning (RL) network to fuse multiscale MRI and PET features for SCD conversion prediction. Since these two subnetworks share the same feature maps, one can encourage the to-be-generated
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representations to be prediction-oriented. Speciﬁcally, to capture multi-scale feature representations of MRI and PET, we propose to share the feature maps of
the ﬁrst two Conv layers from the encoder (i.e., fM 1 and fM 2 ) in GM with RL for
MRI, and share the feature maps of the last two Deconv layers from the decoder
(i.e., fP 1 and fP 2 ) in GM with RL for PET. Then, the channel-wise concatenation of these multi-scale and multimodal feature maps are used as input of the
RL network, as shown in the top of Fig. 2. Denote the concatenation of fM 1 and
fP 1 as C1 and the concatenation of fM 2 and fP 2 as C2. As shown in the top of
Fig. 2, C1 is followed by a Conv layer with a stride of 2 and C2 is followed by a
Conv layer with a stride of 1. Then they are concatenated, followed by four Conv
layers and a fully-connected (FC) layer. The ﬁrst 3 and the last Conv layers are
respectively followed by the max-pooling and average-pooling with the stride of
2 and they all have 16 channels with the ﬁlter size of 3 × 3 × 3. Feature maps of
the last Conv layer are reshaped into a feature vector, followed by an FC layer
(with 1, 280 neurons) for classiﬁcation/prediction. We use the cross-entropy loss
in the RL network for classiﬁcation, which is deﬁned as
LR = −y log p(x) − (1 − y) log (1 − p(x)) ,

(5)

where p(x) is the estimated probability of x belonging to the correct class y. For
jointly training the generator and RL network, the overall loss JSRL is
Ltotal = L(GM ) + λLR ,

(6)

where λ is empirically set as 1.
Transfer Learning Strategy. To deal with the problem of limited training
data, we develop a transfer learning solution, by leveraging knowledge from the
relatively large-scale ADNI dataset to the small-scale CLAS dataset. Speciﬁcally,
we design a label transfer strategy to augment the sample size for model training,
as well as a model transfer strategy for missing neuroimage imputation and
computer-aided SCD conversion prediction.
The CLAS contains stable SCD (sSCD) and progressive SCD (pSCD), while
subjects in ADNI were divided into four categories: 1) AD, 2) NC, 3) MCI, and 4)
SCD (i.e., subjective memory complaint). According to conversion results within
36 months, NC, MCI, SCD in ADNI can be further divided into sCN and pCN,
sMCI and pMCI, sSCD and pSCD, respectively, with ‘p’ meaning progressive
and ‘s’ denoting stable. For example, ‘pSCD’ means that an SCD subject will
convert to MCI within 36 months. Only 16 SCD subjects have deﬁnite conversion
results (i.e., 11 pSCD and 5 sSCD) in ADNI. Since pCN and pSCD subjects
would convert to MCI within a period, we assume that they have similar brain
changes in their neuroimages. Accordingly, we propose to use sNC, pNC and MCI
to aid SCD conversion prediction due to their close relationship (i.e., preclinical
or prodromal stage of AD). Denote subjects belonging to the ﬁve categories (i.e.,
sNC, pNC, sSCD, pSCD, and MCI) as SCD-adjacent subjects. We reasonably
regard sNC and sSCD as positive samples, and treat pNC, pSCD and MCI as
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negative samples in ADNI. With such label allocation, we train JSRL for joint
image synthesis and prediction on ADNI, and then apply the trained model to
CLAS. Thus, the knowledge learned from ADNI can be transferred to CLAS for
SCD conversion prediction.
Implementation. We ﬁrst train the GAN (with GM and DP ) for 50 epochs,
and then jointly train the generator GM and RL network for 30 epochs using
863 subjects with complete MRI and PET in ADNI. For GAN, we ﬁrst train GM
by minimizing L (GM ) with ﬁxed DP , and then train DP by minimizing L (DP )
with ﬁxed GM , iteratively. Then, we jointly train the generator GM and RL
network by minimizing Ltotal . The Adam solver with a learning rate of 2 × 10−3
is used in the image synthesis network and a gradient descent optimizer with a
learning rate of 10−2 is used in joint training of GM and RL network.

3

Experiments

Datasets and Neuroimage Pre-processing. The public Alzheimer’s Disease
Neuroimaging Initiative (ADNI)1 database was studied in this work. We used
MRI and PET data of 863 subjects (205 sNC, 29 pNC, 629 MCI) with complete
MRI and PET scans from ADNI to train our JSRL network, and a validation set
(containing 79 AD subjects with complete MRI and PET scans from ADNI) was
used to validate the image synthesis model in our JRSL network. To validate
the image synthesis model, we use AD subjects rather than SCD-adjacent subjects to make sure that all SCD-adjacent subjects with complete MRI and PET
scans from the ADNI database can be used to train our representation learning
network. We also collected a total of 113 SCD subjects (with only MRI data) in
the CLAS database as an independent test set, including 73 sSCD and 40 pSCD
subjects. All MRI and PET scans were pre-processed using a standard pipeline,
including 1) skull-stripping via FreeSurfer, 2) intensity correction, and 3) spatial
normalization to the Montreal Neurological Institute (MNI) space using SPM.
After pre-processing, all images will have the same size as MNI.
Experimental Setup. In the first group of experiments, we evaluate the quality of synthetic images generated by the image synthesis network in JSRL. Specifically, we train the image synthesis model using 863 SCD-adjacent subjects with
complete MRI and PET scans in ADNI, and test this image synthesis model on
113 SCD subjects with only MRI data in CLAS. Due to the lack of ground-truth
PET images in CLAS, we further test this image synthesis model on 79 subjects
with complete MRI and PET scans in ADNI to validate the reliability of our
model. The averaged peak signal-to-noise (PSNR) and structure similarity image
index (SSIM) are used to measure the quality of those synthetic images.

1

http://adni.loni.usc.edu.
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Fig. 3. Synthetic images generated by our method and their corresponding real images
for two typical subjects from the CLAS and the ADNI databases.

In the second group, we evaluate the performance of our JSRL in SCD conversion prediction, by comparing JSRL with three conventional methods using
handcrafted features, including 1) patch-based method (PBM) [18], 2) ROIbased pattern analysis (ROI) [19], and 3) landmark-based local energy patterns
(LLEP) [20]. Note that features of MRI and PET data are concatenated in these
four methods, followed by a linear support vector machine for prediction. We
also compare JSRL with a state-of-the-art deep learning method, called diseaseimage speciﬁc neural network (DSNN) [14]. DSNN contains two subnetworks to
extract MRI and PET features separately. Each subnetwork in DSNN consists of
5 Conv layers with a stride of 2 to extract MRI/PET features, and the MRI and
PET features are further concatenated and reshaped into an FC layer for classiﬁcation. Prediction models of all methods were trained on ADNI and tested on
CLAS. The performance of SCD conversion prediction is measured by the area
under the receiver operating characteristic (AUC), accuracy (ACC), sensitivity
(SEN), speciﬁcity (SPE), and F1-Score(F1S).
Results of Neuroimage Synthesis. We ﬁrst evaluate the quality of synthetic
images generated by our GAN subnetwork in JSRL. Here, the GAN model is ﬁrst
trained on 863 SCD-adjacent subjects with complete PET and MRI from ADNI,
and then tested on 113 subjects (with MRI only) from CLAS. Due to the lack of
ground-truth PET images in CLAS, we show the visual results of the synthetic
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Table 1. Results achieved by four methods in SCD conversion prediction (i.e., sSCD
vs. pSCD classiﬁcation), with models trained on ADNI and tested on CLAS. Methods
marked as “-M” denote that only subjects with MRI in ADNI are used for training,
while the remaining methods employ all subjects in ADNI with complete MRI and
PET for training, and the real MRI and synthetic PET in CLAS for test.
Method

AUC

ACC

SPE

SEN

F1S

ROI-M
PBM-M
LLEP-M
DSNN-M

0.597
0.500
0.510
0.590

0.611
0.443
0.487
0.522

0.699
0.397
0.493
0.452

0.450
0.525
0.475
0.650

0.450
0.400
0.396
0.490

ROI
PBM
LLEP
DSNN
JSRL (ours)

0.603
0.538
0.516
0.557
0.713

0.584
0.496
0.451
0.558
0.655

0.658
0.425
0.500
0.589
0.616

0.450
0.625
0.425
0.500
0.725

0.434
0.467
0.392
0.444
0.598

PET images. A subject from CLAS with real MRI and synthetic PET is shown
in Fig. 3 (a). One can observe that our synthetic PET images look reasonable in
appearance. We also test this model on 79 validation subjects (with paired MRI
and PET) from ADNI. A subject from ADNI with real MRI, real PET, and
synthetic PET is shown in Fig. 3 (b), suggesting that our synthetic PET image
looks similar to its real one. The mean SSIM and PSNR values of synthetic PET
on ADNI are 0.85 and 23.22, respectively. This suggests that our image synthesis
model is reasonable and the synthetic PET scans have acceptable image quality.
Results of SCD Conversion Prediction. We further compare our JSRL
with ﬁve competing methods in SCD conversion prediction, with results reported
in Table 1. From Table 1, we can have following observations. 1) The proposed
transfer learning strategy works well in SCD conversion prediction (with AUCs
> 0.5 for most methods). 2) Methods with multimodal data generally outperform their single-modal counterparts in terms of AUC values. This suggests that
our synthesized PET scans are helpful in boosting the prediction performance. 3)
JSRL outperforms conventional handcrafted feature based methods (i.e., ROI,
PBM, and LLEP) and the deep learning method (i.e., DSNN), validating the
eﬀectiveness of the proposed framework for joint image synthesis and representation learning. 4) JSRL achieves a signiﬁcantly improved SEN value (i.e., 0.725),
which is 7.5% higher than the second-best SEN (i.e., 0.650) achieved by DSNNM. In real-world applications, the high sensitivity of JSRL may be very useful
for accurately identifying subjects with progressive SCD.
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Conclusion and Future Work

In this paper, we present a joint neuroimage synthesis and representation learning (JSRL) framework for SCD conversion prediction based on incomplete multimodal neuroimages. Speciﬁcally, JSRL consists of a GAN model for imputing
missing neuroimages and a representation learning network for SCD conversion
prediction. We also develop a transfer learning strategy to handle the limited
data problem, by leveraging knowledge learned from the relatively large-scale
ADNI database to the small-scale CLAS database. Experimental results suggest
that JSRL can synthesize PET scans with reasonable image quality and also
achieve good results in SCD conversion prediction. Our study indicates that the
JSRL framework and transfer learning strategy can be potentially applied to the
early detection of preclinical AD, which needs to be veriﬁed in future work. Currently, we directly apply JSRL trained on ADNI to CLAS using a label transfer
and model transfer strategy. Designing advanced data adaptation methods [21]
is expected to explicitly alleviate the data distribution diﬀerence between these
two databases, which will be our future work.
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