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Abstract: Alzheimer’s disease (AD) is an irreversible neurodegenerative disease. Providing trust-
worthy AD progression predictions for at-risk individuals contributes to early identification of
AD patients and holds significant value in discovering effective treatments and empowering the
patient in taking proactive care. Recently, although numerous disease progression models based on
machine learning have emerged, they often focus solely on enhancing predictive accuracy and ignore
the measurement of result reliability. Consequently, this oversight adversely affects the recognition
and acceptance of these models in clinical applications. To address these problems, we propose a
multi-task evidential sequence learning model for the trustworthy prediction of disease progression.
Specifically, we incorporate evidential deep learning into the multi-task learning framework based
on recurrent neural networks. We simultaneously perform AD clinical diagnosis and cognitive
score predictions while quantifying the uncertainty of each prediction without incurring additional
computational costs by leveraging the Dirichlet and Normal-Inverse-Gamma distributions. Moreover,
an adaptive weighting scheme is introduced to automatically balance between tasks for more effective
training. Finally, experimental results on the TADPOLE dataset validate that our model not only
has a comparable predictive performance to similar models but also offers reliable quantification of
prediction uncertainties, providing a crucial supplementary factor for risk-sensitive AD progression
prediction applications.

Keywords: Alzheimer’s disease; disease progression prediction; deep sequence learning; trustworthy
evidential learning; adaptive weighting scheme

1. Introduction

Alzheimer’s disease (AD) is a progressive degenerative disease of the nervous system
that has a profound impact on the health of millions of people worldwide, while also
imposing a significant burden on society and the economy. Given the absence of a definitive
cure for AD, timely intervention in the early stages of the disease is considered an effective
therapeutic strategy [1]. Additionally, the ADAS-Cog13 scores, the most widely utilized
cognitive measurement method, contribute significantly to the treatment process of patients.
The ADAS-Cog13 consists of thirteen tasks including word recall, naming objects and
fingers, commands, constructional praxis, ideational praxis, orientation, word recognition,
language, comprehension of spoken language, word finding difficulty, remembering test
instructions, number cancellation, and delayed free recall. Usually, studies administer all
thirteen tasks and score them on a single scale from 0 to 85 [2]. Monitoring changes in
ADAS-Cog13 scores among patients not only helps doctors to gain better insights into
disease progression but also holds significant promise in augmenting both the effectiveness
and efficiency of the assessment protocol employed in clinical treatments, which is typically
time-consuming and expensive. Consequently, research focusing on early diagnosis and
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cognitive score prediction holds a particular significance in clinical practice, as it enables
physicians to make more accurate assessments of disease progression and provide patients
with better treatment plans.

Recently, the rapid progress of deep learning has attracted a growing number of
researchers to explore its applications in the diagnosis of AD and the prediction of cognitive
scores. Wang et al. [3] utilized recurrent neural networks (RNNs) with LSTM cells to predict
future cognitive scores. Hong et al. and Cui et al. [4,5] employed variants of RNNs to
predict AD diagnosis. Although both achieved promising results in their respective tasks,
they focused solely on completing individual prediction tasks, disregarding the existing
correlations among different tasks. Studies investigated by Liang et al. [6] and Jung et al. [7]
have demonstrated that the simultaneous learning of multiple tasks during the AD disease
modeling process benefits the model’s ability to capture underlying disease characteristics
and enhances the generalization performance of each task. Therefore, establishing a multi-
task learning model that simultaneously handles disease diagnosis and cognitive score
prediction proves to be an effective strategy for improving model performance.

However, determining the appropriate loss weights for each task becomes a new
unresolved issue when introducing multi-task learning. The allocation of loss weights
directly impacts the model’s performance and generalization ability across different tasks.
Currently, most AD progression prediction models overlook the significance of loss weights
among tasks and either assign equal weights or rely on laborious manual adjustments.
Hence, there is a need to explore more effective methods for adjusting loss weights to
construct superior multi-task learning models.

Meanwhile, despite the high accuracy of existing AD clinical diagnosis and cognitive
score prediction models, their recognition and acceptance in clinical applications remain
limited. Trust in the outcomes of deep learning models is hindered in the healthcare domain
due to their complex and black-box characteristics, presenting a challenge for decision
makers. Therefore, there is a pressing need for a method that can measure the reliability of
prediction results, aiding decision makers in better understanding the model’s predictions
and making more accurate and reliable decisions.

To effectively solve these challenges, we propose a multi-task evidential sequence
learning model for reliable AD clinical diagnosis and cognitive score prediction. Specifically,
we introduce recurrent neural networks to the multi-task learning framework, utilizing
longitudinal time series data from individuals at risk of AD to simultaneously predict
their future clinical diagnosis and ADAS-Cog13 cognitive scores. We then introduce
evidential learning to provide uncertainty estimates for the model’s predictions, thereby
quantifying the confidence level of the model’s outcomes. Furthermore, we integrate the
Dynamic Weight Average (DWA) scheme to automatically allocate learning resources for
different tasks in the training process, aiding in the improvement of model performance.
Experiments conducted on the TADPOLE dataset [8] substantiate that our proposed model
not only achieves satisfactory performance in disease progression prediction but also
provides effective uncertainty estimation. Furthermore, the core idea inherent in our model
is not only applicable to AD progression prediction, but it also offers the potential for
extension to various deep learning applications in the medical domain. By effectively
modeling the uncertainty of model results, the credibility of most existing deep learning
models in the medical field can be enhanced, thereby contributing to the advancement of
trustworthy and reliable methodologies in healthcare settings. In conclusion, this paper
makes the following contributions:

• We propose a multi-task evidential sequence learning model for the trustworthy
prediction of disease progression, which performs AD clinical diagnosis and cognitive
score predictions while providing reliable uncertainty quantification of each prediction.

• To achieve balanced learning of various tasks, we introduce the Dynamic Weight
Average (DWA) weighting scheme into our model to automatically adjust the weights
of each task, resulting in improved prediction accuracy.
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• We conduct extensive experiments on the TADPOLE dataset which validate the su-
perior effectiveness and accuracy of our model thanks to the promising uncertainty
estimation and DWA.

The structure of this paper is as follows: the related works are discussed in Section 2,
while Section 3 expounds upon the formulation of the problem. Section 4 describes the
implementation of our proposed model. Section 5 is dedicated to the verification and
evaluation of the model’s performance, and Section 6 provides a more comprehensive
analysis of the model. Section 7 summarizes this paper.

2. Related Works

Deep learning is a rapidly advancing field that has gained wide application in re-
cent years. Research teams are actively exploring its use in addressing issues related to
Alzheimer’s disease progression modeling (DPM). DPM involves predicting the time of
clinical state transitions within the AD spectrum, indicating when patients progress to the
next stage, as well as changes in AD-related features. Predicting clinical state transition
time is crucial for DPM as it facilitates early identification of AD patients and provides
information about disease progression and severity. Furthermore, studying AD-related
feature changes helps decision makers better understand the trends in disease development.
Over time, AD features exhibit varying degrees of change, such as accelerated brain volume
reduction and decreased cognitive scores. By capturing these changes in longitudinal
data, one can enhance the understanding of the underlying temporal characteristics of
the disease. Significant progress has been made in this area. For instance, Ghazi et al. [9]
utilized six volumetric magnetic resonance imaging (MRI) biomarkers to establish a model
based on LSTM for predicting the progression of AD. Xu et al. [10] proposed a multi-modal
sequence learning model which provides a new solution for handling incomplete data
while modeling AD disease progression.

As crucial components of DPM and clinical applications, cognitive scores and disease
clinical diagnosis have attracted significant attention from researchers. Utsumil et al. [11]
proposed a personalized model based on the Gaussian process to forecast the progression
of ADAS-Cog13 scores. Ning et al. [12] examined the correlation between ADAS-Cog13
and brain image characteristics by employing a 3D convolutional neural network. Jung
et al. [7] developed a variant of the recurrent network which extracts features from multiple
data sources, such as clinical assessments and brain imaging, to predict patients’ cognitive
abilities and biomarker changes. Liang et al. [6] developed a novel multi-task learning
framework that provides more accurate results for disease diagnosis, cognitive scores,
and biomarker prediction. Nguyen et al. [13] utilized MinimalRNN for modeling and
introduced the method of model filling to handle missing data.

Liu et al. [14], inspired by GradNorm [15], addressed the issue of determining the loss
weights for each task in multi-task learning by proposing the Dynamic Weight Average
(DWA) method. This approach dynamically adjusts the loss weights of each task during
each training iteration, ensuring equal importance across different tasks. The DWA method
has been successfully applied in various domains, including fault diagnosis [16] and
weather recognition [17].

Furthermore, despite the remarkable achievements of existing models, decision-
makers find it challenging to wholeheartedly trust the outcomes due to the opaque nature
of deep learning algorithms. Thus, in domains with high safety requirements such as mod-
ern healthcare, there is an urgent need to establish an interpretable model that can quantify
the reliability of prediction results. Uncertainty theory serves as a method for assessing the
credibility of model outputs, and common techniques for uncertainty modeling include
Bayesian neural networks [18], dropout [19], and deep ensemble [20]. However, these
approaches possess inherent limitations; Bayesian neural networks incur significant com-
putational costs during operations, while dropout and deep ensemble require substantial
additional time for sampling and model training.
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In recent years, the evidential deep learning (EDL) theory introduced by Amini et al.
and Sensoy et al. [21,22] has exhibited great potential in the field of uncertainty. It directly
models the uncertainty of outcomes by placing evidence distributions on the original
likelihood function. This methodology eliminates the need for integration or sampling.
Specifically, EDL employs Dirichlet distribution on the classification distribution for clas-
sification tasks and normal-inverse-gamma distribution on the Gaussian distribution for
regression tasks. This approach has yielded unprecedented success in detecting out-of-
distribution (OOD) samples and resisting adversarial perturbations. Furthermore, it has
been applied in action recognition [23], medical image diagnosis [24], and predicting
molecular structural properties [25].

3. Problem Formation

For the prediction of AD progression, this study focuses on predicting the clinical
diagnoses which are classified into cognitively normal (CN), mild cognitive impairment
(MCI), and AD, as well as the ADAS-Cog13 cognitive score, for any future time interval
based on variable length and incomplete historical data of individuals at risk of AD. As-
suming the total sample size is N, we represent the population sample as χ = {xi}i=1,2,··· ,N ,
where xi denotes the i-th sample. In this paper, each month is considered as a time point,
and the longitudinal features of the i-th sample at different time points are denoted as
{xit}t=1,2,··· ,T(i) , where T(i) represents the temporal length of the i-th sample. Suppose a
sample’s data collection begins in June 2006, and in addition to that, data points are also
collected in November 2006, June 2007, and November 2007. In this case, the temporal
length T of that sample would be 18. Each sample’s features are composed of two parts: the
first part is a clinical diagnosis vector s represented by one-hot encoding, and the second
part is a vector g consisting of continuous biomarkers. The final representation of the i-th
sample’s features at time point t is denoted as xit = [sit; git]. If any feature is missing, the
corresponding element in the feature vector will be represented as a null value.

4. The Proposed Model
4.1. Model Overview

In this work, a multi-task evidential sequence learning model is proposed for AD
progression prediction as shown in Figure 1. At each time point, the missing values of the
input are first imputed by the prediction from the previous time point. For missing values
at the initial time point, the imputation method employed in this study involves using
the mean value derived from all available time points of the training subjects. After that,
the deep evidential sequence module, which is composed of sequence learning modules
and evidential deep learning modules as shown in Figure 2, receives the entirety of the
observations, wherein missing values are substituted with imputed counterparts. Through
this process, the proposed deep evidential sequence module effectively captures the la-
tent temporal characteristics while simultaneously modeling the evidential distributions
inherent in the provided longitudinal data. Subsequently, the output of the evidential deep
learning module undergoes further transformations to forecast both the clinical status and
ADAS-cog13 cognitive score while providing uncertainty estimation.
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4.2. Sequence Learning Module

The data of AD patients exhibit temporal characteristics and are prone to varying de-
grees of missing values. To address this, recurrent neural networks (RNNs) are an effective
method as they can capture correlations between different time points and handle missing
data efficiently. Therefore, in this study, we employ RNNs for AD progression prediction.
Among the diverse range of RNN models available, we choose MinimalRNN [26] as the
backbone of our model. MinimalRNN has a simpler structure compared to other networks
and utilizes stronger constraints on the update rules. Additionally, MinimalRNN utilizes
fewer parameters, which helps prevent overfitting issues caused by excessive parameteri-
zation. It is crucial to emphasize that the calculation of loss in the model does not take into
account any missing data. Figure 2 illustrates the structure of MinimalRNN, where xt repre-
sents the model input, ht represents the hidden state, Ot represents the transformed input,
and Zt represents the forget gate. The update equation for the hidden state is as follows:

Ot = tanh(Wxxt) (1)

Zt = sigmoid(Uhht−1 + WOOt) (2)

ht = Zt � ht−1 + (1− Zt)�Ot (3)
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where Wx, Uh, and WO represent weight matrices, and � denotes element-wise product.

4.3. Evidential Deep Learning Module
4.3.1. Evidential Deep Learning for Classification

In deep learning related classification tasks, it is common to utilize the softmax func-
tion to transform the models’ output values into class probabilities. However, the softmax
function can lead to overconfidence in the model even when it produces incorrect re-
sults [27]. Recently, evidential deep learning (EDL) based on second-order uncertainty
modeling to parameterize the Dirichlet distribution of class probabilities provides the
model with the ability to “know unknown”. Specifically, given a K-class classification
problem, EDL assumes that the class probabilities, denoted as p = (p1, p2, . . . , pk), follow
a prior Dirichlet distribution D(p | ω), where ω = (ω1, ω2, . . . , ωk). Building upon the
Dempster–Shafer Theory (DST) [28] and Subjective Logic (SL) [29], the ω is connected to
the acquired evidence e through the equation ω = e + 1. It is worth noting that to ensure a
non-negative output that serves as the evidence vector for the predicted Dirichlet distri-
bution, the previous softmax layer is substituted with a ReLU layer. Then, the predicted
uncertainty u and the class probability of category j are obtained as:

u =
K
S

(4)

pj =
ωj

S
(5)

where S = ∑K
i (ei + 1) is also referred to as the Dirichlet strength.

For each i-th sample, we adopt the following form of the cross-entropy loss function
during the training process:

LCE
i =

∫ [
∑3

j=1−sijlog
(

pij
)] 1

B(ωi)
∏3

j=1 p
ωij−1
ij dpi (6)

where pij denotes the predicted probability of the i-th sample being diagnosed as the j-th
stage, sij is the j-th component of the disease diagnosis vector represented by one-hot
encoding, and B(ωi) represents the K-dimensional multinomial beta function. In this task,
the value of K is 3, indicating the three stages of diagnosis.

In addition, to address the issue of misleading evidence generated for incorrect labels,
we propose the introduction of a KL divergence term. This term aims to enforce the
cumulative evidence to converge towards 0 when a sample is misclassified.

LKL
i = KL[D(pi | ω̃i) ‖ D(pi | 1)] (7)

where ω̃i = si + (1− si)�ωi is the adjusted Dirichlet distribution parameter.
In conclusion, for the classification problem, the overall loss function for the i-th

sample can be defined as follows:

Lc
i = LCE

i + λepoch LKL
i (8)

where λepoch = min(1.0, epoch/10) ∈ [0, 1] is the annealing coefficient. epoch is the index of
the current training epoch. By gradually increasing λepoch, the network can assign relatively
lower importance to the KL divergence term at the beginning of training, which has a
positive effect on the exploration of the parameter space and avoids outputting a flat
uniform distribution.

4.3.2. Evidential Deep Learning for Regression

In the case of regression tasks, EDL adopts a slightly different approach. Given a
dataset D = { xi, yi}N

i=1, where the labels yi are assumed to follow a Gaussian distribution



Appl. Sci. 2023, 13, 8953 7 of 15

with unknown parameters
{

µ, σ2}, to estimate model uncertainty, the evidential model
places a prior distribution on the parameters

{
µ, σ2}. Specifically, the mean µ follows a

Gaussian distribution, while its variance σ2 follows an inverse gamma distribution. These
resulting higher-order distributions, also known as evidence distributions, can be repre-
sented using the Gaussian conjugate prior to normal-inverse-gamma (NIG) distribution
p
(
µ, σ2

∣∣m), where the parameters m = {γ, υ, α, β}.

(y1, y2, . . . , yN) ∼ N
(
µ, σ2)

µ ∼ N
(
γ, σ2v−1)σ2 ∼ Γ−1(α, β)

(9)

where Γ(·) represents the gamma function, γ ∈ R, v > 0, α > 1, β > 0.
In the regression task, the model outputs four values per target through the evidential

layer, corresponding to {γ, υ, α, β}. From these values, we can obtain the predicted value γ

and uncertainty β
υ(α−1) .

According to Bayesian probability theory, we can obtain the likelihood of the ob-
served predicted targets by marginalizing the parameters of the Gaussian distribution.
Additionally, leveraging the properties of the NIG distribution, we derive the following
marginal likelihood:

p(yi | m) =
∫ σ2=∞

σ2=0

∫ µ=∞

µ=−∞
p
(

yi | µ, σ2
)

p
(

µ, σ2 | m
)

dµdσ2 (10)

where yi represents the ADAS-cog13 cognitive score of the i-th sample.
To learn the model parameters, the training process involves minimizing the negative

log marginal likelihood (NLL) loss. The NLL loss function is defined as follows:

LNLL
i = −log(p(yi | m)) (11)

In addition, we also introduce a regularization term LR
i to minimize evidence on

errors. The regularization term LR
i is defined as follows:

LR
i = |yi −E[µi]| ·Φ = |yi − γ| · (2v + α) (12)

where Φ = 2v + α represents the total evidence. This regularization term serves to penalize
errors in model predictions, and the magnitude of this penalty is directly proportional to
the total evidence.

In conclusion, for the regression problem, the overall loss function for the i-th sample
can be defined as follows:

Lr
i = LNLL

i + λrL
R
i (13)

where λr is a hyperparameter to adjust regularization.

4.4. Dynamic Weight Average Weighting Scheme

In multi-task learning, model performance is significantly influenced by the weights
assigned to each task. If the weight of a task’s loss is too high, the model will focus
more on that task while neglecting others. Conversely, if the weight is too low, the model
cannot effectively utilize the information from that task. Both situations can result in a
decline in the model performance. However, manually adjusting the optimal weights for
each task is often expensive and challenging [30]. Therefore, this paper introduces the
Dynamic Weight Average (DWA) weighting scheme [14] on top of the existing multi-task
learning model. During the training process, this scheme dynamically adapts the weights
associated with each task, allowing the model to better balance different tasks and achieve
optimal performance.
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The relative descending rate of the k-th task can be calculated as:

θk(c− 1) =
Lk(c− 1)
Lk(c− 2)

(14)

where c is an iteration index. Lk(c) represents each epoch’s average loss calculated over
several iterations. The smaller θk(c− 1) indicates that the value of the task’s loss decreases
more compared to the previous training round, which also means that the task gets better
learning, so the attention to this task can be reduced appropriately in the c-th iteration. The
weight assigned to the k-th task is calculated as:

λk(c) =
Mexp(θk(c− 1)/T)
∑i exp(θi(c− 1)/T)

(15)

where T denotes a temperature parameter that controls the smoothness of the task weight-
ing. Here the value of T is set to 2 following Liu et al. [14]. To ensure consistency of loss
value, the value of M is set to 3.

For c = 1, 2, we initialize the value of θk(c) to 1. Finally, the DWA technique is employed
to ascertain each task’s weight in the multi-loss function.

4.5. Loss Function

The loss functions for disease clinical diagnosis and ADAS-cog13 cognitive scores
have been presented in Sections 4.3.1 and 4.3.2. For continuous variables other than ADAS-
Cog13 cognitive scores, this paper uses mean absolute error (MAE) to calculate the loss,
and MAE of the i-th sample is calculated as follows:

Lmae
i =

1
h

h

∑
j=1

∣∣gij − ĝij
∣∣ (16)

where h is the number of remaining continuous variables, gij represents the true value of
the j-th continuous variable, and ĝij represents the corresponding predicted value.

Extending the loss function to all time points of every sample, the total loss function is
obtained as:

Loverall = ∑
t>1

N

∑
i=1

(λ1Lc
it + λ2Lr

it + λ3Lmae
it ) (17)

where t represents the time point index, N denotes the total number of samples, and λ1, λ2,
and λ3 correspond to the weights assigned to each task determined by DWA.

5. Experiments
5.1. Datasets

The data utilized in this paper are provided by the TADPOLE challenge [8], which
is designed to identify the data, features and approaches that are most predictive of the
future progression of subjects at risk of AD. The TADPOLE dataset comprises 1737 patient
samples sourced from the ADNI database [31], encompassing a total of 12,741 recorded
time points. The time point of the first data collection for each sample is called the baseline,
and the subsequent time points are named according to the interval with baseline. Each
sample contains a different number of time points, and there is missing time-series data
in the dataset.

Although the TADPOLE challenge provides researchers with a wide range of biomark-
ers to choose from, this paper, similar to previous studies [6,13], only selects 22 variables
among them:

• Cognitive tests: Rey’s Auditory Verbal Learning Test (RAVLT)_forgetting, ADAS-Cog13,
RAVLT_learning, ADAS-Cog11, RAVLT_perc_forgetting, Functional Activities Ques-
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tionnaire (FAQ), Mini-Mental State Examination (MMSE), Clinical dementia rating
sum of boxes (CDRSB), Montreal cognitive assessment (MOCA), RAVLT_immediate.

• PET measures: Fluorodeoxyglucose (FDG), AV45.
• MRI measures: Hippocampus, WholeBrain, Fusiform, Intracranial Volume (ICV),

Ventricles, Entorhinal, MidTemp.
• CSF measures: Beta-amyloid (CSF), Total tau, Phosphorylated tau.

We also take the disease clinical diagnosis into consideration. In the dataset, disease
diagnosis is divided into AD, CN, early mild cognitive impairment (EMCI), late mild
cognitive impairment (LMCI), and significant memory concern (SMC). Consistent with
prior studies [6,7,13], the CN and SMC groups are consolidated into a unified CN group,
whereas the EMCI and LMCI groups are amalgamated to form the MCI group. As a result,
the dataset is categorized into three distinct groups: CN, MCI, and AD.

5.2. Experimental Setting

In this paper, the dataset is randomly divided into 10 subsets, each time using 8 subsets
as the training set, 1 subset as the validation set, and 1 subset as the test set. To ensure result
stability, the random division is repeated 10 times. All variables, except for the diagnostic
category, undergo z-normalization. In both the validation and test sets, each sample’s first
half of time points are utilized to forecast the second half of time points for the same subject.
If the number of time points is odd, the last time point is excluded from the prediction.
Performance evaluation metrics are computed for each division, and the average of these
metrics over the 10 repetitions is considered as the final result.

In line with the TADPOLE challenge, we employ two metrics, namely multiclass
area under the operating curve (mAUC), and balanced class accuracy (BCA), to assess the
accuracy of diagnosis classification. A higher value of BCA and mAUC indicates superior
performance in terms of classification accuracy.

mAUC can be calculated as:

mAUC =
2

K(K− 1)∑
K
i=2 ∑i

j=1 Â
(
ci, cj

)
(18)

where K denotes the number of classes, Â
(
ci, cj

)
is the mean AUC of any two classes, and

Â
(
ci, cj

)
can be calculated as:

Â
(
ci, cj

)
=

Â
(
ci
∣∣cj
)
+ Â

(
cj
∣∣ci
)

2
(19)

Â
(
ci
∣∣cj
)

is the AUC of a class ci against another class cj, its calculation formula is as
follows:

Â
(
ci
∣∣cj
)
=

Si − ni(ni + 1)/2
ninj

(20)

where ni and nj represent the quantities of data points associated with classes i and j,
respectively. Si denotes the cumulative sum of the ranks assigned to the test points from
class i after arranging all the data points from classes i and j in ascending order based on
the probability of belonging to class i.

BCA can be obtained as:

BCA =
1
K ∑K

k=1 BCAk (21)

where BCAk is the balanced accuracy for class k:

BCAk =
1
2

[
TP

TP + FN
+

TN
TN + FP

]
(22)
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where TP, FP, TN, and FN represent the quantities of true positives, false positives, true
negatives, and false negatives, respectively, for classifying as class k.

The MAE can be calculated as:

MAE =
1

Np

Np

∑
i=1

∣∣∣∣ ∼Mi −Mi

∣∣∣∣ (23)

where Np is the number of data points acquired by the time the forecasts are evaluated,

Mi is i-th individual’s true value, and
∼
Mi is the corresponding predicted score.

It is important to mention that all experiments were conducted on a personal computer
equipped with an AMD Ryzen 7 4800 CPU and an NVIDIA RTX 2060 GPU.

5.3. Uncertainty Estimation

To evaluate the estimated uncertainty, we visualized the distribution of uncertainty
under different noises. Specifically, we introduced Gaussian noise with varying standard
deviations to the test samples and obtained different uncertainty distributions. Then, we
conducted a comparative analysis between these distributions. The results are shown in
Figure 3 (to improve clarity, any uncertainties in the cognitive scores that exceed 1 are set
to 1 in the visualization).
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(b) Diagnosis.

From Figure 3, we can analyze that the diagnostic uncertainty and ADAS-Cog13 uncer-
tainty of the samples generally increase with the addition of Gaussian noise with different
standard deviations. This is statistically manifested through a reduction in the count of
low-uncertainty results and an increase in the count of high-uncertainty results, which is
visually represented by a rightward shift in the overall distribution. These observations
indicate the effectiveness of our model in estimating uncertainty, as it can effectively capture
anomalous data and reflect low confidence in the result by assigning high uncertainty. This
experiment also demonstrates the practical significance of our proposed model, which can
immediately identify and submit patients with abnormal clinical data to decision makers
for further judgment in real-world applications.

Figure 4 illustrates the change in the accuracy of the test sample after changing the
uncertainty threshold. It shows that the lower the threshold value is set, the more accurate
the results obtained by the model. In particular, when the threshold is set to 0.1, there
is a huge improvement in the performance of all three metrics. This implies the trusted
decisions are supported on the basis of the output (prediction and its corresponding
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uncertainty) of our model. In practice, decision makers can obtain higher accuracy and
reduce the risk of misclassification by moderately adjusting the uncertainty threshold.
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5.4. Uncertainty Benchmarking

We performed a comparative analysis between our method and the following two
approaches which are designed for modeling uncertainty: (a) dropout [19] and (b) deep
ensemble [20]. As shown in Table 1, EDL does not show superiority in accuracy. While
EDL performs best in terms of the mAUC metric, it slightly lags behind dropout and
deep ensemble in terms of BCA and adasMAE. However, when it comes to inference
speed, EDL outperforms both dropout and deep ensemble, being, respectively, 70% and
74% faster. This outcome is expected when compared with dropout, which requires
multiple samples and deep ensemble, which combines multiple models, EDL does not
have excessive computational burden and does not require extensive modifications to the
backbone network. Therefore, EDL clearly surpasses the other two methods in terms of
operational efficiency and convenience, rendering it applicable to the existing deep learning
models. Consequently, EDL emerges as an effective solution to the constrained acceptance
of deep learning models within the medical domain.

Table 1. Performance comparison of different uncertainty methods.

Methods mAUC (↑) BCA (↑) adasMAE (↓) Inference Speed
(ms) (↓)

EDL 0.942 ± 0.0091 0.879 ± 0.0098 4.280 ± 0.40 0.78
Dropout 0.939 ± 0.0135 0.885 ± 0.0224 4.518 ± 0.36 2.57

Deep Ensemble 0.933 ± 0.0202 0.863 ± 0.0162 4.263 ± 0.38 2.99

5.5. Prediction Performance

To ascertain the prediction performance of the proposed model, we conducted a
comparative analysis against the following four methods:

• LSTM-F [32]: LSTM-F is an AD progression model based on a standard LSTM network.
It utilizes the most recently observed values to impute missing data.

• LSTM-M [5]: LSTM-M is a variant of LSTM-F that differs in its approach to imputing
missing data as it uses the mean values from the training set for imputation.

• MinRNN [13]: MinRNN is a model based on MinimalRNN which employs a technique
called ‘Model Filling’ to impute missing data for predicting AD progression.

• GRU-MF [33]: GRU-MF is the variant of MinimalRNN in which the backbone is
replaced with GRU.

Table 2 presents a comparison of various methods in clinical diagnosis and cognitive
score prediction tasks. A higher value of BCA and mAUC indicates better performance
of the model in classification task, while adasMAE represents the mean absolute error of
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cognitive score prediction, with lower values indicating better performance in regression
task. Among all the methods compared, our approach outperforms most existing methods
and is only slightly inferior to MinRNN. This demonstrates that our method can accurately
predict clinical diagnosis and cognitive scores, with a predictive performance comparable
to similar models. Additionally, considering that our method provides a reliable measure
of uncertainty in predicting results, which is lacking in similar models, it offers valuable
auxiliary decision making support for AD progression prediction. Therefore, we believe
that the slight shortfall in performance is acceptable, given the additional benefits our
method provides.

Table 2. Model performance comparison with other methods.

Methods mAUC (↑) BCA (↑) adasMAE (↓)
LSTM-F 0.922 ± 0.0124 0.869 ± 0.0117 4.299 ± 0.25
LSTM-M 0.916 ± 0.0134 0.864 ± 0.0136 4.284 ± 0.37
MinRNN 0.944 ± 0.0080 0.882 ± 0.0143 4.160 ± 0.39
GRU-MF 0.927 ± 0.0140 0.874 ± 0.0145 4.536 ± 0.72

Ours 0.942 ± 0.0091 0.879 ± 0.0098 4.280 ± 0.40

5.6. Effect of RNN Backbones

To examine the influence of various backbone networks on the performance of our
proposed model, we replaced MinimalRNN with GRU and LSTM for our experiments. It
should be noted that the loss weights in these experiments were selected without using
DWA but using grid search. As shown in Table 3, among the three models, MinRNN-
EDL demonstrates the best performance in terms of mAUC and BCA, while slightly
trailing behind LSTM-EDL in adasMAE. This highlights the superiority of MinimalRNN
as the backbone network. Moreover, the better performance of GRU and MinimalRNN in
comparison to LSTM suggests that backbone networks with fewer parameters are more
suitable, as they are less prone to overfitting.

Table 3. Model performance of different backbones.

Methods mAUC (↑) BCA (↑) adasMAE (↓)
LSTM-EDL 0.914 ± 0.0129 0.842 ± 0.0110 4.432 ± 0.47
GRU-EDL 0.937 ± 0.0068 0.846 ± 0.0662 4.720 ± 0.83

MinRNN-EDL 0.937 ± 0.0140 0.879 ± 0.0128 4.449 ± 0.42

5.7. Ablation Study

To assess the impact of the DWA scheme, we conducted a comparative analysis against
the following methods which determined the weight of the muti-loss function: (a) Equal
weighting (EW), and (b) Grid search (GS). It is worth noting that we selected the best relative
performance among all parameter combinations as the final result of the grid search. As
shown in Table 4, compared to EW, GS’s performance has an improvement in mAUC and
BCA and a decrease in adasMAE. However, DWA improved in all metrics and performed
best among all methods. DWA improved over EW by 0.6%, 0.8%, and 3.3% in each metric,
respectively. This indicates that despite utilizing grid search, achieving a balance between
different tasks with fixed weights still remains challenging. Consequently, for multi-task
learning, utilizing a dynamic weight scheme may be a more favorable approach which can
also be employed in other health care scenarios.

Table 4. Model performance of different weighting methods.

Methods mAUC (↑) BCA (↑) adasMAE (↓)
EW 0.936 ± 0.0139 0.872 ± 0.0114 4.421 ± 0.32
GS 0.937 ± 0.0140 0.879 ± 0.0128 4.449 ± 0.42

DWA 0.942 ± 0.0091 0.879 ± 0.0098 4.280 ± 0.40
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6. Discussion

More recently, we have witnessed the potential of deep learning methods for AD progres-
sion prediction. Wang et al. [3] used RNNs with LSTM cells for predicting future cognitive
scores, while Hong et al. and Cui et al. [4,5] employed RNN variants for AD diagnosis.
However, these studies focused on individual prediction tasks and did not consider the
correlations among different tasks. In contrast, Jung et al. and Nguyen et al. [7,13] demon-
strated the advantages of the simultaneous learning of multiple tasks, which resulted in
improved prediction accuracy.

Borrowing the idea of multi-task learning, our proposed model performs AD clinical
diagnosis and cognitive score predictions simultaneously. To address the unresolved issue
of selecting the appropriate loss weight for each individual task in the methods of Jung
et al. and Nguyen et al. [7,13], we introduce the DWA scheme. This scheme automatically
adjusts each task’s weight, enhancing the overall model performance. Furthermore, unlike
previous methods for AD progression prediction that focused solely on enhancing the
accuracy and ignored the measurement of result reliability, our model introduces the theory
of evidential deep learning to provide uncertainty estimates for the model’s predictions. By
utilizing this uncertainty awareness mechanism, our model can help foster trust in deep
learning methods among clinicians.

Despite achieving promising results, our model also has some limitations that require
addressing in the future. Firstly, while the predictive performance of our model is notable,
there is still room for improvement. To enhance prediction accuracy further, incorporating
the attention mechanism into the model could prove beneficial. Secondly, utilizing only the
clinical diagnosis and 22 continuous variables as features is insufficient to fully characterize
the course of AD. There likely exist supplementary features that could aid in detecting
and discerning subtle changes in a patient’s disease progression. Consequently, future
research efforts should pay attention to better extracting AD features from the dataset,
thereby facilitating a deeper comprehension of the disease’s evolution and enhancing the
model’s predictive capacities.

7. Conclusions

In this paper, we present a novel approach for the trustworthy prediction of AD progres-
sion by proposing a multi-task evidential sequence learning model. Specifically, given the
longitudinal historical information of 22 AD multimodal biomarkers and clinical diagnosis,
we select MinimalRNN as the backbone for multi-task sequence learning to simultane-
ously predict future clinical diagnoses and ADAS-Cog13 cognitive scores at multiple time
points. Meanwhile, we introduce evidential deep learning theory to provide an uncer-
tainty estimation for each diagnosis and a cognitive score prediction which can measure
the reliability of model results. Additionally, we introduce the Dynamic Weight Average
(DWA) weighting scheme to automatically allocate learning resources to different tasks in
the process of training. Finally, the experimental results of the TADPOLE challenge dataset
validate the effectiveness of our proposed model. Notably, the core idea of our proposed
approach exhibits a generalizability that extends to various deep learning applications,
thereby contributing to the advancement of trustworthy methodologies in the healthcare
domain of deep learning models.
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