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Abstract

Alzheimer’s disease (AD) is a neurodegenerative disorder that leads to cerebral atrophy, impacting memory and cognitive
abilities. A precursor to AD known as Mild Cognitive Impairment (MCI) shows subtle symptoms that do not overwhelm
the patients’ daily activities. MCI patients might eventually progress to AD in later stages. Early detection of the conver-
sion is a vital step in preventative treatment planning. However, conversion detection is challenging due to the rarity of
conversion visits in public datasets and the unknown nature of the conversion. This study aims to improve conversion
detection with an attention-based architecture designed to encode input biomarkers and time into a shared space where
time and attribute embeddings are fused with attention. Temporal information is incorporated as a separate modality with
time embeddings to capture the correlation between time and feature significance for the model’s predictions. Experiments
with widely used public databases (TADPOLE and NACC) show encouraging performance in conversion detection. In
TADPOLE, a conversion recall of 74.3%, significantly outperforming baseline models such as logistic regression (36.9%)
and Long Short-Term Memory networks (62.3%), is reported while maintaining an area under the curve (AUC) score of
82.0%. In NACC, our model demonstrates a competitive conversion recall of 71.6% and an AUC of 82.6%. The experi-
mental results highlight the contribution of the attention between time and attributes to MCI-AD conversion recall. The
experimental analyses hold promise for assisting physicians in designing targeted preventative treatment strategies for
at-risk individuals. The implementation of the proposed method is available at https://github.com/ALLab-Boun/FATE-Net.
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1 Introduction classification task where the patient data constitutes a multi-

variate time series. Consequently, machine learning models

Alzheimer’s disease (AD), known as the prevalent cause of
dementia, causes a steady degradation in the cognitive and
physical abilities of patients [1]. The monitoring of the early
stages, which could be diagnosed as Mild Cognitive Impair-
ment (MCI), is critical to detecting the risk of converting to
AD. Predicting the progression of MCI to AD ahead of time
enables treatment planning to alleviate the symptoms that
complicate the daily activities of patients and their loved
ones [2]. Prediction of the conversion can be posed as a
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are inevitable candidates for solving this classification prob-
lem with a temporal nature.

Machine learning is widely used in biomedical infor-
matics to make the most effective use of patient data. Deep
learning as a subfield of machine learning offers a wide
range of neural network architectures and training frame-
works to tackle complex healthcare tasks, including patient
subtyping [3], phenotyping [4], and disease forecasting [5].
The success of deep learning models stems from learning
task-specific representations of patients and their visits. In
the MCI-AD conversion prediction problem, obtaining visit
representations that differentiate a stable course of MCI vis-
its from a progressive one is essential. In this regard, deep
learning models offer the capacity for encoding several fac-
tors leading to conversion into visit representations. For this
purpose, multi-layer perceptrons, convolutional neural net-
works, and recurrent neural networks could be considered.
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Recurrent Neural Network (RNN) and its popular vari-
ants, such as Long Short-Term Memory (LSTM) network
[6], are widely used to capture temporal dependencies in
temporal patient data. Since the symptoms of neurode-
generative diseases change over time, patients’ conditions
are tracked by their neurologists to change the course of
treatment according to the stage of the disease. Therefore,
sequential modeling is beneficial in capturing the temporal
pattern of the disease’s progression. Similarly, transformer
networks successfully employed in natural language pro-
cessing and vision domains can be used for temporal mod-
eling [7]. The most prominent feature of the transformer
network is the self-attention mechanism that enables learn-
ing how to attend each patient visit to construct a represen-
tation of the current visit. Although the follow-up data of
an MCI patient visiting every three to six months can be
considered a time series, it would be much shorter than,
for instance, the periodic physiological measurements of
an ICU patient. Therefore, whether an RNN could learn a
meaningful temporal pattern from a short sequence of vis-
its is ambiguous. Besides, deciphering the underlying attri-
butes contributing to the prediction of the AD conversion is
as essential as the prediction itself. For this reason, an inter-
pretable association between the prediction, visit time, and
input attributes is critical in the predictive modeling of AD.

This study proposes an inherently interpretable feed-
forward architecture named Feature Attentive Network with
Time Embeddings (FATE-Net) to improve the early conver-
sion prediction between MCI and AD diagnoses. FATE-Net
learns how to attend to each input biomarker by employ-
ing self-attention, where the Time2Vec [8] embedding of
the visit time is treated as a query. This study, unlike the
studies prioritizing biomarker selection with traditional
machine learning models, focuses on designing an architec-
ture that learns how to transform input biomarkers into a
prediction. On the other hand, unlike studies proposing deep
architectures as black-boxes, FATE-Net aims to improve the
explainability of the model’s predictions. In addition, time
is integrated into the architecture in a more explicit man-
ner compared with studies applying recurrent architectures
and transformer networks to the sequential input. The visit
time embedding is used to control the contributions of each
biomarker while learning a latent representation of the visit.
FATE-Net is trained with tabular patient data comprising
cognitive test scores and volumetric measurements obtained
from brain imaging. To be able to diagnose a patient with
MCI and AD, cognitive tests comprising oral and written
evaluations of a patient’s cognition and neuroimaging are
often administered in real life [5]. A patient’s memory and
reasoning skills and ability to perform their daily activities
are mainly scored. Neurologists prefer to administer cogni-
tive tests since they are not invasive and lead to an initial
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diagnosis [2]. Although the cognitive scores are beneficial
for diagnosis, they are insufficient for a neurologist to deter-
mine the final verdict since cognitive test results could be
affected by external factors such as the patient’s education
level. Therefore, neurologists often analyze neuroimaging
of the brain along with the cognitive scores to be sure since
volumetric changes in the brain could be observed in the
progressive stages of AD [9].

The contributions of the proposed model are outlined
below.

e As the importance of input biomarkers might change
with time in neurodegenerative diseases, it is essential
to address this aspect in predictive modeling. FATE-Net
treats time as a separate modality through time embed-
dings and computes attention between time embedding
and attribute embeddings. Thus, learning how time at-
tends differently to input biomarkers inherently creates
an opportunity to comprehend each attribute’s contribu-
tions to conversion prediction.

e Time information is integrated through a time embed-
ding module rather than employing a recurrent struc-
ture. The recurrent and transformer architectures aim
to capture and incorporate the temporal pattern of the
sequence. However, the explicit correlation between
disease progression and time is essential in neurode-
generative diseases. For this reason, FATE-Net aims
to learn how to embed the visit time that could play a
significant role in the MCI-AD conversion while learn-
ing a visit’s representation. Furthermore, the attention
module allows the time embeddings to control the ag-
gregation of the attribute embeddings to obtain the visit
representation.

o The proposed architecture does not require sequential
patient data to be trained. FATE-Net could be trained
with cross-sectional data when multiple sequential vis-
its are unavailable during training. FATE-Net is also ap-
plicable to end-to-end training with sequential patient
data when coupled with sequential modeling. Therefore,
FATE-Net applies to various scenarios where patients
have few visits to sequential visits spanning years.

e FATE-Net’s feature attention applies to any healthcare
task with tabular input biomarkers and time information.

Experiments on two publicly available datasets report a sig-
nificant improvement in MCI to AD conversion recall. The
performance of FATE-NET is compared with commonly
used machine learning and deep learning models in the AD
prediction literature. A case study is provided to present the
potential use of the proposed framework.
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2 Related work

This section presents studies in the literature focusing on
early prediction of AD. Some studies aim to discover the
most clinically plausible input biomarkers facilitating the
predictive tasks performed by traditional Machine Learn-
ing (ML) methods. In this regard, Irfan et al. proposed a
feature selection method to discover vital cognitive features
for early AD detection [5]. An ensemble of ML models with
an adaptive voting approach is trained with the vital fea-
tures. Likewise, Franciotti et al. applied feature selection
and suggested some cognitive, Magnetic Resonance Imag-
ing (MRI), and Position Emission Tomography (PET) bio-
markers based on performances of Random Forest (RF) and
gradient boosting classifiers [10].

A hybrid prognostic unsupervised and supervised ML
framework was introduced by Bucholc et al. to identify
MCI patients with high risk of conversion to AD [2]. The
authors trained RF, Support Vector Machine (SVM), Logis-
tic Regression (LR), and ensemble models with clinical
scores. On the other hand, another study focused more
on the input variables, using factor analysis techniques to
extract latent variables from neuropsychological, MRI, and
Cerebrospinal Fluid (CSF) predictors [11]. The proposed
latent variables are tested with the LR classifier to predict
conversion from MCI to AD.

Some studies categorize MCI patients based on whether
they eventually convert to AD to study the progression from
MCI to AD. MCI patients who convert to AD over time are
classified as progressive MCI (pMCI), while those who do
not convert are categorized as stable MCI (sMCI) [2, 11].
This categorization helps understand the heterogeneity of
MCI and enables the development of predictive models spe-
cifically tailored to identify individuals at higher risk of pro-
gression. Similarly, Kung et al. identified the most suitable
neuroimaging biomarkers to predict MCI to AD conversion,
training multi-layer perceptron to distinguish between sMCI
and pMCI patients [9]. Our study also focuses on MCI to
AD conversion, a challenging but critical task, given that
this transition is relatively rare in publicly available datasets
[12—14]. While predicting stable MCI and AD cases is eas-
ier due to greater data availability, the transition from MCI
to AD is a critical aspect that neurologists need to be alerted
to. Therefore, a key focus of our work is providing timely
and interpretable predictions for this important progression.

The studies mentioned above often rely on traditional
machine learning models, such as support vector machines,
logistic regression, and tree-based classifiers, primarily
for benchmarking purposes. Consequently, their contribu-
tions are typically limited to extracting and evaluating new
features using these well-established models. While using
relevant biomarkers is crucial for prediction, the biomarker

selection or discovery process often requires domain exper-
tise. In contrast, FATE-Net employs an attribute encoder
that projects each feature into a higher-dimensional space,
enabling the model to learn feature importances directly
from the data in a data-driven manner.

While the studies presented above commonly train shal-
low models with various input biomarkers, some studies
train deep models to detect patients at high risk of AD con-
version. For instance, Tabarestani et al. employed LSTM
and gated recurrent unit (GRU) for predicting future diag-
noses of MCI and cognitively normal (CN) patients [15].
The authors also trained the networks to solve the regression
task of predicting future Mini-Mental State Examination
(MMSE) scores. Since the scale of the patient data is often
small to train a complex model, less complex deep mod-
els are preferred to avoid overfitting in healthcare-related
tasks. Therefore, Nguyen et al. proposed an RNN model
with fewer parameters than LSTM networks that can inher-
ently handle missing values [16]. The authors used tempo-
ral patient data comprising cognitive and MRI biomarkers.
Imputing patient data in a clinically plausible way can be
critical. Their proposed RNN model is trained to predict the
missing values of the next visit [16].

An exciting study by El-Sappagh et al. proposed to train
an LSTM network in a two-stage framework [17]. The first
stage predicts the disease progression, while the second
stage is a regression task to predict the time of MCI to AD
conversion [17]. The authors suggested that the LSTM net-
work performed better than the shallow models, such as LR,
SVM, and RF. However, the authors also discussed that the
non-linear projections in the LSTM architecture constitute
the model’s main limitation, which is the lack of interpret-
ability [17]. Building open these limitations, FATE-Net is
designed to enhance the explainability of the model’s pre-
dictions while explicitly integrating time into the archi-
tecture. Unlike recurrent architectures such as LSTM and
GRU or transformer networks, FATE-Net incorporates visit
time embeddings to control the contributions of each bio-
marker, allowing the model to learn a latent representation
of the visit. This structured integration of temporal informa-
tion improves interpretability and provides more detailed
insights into disease progression.

Convolutional Neural Networks (CNNs) and vision
transformer-based architectures are commonly used when
MRI and PET images are considered [18, 19]. Kim et al.
[20], for example, used CNNs with an Inception-V4 archi-
tecture for diagnosing AD from 2D MRI slices, achieving a
performance level better than clinicians on average. Addi-
tionally, neuroimaging data from different modalities can be
combined using fusion approaches. In one study, research-
ers used PET and MRI images from the Open Access Series
of Imaging Studies (OASIS) dataset and developed a model
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that combines Inception and ResNet50 architectures to clas-
sify patients into CN, MCI, and AD categories [21]. While
these approaches achieve strong performance, they rely
on high-dimensional image data, which can be expensive
to acquire repeatedly in clinical settings and computation-
ally costly to process. Additionally, such methods often lack
temporal information and interpretability, both of which are
critical for understanding disease progression and identify-
ing contributing factors.

In contrast, FATE-Net is designed to take tabular input,
such as cognitive scores and volumetric MRI variables. As a
result, we do not compare the proposed method with frame-
works that rely on medical images, which may be less acces-
sible in some clinical environments. FATE-Net incorporates
the time factor by learning temporal embeddings and inher-
ently discovers relationships between outcomes and input
biomarkers through self-attention. This design improves
the MCI-to-AD recall and automatically highlights feature
importance, enhancing interpretability.

3 Method

The proposed framework, given in Fig. 1, comprises time
and attribute encoders that map the time variable and input
biomarkers to a shared space. The time embedding is treated
as a query, and attributes are projected to key and value
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embeddings. Thus, the time embedding specifies how to
attend to each attribute before obtaining the final embedding
used in the classification task. The proposed architecture
aims to learn a visit representation as a weighted combina-
tion of the input biomarkers. In addition, time is integrated
into the architecture as an additional modality unlike the
studies that apply recurrent architectures and transformer
networks to the sequential input. The visit time embedding
is used to control the contributions of each biomarker while
learning a latent representation of the visit. The following
sections present the details of the framework.

3.1 Time encoder

Time is a critical factor in neurodegenerative diseases. Tem-
poral change in an MCI patient’s variables is an essential
indicator of the disease progression. However, the visit
frequency of MCI and AD patients is often around six
months, considered an acceptable elapsed time to observe
the changes in cognitive scores and MRI results [13]. There-
fore, we could not expect to have a sufficiently large number
of visits to capture a temporal pattern effectively. To address
this, using a time encoder, we integrate time as a separate
modality into the representation learning.

Inspired by Kazemi et al., we adopted the Time2Vec
representation given below to learn a vector representation
from continuous time point 7; [8].

MCI

—p| Classifier

Self Attention

AD

k,v,ERY,j=1,..d

Fig. 1 FATE-Net architecture. Inspired by Time2Vec [8], the time
encoder outputs a time embedding used as the query in the self-atten-
tion layer. The attribute encoder maps each input dimension into a
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space shared by the time embedding. The attribute embeddings are
aggregated within the self-attention layer
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where t2v (7;) [j] is the jth element of the d’-dimensional
time embedding of ith time step, and w; and ; are trainable
parameters.

Time2Vec embeddings provide a nonlinear representa-
tion of time. Modeling the visit time as a modality on its
own is particularly crucial since neurodegenerative dis-
eases, such as AD, worsen over time. Time embeddings are
learned from data in a task-specific manner. Therefore, tem-
poral dynamics of the biomarkers contributing to the task
could be encoded in the time embeddings. The importance
of biomarkers evolves during disease progression since the
changes in the brain structure might become more visible
in neuroimaging at later stages of the disease [22]. In this
study, we compute attention between time embeddings and
attribute embeddings to highlight how time influences bio-
marker importance.

In the literature, time embeddings in attention have been
used to tackle irregularly sampled time series. For instance,
Shukla and Marlin proposed multi-time attention computed
over the Time2Vec embeddings of observed time points
[23]. Following the footsteps of Shukla and Marlin, Zhang
et al. extended the multi-time attention idea to predictive
models with multi-modal electronic health records [24]. The
proposed FATE-Net does not compute attention weights
over the embeddings of all the time points. Unlike the pre-
vious studies, we treat the learned embedding of the current
time point as a query that controls how much to attend to
each input biomarker. To further analyze the contribution
of Time2Vec embeddings, we conducted an ablation study
comparing the performance of FATE-Net with and without
the Time2Vec module. Experimental results also supported
the hypothesis that time embeddings improve predictive
performance, particularly MCI-to-AD conversion recall.
Section 3.3 presents the proposed self-attention approach.

3.2 Attribute encoder

Identifying the most relevant input biomarkers that can
facilitate predictive modeling for MCI to AD conversion is
essential. Feature selection before model training is one of
the approaches. However, such a feature selection requires
domain knowledge and might eliminate the possibility of
discovering unprecedented factors contributing to disease
progression modeling. Therefore, the FATE-Net aims to
learn the contributions of the input attributes to construct
the final representation.

The proposed attribute encoder first decouples input bio-
markers by projecting each into two separate shared latent
spaces. Following the self-attention terminology, we call

these latent representations the key and value of each attri-
bute. Given an input vector at time step 7, x; € R, we proj-
ect each attribute to key and value vectors as given below.

kij = ReLU (WgoReLU (wx1245)) 2)
vij = ReLU (Wy2ReLU (wy1245)) )
where k;; and v;; are the d'-dimensional key

and value vectors of the j-th attribute at i-th
time step, w1 € R Wy € RE*d” and
wy1 € RY Wy, € RY% are projection layers. Thus,
the attribute encoder outputs a key-value pair for each input
attribute. The key and the value latent spaces do not need
the same dimensionality. However, the keys should be rep-
resented in the same space as the time embedding since the
dot-product similarity between attribute keys and their visit
time embedding needs to be computed.

One of the primary motivations in proposing attribute-
wise key-value pairs is to expand the encoded amount of
information in higher dimensional spaces than univariate
attributes. The second and most important primary motiva-
tion is to facilitate comprehension of the individual contri-
butions of the input biomarkers to the model’s decisions,
which is a key step toward model interpretability. The fol-
lowing section presents how the individual attribute repre-
sentations are fused together by employing attention.

3.3 Self-attention and classification

The self-attention layer obtains a representation of the
patient at the ith visit by combining the attribute embed-
dings. The contributions of the input attributes to the patient
representation might vary based on the time point of the
disease progression path. For this reason, we compute the
attention weights by treating the time embedding as the
query. The attention weights over input attributes are com-
puted by the dot products between the time embedding and
the keys of each attribute. Then, the weighted sum of the
value vectors, given below, yields the final embeddings that
can be fed to a classifier.

d
hi =) aivy 4)
j=1

h; € RY is the ith time step’s final representation before the
classifier, and «;; is the attention weight of the jth input
dimension at ith time step computed as follows:

et2V(T71)Tkij /Vd’

Qi = 5
J ZZ:l etQV(Ti)Tkik/\/E ( )
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The attention mechanism of FATE-Net and the self-atten-
tion proposed in Transformer networks [7] are different. In
transformer-based frameworks, the input is an embedding
sequence, such as a multivariate time series and a sequence
of words. When constructing a representation for each ele-
ment of the sequence, the self-attention method allows each
element to attend to the other elements differently. Since
the order of the elements matters, positional encodings are
added to the input. Thus, the self-attention aims to model the
temporal dynamics of a sequence. However, in this study,
time and attribute encoders do not require a sequential input
to output a visit representation.

Each visit has a raw representation, a vector of input
biomarkers. Instead of feeding this vector directly to a
fully connected layer, we first elevate each dimension cor-
responding to a biomarker into higher dimensional spaces.
Thus, the input biomarkers are not blended right from the
beginning. Instead, separate attribute representations and
time embeddings are used to compute attention weights
over the attributes instead of the temporal sequence. As
seen in Eq. 4, the final visit representation is constructed as
a weighted linear combination of the attribute embeddings.
Since the framework is trained end-to-end, all the embed-
dings and how they are combined are tuned to improve the
forecasting task. For this reason, we hypothesize that the
learned attention weights should indicate the contributions
of each attribute, bridging the gap between the model’s pre-
dictions and input biomarkers.

We investigate the predictive performance of the FATE-
Net with several classifier training options. First, we add
fully connected layers to train a binary classifier with cross-
sectional h; embeddings. Secondly, we obtain a sequence of
embeddings, {hy,--- ,hr} and train an LSTM network as
the classifier. The other options are to replace LSTM with
a standard transformer network or a one-dimensional Con-
volutional Neural Network (1D-CNN), which could be used
in AD classification [25]. Each option is trained end-to-end
with time and attribute encoders as given in Algorithm 1
using the binary cross-entropy loss function given below.

Table 1 Number of patients in TADPOLE and NACC datasets across
training, development, and test sets

Patient group Train Development Test Total
TADPOLE

sMCI 330 92 104 526
pMCI 193 47 58 298
AD starter 206 44 67 317
Total 729 183 229 1141
NACC

sMCI 1525 378 463 2366
pMCI 1148 286 376 1810
AD starter 4283 1076 1335 6694
Total 6956 1740 2174 10870
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N
1
L= i Z —yn log (FATE-Net (xp, 7))

n=1

— (1 —yn)log (1 — FATE-Net (x5, 7))

(6)

where y,, is the ground truth label of the nth visit, N is the
total number of visits of all the training patients, and x,, and
T,, are the input feature vector and the time step of the nth
visit, respectively.

Require: Training set of Svisit, annotations, visit time) triplets: D =
{x1,y1,7), -, (%N, UN, TN
Ensure: FATE-Net model parameters
1: for e=1,--- ,Epochs do
2: for i =1,.-. ,Iterations do
3: t2v; = TimeEncoder (-rij)
4 forj=1,---,ddo
5: k;j, vij = AttributeEncoder (zl]-)
6: end for
7 {aij = AttentionModule (t2v (r;) [5], ki])}?:l
8 Obtain visit representations with Eq. 5

9: §; = Classifier (VisitRepresentation)
10: Compute Eq. 6

11: Update FATE-Net parameters

12: end for

13: end for

Algorithm 1 FATE-Net training

4 Experiments

Experiments are conducted on two publicly available datas-
ets with different numbers of patients and varying biomark-
ers. All the models are implemented in Python, employing
the Pytorch library for deep model implementation and
training. Results are reported with 5-fold cross-validation.

4.1 Datasets

The experiments are conducted using The Alzheimer’s
Disease Prediction of Longitudinal Evolution (TADPOLE)
Challenge [12, 13], and Uniform Data Set (UDS) ver-
sion 3.0 from National Alzheimer’s Coordinating Center
(NACC) [14].

The details about the patients and their visits in the selected
cohorts from both datasets are presented in Tables 1 and 2,
respectively. Patients are categorized into three groups based
on their disease progression path. As mentioned in Sect. 2,
sMCI patients are those who begin with MCI and remain
diagnosed with MCI, with no observed progression to AD;
while pMCI patients convert to AD in subsequent visits. AD
starters are the patients who are initially diagnosed with AD
and continue with the same diagnosis over time.

Visits are examined based on both diagnostic categories,
which are MCI and AD, and transition patterns, including
MCI-to-MCI, MClI-to-AD, and AD-to-AD. MCI-to-MCI
visits refer to visits where the patient remains diagnosed
with MCI. MCI-to-AD visits are those where the patient
converts from MCI to AD; that is, they were diagnosed with
MCI in their previous visit, however they have progressed



Pattern Analysis and Applications (2025) 28:64

Page 7 of 15 64

Table 2 Number of visits in TADPOLE and NACC datasets across
training, development, and test sets

Visit label Train Development Test Total
TADPOLE

MCI 2694 758 856 4308
AD 1611 361 507 2479
Total 4305 1119 1363 6787
MCI-to-MCI 2694 758 856 4308
MClI-to-AD 193 47 58 298
AD-to-AD 1418 314 449 2181
Total 4305 1119 1363 6787
NACC

MCI 7328 1863 2259 11450
AD 17936 4622 5666 28224
Total 25264 6485 7925 39674
MCI-to-MCI 7328 1863 2259 11450
MCI-to-AD 1148 286 376 1810
AD-to-AD 16788 4336 5290 26414
Total 25264 6485 7925 39674

to AD in their current visit. AD-to-AD visits refer to visits
where the patient remains diagnosed with AD.

4.1.1 TADPOLE

The TADPOLE challenge dataset is a subset of the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) data-
base comprising patient visit records for cognitively normal
(CN), MCI, and AD patients with demographics, cognitive
test scores, and MRI and PET scans [12, 13]. The data-
base was launched as a public-private partnership led by
Michael W. Weiner, MD in 2003. For the latest information,
please visit www.adni-info.org. We used TADPOLE D1
D2 spreadsheet in our analysis and selected 14 biomarkers
among those recommended by the TADPOLE challenge.
The selected biomarkers have less than a 50% missing rate,
which are CDRSB, ADAS11, ADAS13, MMSE, RAVLT
immediate, RAVLT learning, RAVLT forgetting, FAQ,
Ventricles, Hippocampus, WholeBrain, Entorhinal, Fusi-
form, and MidTemp. The visit data is collected at 6-month
intervals. The maximum number of visits in the selected
cohort is 19, while most patients have fewer than 10 visits.

This study focuses only on visits labeled as MCI and
AD. Thus, the selected cohort comprises 1141 patients with
6787 visits labeled as MCI and AD, with 4308 and 2479 vis-
its, respectively. Out of these patients, 26% (298 patients)
of them start as MCI and convert to AD after some time.
The aim is to focus on these patients and capture the risk
of developing AD. The patients are split into five splits,
each containing 913 (80%) patients for training and 228
(20%) patients for testing. The training patients are fur-
ther split into 729 (80%) and 184 (20%) patients for train-
ing and development set, respectively. For both datasets,

hyperparameter tuning is done on the development set to
prevent information leaks. After the model is chosen, it is
trained on the larger training set (which consists of train-
ing and development sets), and the final results are reported
using 5-fold cross-validation.

In the case of missing values, forward filling is used
when data exists from the previous time steps; otherwise,
backward filling is used. Features related to MRI (Ven-
tricles, Hippocampus, WholeBrain, Entorhinal, Fusiform,
MidTemp) are normalized by dividing them by the intracra-
nial volume of each patient. Min-max scaling is applied to
all the features.

4.1.2 NACC

The Uniform Data Set (UDS) version 3.0 was published
by the National Alzheimer’s Coordinating Center (NACC)
in 2015, containing demographics, patient history, cogni-
tive test scores, MRI scans, and clinician notes [14]. The
NIA-AA criterion is used to diagnose AD. For more details,
please see UDS Researchers Data Dictionary https://files.
alz.washington.edu/documentation/uds3-rdd.pdf. The fol-
lowing 14 features are selected in the experiments: NAC-
CAGE, CDRSUM, BILLS, TAXES, SHOPPING, GAMES,
STOVE, MEALPREP, EVENTS, PAYATTN, REMDATES,
TRAVEL, FAQ, MAXFAQ.

The Functional Activities Questionnaire (FAQ) mea-
sures patients’ abilities in their daily life activities. It is the
sum of scores for BILLS, TAXES, SHOPPING, GAMES,
STOVE, MEALPREP, EVENTS, PAYATTN, REMDATES,
TRAVEL features, with a score of 0 indicating normal abil-
ity and a score of 3 indicating dependence. While the total
score of the FAQ is informative, clinicians pay attention to
cases with an unexpectedly high score of an FAQ item, as
they are critical for the decisions on the diagnosis [26]. For
instance, a patient with a low FAQ total score is likely to
carry out their daily activities. However, a score, e.g., PAY-
ATTN, that is too high can be concerning for clinicians, who
may take additional precautions. To address this, MAXFAQ,
the highest score among the 10 FAQ features, is added as
an extra attribute. Each patient has at most two MRI scans,
which is insufficient for temporal models. Therefore, MRI
features are excluded from the analysis.

After eliminating patients with high missing rates, the
selected group has 10,870 patients with 39,674 visits in
total. The patients are split into five splits, each containing
8696 (80%) patients for training and 2174 (20%) patients
for testing. The training patients are further split into 6956
(80%) and 1740 (20%) patients for training and develop-
ment set, respectively.

The visits are labeled according to the NACCUDSD
value, with 11,450 visits labeled as MCI and 28,224 as
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AD. Patients with an AD conversion constitute 17% of the
selected patients, resulting in 1810 subjects. The maximum
number of visits is 17, and most patient sequences have less
than six visits. As mentioned in Sect. 4.1.1, missing values
are filled with forward and backward filling.

4.2 Implementation details

Each visit’s ground-truth label is set as the next visit’s diag-
nosis. Both datasets have patterns of visits transitioning
from MCI to AD and back to MCI. Given the progressive
nature of AD, occurrences where a patient regresses from
AD to MCI are considered anomalies. Such time steps are
excluded to prevent any potential misleading conclusions by
the model. Both datasets have a limited number of instances
where MCI patients convert to AD, posing a challenge in
learning this specific pattern. Conversion recall is separately
reported to assess the performance in capturing the conver-
sions. This metric explicitly considers the patients’ conver-
sion time steps and represents the AD recall at such critical
time steps.

FATE-Net described in Sect. 3 is implemented as follows:
Attribute encoder is designed as a 2-layer fully connected

Table 3 Performance of predicting the next visit’s diagnosis

network with dimensions [32, 64] and is utilized to obtain
key and value vectors. Similarly, the time encoder’s dimen-
sion is initially increased to 32 and then to 64. After apply-
ing self-attention using Eqgs. 3 and 5, a 3-layer network with
dimensions [64,16,2] is employed for classification. The
layers have the Leaky Rectified Linear Unit (ReLU) with
a leakiness of 0.2 and the dropout with a probability of 0.2
between them.

An ablation study is conducted where only the attribute
encoder is employed to observe the impact of the time
encoder. The query vector is obtained in the same way as in
Eqgs. 2 and 3 for key and value vectors, and the remaining
procedure is the same. The results for FATE-Net with and
without Time2Vec (t2v) embeddings are given in Table 3.
The time and attribute encoders are further explored by
introducing multiple attention heads. Testing with 2, 3, and
4 heads reveals that employing only one head produces the
best results in both datasets. Therefore, the results obtained
with a single attention head are reported.

FATE-Net is also trained with temporal classifiers. For
this purpose, a sequence of embeddings is obtained for each
patient. Each time step corresponds to a visit and consti-
tutes 64-dimensional embeddings obtained from Eq. 4. The

Model Precision Recall F1 AUC Conversion recall
MCI AD MCI AD
TADPOLE
LR 0.898 (0.020) 0.879 (0.021) 0.936 (0.012) 0.817 (0.025) 0.891 (0.009) 0.876 (0.008) 0.369 (0.083)
SVM 0.899 (0.017) 0.882 (0.016) 0.937 (0.012) 0.817 (0.023) 0.893 (0.009) 0.877 (0.009) 0.353 (0.059)
XGBoost 0.897 (0.016) 0.847 (0.014) 0.914(0.016) 0.818 (0.021) 0.879 (0.010) 0.866 (0.006) 0.397 (0.046)
TabNet 0.898 (0.017) 0.863 (0.023) 0.925(0.018) 0.816 (0.037) 0.885(0.005) 0.871(0.011) 0.383 (0.095)
LSTM 0.917 (0.014) 0.758 (0.029) 0.839 (0.030) 0.868 (0.016) 0.852 (0.015) 0.854 (0.009) 0.623 (0.037)
1D-CNN 0.939 (0.017) 0.789(0.034) 0.861 (0.027) 0.904 (0.016) 0.878 (0.013) 0.882 (0.010) 0.600 (0.057)
Transformer 0.940 (0.019) 0.762 (0.035) 0.835(0.038) 0.908 (0.022) 0.864 (0.020) 0.871 (0.015) 0.598 (0.186)
FATE-Net + FC 0.845 (0.040) 0.781 (0.047) 0.884 (0.028) 0.722 (0.044) 0.823 (0.036) 0.803 (0.035) 0.398 (0.048)
FATE-Net + FC w/o 2Vec  0.829 (0.025) 0.764 (0.046) 0.881 (0.020) 0.678 (0.073) 0.805 (0.023) 0.779 (0.033) 0.352 (0.063)
LSTM+FATE-Net 0.929 (0.021) 0.669 (0.043) 0.740 (0.064) 0.901 (0.031) 0.803 (0.032) 0.820 (0.024) 0.743 (0.089)
1D-CNN-+FATE-Net 0.920 (0.022) 0.644 (0.031) 0.717 (0.032) 0.890 (0.038) 0.785(0.010) 0.803 (0.010) 0.742 (0.068)
Transformer+FATE-Net 0.893 (0.046) 0.634 (0.034) 0.719 (0.030) 0.850 (0.057) 0.771 (0.014) 0.785(0.019) 0.562 (0.162)
NACC
LR 0.798 (0.008) 0.930 (0.007) 0.831(0.007) 0.915(0.005) 0.891 (0.006) 0.873 (0.005) 0.515 (0.023)
SVM 0.794 (0.008) 0.931 (0.007) 0.833 (0.008) 0.912 (0.006) 0.890 (0.007) 0.872 (0.006) 0.512 (0.015)
XGBoost 0.791 (0.010) 0.936 (0.007) 0.847 (0.011) 0.909 (0.006) 0.892 (0.005) 0.878 (0.006) 0.476 (0.024)
TabNet 0.790 (0.018)  0.939 (0.012) 0.855 (0.022) 0.907 (0.009) 0.893 (0.006) 0.881 (0.008) 0.472 (0.032)
LSTM 0.821 (0.010) 0.912 (0.003) 0.778 (0.012) 0.931 (0.010) 0.886 (0.005) 0.854 (0.002) 0.656 (0.015)
1D-CNN 0.804 (0.006) 0.925 (0.006) 0.816 (0.004) 0.919 (0.006) 0.890 (0.006) 0.867 (0.004) 0.545 (0.029)
Transformer 0.814 (0.034) 0.902 (0.017) 0.752 (0.046) 0.929 (0.021) 0.876 (0.008) 0.840 (0.013) 0.727 (0.260)
FATE-Net + FC 0.773 (0.006) 0.915 (0.008) 0.795 (0.007) 0.905 (0.007) 0.874 (0.008) 0.850 (0.007) 0.548 (0.014)
FATE-Net + FC w/o t2Vec  0.775 (0.006) 0.914 (0.009) 0.791 (0.010) 0.907 (0.006) 0.849 (0.008) 0.849 (0.008) 0.557 (0.016)
LSTM+FATE-Net 0.798 (0.010) 0.893 (0.014) 0.727 (0.024) 0.925 (0.006) 0.866 (0.013) 0.826 (0.014) 0.716 (0.049)
1D-CNN+FATE-Net 0.775 (0.006) 0.913 (0.008) 0.788 (0.008) 0.907 (0.007) 0.873 (0.009) 0.847 (0.007) 0.557 (0.017)
Transformer+FATE-Net 0.772 (0.010) 0.917 (0.008) 0.800 (0.006) 0.904 (0.010) 0.874 (0.009) 0.852 (0.007) 0.624 (0.026)

The results represent the average performance from 5-fold cross-validation, with the standard deviation provided in parentheses

The highest metrics for the best performing models are highlighted in bold
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sequences of the patients are zero-padded and then fed to
LSTM and 1D-CNN models, where their dimensionality is
increased to 128. Fully connected layers with dimensions of
[64,16,2] are employed to make the final predictions. Adam
optimizer is used. FATE-Net with LSTM is trained with a
learning rate of 0.0005 for 1000 epochs on TADPOLE and
900 on NACC. FATE-Net with 1D-CNN is trained with a
learning rate of 0.0005 for 900 epochs on TADPOLE and
100 epochs on NACC. Similarly, FATE-Net with trans-
former utilizes the embeddings given by the self-attention
module as input. It is trained on TADPOLE with a learning
rate of 0.0001 for 1500 epochs and on NACC with a learn-
ing rate of 0.0005 for 100 epochs.

4.3 Baselines

The FATE-Net models are compared with models using
cross-sectional data, such as SVM, LR, eXtreme Gradi-
ent Boosting (XGBoost), and TabNet [27]. The forecast-
ing performances of these models are presented in Table 3.
For both datasets, FATE-Net with a fully connected classi-
fier (FATE-Net+ FC) surpasses the cross-sectional baseline
models regarding conversion recall without sacrificing too
much from F1 and AUC scores.

Temporal models require inputs of the same sequence
length; therefore, padding is applied to the sequences before
feeding them to the sequential classifiers. LSTM, 1D-CNN,
and transformer models are trained with and without FATE-
Net. LSTM and 1D-CNN models are trained with a hidden
dimensionality of 32, followed by a fully connected classifier
consisting of hidden dimensionalities of [64, 16, 2]. Adam
optimizer is used with a learning rate of 0.001. LSTM is
trained on TADPOLE and NACC for 1000 and 500 epochs,
respectively. Meanwhile, 1D-CNN is trained on TADPOLE
and NACC for 400 and 1500 epochs, respectively. The
transformer model first increases the dimensionality to 32.
It then passes the input through two encoder layers, each
containing four attention heads and a feed-forward network
with a dimensionality of 64 and a dropout probability of
0.2. The model is trained using the Adam optimizer with a
learning rate of 0.0005 for 250 epochs on TADPOLE and a
learning rate of 0.001 for 200 epochs on NACC.

4.4 Forecasting performance

The performance of cross-sectional and temporal mod-
els with and without FATE-Net are presented in Table 3.
Among the cross-sectional models, which are FATE-Net +
FC, LR, SVM, XGBoost, and TabNet, FATE-Net with FC
has the highest performance in terms of conversion recall
for both datasets. However, the other cross-sectional mod-
els have higher F1 and AUC, implying a better overall

performance. Among the temporal models, FATE-Net with
LSTM has the highest conversion recall for TADPOLE, and
the second-highest conversion recall comes from FATE-Net
with 1D-CNN. For NACC, the highest conversion recall
is 0.727 (0.260), achieved with the transformer, while the
second highest conversion recall is 0.716 (0.049), achieved
with FATE-Net + LSTM. It is worth noting that even though
the transformer has a higher conversion recall on average,
it has a high standard deviation, suggesting that it is not as
stable as FATE-Net with LSTM.

Temporal models use previous time steps to make pre-
dictions, but they have not been able to perform better than
the baseline cross-sectional models. However, temporal
models have superior conversion recall, indicating their
ability to capture the progression path of the disease and
detect MCI to AD conversion. Additionally, incorporating
FATE-Net into baseline temporal models, such as LSTM
and 1D-CNN, improves their conversion recall for both
datasets, except for the transformer model. This means that
FATE-Net enhances conversion recall for temporal mod-
els, which helps them surpass temporal models without
FATE-Net and cross-sectional models without significantly
compromising overall performance. This demonstrates the
benefits of using the visit representations from the proposed
framework in temporal models.

The contribution of the time encoder is further investi-
gated by training fully connected FATE-Net with and with-
out Time2Vec embeddings. The results show that adding the
Time2Vec module to FATE-Net for TADPOLE improves F1,
AUC, and particularly conversion recall. For TADPOLE,
FATE-Net without Time2Vec has the lowest conversion
recall, while it shows moderate performance for NACC.
The performance of models for recalling AD is better on the
NACC dataset than on the TADPOLE dataset. This can be
attributed to the fact that NACC has more than five times the
number of visits compared to TADPOLE. Additionally, the
proportion of AD patients in NACC is considerably higher
than in TADPOLE.

4.5 Attribute importance

We could consider two main directions in the explainable
machine learning field. In one research direction, stud-
ies aim to train inherently interpretable models. The other
direction designs algorithms to explain the model’s deci-
sions after the model is traditionally trained. This study falls
under the first category, where the FATE-Net’s architecture
is designed to facilitate comprehension of the association
between the model’s prediction and the input biomarkers.
Using attention is one of the techniques to improve the
model’s interpretability. For instance, Shah et al. employs
a vision transformer architecture to classify different stages
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of AD using MRI images [28]. The authors also discussed
enhancing the explainability and interpretability of their
model using self-attention [28]. Their study focuses on
revealing the relationship between local regions on the
MRI images and the model’s decision. Regardless of the
input data modality, using attention is one of the prominent
techniques recognized by the explainable Al literature to
enhance the interpretability of a model.

FATE-Net constructs a visit representation as the weighted
linear combinations of the latent representations of each
input attribute. The weights associated with each attribute
are learned based on the dot-product similarity between the
latent representations of the time and attributes. Time, used
as the query, is posed as a modality that controls each attri-
bute’s contributions since the input biomarkers’ importance
might change with time. Our experiments showed that MRI
features become more important for conversion visits. At
the same time, cognitive scores could be more significant
in classifying the subsequent visits of stable MCI and AD
patients. The attention weights are examined for conver-
sion patients to understand the significance of the input bio-
markers to show whether the attention mechanism behaves
expectedly. For this reason, we investigate the attention
weights of the best-performing model, FATE-Net with
LSTM, on the TADPOLE dataset. MCI patients on the test
set are separated into progressive MCI (pMCI) and stable
MCI (sMCI) groups based on whether they convert to AD
or not, respectively. The attention weights of all correctly
classified visits of sMCI patients are subtracted from those
of pMCI patients. The average difference of the attention

weights for each attribute is presented for the TADPOLE
dataset in Fig. 2.

All the MRI attributes (Ventricles, Hippocampus, Whol-
eBrain, Entorhinal, Fusiform, and MidTemp) in Fig. 2 have
positive sign, which indicates that their weights are higher
for pMCI patients. This implies that the model gives greater
importance to MRI attributes for pMCI patients who are
at risk of developing AD. The highest difference in atten-
tion weights is observed for Ventricles, followed by FAQ, a
cognitive test score. It is worth noting that as a patient pro-
gresses from MCI to AD, the ventricles in the brain expand
[29]. Therefore, the volume of the ventricles serves as a
strong indicator of AD, and it is reasonable for the model
to pay more attention to this attribute for the pMCI patients.

Visits of pMCI and sMCI patients are investigated under
two groups: visits where patients remained in the MCI
class and visits where they progressed to AD. The attention
weights of the first group are subtracted from that of the sec-
ond group. Figure 3 shows the average weight differences.
The figure explicitly answers how much more the model
attends to the attributes at the conversion steps than stable
MCI steps. The results are similar to those of Fig. 2, where
all MRI attributes have positive signs and a higher average
compared to cognitive score attributes. This suggests that
the model gives higher importance to MRI attributes than
usual while deciding on the conversion step in the TAD-
POLE dataset. This is, in fact, similar to a scenario where
the physician first administers cognitive tests; however,
for diagnosing the patient, an MRI scan is also required if
it is possible to administer. In some instances, MRI scans
can show signs of pathology that are not noticeable from

Fig. 2 Average difference of attention 0.04 -
weights between progressive (pMCI)
and stable (sMCI) MCI patients
0.02 -
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cognitive scores [30, 31]. This observation enhances the
clinical reliability of the model.

While FATE-Net is specifically proposed to predict the
conversion from MCI to AD in this study, it applies to any
task concerning tabular electronic health records in broader
applications. Attribute-wise attention is particularly ben-
eficial in healthcare problems where a limited number of
features are employed. Furthermore, FATE-Net can be
trained with different classification heads, fully connected
or recurrent for cross-sectional or longitudinal datasets.
Regardless of the output layers, the FATE-Net provides fea-
ture importance in terms of attention weights for the task
of interest. Thus, we propose an intrinsic interpretability
with FATE-Net. This study does not claim that only using
time and attribute encoders improves interpretability. How-
ever, employing attention along with the time and attribute
encoders enables us to investigate further latent represen-
tations of which attributes are assigned higher importance
during representation learning that impacts the classifier’s
decision.

4.6 Case study

This section presents an in-depth analysis of the behavior
of FATE-Net with LSTM during the early, middle, and late
stages of conversion for both datasets. For TADPOLE,
FATE-Net with LSTM achieves the highest conversion
recall, as shown in Table 3. For NACC, although the trans-
former model attains the highest conversion recall, it has
a high standard deviation, indicating instability. FATE-Net
achieves the second-highest conversion recall with LSTM,

which has a much lower standard deviation, implying
greater stability across different splits. Therefore, FATE-
Net with LSTM is used in this analysis for both datasets.
The outcomes of FATE-Net with LSTM on different patient
groups are illustrated in Fig. 4a and b. This analysis pro-
vides insights into the models’ performance and effective-
ness in predicting conversion.

Figure 4 presents the forecasting performance of FATE-
Net with LSTM, showing the predicted probability of devel-
oping AD at the next time step for each current time step.
For instance, in Fig. 4a, the patient in the first row begins as
MCI and converts to AD at the third visit (red denotes the
ground truth). In the second time step, the model predicts
a probability greater than 0.5, indicating that the patient is
likely to develop AD in the third time step. Similarly, the
patient in the third row starts as MCI and remains MCI for
six visits. At the sixth time step, the model predicts conver-
sion to AD at the seventh time step, aligning with the actual
conversion.

The model’s behavior is illustrated for early, middle,
and late-stage conversion cases in the first, second, and
third rows, respectively, while the final two rows high-
light instances where the model’s predictions are inaccu-
rate. Given the progressive nature of AD, the probability of
developing AD should generally increase or remain stable
over time. The probability curves mostly align with this
expectation, although some fluctuations are observed, as
seen in the third, fourth, and fifth rows of Fig. 4b. These
fluctuations may be attributed to variations in cognitive
test scores, which can be affected by factors such as mood
changes, stress, or other health conditions [32, 33].
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4.7 Error analysis and clinical implications

The possible errors made by the model are examined and
illustrated in the last two rows of Fig. 4. Specifically, the
fourth row in the figure shows cases of false positives, while
the fifth row depicts false negatives, each of which carries
distinct clinical implications.

For the false positives, although the model’s AD predic-
tions occur somewhat earlier than the actual conversion,
they are not necessarily harmful from a clinical perspective.
For instance, the model predicts AD before the actual con-
version for the fourth patient in Fig. 4a and the third and
fourth patients in Fig. 4b. The model forecasts conversion
for the fourth patient in Fig. 4b at the next visit. While the
conversion does not happen immediately, the patient eventu-
ally develops AD. Such early predictions can be considered
timely alerts for clinicians, prompting closer monitoring
and preemptive interventions. These predictions align with
the goal of early detection of Alzheimer’s disease, which is
critical for initiating timely therapeutic strategies that may
delay progression.

@ Springer

Conversely, false negatives are undesirable due to their
potential for delayed diagnosis and missed opportunities for
early intervention. For example, the model underestimates
the probability of developing AD for the fifth patient in
Fig. 4a and b. In Fig. 4a, the probability of conversion at the
third time step remains below 0.5, failing to flag the com-
ing progression. Similarly, for the fifth patient in Fig. 4a,
the model consistently predicts AD from the beginning
but incorrectly forecasts MCI in the seventh time step, just
before the patient’s actual conversion to AD in the eighth
step. Such errors highlight the need for cautious interpreta-
tion of predictions, as false negatives could lead to under-
diagnosis and delayed treatment. Notably, baseline models
such as logistic regression or standard LSTMs yield signifi-
cantly lower conversion recall than FATE-Net, indicating
that these methods are more prone to false negatives and
may miss a greater number of high-risk cases.

The clinical applicability of FATE-Net lies in its promise
to provide reliable conversion forecasts, which can support
clinicians in stratifying patients based on their risk profiles
and prioritizing those at higher risk for further evaluation
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or monitoring. These predictions complement traditional
diagnostic tools and help streamline decision-making by
narrowing the focus to patients requiring closer attention.
While false positives may lead to follow-up investigations
for low-risk patients, they are less critical compared to false
negatives, which could result in missed opportunities for
timely intervention and treatment. Therefore, minimizing
false negatives remains a key objective in ensuring the clini-
cal utility of FATE-Net.

5 Conclusion

This study focuses on early prediction of the conversion
from MCI to AD. The proposed approach, Feature Attentive
Network with Time Embeddings (FATE-Net), comprises an
attribute encoder and a self-attention mechanism, further
enhanced by incorporating visit time into the network using
time embeddings. Treating time embeddings as queries in
the self-attention mechanism enables the identification of
the attributes the model pays attention to at each step. The
proposed model outperforms the baseline models in predict-
ing the conversion steps from MCI to AD in two publicly
available datasets. Moreover, it inherently supplies insights
into its decision-making process with attribute-wise atten-
tion weights. While FATE-Net is specifically proposed for
MCI to AD prediction, it is applicable to any task involv-
ing tabular electronic health records, especially in scenarios
where feature interpretability is crucial. FATE-Net can be
trained with fully connected LSTM, 1D-CNN, and trans-
former classifiers. In the experiments, FATE-Net achieves
the best performance in terms of conversion recall when
paired with the LSTM classifier for both datasets. Finally,
the attribute attention shows that the MRI biomarkers sub-
stantially influence the conversion prediction. The FATE-
Net could capture that progressive MCI patients undergo
more significant volumetric changes in their brain regions
than stable MCI patients.

In practice, FATE-Net could assist neurologists in iden-
tifying patients at risk of conversion and facilitate clinical
research leading toward personalized treatments. While
predicting the risk of conversion, the FATE-Net aims to
highlight the input biomarkers that impact its decision in
correlation with the time of the patient’s visit. Thus, the pri-
mary use of the FATE-Net in practice would be presenting
the extracted information from a patient cohort in the most
informative and task-specific way possible, enabling neu-
rologists to make more informed decisions without needing
to examine every case. In addition, disclosing patients with
arisk of conversion and its underlying factors is expected to
inspire neurologists to investigate patient groups with char-
acteristics similar to converting patients. Thus, the outcome

of the proposed framework aims to pave the way for per-
sonalized treatments tailored for specific focus groups with
identified risks of conversion.
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