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Abstract

Longitudinal prediction of Alzheimer’s
disease progression is of high impor-
tance for early diagnosis and clinical
trial design. We propose to predict
the longitudinal changes of neuroimag-
ing biomarkers and cognitive scores by
leveraging the expressivity of Deep Ker-
nel Learning with single-task Gaus-
sian Processes. The temporal function
that describes the progression of the
biomarker is learned through a Gaus-
sian Process. By learning these tem-
poral functions we can predict any fu-
ture value of a clinical variable. We
apply our method for extrapolation
of neuroimaging biomarkers, SPARE-
AD index, and cognitive metric Adas-
Cog13, both significant predictors for
the pathological and cognitive changes
of Alzheimer’s Disease. The method has
been validated in two cohorts, ADNI
and BLSA, where the results show that
the proposed method significantly out-
performs baselines and state-of-the-art
models in AD progression prediction
both on providing point estimates and
quantifying uncertainty.

Keywords: Deep Kernel Learning,
Gaussian Processes, Alzheimer’s Dis-
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1. Introduction

Alzheimer’s disease (AD) is the most preva-
lent form of dementia and is estimated to
reach 300 million cases worldwide by the year
of 2050 (Rathore et al., 2017). Early de-
tection and patient stratification are critical
for disease treatment and clinical trial de-
sign. To this end, an automated approach
that could forecast future clinical variables
would be of great value during assessment
procedures, and could potentially improve
clinical trial design and early detection of at-
risk subjects. Throughout the years, various
predictors such as imaging-derived biomark-
ers and cognitive scores have been devel-
oped for that purpose. Particularly, we use
the following two predictors for the longi-
tudinal assessment of the disease progres-
sion. The Spatial Pattern of Abnormality
for Recognition of Early Alzheimer’s Dis-
ease (SPARE-AD) index (Davatzikos et al.,
2009) is a neuroimaging biomarker derived
from a high-dimensional pattern classifica-
tion approach to indicate spatial patterns of
brain atrophy. It is a highly sensitive pre-
dictor for subtle brain change to discrimi-
nate among cognitively normal (CN), mild
cognitive impairment (MCI) and Alzheimer’s
disease (AD) subjects. The positive value
of SPARE-AD reflects AD-pathological brain
structure, while the negative value implies
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normal structure. The Adas-Cog13 is a
widely used version of Alzheimer’s Disease
Assessment Scale-Cognitive Subscale (Adas-
Cog) cognitive score, which is a gold stan-
dard for estimating the level of cognitive
symptoms in AD. The score provides a fine-
grained scale of 0–85 with higher value im-
plying more severe cognitive dysfunction.
The major challenges for the accurate lon-
gitudinal predictions of these biomarkers in-
clude missing values and noisy data, espe-
cially in a realistic clinical setting where the
patient visit times can be highly limited and
irregular.
In this paper, we propose a novel deep ker-
nel learning framework with temporal single-
task Gaussian Processes. Specifically, we
aim to learn the temporal function that de-
scribes the evolution in time of two impor-
tant clinical variables, the SPARE-AD score
and the Adas-Cog13 score. Our approach
tailors the deep architecture to handle multi-
modal data including imaging, genomics and
clinical information to learn a common em-
bedding as the input to the Gaussian Pro-
cess (GP) kernel. This approach leads to
an end-to-end training scheme where the
network parameters will be together opti-
mized with respect to the log marginal like-
lihood from the GP inference. We evaluate
our method across two neuroimaging study
cohorts, Alzheimer’s Disease Neuroimaging
Initiative (ADNI) and Baltimore Longitudi-
nal Study of Aging (BLSA) to demonstrate
its generalizability and superior performance
over other state-of-the-art methods in both
aspects of providing the prediction but also
with respect to uncertainty quantification.
The code to reproduce the results of this pa-
per will be made publicly available upon ac-
ceptance.
Section 2 briefly mentions the background
work on forecasting clinical variables in the
context of Alzheimer’s Disease. Section 3
describes the data, the processing and the

preparation scheme. Our methodology is
then presented in Section 4. In Section 5,
we report the experiments on the test sets,
as well as additional analysis of the results.

2. Related Work

We briefly review here the related work
on the forecasting of cognitive scores and
clinical status for AD assessment, with the
focus on the ADNI dataset. Most ex-
isting approaches (Schmidt-Richberg et al.,
2016; Gavidia-Bovadilla et al., 2017; Guer-
rero et al., 2016), focus on modeling subjects
based on their clinical status: CN, MCI, and
AD. (Guerrero et al., 2016) use mixed ef-
fects modeling to derive global and individ-
ual biomarker trajectories for a training pop-
ulation, which was later used to instantiate
subject-specific models for unseen subjects.
Some of the modeling techniques (Guerrero
et al., 2016; Schmidt-Richberg et al., 2016;
Gavidia-Bovadilla et al., 2017) require co-
horts with known disease onset and are prone
to bias due to the uncertainty of the con-
version time. Most of these works attempt
forecasting the changes in subjects’ clinical
status, which deals with a limited number
of future outcomes (i.e. either binary or a
three-class). On the contrary, we aim to ex-
trapolate variables with multiple levels as the
Adas-Cog13 with 85 levels, and continuous
variables such as the SPARE-AD score.
Recent work (Petersen et al., 2010; Utsumi
et al., 2019) utilize Gaussian Processes to ex-
trapolate the ADAS-Cog13 6 months and up
to 24 months ahead respectively. In (Ut-
sumi et al., 2019) they extrapolate 4 val-
ues at the same time with 6-month inter-
val at each. Having equal time intervals
among consecutive acquisitions is not a re-
alistic scenario since obtaining acquisitions
is not trivial and in numerous cases the sub-
jects skip visits. This constrain is also crit-
ical when constructing the training set. For
example, in (Utsumi et al., 2019) the model

540



TemporalDKGP

was trained only on approximately 100 sub-
jects, from thousands of subjects in ADNI
cohort. This reduced number of subjects is
due to the strict filtering based on time in-
tervals between consecutive visits. Addition-
ally, in (Utsumi et al., 2019) the authors uti-
lized multimodal features, using only a single
kernel for all modalities. Furthermore, they
extrapolate the Adas-Cog13 score up to two
years ahead and have the same covariance
function for all the four values, which indi-
cates that the uncertainty is modeled to re-
main the same with respect to the time.
In our work, we use Deep Kernel Learning
(DKL) (Wilson et al., 2016) to integrate the
multimodal data in a single representation as
input to the Gaussian Process layer. Deep
neural networks (DNNs) offer the ability of
representation learning which can be utilized
for downstream tasks. Naturally, DKL has
been proposed for combining both the rep-
resentational power of DNN and uncertainty
estimation of GP with benefits in expressiv-
ity and scalability. In this paper, we use
DKL in order to learn the temporal functions
that describe the progression of the biomark-
ers. With our method, we learn the whole
temporal function and not only the function
with 6-month intervals. Therefore, our task
is harder than the one compared to (Utsumi
et al., 2019).

3. Datasets and Preprocessing

3.1. Datasets

The Alzheimer’s Disease Neuroimaging Ini-
tiative (ADNI, http://www.adni-info.org/)
study is a public-private collaborative lon-
gitudinal cohort study which has recruited
participants categorized as CN, MCI, and
AD subjects through 4 phases (ADNI1, AD-
NIGO, ADNI2) (Weiner et al., 2017). ADNI
has acquired longitudinal MRI, cerebrospinal
fluid (CSF) biomarkers, and cognitive test-
ing. The Baltimore Longitudinal Study of
Aging (BLSA) has been following partic-

ipants who are cognitively normal at en-
rollment with imaging and cognitive exams
since 1993. Detailed information of enroll-
ment criteria can be found in Petersen et al.
(2010) for ADNI and in Resnick et al. (2003)
for BLSA. Participants provided written in-
formed consent to the ADNI and BLSA stud-
ies. The protocol of this study was approved
by the University of Pennsylvania institu-
tional review board.

3.2. Processing

1.5 T and 3T MR data were acquired from
both ADNI and BLSA study.An automated
preprocessing pipeline applies to T1 struc-
tural MRIs. At first, the T1-weighted scans
of each participant are corrected for inten-
sity inhomogeneities (Sled et al., 1998). A
multi-atlas skull stripping algorithm was ap-
plied for the removal of extra-cranial ma-
terial (Doshi et al., 2013). For the ADNI
study, 145 anatomical regions of interest
(ROIs) were identified in gray matter (GM,
119 ROIs), white matter (WM, 20 ROIs)
and ventricles (6 ROIs) using a multi-atlas
label fusion method (Doshi et al., 2016).
For the BLSA study, this method was com-
bined with harmonized acquisition-specific
atlases (Erus et al., 2018) to derive the
same 145 ROIs. Phase-level cross-sectional
harmonization was applied on regional vol-
umes of the 145 ROIs to remove site ef-
fects (Pomponio et al., 2020). Before be-
ing used as features for the Temporal Deep
Kernel model, ROI volumes were residual-
ized and variance-normalized. To correct
age and sex effects while keeping disease-
associated neuroanatomical variations, we
estimated ROIs-specific age and sex associ-
ations among CN participants using a linear
regression model. All cross-sectional and lon-
gitudinal data were then residualized by age
and sex effects. Then, all ROI volumes were
further normalized to ensure a mean of 1 and
standard deviation of 0.1 for each ROI.
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After preprocessing, we use 10-fold cross val-
idation to create 10 train and test sets for
model training and evaluation. We created
two different versions of the datasets. The
first one had no time constraint among con-
secutive acquisitions and we accepted sub-
ject with more than one samples, whereas the
second one accepted only subjects with more
than 5 samples and equal time intervals ap-
proximated to one year. From both datasets,
we excluded subjects that remained CN the
whole course of the study, leading up to 1211
subjects from both ADNI and BLSA studies.
In Section 4 we elaborate how the two ver-
sions of datasets were used.
Regarding the clinical modality, we used
the APOE4 allele and the baseline diag-
nosis, which are categorical variables. For
the genomic modality we used SNPs. The
SNPs data are 54 most AD-related SNPs
pre-selected from Genome-Wide Association
Studies (GWAS) based on existing literature
with categorical values of {0, 1, 2}. We per-
form the data imputation using the informa-
tion of nearest date available in the past.

4. Methodology

Central to our methodological development
is the idea that each biomarker is described
with a temporal function F. The time of the
first acquisition is considered the reference
time, and the temporal variable is the time
difference between any future acquisition and
the baseline. The function F takes as in-
put the structural image of the brain (struc-
tural MR) at the baseline along with the clin-
ical variable (in our case SPARE-AD score or
Adas-Cog-13), and the time-shift, calculated
in months, which we want to extrapolate. If
we symbolize the temporal function that de-
scribes the progression of a biomarker as F,
and a subject j has 5 acquisitions in total,
then we are having 5 samples from this func-
tion F, namely:

F0, F1, . . . , F4

where F0 is the value of the biomarker at
time zero, F1 is the value at time t1 and so
on.

Figure 1: Example of temporal functions
for Adas-Cog13 for three different
progression paths

In Figure 11, we see an example of a
temporal function for Adas-Cog13 for three
different subjects with three different pro-
gression trends. We notice that subjects
that convert to AD have higher Adas-Cog13,
whereas subjects that remain MCI have
lower cognitive scores. Moreover, all the
temporal functions are characterized by an
increasing trend. Regardless the increasing
trend, we observe several fluctuations in the
cognitive score. These indicate that Adas-
Cog13 is a noisy variable which is also con-
founded by several factors such as the intel-
ligence, educational level or even behavioral
ones. Each subject i in our dataset is char-
acterized by longitudinal features and longi-
tudinal biomarkers respectively:

Xi = [xi(0), xi(1), ..., xi(Ti)]

Yi = [Y (i, 0), Y (i, 1), ..., Y (i, T (i))]

The longitudinal features Xi can be imag-
ing, clinical and genomic. The Ti is the last
acquisition of the subject i and the number
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of acquisitions can vary per subject. The
data xi = [m1i,m2i,m3i] contain the modal-
ities mi that can be imaging, clinical and ge-
nomics data. In our dataset, the genomic
information is SNPs. It is important to high-
light that SNP data, are not changing in time
but we still need them to condition the po-
tential different biomarker progression pat-
terns on the subject’s genomic signature.
We assume that there is a temporal func-

tion that describes the progression of a
biomarker B in the population. We symbol-
ize this function as FB. This function takes
input the baseline biomarker metric, and
time (t) and outputs the value of biomarker
at time t. The baseline value is given by the
FB(t = 0) We will use Gaussian Processes
to learn an approximation of the progression
function FB, out of a limited number of sam-
ples that we have. We denote the measure-
ments of the samples as y.

yt = f(x, t) + ϵ where ϵ ∼ N(0, σ2) (1)

If we symbolize the input space Zt as the
following tuple:

Zt = (x0, Y0, t)

then the GP will learn the following map-
ping:

Zt −→ Yt

We split our subjects into population and
test subjects. The population set D =
{(Zj

t , Y
j
t )|j = 1, · · ·L} is used for train-

ing the proposed GP models, where L de-
notes the number of observations. The test
subjects are used for evaluation purposes.
The split into population-test subjects oc-
curs with mentioned the 10-fold cross vali-
dation.

4.1. Temporal Gaussian Processes
Model

The problem that we tackle falls into the
class of supervised learning and specifically

regression. With Gaussian Processes we de-
fine a prior distribution over the temporal
functions and after inference using the sub-
jects of the population, we have the poste-
rior distribution of the temporal function.
We gradually build our model by defining,
at first, the Temporal GP model (TempGP).
To this end, we are using a single-task Gaus-
sian Process with an RBF kernel as covari-
ance function and a constant mean function.
The model is trained with Exact Inference
using GPytorch (Gardner et al., 2018).

4.2. Temporal Deep Kernel Gaussian
Process Model

In this part, we leverage Deep Kernel Learn-
ing so as to be able to capture the population
correlations using a deep neural network. Us-
ing the deep kernel, we perform a synthesis
between the RBF kernel that is used in the
GP Layer and the deep network. We assume
the deep kernel is going to increase the ex-
pressivity of the model, which can lead to a
better representation of the population, es-
pecially when we use multiple modalities as
input. Similarly, the covariance in the single-
task GP with deep kernel is RBF. The model
is trained with the log marginal likelihood of
the GP. If we symbolize the DNN as g then
the deep kernel is:

Kinput = K(g(x), g(x′))

dL

dθ
=

dL

dK

dK

dθ

dL

dw
=

dL

dK

dK

dg

dg

dw

where θ = {l2, σ2} are the hyperparameters

of the RBF kernel K(x, x′) = σ2e
||x−x′||2

l2

5. Experiments and Results

In this section, we will study extensively
the performance of our proposed method in
comparison with baseline algorithms and the
pGP Experts (pGPE) presented in (Utsumi
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et al., 2019). Due to the different formulation
and dataset requirements in our comparison,
we curate two different versions of the ini-
tial dataset (ADNI and BLSA). One is for
the baseline comparison and the other is for
the comparison with the pGPE. The pGPE
requires equal time intervals among acquisi-
tions and subjects with more than 5 longitu-
dinal samples. These constraints shrink the
initial dataset. In Table 1 we see the number
of subjects that we have in the two versions
for the experiments for the Adas-Cog13. We
are gradually building our model starting
from Temporal GP to Temporal DKGP and
thus, we decide to include Temporal GP in
the experiments as well, with the intention to
highlight the effects of the Deep Kernel. Re-
garding the training details, for both Tempo-
ral GP and Temporal DKGP we used Adam
optimizer with different learning rates for
Adas-Cog13 and SPARE-AD. The optimal
learning rate was found through hyperpa-
rameter search in a hold-out validation set.
The models were all trained for maximum
300 epochs. In the Temporal DKGP model
we used early stopping with patience of 20.
If the validation loss was not improved for 20
epochs then the model was no further trained
and the best model was returned. The de-
tailed architecture for the Deep Kernel is
presented in Table 5. All the models were
built with the GPytorch framework (Gard-
ner et al., 2018).

Table 1: Number of subjects for Adas-Cog13

Dataset Subjects

Dataset 1 943
Dataset 2 92

5.1. Evaluation Metrics

Our evaluation strategy comprises of two
schemes. First, we examine the performance

of the model as a predictor. We use the
Mean Absolute Error (MAE) between the
groundtruth biomarker and the prediction.
Secondly, we evaluate the uncertainty esti-
mation between the Temporal GP, the Tem-
poral Deep Kernel GP and the pGPE, which
is measured by the interval and the cover-
age. Interval is the upper and lower bound
of the predictions and coverage indicates
whether the groundtruth is within the in-
terval. A model provides satisfactory uncer-
tainty quantification when the interval is nar-
row and the coverage is high. Full coverage
does not indicate good uncertainty quantifi-
cation if the intervals are wide. We need both
metrics to evaluate the quality of the uncer-
tainty. In all the experiments below, 10-fold
cross validation is applied in subject level,
which indicates a leave-subjects-out valida-
tion scheme.

5.2. Baseline Methods

Our initial experiment is to compare our
method, the Temporal DKGP and the Tem-
poral GP with some baseline algorithms. We
select the Ordinary Least Squares (OLS), the
Ridge and the Elastic regression as three
baselines. Additionally, we developed a
Long short-term memory (LSTM) architec-
ture and a Temporal Convolutional, com-
posed of one-dimensional convolutions. How-
ever, both deep learning models failed to
reach performance close to OLS, Elastic, and
our models’, after performing a thorough hy-
perparameter tuning. These models were
trained with fixed intervals, and thus the
available data was limited and not enough
to train the deep networks. Additionally,
LSTM is unstable in training, leading to no
replicable results. Thus, we decided not to
include them in the plots. Furthermore, we
evaluate the uncertainty quantification only
between the Temporal GP and the Temporal
DKGP since we have not defined a frequen-
tist notion of uncertainty in point estimate
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models. In Figure ?? we see the MAE for
both the Adas-Cog13 and the SPARE-AD to
be the best in the case of Temporal DKGP.
Also in Table 2, the first two rows provide
the uncertainty quantification for Temporal
GP and Temporal DKGP. We observe that
Temporal DKGP manages to provide a sat-
isfactory coverage with narrower intervals.

(a) Adas-Cog13

(b) SPARE-AD

Figure 2: Comparison with pGPE models
and TempDKGP in MAE

Table 2: Interval and Coverage for Experi-
ments for Adas-Cog13

Model Interval Coverage

TempGP 9.215± 0.0040 0.724
TempDKGP 7.173± 0.0032 0.650

TempDKGP 3.68± 0.0005 0.820
pGPE 36.98± 30.0000 1.000

5.3. Comparison with pGP Experts

In this part, we compare the Temporal
DKGP model with the pGPE. Utsumi et al.
(2019) present four different GP models. We
follow the notation of their paper and we
symbolize as sGP the population model, the
pGP, the tGP and the pGPE as the first,
the second and the third version of their per-
sonalized GPs. We compare these models
with the Temporal DKGP. In order to have a
fair comparison we reformulated the dataset
(Dataset 2). Both models are trained with
the same train subjects and tested with the
same test subjects. The Temporal DKGP
model is now trained with longitudinal sam-
ples that have equal time intervals, but no
constraint in the number of samples. On
the contrary, the pGPE, due to the multi-
output approach that uses, requires subjects
with more than 5 acquisitions. In Table 1, we
can see the number of subjects and samples
used in this experiment for Adas-Cog13. In
Figure 3 we see that Temporal DKGP man-
ages to provide more accurate predictions in
comparison with sGP, pGP, tGP and pGPE
models. It is important to note that the task
of extrapolation to equal time intervals and
thus specific time-shifts is easier because the
model does not learn not from random time-
shifts, but from constrained ones. This is
the reason we see lower MAE in Adas-Cog13
and SPARE-AD in the Temporal DKGP in
comparison with the MAE in the Baseline
Methods.

5.4. Ablation Studies

We perform an ablation study on the differ-
ent input modalities that we use to extrap-
olate the metrics. We have three different
modalities. The first is the structural MRI ,
the second is the clinical, including the base-
line diagnosis and the APOE4 allele. The
third modality is the genomic one, the 54
SNPs that are related to AD. We examine
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(a) Adas-Cog13

(b) SPARE-AD

Figure 3: Comparison with pGPE models
and TempDKGP in MAE

the performance of the Temporal DKGP in
the different modalities in comparison with
the Temporal GP and the pGPE, with the
goal to showcase the effectiveness of the Deep
Kernel when we integrate different modali-
ties in the input. In Figure 4 we see that
Temporal DKGP achieves the lowest MAE
in comparison with the rest GP methods, the
Temporal GP and the pGPE.

5.5. Analysis

5.5.1. Uncertainty as the time-shift
increases

We examine how the uncertainty quantifica-
tion changes as the time-shift increases. It
is important to be able to estimate how the
model performs if we increase the time-shift
to up to 10 years ahead and further. In
the boxplots below we see the MAE and the
interval for Adas-Cog13. For Adas-Cog13,
the error is maintained low and is in most

Figure 4: Comparison between GP and
Deep Kernel Learning for Adas-
Cog13

cases comparable with the Temporal GP.
The interesting difference that we observe
between the two models is that the Tempo-
ral DKGP achieves to maintain the intervals
narrow while keeping low the error. In the
Appendix D, we attach the same plots for
SPARE-AD, where we observe the same be-
havior.

6. Conclusion and Future Work

6.1. Conclusion

In this paper we present a simple ap-
proach for extrapolating biomarkers related
to Alzheimer’s disease, the SPARE-AD and
the Adas-Cog13, while at the same time
quantifying the uncertainty of the predic-
tions. We extensively show that Tempo-
ral DKGP successfully predicts both clinical
variables by providing a generative model,
which based on the time, can extrapolate
the clinical variable at the given timepoint.
Our method does not impose any time con-
straints or a specific curation of the longi-
tudinal data according to acquisition time.
Thus, it can be applied in any clinical vari-
able that progresses over time in a longitu-
dinal study. Importantly, we have shown the
potential of deep kernel as a drop-in replace-
ment for the kernel function in conventional
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(a) Error

(b) Interval

Figure 5: Error and Interval for increasing
time-shifts for Adas-Cog13

GP formulations. Our results prove the hy-
pothesis that deep kernel learning provides
with expressivity and can learn the data rep-
resentation well. Since GPs have the issue of
scalability to high-dimensional data, we have
demonstrated that the deep kernel formula-
tion can pave the way for more real-world ap-
plications for traditional GP methods. Our
work confirms the feasibility of the proposed
model through extensive experiments on two
types of neuroimaging biomarker/cognitive
score with different scales across two cohorts.

6.2. Future Work

For our future work, we will examine if we
could use a different encoding of the time in
the input of the Temporal DKGP. Also, ex-
perimenting with the structure of Deep Ker-
nel and perform an additional analysis on
how the model is conditioned based on some
clinical variables, such as the clinical status,
the APOE4 allele will help us interpret the

behavior of the model. Additionally, we want
to explore multitask GPs for the extrapola-
tion of multiple clinical variables or struc-
tural features in time. Such an approach can
be extended to parse the disease heterogene-
ity by clustering the subjects, while at the
same time performing extrapolation, based
on the inter-task similarities on the extrap-
olated longitudinal trajectories captured by
the multitask GP.
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Appendix A. Datasets

In this section, we appose some details about
the datasets. The Dataset 1 (D1) is the
version of the temporal data that was used
for the comparison with the baseline models.
The Dataset 2 (D2) is the version of the tem-
poral data that was used to train the Tempo-
ral GP, and Temporal DKGP for comparison
with the pGP Experts. In D2, we set tempo-
ral constraints of equal time intervals among
consecutive acquisitions to be one year. The
Dataset 3 (D3) is the version of the data that
was used to train the pGP Experts. Again,
we imposed time intervals to be one year and
accepted subjects with more than 5 samples
to be able to construct the multitask dataset.

Appendix B. Deep Kernel Model

The deep neural network architecture of our
Deep Kernel is composed of 4 linear layers
along with ReLU non-linearities in-between.
Table 5 contains the detailed structure of the
Deep Kernel.

Table 3: Number of Subjects used in our ex-
periments for Adas-Cog13

Dataset Subjects

Img (D1) 943
Img+Cl (D1) 943
ADNI Img+Cl+G (D1) 876
Img (D2) 907
Img+Cl (D2) 907
ADNI Img+Cl+G (D2) 876
Img (D3) 92
Img+Cl (D3) 92
ADNI Img+Cl+G (D3) 91

Table 4: Number of Subjects used in our ex-
periments for SPARE-AD

Dataset Subjects

Img (D1) 1175
Img+Cl (D1) 1175
ADNI Img+Cl+G (D1) 1105
Img (D2) 1162
Img+Cl (D2) 1162
ADNI Img+Cl+G (D2) 1093
Img (D3) 454
Img+Cl (D3) 454
ADNI Img+Cl+G (D3) 457

Appendix C. Ablation Study on
Modalities

We present the ablation study on the Dataset
1 when comparing Temporal DKGP with
Temporal GP. Both models, in this compar-
ison, are trained and tested with Dataset 1,
namely not time and sample constraints.
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Figure 6: Example of a temporal function
for SPARE-AD for four different
progression paths

Figure 7: Ablation Study for Modalities:
Adas-Cog13

Table 5: Deep Kernel

Deep Kernel

Linear(dim, 1000)
ReLU
Linear(1000,500)
ReLU
Linear(500,50)
ReLU
Linear(50,25)
Dropout

Figure 8: Ablation Study for Modalities:
SPARE-AD

Appendix D. Analysis

D.1. Uncertainty

We attach the uncertainty-time analysis for
the SPARE-AD.

D.2. Prediction Examples
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(a) Error

(b) Interval

Figure 9: Error and Interval for increasing
time-shifts for SPARE-AD

Figure 10: Example of a temporal functions
learned by the Temporal models

Figure 11: Example of a temporal functions
learned by the Temporal models
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