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Abstract
Alzheimer’s disease (AD) is an irreversible neurodegenerative disease characterized by progressive neuronal deterioration.
Early detection of AD is critical for mitigating disease progression and improving patient life. While deep learning (DL)
techniques have shown promise in analyzing neuroimaging data for AD diagnosis, their interpretability has been a significant
impediment toward explainable medical diagnosis. The typical practices of diagnosing AD, which involve clinical biomarkers
and neuroimaging tests, have been limited in producing trustworthy and explainable progression detection models at an early
stage. Another method based on finding the patient’s cognitive score through analyzing time series data has been adopted as
an acceptable and cost-effective alternative in providing a deeper insight into patients’ conditions. In this study, we propose
a hybrid CNN-LSTM-based model for predicting AD progression based on the fusion of four longitudinal cognitive sub-
scores modalities. Our hybrid model employs the Bayesian optimizer as a computational technique to help optimize the
selection of the adequate DL model’s architecture. A genetic algorithm-based feature selection has been incorporated as
an optimization step to determine the best feature set from the extracted deep representations of the CNN-LSTM, and we
replaced the traditional SoftMax classifierwith a robust and optimized random forest classifier. An extensive set of experiments
utilizing the ADNI dataset examined the operational role of each optimization step while demonstrating the effectiveness
of the proposed hybrid model. The model achieved the best results compared to other DL and classical machine learning
methods. To ensure diagnostic interpretability, we used the SHAP and LIME techniques to provide explainability features for
the proposedmodel’s decisions. This work attempts to present the best possible, trustworthy decision-making AD diagnostics,
potentially in deployable real-world settings.
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1 Introduction

Alzheimer’s disease (AD) is a progressive neurodegenera-
tive disorder that poses a significant global health challenge.
It is not fully understood, researchers approve no clear etiol-
ogy, and there is no effective drug to treat, prevent, reverse, or
stop the progression of AD [1]. The early detection and iden-
tification of the disease biomarkers are crucial elements for
timely intervention and suitable disease management to slow
disease progression, hence reducing its incidence rate and
mortality [2–4].While classical diagnostic methods are often
expensive, time-consuming, and invasive, machine learning
(ML) has emerged as a promising instrument to enhance
AD diagnosis by analyzing various data modalities, includ-
ing neuroimaging, genetics, and cognitive assessments. ML
algorithms can identify subtle patterns and biomarkers in
these data that are often missed by human experts, poten-
tially leading to earlier and more accurate diagnoses.

Many knowledge- and data-driven-based solutions have
been introduced to tackle the problem of AD diagnos-
tic [4–7]. Most of the AD literature was solely based
on neuroimaging modalities, including magnetic resonance
imaging (MRI), ignoring patients’ clinical and biological
information, hence making the progression detection of AD
a costly, inaccurate, and medically irrelevant task [3, 5, 6, 8,
9]. In addition, the majority of the literature was based on
baseline visit data and neglected the crucial role of longitu-
dinal analysis of AD data [10]. On the other hand, time series
data analysis has emerged as a powerful mechanism, offering
unique insights into the temporal evolution ofADbiomarkers
and clinical manifestations. By leveraging longitudinal data
collected through various modalities, specifically cognitive
assessments and biofluid analysis, time series analysis can
identify subtle changes that may precede the onset of clin-
ical symptoms. Time series data analysis has been shown
to be effective in predicting the progression of chronic dis-
eases such as AD [2]. As research in this field continues to
advance, time series analysis holds immense potential for
revolutionizing AD diagnosis and paving the way for more
personalized and effective treatment strategies.

There are many cost-effective cognitive scoring tech-
niques (CSs) that clinical experts administer to predict
AD, including functional activities questionnaire (FAQ),
mini-mental state examination (MMSE), clinical demen-
tia rating—a sum of boxes (CDRSB), Alzheimer’s disease
assessment scale (ADAS), etc. These techniques provide
information about the neuropsychological conditions of the
patient and are commonly used to measure the severity of
the most critical symptoms of AD (e.g., memory, attention,
executive functions, language, and visuospatial abilities). Da
et al. [11] investigated the critical role of CSs in detecting
and diagnosing AD. Some studies fused imaging modalities
with cognitive scores to improve performance [2]. Nonethe-

less, most literature studies used only the summary values
of these cognitive scores (CSs summarize large numbers
of sub-scores) while neglecting the importance of analyz-
ing the sub-scores. For example, MMSE has 31 sub-scores
with significant medical meanings to provide insights into
patients’ medical conditions. Clinical sub-scores have a sig-
nificant role in tracking AD behavior [12]. These sub-scores
are longitudinal, and using time series data to detect AD is
intuitive and crucial because AD is a chronic disease. The
hybrid power of neural network-based methods such as long
short-term memory (LSTM) and convolutional neural net-
works (CNNs) have not been well explored for interpreting
and learning time series CS sub-scores yet. To our knowl-
edge, no existing study in the literature has built a hybrid
deep learning-based model on the deep representation learn-
ing of the fused time series cognitive sub-scores exclusively.
This type of analysis provides a deeper understanding of a
detailed patient’s medical cognitive behavior and can facili-
tate the discovery of new AD biomarkers that could support
more accurate disease understanding and management.

The neural network-based methods are insufficient to get
physicians’ trust [13].To introduce a model design that con-
siders themodel’s uncertainty about its outputs, our proposed
model incorporates a Bayesian-based approximationmethod
to boost its trustworthiness, interpretability, and robustness.
In [14], we surveyed the recent literature on trustworthyAI in
the AD domain. Model explainability is a crucial feature for
anymedical applicationwhich allows anMLmodel to answer
the question of “why a specific decision has been taken” [15].
Such a model with this capability is known as an explainable
AI (XAI) model [16]. In addition, we surveyed in [17] the
critical features needed to build a truly accepted ML model
in medical practice, especially in the AD domain. SHAP [18,
19] and LIME [20] are popular explainability techniques to
provide local and global explainability features. Here, we
explore the role of these techniques to provide a deep insight
into DL model decisions to know the most critical features
that affect model decisions.

This study proposes a Bayesian-optimized hybrid deep
learning model with explainability features to detect subtle
patterns in fusedmultimodal time series CS sub-score feature
sets for AD detection in its early stages. To the best of our
knowledge, this is the first study that integrates the deep anal-
ysis of time series CS sub-scores to provide a detailed and
medically understandable investigation of AD behavior. In
addition, the genetic algorithm-based feature selection opti-
mization technique is explored for potential improvement
of the resulting hybrid DL model to select the optimal list
of deep temporal features from the fused time series data.
The study has added an extended step in the DL and AD
progression detection literature. To sum up, the key original
contributions of our work can be summarized as follows:
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• We propose an end-to-end hybrid (CNN-LSTM) deep
learningmodel to address the limitations of existing deep
models for detecting AD progression. This model pre-
dicts the AD progression after one year, i.e., at month
48 (M48) based on the data collected regularly for 24
months (i.e., baseline, M06, M12, M18, and M24).

• The model prediction is based on the sub-scores of four
popular and medically relevant longitudinal CSs, includ-
ing MMSE, FAQ, CDR, and ADAS. Patient demograph-
ics are fused with the sub-scores time series modalities.
The used CSs biomarkers are easily interpretable and
generate robust, medically relevant, verifiable, and reli-
able predictive models.

• Three optimization phases are used to achieve supe-
rior results: (1) Automatic optimization of the proposed
DL architecture is done by the Bayesian optimizer. (2)
Feature selection optimization is done using a genetic
algorithm technique.Theoptimumfeatures from thedeep
representations extracted using CNN-LSTM are selected
in this step to enhance the performance. (3) Because the
default SoftMax classifier used regularly in DL models
is not accurate enough compared to other classifiers such
as SVM and random forest, we replace the SoftMax with
an optimized random forest ensemble model to boost the
performance of the resulting hybrid CNN-LSTMmodel.

• The medical problem has been formulated into three
different classification tasks with different complexities
(i.e., 2-class, 3-class, and 4-class). Extensive experiments
using the ADNI real-world dataset are conducted in a
variety of settings to optimize each classification task, and
the best models are highlighted. The optimized model is
compared with other DL and classical ML models based
on statistical features.

• The thorough analysis of the results and comparison to
other architectures show that our model outperformed all
othermodels using different evaluationmetrics and under
different conditions.

• To improve the model’s trustworthiness, we extend the
proposed robust model by adding extra XAI features.
We explore the potential of SHAP and LIME techniques
to provide local and global XAI features to the model
decisions. The resulting model is robust and explainable,
which makes it more suitable for application in the real
medical environment.

The remaining parts of the paper are organized as follows.
Section3 is the dataset description. Section4 is the proposed
model. Section5 is the results and discussion, and the paper
is concluded in Sect. 7.

2 Related work

In this section, the literature on AD progression detection
is explored by focusing on classical ML and DL models.
Several ML and DL techniques have been used to tackle
this problem [4, 21–23]. Different data types (modalities)
have been used to predict AD such as magnetic resonance
imaging (MRI) [24], positron emission tomography (PET)
[25], cerebrospinal fluid (CSF) biomarkers [26], and fusion
of different neuroimages [27]. Saleem et al. [28] and Weiner
et al. [29] deeply surveyed AD different modalities that are
used in the literature of ML. The majority of the literature
dependsmainly on theMRImodalitywhich produced limited
results [30, 31].

Using MRI, Rabeh et al. [31] integrated the SVM and
decision tree and built a classifier to differentiate AD from
MCI. The authors extracted the hippocampus, corpus callo-
sum, and cortex region of interest (ROIs) from MRI images;
they used three SVM classifiers, one for each ROI indepen-
dently to classify subjects, and the final decision was made
by combining the results of the three SVMs using a deci-
sion tree. Ferreira et al. [4] used SVM and compared the
diagnostic accuracy of MRI, PET, and Single-photon emis-
sion computed tomography (SPECT) images in detecting
AD. Recently, DL got significant attention in the last few
years and has been used widely in the AD domain because
it achieved better results than classical ML, especially with
neuroimaging data [22, 23]. For the recent literature of DL
architectures in the AD domain with different datatypes as
sMRI, fMRI, PET, DTI, EEG, genetics, CSF, and numer-
ical features, readers are guided to these surveys [14, 22].
Farooq et al. [25] proposed a 2D convolutional neural net-
work classifier based onMRI images to build anADclassifier
for detecting the disease. The study used transfer learning on
GoogleNet, ResNet-18, andResNet-152models. Akter et al.,
[32] proposed AD-CovNet, a hybrid DL model combining
long short-term memory (LSTM) and multilayer perceptron
(MLP) to predict the severity of AD in patients with COVID-
19. Jain et al. [26] utilized VGG-16 pre-trained on ImageNet
for feature extraction to detect AD usingMRI images. These
models did not achieve accurate results.

As noticed, most of these studies are based on neuroimag-
ing modalities only such as magnetic resonance imaging
(MRI) and positron emission tomography (PET) for AD
prediction, ignoring patients’ clinical and biological infor-
mation, which makes the process costly, inaccurate, and
medically irrelevant [3, 5, 6, 8, 9]. In addition, most stud-
ies were based on single time step and neglected the crucial
role to longitudinal analysis of AD data [10]. For exam-
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ple, Zhang et al. [33] proposed a multimodal DL classifier
based onMRI scans, cerebrospinal fluid (CSF) tests, and flu-
orodeoxyglucose PET(FDG-PET) scans to detect AD. Xu et
al. [34] utilized the volumetric MRI, FDG-PET, and florbe-
tapir PETmodalities to classifyMCI vsAD.Huang et al. [35]
combinedMRI andCSFmodalities to classify normal people
from MCI patients. Time series data analysis is important to
predict chronic diseases such as AD [2]. Existing literature
concentrated on the analysis of time series image data [36].
For instance, Chincarini et al. [37] utilized fourMRI volumes
from ADNI as input data for each patient to predict AD pro-
gression. Saleem et al. [28] reviewed the recent advances of
DL architectures in the AD domain.

There is no significant role of AI-based clinical deci-
sion support systems in real medical environments [14, 38].
Reasons for this conclusion include the usage of expensive
modalities like MRI and PET which achieved lower accura-
cies compared to other modalities such as cognitive scores
[39]. Depending only on neuroimages is expensive and med-
ically insufficient because domain experts usually examine
the patients clinically and then check the neuroimages [2].
In addition, neuroimage scanners are not always available in
clinical centers, especially in poor countries, and it is not rec-
ommended and not preferred by both physicians and patients
to expose the patient to radiations of these scanners [40].
Moreover, existing AD studies are not trustworthy enough
to be used in real medical environments [14]. CSs including
MMSE,ADAS,CDRSB, and FAQprovide an excellent alter-
native to neuroimages to predict AD progression. Da et al.
[11] investigated the critical role of CSs in the detection and
diagnosis of AD. Donnelly-Kehoe et al. [41] concluded that
the maximum accuracy achieved by MRI features does not
reach the one using MMSE alone. Because of their impor-
tance, some studies have detected AD by predicting some of
these scores as regression tasks [2].

The fusion of imaging modalities with cognitive scores
has improved the performance of DL models [2, 8]. Some
studies proposed deep learning models by combining neu-
roimages with few cognitive scores such as MMSE [42],
and other studies used classical ML models such as SVM
to integrate MRI images with ADAS cognitive test scores
to detect AD [3]. In addition, all literature studies just used
the summary values for these scores. The total scores sum-
marize the large number of sub-scores. For example, MMSE
has 31 sub-scores which have significant medical meanings.
Clinical sub-scores have a significant role in tracking AD
behavior [12]; Weiner et al. [43] deeply studied the asso-
ciations between cognitive measures and AD biomarkers.
The literature has used these tests to improve ML models’
performance to detect AD [30]. Classical ML models such
as support vector machine (SVM), random forest (RF), and
others have been used to predict AD based on statistical fea-
tures extracted from the time series data [44]. El-Sappagh et

al. [37] built an AD detection classifier based on a random
forest algorithm and a fused collection of statistical features
collected from2.5-year time series data including comorbidi-
ties, cognitive scores, medication history, and demographics.
DL models such as LSTM and CNN which are dedicated
to understanding time series data can outperform classical
ML models because they can extract deep temporal repre-
sentations from fused time series data [2, 14]. LSTM [2] has
been used to detect AD using different modalities other than
CSs. In addition, LSTM has been used to detect AD using
a combination of CSs total scores and other modalities like
comorbidities [?].

The performance of DL models can be boosted by many
techniques including ensembling [36], hyperparameter opti-
mization [45], and model hybridization [46]. El-Sappagh
et al. [2] designed a two-stage long short-term memory
(LSTM)-based DLmodel for AD progression detection. The
study was based on the early fusion of multimodal time
series data. Rahim et al. [36] proposed a deep ensemble
model based on the fusion of time series 3D MRI images
with patients demographics. Bucholc et al. [46] proposed a
two-stage hybridmodel based one classicalmachine learning
algorithms. However, hybrid deep learning models improve
the performance of AD detection [47], and they have been
explored in other domains [48]. Robust hybrid deep learn-
ing models have already been successfully applied to AD
progression detections [11]. Zhang et al. [49] 3D ResAt-
tNet, CNN with a self-attention residual mechanism, for
diagnosis of AD using structural 3D MR images. Vu et al.
[50] integrated high-level layer concatenation auto-encoder
(HiLCAE) and 3D-VGG-16 to build an AD detection model.
The model was pre-trained using the HiLCAE, and the
learned weights were used by the 3D-VGG-16 classifier.
The input was fused MRI and PET images. El-Sappagh et
al. [8] proposed a hybrid CNN-LSTM deep learning model.
In this architecture, five modalities were learned with five
different CNN-LSTM hybrid models. The resulting models
are complex and costly. Balaji et al. [51] proposed a CNN-
LSTM hybrid deep learning model to predict AD based on
the fusion of MRI, PET, and standard neuropsychological
test scores. However, a balance between model complexity,
model performance, and model cost should be achieved.

Building a DL classifier based on cognitive sub-scores
is expected to be more accurate, transparent, cost-effective,
applicable in real environments, and medically relevant. To
the best of our knowledge, no study in the literature has built
an optimized hybrid deep learning model based on the deep
representation learning of fused time series cognitive sub-
scores. This type of analysis provides a deeper understanding
of a detailed patient’s cognitive behavior and can facilitate
the discovery of newAD biomarkers that could support more
accurate disease detection. In other words, the more in-depth
feature mining of patients’ clinical information and biolog-
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ical information can significantly improve the performance
of the resulting DL model [9].

Recent DL models are complex, and it is difficult to jus-
tify their decisions. This is not acceptable in life-sensitive
domains like medicine. Model trustworthy is crucial to be
suitable for its applicability in real environment [13]. Gen-
erally, model performance is not sufficient to get the trust of
medical experts; in [17], we surveyed the critical features
to build a truly accepted ML model in medical practice,
especially AD domain. Model explainability provides ML
model the ability to answer the question of “why a specific
decision has been taken” [15]. Systems with this capabil-
ity are called explainable AI (XAI) systems [16]. According
to European General Data Protection (GDPR) regulations,
using black-box models is strictly prohibited in various
domains, particularly in healthcare systems [16]. AI-based
clinical decision support systems must have a certain level of
transparency. Using MLmodels in a secure, ethical, fair, and
trustworthy manner requires implementing embedded XAI
features. Recently, we comprehensively reviewed the XAI
techniques [52]. Some of the popular XAI techniques are
explored in this study to investigate the role of different CS
sub-scores in predicting AD.

3 Dataset description

The data utilized for this study were accessed on March 18,
2022, fromADNI 1, ADNI GO, and ADNI 2, as documented
in [53]. A total of 1107 participants took part in the study and
were classified into four groups based on their clinical diag-
nosis at both the baseline and future time points. (1) The CN
category consisted of 358 individuals who were diagnosed
as cognitively normal (CN) at the beginning of the study and
remained so throughout the duration of manuscript prepa-
ration. (2) The sMCI group comprised 378 subjects who
were consistently diagnosed with mild cognitive impairment
(MCI) at all time points. (3) The pMCI group included 138
participants who were initially diagnosed with MCI during
the baseline visit, subsequently progressing to Alzheimer’s
disease (AD) within 48 months. (4) The AD group consisted
of 233 subjects who carried a clinical diagnosis of AD in
every visit.

To ensure the reliability of the study, individuals who
demonstrated improvement in their clinical diagnosis over
the course of follow-up were excluded. This involved cases
where individuals initially diagnosedwithMCI reverted back
to being cognitively normal, as well as cases where individ-
uals diagnosed with AD later reverted to MCI or CN. Such
exclusions weremade due to the potential uncertainty associ-
ated with clinical misdiagnosis, considering the irreversible
nature of AD. Additionally, cases with a direct conversion
from CN to AD were also eliminated from the study. The

study included eligible participants aged between 54 to 91
years, with a minimum of 4 years of education. They were
enrolled in one of three groups: CN, MCI, or AD. At the
beginning of the study, CN individuals were free from mem-
ory complaints and had an MMSE score ranging from 29 to
30, along with an average CDR score of 0.029. MCI individ-
uals hadMMSE scores between 23 to 30 and an averageCDR
of 1.407. AD patients met the NINCDS-ADRDA diagnostic
criteria for probable AD [54], with MMSE scores ranging
from 19 to 27 and an average CDR of 4.37.

The collected dataset encompasses twomain types of data:
time series data and static baseline data. The time series data
comprises five readings or time steps for each patient, col-
lected at the baseline and at regular intervals of 6 months
up to a duration of two years (i.e., 24 months). As per
the ADNI approach, The demographic includes the primary
information about each patient’s AGE (Age), PTGENDER
( Sex), PTEDUCAT (Education), PTETHCAT (Ethnicity),
PTRACCAT NA (Race), PTMARRY (Marital), APOE4 NA
(number of APOEe4 alleles), FDG (FDG-PET metaROI),
ABETA (CSF ABETA), and TAU (CSF TAU). The time
series data are divided into five distinct yet complementary
modalities: CDR (6 features), MMSE (31 features), FAQ (10
features), and ADAS (13 features). We contend that the opti-
mal combination of these modalities offers a comprehensive
understanding of the patient’s condition. Furthermore, static
baseline data, collected only once during the baseline visit,
encompasses demographic information. For further details
regarding data acquisition, please refer to the ADNI web-
site [53]. A comprehensive description of the dataset can be
found in Table 1.

Table 2 presents the number of categorical and numeric
features in each modality, provides insights into the types of
features present in eachmodality, and helps explain why spe-
cific modalities may yield better results in our experiments.
By examining this table, it becomes evident that modality
1 has a higher proportion of numeric features, MMSE has
a more significant number of categorical features, and the
CDRmodule has awhole numeric feature.Demographic data
has half of them categorical, and the other half is numeric.
These variations in feature composition acrossmodalities can
potentially explain the differential performance observed in
our experiments.

4 Propose framework

Fig. 1 shows the proposed framework. In this model, we
explore different architectures of ML and DL models. The
performance of different models is reported, and the best
model is empirically selected. In the following subsections,
we discuss the models of the proposed architecture.
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Table 1 Descriptive statistics for used dataset

CN (n=358) - 32% MCI (n= 516) AD (n=233) - 21% Combined (n= 1107)

sMCI (n=378) 34% pMCI (n=138) - 12%

Gender (F/M) 191/167 154/224 52/86 104/129 501/606

Age (years) 75.10±4.80 74.77±7.168 73.881±7.003 73.435±7.791 74.643±06.242

Education (years) 16.60±2.870 15.855±3.017 17.005±2.369 15.187±2.929 16.295±02.905

FAQ 0.114±0.730 2.489±3.636 6.169±5.616 16.385±7.042 03.471±06.271

MMSE 29.18±1.024 28.035±2.217 25.515±2.796 21.607±4.287 27.483±03.301

ADAS 7.974±3.760 14.688±6.408 20.935±6.320 32.792±11.095 14.437±10.004

CDR 0.037±0.188 1.229±0.905 2.373±1.3780 05.395±02.590 01.304±02.017

Table 2 The number of categorical and numeric features in eachmodal-
ity

Module name Num of categorical
features

Number of numeric
features

ADAS 13 0

MMSE 31 0

CDR 0 6

FAQ 10 0

GDS 15 0

Demographic 5 5

4.1 Data collection and preprocessing

We adopted two preprocessing steps including the handling
of themissingvalues andnormalizing the data. In this section,
we discuss these methods.

Handling missing values: All patients with more than or
equal to 30%missing are removed from thedataset. Themiss-
ing values of the resulting dataset are handled using themean
for numerical features and mode for categorical features.

Data normalization: All numerical features are normal-
ized using the z-score technique, i.e., z j = (

x j − μ j
)
/σ j is

the participant’s original value for feature j, z j is the normal-
ized value, μ j is the feature’s mean, and σ j is the feature’s
standard deviation. The values of categorical features have
been encoded using one hot encoding technique. To prevent
the information leakage problem, the fitted operators on the
training set are used to directly transform the test set.

4.2 Data splitting and fusion

The fused time series dataset is split into training and testing
sets. The training set is used to train and validate the model,
and the testing set is used to measure the model’s general-
izability. The dataset is divided into 70% training and 30%
testing. Concurrently, the demographic static dataset is pre-
processed and divided into training and testing. In the data

fusion step, all training sets are fused, and all testing sets are
fused to generate the final training and testing sets. Note that
for each patient, each demographic example is repeated n
times according to the number of time steps of the sub-score
sets. As a result, the fused datasets can be considered as time
series data. The resulting training dataset optimizes classi-
cal ML models, including RF, KNN, DT, NB, LR, XGB,
and LGBM. These classical models are trained using pre-
processed statistical features collected from the time series
modalities. These statistical features include min, max, and
mean for numerical features and first, last, and mode for
categorical features. In addition, the resulting fused time
series modality is used to optimize different DL architec-
tures, including LSTM, GRU, 1D CNN, and hybrid models
of LSTM-CNNandCNN-LSTMusing aBayesian optimizer.
Further, we deeply studied enhanced DL architectures by
integrating optimized feature selection and robust classifier
phases in the proposed DL pipeline.

4.3 Classical machine learningmodel optimization

Tomeasure the improvedperformanceof the proposedhybrid
DL model, we optimized a collection of popular classical
and ensemble ML models including RF, KNN, DT, NB, LR,
XGB, and LGBM. The results of these models are used as
the baseline performance to compare with. The optimiza-
tion of these models is done using the grid search technique.
Different classifiers are optimized for each of the three
classification problems (i.e., 2-class, 3-class, and 4-class).
Statistical features are extracted from the resulting fused time
series data, andwe used these statistical features to train these
regular models.

4.4 Single deep learningmodels

Different DLmodels are applied: 1DCNN,GRU, and LSTM
neural.
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Fig. 1 Proposed hybrid deep learning model
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4.4.1 Long short-termmemory (LSTM)

LSTM is a variant of recurrent neural network (RNN) for
capturing longitudinal and temporal patterns in time series
and solves the problem of vanishing and exploding gradients
[18]. The operations of an LSTM cell are listed in Eqs. (1)–
(7).

ftn = σ
(
θ f · [

htn−1 , xtn
] + b f

)
(1)

itn = σ
(
θi · [

htn−1 , xtn
] + bi

)
(2)

C̃tn = tanh
(
θC · [

htn−1 , xtn
] + bC

)
(3)

Ctn =
(
ftn ⊗ Ctn−1 ⊕ itn ⊗ C̃tn

)
(4)

otn = σ
(
θo · [

htn−1 , xtn
] + bo

)
(5)

htn = otn ⊗ tanh
(
Ctn

)
(6)

yn = ϕ
(
θyhtn + by

)
(7)

It has three gates: input gate itn , forget gate ftn , and output
gate otn . Ctn , Ctn−1 and C̃tn are the current cell status value at
any time tn , last time step cell status value, and the update of
the current cell status value, respectively. htn−1 is the output
value by each memory cell in the hidden layer at the pre-
vious time step. htn is the value of the hidden layer at time
tn based on C̃tn and Ctn−1 . θs and b s are the set of weight
matrices and biases vectors, respectively, updated following
the backpropagation through time algorithm. In addition, ⊗
is the Hadamard product; σ is the logistic sigmoid function;⊕

is the concatenation operator; and ϕ is the output acti-
vation function, e.g., SoftMax. LSTM has been widely used
for learning time series data [27, 55, 56], and we used it to
diagnose AD and predict its progression [2, 35].

4.4.2 Gated recurrent unit (GRU)

GRU has only two gates (i.e., update gate and reset gate),
where it combines the input and forget gates of LSTM into
the update gate. This update gate zt determines the amount of
data to retain at the currentmoment, see Eq. 10. The reset gate
rt controls the amount of forgotten information, see Eqs. 8
and 9.

zt = σ (Wzh · ht−1 + Wzx · xt + bz) (8)

rt = σ (Wrh · ht−1 + Wrx · xt + br ) (9)

The input data xt and the previous time step data h(t −
1) are linearly transformed. Different matrices W are right
multiplied, respectively. The reset gate rt and Whhht−1 are
multiplied, see Eq. (12). Then, the new data h′

t of the current
time is calculated by the tanh activation function.

h′
t = tanh (Wxh · xt + rt · Whh · ht−1) (10)

Equation (13) shows the product of zt and h(t−1)which is
the final data retained at the previous time step. This product
and the data retained from the current memory to the final
memory are equal to the content ht output by the final gated
loop unit.

ht = zt ht−1 + (1 − zt ) h
′
t (11)

4.4.3 1D Convolutional neural network

CNN can efficiently extract local spatial features from
large quantity of input data. A feed-forward neural network
depends on convolution structures to extract local spatial or
temporal features from data according to the input dimen-
sions, e.g., n-D image, text, or time series. CNN replaces
the dense connections of MLPs with kernel convolutions, as
shown in Eq. (12), for kernel K, nonlinear activation func-
tion s, and H, W, and C are the height, width, and channel
dimensions of the input.

f (x)m,n = σ

⎛

⎝
H∑

i

W∑

j

C∑

c

xi, j,cKm+i−1,n+ j−1,c

⎞

⎠ (12)

It is based onweight sharing, local connections, and down-
sampling dimensionality reduction concepts [34]. If there
are m inputs and n outputs, the weight matrix has m×n
entities. CNN can reduce the size of the weight matric to
k×n by sliding a convolution kernel with size k×k over the
input series. Time series CNN introduces 1D convolution
(1DConv), which can process univariate time series data. The
kernel size is k × 1. Formally, if the input vector x is l × 1
and the kernel r is k × 1, then the 1DConv maps the input
shape to (l − k)/d + 1, 1], where d is the

step size. Based on the number of filters, CNN expands
every univariate time series to more abstract and informative
features called feature maps, which are more suitable for
prediction using other DL layers such as LSTM layers. Each
value of a feature map is calculated as fi , see Eq. (13), where
g is a nonlinear activation function (e.g., ReLU), b is the bias,
and x (i :i+m−1) is m observations from x.

fi = g
(
rTX(i:i+m−1) + b

)
(13)

If the input size to the CNN is n × l × f , then by using
k filters of (m × 1) the corresponding output tensor is T, see
Eq. (14), where n is the number of samples, l is the number of
time steps, and f is the number of features. Pooling layers are
used to prevent overfitting and selecting the most important
features.

T = n ×
(
l − m

d
+ 1

)
× k (14)
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4.5 Bayesian hyperparameter optimization

The optimization of DL hyperparameters always improves
the performance of resulting architectures. Hyperparameter
optimization (HO) searches for the optimum x∗ of f, such that
the unknown function f (x) canbe evaluated for x ∈ X , andX
is a hyperparameter space, i.e., x∗ = argmaxx∈X f (x) · f (x)
is the ML algorithm objective function, and x is a vector
of hyperparameters. Bayesian optimization (BO) is one of
the best sequential techniques for efficiently solving this
optimization problem [34]. It has a prior assumption for esti-
mating a response surface function f̂ (x), utilizes f̂ (x) to
choose the next setting of xn to attempt, evaluates the true
function f (xn) using xn , calculates the posterior belief using
the evaluated performance f (xn), and repeats the process in
sequence until a stopping criterion is satisfied, such that the
maximum number of iterations is reached (see Algorithm
1). More details on the BO can be found in [34]. In ML,
three techniques are widely used for building the response
surface of f̂ (x) including the tree-structured Parzen estima-
tor, Gaussian process, and RF regressor. These algorithms
use acquisition functions that provide a trade-off between
exploration and exploitation. Three commonly used acqui-
sition functions are as follows: probability of improvement,
expected improvement, and upper confidence bound. In our
study, f (x) represents the performance of anMLmodel with
x as the vector of hyperparameters. BO selects a specific set
of hyperparameters for the tested DL model and trains this
model using the training data. Themodel then selects another
list of hyperparameters based on the exploration and exploita-
tion trade-off. The algorithm continues for a specific number
of predefined trails. The best list of hyperparameters is then
returned. BO automates the process of searching the hyper-
parameters space. f (x) is a highly non-convex function with
a complex surface. The algorithm of the Bayesian optimizer
is shown in 1. For more details about BO, readers are guided
to read these references [57, 58].

Algorithm 1 Bayesian optimizer.

Require: Objective function f , BO algorithm f̂
parameter space X , N data points, H ← ∅

1: for n ← 1...N do
Select xn ∈ argmaxx∈X f̂ (x, H)

Evaluate yn ← f (xn)
Update H ← H ∪ (xn, yn)
Check for exit criteria

2: end for

4.6 Genetic algorithms

A genetic algorithm is a computational approach to optimiz-
ing solutions to intricate problems. Drawing inspiration from

the principles of natural selection and evolution, it mimics
genetic and evolutionary processes to seek out optimal or
near-optimal solutions [59]. The algorithm comprises four
fundamental steps, which can be summarized as follows:

• Initialization: The algorithm commences by creating an
initial population of potential solutions, represented as
individuals or chromosomes. Each individual embodies
a potential solution to the problem at hand [60].

• Genetic Operators: By employing genetic operators such
as selection, crossover, and mutation, new offspring indi-
viduals are generated through the combination and mod-
ification of genetic information inherited from existing
individuals [60]. Selection determines which individu-
als are more likely to contribute genetic material to the
next generation, while crossover and mutation introduce
variation and diversity.

• Fitness Evaluation: As the evolution progresses, individ-
uals in the population are evaluated and assigned a fitness
value based on their performance in solving the problem.
Higher fitness values indicate better solutions [61]. Indi-
vidualswith superior fitness aremore likely to be selected
for reproduction, passing their genetic information to
the subsequent generation. Conversely, individuals with
lower fitness may be eliminated from the population.

• Iteration and Convergence: Through repeated iterations
of selection, crossover, and mutation, the genetic algo-
rithm explores the solution space, gradually improving
the quality of solutions across generations [62]. This iter-
ative process allows the algorithm to refine the population
and converge toward an optimal or near-optimal solution.

4.7 The proposedmodel

Two hybrid models are explored, including the combination
of LSTM and 1D CNN as feature extractors, i.e., LSTM-
CNN and GRU-CNN networks. The hyperparameters of
these models are automatically optimized using the BO. The
results are deep temporal feature representations that cap-
ture the hidden temporal patterns in the fused time series
data. We extend the proposed DL model by collecting the
deep features, and we use a genetic algorithm to select the
best specific neurons from the last layer of the hybrid model.
This modification aimed to enhance the overall performance
of the DL model by leveraging the strengths of both DL and
ML techniques. The resultingDLmodel ismore accurate and
less complex. Last, we explore the role of the classifier in the
last step of any DL classifier. We replaced the weak SoftMax
classifier with ML classifiers, including RF, LR, DT, SVM,
KNN, NB, and XGB. We discovered the crucial role of the
classifier and feature selection to improve the performance of
theDLarchitecture. The output dense layer yi of a given input
xi andweight matrixW is defined as yi = f (Wxi + bi ), and
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the used dropout layer yi randomly turns off a set of units
based on probability p as yi = (1 − p) f (Wxi + bi )

4.7.1 The pipeline steps of the proposed model

This subsection describes the pipeline steps of the proposed
models in detail for the bestmodel obtained for twoclasses. In
the CNN-LSTM phase, different DL architectures have been
explored, including LSTM, 1D CNN, and GRU. In addition.
The best-achieving model is CNN-LSTM, where the CNN
model is used to learn the short-term features in time series,
and LSTM is used to learn long-term features. We used the
Bayesian optimizer to optimize hyperparameters to select
the best hybrid architecture. The hybrid CNN-LSTM deep
learning model achieved the best results. The CNN block is
one Conv1D layer followed by one max pooling layer. The
Conv1D layer works by convolving an input tensor with 3×3
kernel size and 64 filter size, adding biases, and finally pass-
ing the resulting feature maps through a nonlinearity based
on the ReLU activation function. The convolution is done
for each feature separately because there are no valuable pat-
terns related to the order of features as in image analysis.
This way of convolution keeps the unique patterns extracted
from each feature separate from other features. The con-
volution layer is often followed by a pooling layer, which
compacts features and reduces the number of parameters.We
add one max pooling layer of kernel size (3×3) and a stride
of 64 after the Conv1D layer. Note that we use the same
padding on the convolution layer. The LSTM block is one
LSTM, ReLU activation function), L2 regularization, and
one dropout layer (probability= 0.5). Each modality has five
regular time steps (i.e., baseline,M06,M12,M18, andM24),
where patient progression can happen within this period. It
predicts the probable patient’s progression to AD within the
next 18 months.

The model is based on integrating five different modali-
ties of temporal cognitive sub-scores. We are based on the
early fusion mechanism of multi-modalities data. CNN first
learns data, followed by LSTM and one dense layer. The
CNN subnetwork is proposed to extract local features in the
time series, and the LSTM subnetwork is applied to learn the
temporal relationships among features.Weused theBayesian
optimization technique to automatically select the best archi-
tecture of the DL model to achieve the best performance and
prevent overfitting. After the LSTM block, the output is flat-
tened in a 1D vector and enters a dense layer with 270 units
and a ReLU activation function. Several strategies are used
to defend against overfitting. We apply regularization [55],
dropout layers [56], and early stopping [63]. For regulariza-
tion, the loss function becomes j(θ) + λ · �(W), where θ

is the model’s weights and biases parameters, �(·) is the
regularizations item or model complexity based mainly on
model weights W, and λ is the ratio of the cost of the model

complexity and total cost. We used L2 = �(W) = ∑
i w

2
i

regularization, which penalizes Ws of high absolute values
without making any weights zeroes. When some weights
are very small, their corresponding square values become
small enough to be ignored. The dropout works by randomly
dropping units and their connections during training. This
technique helps the network to learn only robust features,
prevents complex co-adaptations on training data, reduces
the amount of computation, and improves the model’s gen-
eralizability. Early stopping is a technique to terminate the
optimization algorithm before overfitting and to determine
the suitable number of epochs.

4.8 Performance evaluation

The resultingMLandDLmodels are compared and evaluated
usingdifferent evaluationmetrics, as shown inEqs. (15)-(18),
and used to optimize three different classification tasks with
different complexity levels (i.e., 4-class, 3-class, and 2-class)
for AD prediction.

Accuracy = TP + TN

TP + FP + TN + FN
. (15)

Precision = TP

TP + FP
(16)

Recall = TP

TP + FN
(17)

F − score = 2 · precision · recall
precision + recall

(18)

These are the most used in the medical informatics litera-
ture to increase the possibilities of results comparison where
TP is the true positive, TN is the true negative, FP is the false
positive, and FN is the false negative.

4.9 Model explainability

The medical domain is sensitive because it directly affects
human lives.Medical experts do not trust the decisions ofML
models based on their performance alone.Model explainabil-
ity is a set of techniques that allow medical experts to know
why an MLmodel takes specific decisions, and so the expert
can confirm if the model is working using the right logic
or not, see Fig. 2. XAI methods are globally divided into
post hoc and intrinsic methods. Post hoc methods explain
the decisions of the black-box models, and intrinsic methods
are interpretable by nature, like decision trees, rule-based
systems, case-based reasoning, and logistic regression. The
resulting trustworthy models gain the trust of the user [14].
A comprehensive list of XAI techniques can be found in our
recent and other references [52, 64, 65]. Here, we extend the
best ML models by adding XAI features based on the SHAP
and LIME techniques [20, 52].
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Fig. 2 Role of XAI features to
improve the results of DL
models

4.9.1 SHAP

The SHAP model-agnostic model is used to provide local
and global explainability [18, 19]. It linearly combines binary
variables g

(
x ′) = ∅0 + ∑M

j=1 ∅ j x ′
j , where x

′
j is a mapping

to x (i.e., the original input) by using | x = hx
(
x ′) , x ′ ∈

{0, 1}M is the coalition vector, and 1 indicates that features
in new data are the same as those of the original x, and 0
indicates that features of the created data are different from
the original x , M is the number of features, and ∅ j ∈ R is
the Shapely value for the average attribution of feature j to
x. SHAP tries to ensure that:

∅ j =
∑

S∈{x1,...,xM }\{x j }
|S|!(M − |S| − 1)!

M !
(
f
(
S ∪ {

x j
}) − f (S)

)

(19)

where S has positive indexes in x ′ and is a subset of the set
of features, x ′ is the vector of values for the needed to be
explained instance, (|S|!(M − |S| − 1)!)/M ! is a weighting
factor, and f (S) = E [ f (x) | xS] is the f value with features
in S that are marginalized over features that are not included
in S.

4.9.2 LIME

Locally InterpretableModelAgnostic Explanations (LIMEs)
are a model-agnostic post hoc XAI method that explains
individual models by approximating a black-box model with
another local and interpretablemodel [20]. LIMEcan be used
to explain any classifier, and it provides local explanations by
fitting a local model (e.g., interpretable models such as deci-
sion trees) using sample data points that are like the example
x being explained, see Eq. (19).

∅(x) = argmin
g∈G

L ( f , g, πx ) + �(g) (20)

where G is the group of interpretable models like decision
trees, g ∈ G is the explanation model, f : R

d → R, πx (z)
is the proximity measure of an instance z from x , and �(g)
is the measure of complexity of the explanation g ∈ G. The
objective function is the local minimization of L without any
assumptions about f because LIME is model-agnostic.

5 Results

In this section, we test our hypotheses that (1) the hybrid
CNN-LSTM could achieve better results than single DL
model such as 1D CNN, GRU, or LSTM, (2) neural architec-
ture search based on BO could improve the performance of
the resulting DL models, (3) the fusion of multimodal time
series data (i.e., ADAS, CDR,MMSE, GDS, and FAQ) could
enhance the performance compared to single modalities, (4)
integration of better classifiers (e.g., DT, LR, KNN, SVM,
KNN, NB, RF, and XGB) with deep feature extraction could
achieve better results compared to the default SoftMax, and
(4) adding a feature selection phase after the deep represen-
tation learning could enhance the performance. Please note
that the previous hypotheses are evaluated in the different
problem settings with different complexity levels including
the four-class (AD, CN, pMCI, and sMCI), the three-class
(AD, CN, and sMCI), and the two-class (AD and CN) classi-
fication tasks. In the three-class classification task (AD, CN,
and sMCI), we combine the instance of pMCI with the AD
instance. In the two-class classification task (AD and CN),
we combine the instance of pMCI with the AD instance and
the instance of sMCIwith CN. Themain idea is to explore the
role of ML and DL in diagnosing Alzheimer’s with different
modalities and explore the role of data fusion in improving
overall performance. Data fusion is done by combining dif-
ferentmodalities to achieve the best performance. To enhance
the overall performance, we develop a hybrid model com-
bining CNN with LSTMmodels on every modality and then
on the fused data. We also apply the genetic algorithm to
select the best number of neurons from the last layer of the
CNN-LSTM model before the output layer and then replace
the SoftMax activation function in the output layer with the
different ML models. DL models are optimized using BO.
Also, all models were evaluated with various evaluation met-
rics, including (accuracy, precision, recall, and F1-score) The
experiments of all models were presented as mean ± stan-
dard deviation (SD). All models evaluated through various
evaluation metrics include accuracy, precision, recall, and
F-measure.
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Table 3 The GA parameters

Parameters Values

Population size 120

Mutation rate 0.01

Crossover rate 80%

Selection method Roulette wheel selection

Termination criteria Max_generation = 9

5.1 Experiment setup

Throughout this paper, the experiments were conducted on
a machine equipped with an 11th Gen Intel(R) Core(TM)
i7-1165G7 processor running at a clock speed of 2.80 GHz,
with 16.0 GB of RAM. The experiments were performed
using Python 3.7.3 distributed in Anaconda 4.7.7 (64-bit).
The proposed models were implemented using the Keras
librarywith TensorFlow as the backend. For the classification
task, a SoftMax activation function with cross-entropy loss
was utilized. TheAdam optimizer was employedwith a fixed
learning rate of 0.0001, while other parameters were kept at
their default values, as mentioned in [66]. To ensure con-
sistency, the training batch size and number of epochs were
set to 50 and 70, respectively, for all experiments. The model
training process was parallelized across the GPUs to enhance
training speed. To mitigate overfitting, dropout, L2 regular-
ization, and early stopping mechanisms were employed. The
network settings, including the dropout rate and the L2 reg-
ularization penalty coefficient, remained unchanged for all
experiments to ensure a fair comparison. A total of 1107
cases from the dataset were used for the experiments. The
dataset was randomly divided into training, validation, and
testing sets, with proportions of 65%, 10%, and 25%, respec-
tively, resulting in 747, 83, and 277 cases for each set.

Our study employs the genetic algorithmas a feature selec-
tion technique to select the best number of neurons from
the last layer of the CNN-LSTM model before the output
layer and replace the SoftMax activation function in the out-
put layer with the ML model. This modification aimed to
enhance the overall performance of the proposed DL model.
Table 3 shows the default hyperparameters of the used GA.
Regarding optimizing hyperparameters in the DLmodels for
each classification task, we employ the Bayesian optimizer
to search for the best set of hyperparameters. The best list
of hyperparameters is identified through this optimization
process and is presented in Table 4.

5.2 Statistical analysis

In this study, we explore the role of cognitive scores in
predicting AD progression. Total cognitive scores have a

significant relation to the progression of the disease. In this
section,we explore the statistical significance of these scores,
including FAQ, MMSE, ADAS, and CDR. We used the non-
parametric statistical test of the Kruskal–Wallis H test in this
statistical analysis. Statistical significance α = 0.05. Fig-
ure 3 shows these scores let us discriminate between the
four classes at each visit. The scores have statistically sig-
nificant differences among different classes. In Fig. 3, CDR,
MMSE, FAQ, and ADAS have statistically significant differ-
ences among the four classes (P value< 0.0001). CDR has
large values for AD patients, and the values become lower
as the patient is more normal. MMSE has inverse behavior,
where CN patients have high MMSE, and AD patients have
lower values. FAQ and ADAS scores are high in AD patients
and small in CN patients. Note that there are significant dif-
ferences among classes for all scores. It can be seen clearly
that these scores can play a critical role in differentiating the
AD classes in our classification problem.

More interestingly, the longitudinal analysis of these CSs
for every class shows the progression of the score with time.
Regarding the ADAS, it can be noticed in Fig. 4 that AD class
has statistically significant differences among time steps from
baseline visit toM24 visit (P value< 0.001). The pMCI cases
follow the same pattern, where the patient’s conditions start
with high ADAS values at baseline and become severe with
time. On the other hand, the CN patients have small ADAS
values at the baseline visit, and these values have not signifi-
cantly changed with time. This means that the CN patient has
stable conditions. For sMCI patients, they have high ADAS
values at the baseline visit compared toCNpatients, but these
values have not significantly changed with time as in the
pMCI cases. As a result, the temporal data of ADAS score
can track the conditions of the patient.

Regarding CDR score, it can be noticed in Fig. 5 the sig-
nificant difference among classes. In addition, the score has
clear differences among time steps for both AD and pMCI
classes (P value< 0.001). Baseline CDR for AD class is the
largest value, pMCI is the second, and sMCI is the third. CN
patients have the smallest CDR values and these values have
not changed significantly with time. sMCI cases start with
lower CDR compared to pMCI, but the values remain stable
with time. It can be noticed that DL model can learn these
temporal patterns and differentiate different classes.

Regarding FAQ score, CNpatients have small FAQ scores,
and the score value increases as the patient conditions become
more severe. Figure6 shows the temporal progress of the
score for every class in different time steps. AD patients
have a high FAQ at baseline and this score increases sig-
nificantly over time (P value < 0.001). pMCI patients start
with lower values compared to AD, but the score increases
significantly with time. This medically makes sense because
pMCI patients becomeAD after a period. sMCI patients have
lower FAQ scores compared to pMCI, but the score remains
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Table 4 The best
hyperparameters for the utilized
model

Models Parameters Two classes Three classes Four classes

CNN Filter_size 64 64 64

kernel_size 3 4 3

reg_rate 0.0001 0.0005 0.0004

number of units 500 600 650

LSTM number of units 270 300 350

dropout 0.5 0.5 0.3

RF Max_depth 3 4 5

min_samples_split 2 2 2

bootstrap True True True

criterion gini gini gini

Fig. 3 Statistical significance of
selected cognitive scores

Fig. 4 Statistical significance of
longitudinal ADAS score
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Fig. 5 Statistical significance of
longitudinal CDR score

Fig. 6 Statistical significance of
longitudinal FAQ score

stable over time because the sMCI patient has stable condi-
tions compared toADand pMCI.CNpatients have the lowest
FAQ scores, and these values are stable in all time steps.

Regarding the MMSE score, lower MMSE means severe
AD conditions. It can be noticed in Fig. 7 that AD patients
have lowMMSEvalues at baseline visits, and these values are
significantly reduced over time (P value< 0.001). For pMCI
patients, the MMSE score is high at baseline and becomes
severe with time aswell. On the other hand, for CN and sMCI
patients, the MMSE score remains stable over time. These
temporal patterns are critical to optimizing the deep learning
model. Note that the above discussion is for the global CSs,
but in the current study, we further investigate the sub-scores
of these features. This detailed analysis has achieved better
results because each of these scores has been represented in
much more detail using a collection of sub-scores.

5.3 Performance of four-class (CN, sMCI, pMCI, and
AD) classification

In this section, we conduct several experiments to choose the
best classifier that performs best with four classes (AD, CN,
pMC, and sMCI) with both single and multi-modality.

Experiment 1: This experiment evaluates six promising
ML classifiers with optimized hyperparameters in diagnos-
ingAlzheimer’swith four classes. Table 5 lists the classifiers’
average performance. From this table, we can make the fol-
lowing observations: (1) For the ADAS modality, KNN and
NB give the least performance in cross-validation (CV) and
testing results. The best performance was obtained from
RF with a CV accuracy of 71.33% and testing results of
68.76%. (2) Diagnosis based on CDR performs better than
other modalities. Utilizing KNN and DT gives the lowest
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Fig. 7 Statistical significance of
longitudinal MMSE score

performance, followed by NB. RF and LR perform similarly
in CV, while LR gives a more stable performance in testing
results. XGB outscored all other algorithms with a CV accu-
racy of 82.41% and testing accuracy of 80%. (3) For the FAQ
modality, KNN achieved the worst performance in terms of
CV results (ACC= 62%). NB and SVM performed similarly,
but SVM is considered more stable (SD= 3%). RF (ACC=
68.59%) obtained the best training performance for CV. (4)
Diagnosing based onMMSE and GDSC gives similar results
tomostMLalgorithms.Thebest performance forMMSEwas
obtained from RF, which achieved a CV accuracy of 68.92%
and 65.06% for GDSC. Overall, the experiment shows that
ML classifiers can achieve promising results in diagnosing
Alzheimer’s disease with different modalities.

Experiment 2: In addition to ML algorithms, we explore
the performance of various single DL models, including
LSTM,GRU, andCNN, aswell as hybridDLmodels, includ-
ing CNN-GRU and CNN-LSTM. As presented in Table 6,
utilizing DL models improves the overall performance for
single and combined modalities. From Table 6, we make
the following observations: (1) All DL models achieved
enhanced performance that outscored the MLmodels for the
ADAS modality. LSTM achieved an accuracy of 71.81% in
CV, while GRU and CNN achieved enhanced performance
with an improvement of about 3-7% with all evaluation met-
rics. Building a hybrid model of LSTM and CNN achieved
promising performance that outperformed all singleDLmod-
els with an accuracy of 78.77% in CV and 73.65% in testing.
(2) TheCDRmodality achieved promising performancewith
DL, outperformingADASby about 8%with increasedmodel
stability. The best performance was obtained from CNN-
LSTM with an accuracy of 87.62% in CV and 82.31% in
testing. (3) The FAQ and MMSE modalities gave adequate
performance for diagnosis. CNN-LSTM achieved an accu-

racy of 79.92% and 77.79% in CV for MMSE and FAQ,
respectively. (4) Regarding multi-modality, utilizing full fea-
tures increases the overall performance with an improvement
of about 3-6 for all algorithms. For example, the CNNmodel
achieved an enhanced performance of 88.73% in terms of
classification accuracy, while CNN-LSTM was able to pre-
dict diagnosis with a promising performance accuracy of
90.48%. (5) Utilizing the genetic algorithm (GA) to choose
the optimum features from the DL model and then apply-
ing ML models to choose the optimum features enhances
the overall performance. The best performance was obtained
from the LR model, with an accuracy of 91.49% in CV and
86.60% in testing.

Figure 8 summarizes the results by highlighting the best
testing performance across allmodalities and for four classes.
Regarding the four-class ML models shown in Fig. 8a, the
ADASmodality achieved the best performancewith an accu-
racy of 68.95. In contrast, the CDR modality demonstrated
higher performance at 80.51. The FAQ modality achieved
adequate performance with an accuracy of 65.95, and the
MMSE modality achieved moderate performance with an
accuracy of 60.95. The GDSCALEmodality exhibited lower
performance, with an accuracy of 55.12. When combin-
ing all features, the XGB model demonstrated the highest
performance with an accuracy of 82.39. In the DL four-
class scenarios shown in Fig. 8b, the CNN-LSTM model
achieved the best performance. The ADAS, CDR, MMSE,
and FAQ modalities also demonstrated high performance.
The GDSCALE modality exhibited relatively lower per-
formance. Applying the full features with the CNN-LSTM
model demonstrated high performance, and optimizing fea-
tures using GA further improved accuracy. These results
highlight the varying performance of the different models
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Table 5 The performance of ML models with the four-class task

Models Features Cross-validation performance Testing performance

Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score

ADAS RF 71.33±2.79 71.52±2.84 71.33±2.79 70.56±2.82 68.95 67.83 68.95 67.80

LR 71.81±5.03 72.28±5.24 71.81±5.03 71.29±5.06 68.76 68.60 68.76 68.18

DT 61.93±6.67 62.54±6.39 61.93±6.67 61.76±6.53 60.29 60.14 60.29 60.14

SVM 70.36±4.7 71.43±4.13 70.36±4.7 69.58±4.62 67.87 66.84 67.87 66.65

KNN 62.41±4.34 62.13±5.51 62.41±4.34 60.66±4.43 59.65 58.52 58.65 58.33

NB 61.08±4.18 64.64±5.33 61.08±4.18 60.14±4.33 59.18 59.47 59.18 59.06

XGB 69.88±4.41 69.84±4.58 69.88±4.41 69.43±4.4 65.59 65.42 65.59 65.41

CDR RF 81.81±3.34 80.24±3.92 81.81±3.34 80.11±3.28 78.31 78.20 78.31 78.36

LR 81.93±3.77 78.82±5.34 81.93±3.77 79.43±4.43 78.23 79.50 78.23 78.81

DT 76.39±5.17 77.21±3.88 76.39±5.17 76.41±4.57 73.45 73.00 73.45 73.64

SVM 82.29±3.66 80.52±4.76 82.29±3.66 80.55±4.28 78.39 78.41 78.39 78.97

KNN 73.37±2.25 70.0±3.08 73.37±2.25 70.81±2.42 70.04 68.45 70.04 68.07

NB 79.16±4.57 82.75±3.4 79.16±4.57 80.12±4.3 75.51 75.32 75.51 75.10

XGB 82.41±5.47 82.11±5.93 82.41±5.47 81.93±5.65 80.51 79.95 80.51 80.17

FAQ RF 67.71±4.72 68.0±3.76 67.71±4.72 67.09±4.35 65.87 65.64 65.87 65.61

LR 66.14±4.92 66.37±4.19 66.14±4.92 65.13±4.79 65.15 64.32 64.15 64.40

DT 56.99±6.1 57.6±5.37 56.99±6.1 56.88±5.76 53.43 53.50 53.43 53.44

SVM 67.83±3.14 67.99±2.97 67.83±3.14 66.55±3.33 65.95 65.12 65.95 65.93

KNN 62.17±3.78 63.39±6.22 62.17±3.78 59.08±4.14 57.09 57.51 57.09 57.90

NB 65.9±3.66 66.49±4.44 65.9±3.66 64.01±3.86 63.90 64.18 63.90 62.22

XGB 64.82±4.02 64.75±3.21 64.82±4.02 64.25±3.71 63.18 62.29 63.18 62.5

MMSE RF 65.54±5.15 66.28±5.45 65.54±5.15 64.8±5.27 60.95 60.10 60.95 60.63

LR 65.06±5.36 64.8±6.58 65.06±5.36 64.03±5.89 60.70 60.50 60.70 60.55

DT 57.47±5.11 57.78±4.86 57.47±5.11 57.28±5.09 54.87 55.98 54.87 55.33

SVM 64.34±4.15 64.3±4.49 64.34±4.15 63.22±4.34 60.54 60.15 60.54 60.35

KNN 54.7±4.25 55.33±4.56 54.7±4.25 53.39±4.28 53.79 54.13 53.79 50.90

NB 48.19±4.6 40.29±13.83 48.19±4.6 38.74±4.17 44.04 53.38 44.04 42.39

XGB 61.81±2.9 62.11±3.21 61.81±2.9 61.29±3.08 59.29 59.06 59.29 59.47

GDSCALE RF 58.92±4.05 57.72±4.09 58.92±4.05 57.33±3.89 55.12 55.26 55.12 55.76

LR 58.67±4.82 57.13±5.34 58.67±4.82 56.75±4.9 53.43 52.89 53.43 52.35

DT 46.02±7.5 46.3±7.0 46.02±7.5 45.9±7.18 44.04 43.61 44.04 43.70

SVM 57.11±3.66 55.5±3.45 57.11±3.66 55.11±3.63 46.57 54.29 46.57 43.01

KNN 49.88±3.97 46.56±5.57 49.88±3.97 46.76±3.94 40.43 36.39 40.43 35.88

NB 49.28±2.87 49.91±3.17 49.28±2.87 47.48±3.26 38.63 39.03 38.63 39.79

XGB 56.51±3.07 55.29±2.92 56.51±3.07 55.5±2.92 50.15 50.70 50.15 50.87

Full features RF 85.9±3.0 85.82±3.42 85.9±3.0 85.25±3.63 81.56 81.12 81.56 81.70

LR 82.41±3.5 82.46±3.44 82.41±3.5 82.0±3.76 78.70 77.75 78.70 78.01

DT 79.52±4.54 79.59±5.23 79.52±4.54 79.17±4.87 76.17 76.00 76.17 76.01

SVM 80.48±3.73 80.55±3.4 80.48±3.73 80.13±3.77 77.98 77.87 77.98 77.81

KNN 70.0±4.46 70.27±4.71 70.0±4.46 68.2±4.69 66.43 66.48 66.43 64.31

NB 76.51±3.78 79.04±3.98 76.51±3.78 76.91±3.84 63.90 69.61 63.90 62.85

XGB 86.87±3.55 86.8±4.28 86.87±3.55 86.52±4.01 82.39 82.61 82.39 82.91
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Fig. 8 Performance of the best ML and DL models for each modality for four classes

across the evaluated metrics, with the optimized models
showing improved performance.

5.4 Performance of three-class (CN, sMCI, and AD)
classification

This section evaluates ML classifiers, three single DL, and
two DL models with optimized hyperparameters for diag-
nosing Alzheimer’s with three classes (sMCI, CN, and AD).
The results of ML and DL are listed in Table 7 and Table 8,
respectively.

Experiment 1: From Table 7, we can observe the fol-
lowing: (1) All modalities give increasing performance with
three classes compared to four classes with all ML algo-
rithms. (2) For ADAS, NB and KNN give less performance,
achieving CV accuracy of 66.51% and 68.55%, respectively.
This performance was enhanced with linear classifiers such
as LR and SVM, which achieved 73.13%, 74.46%, and
73.37%, 70.26% for CV and testing, respectively. The best
performance was obtained from RF, achieving 74.70%, out-
performing all other algorithms by about 2-4%. (3) Gaussian
NB performs worst in classification accuracy of 85.30% for
the CDR modality. The LR and SVM model increases the
overall performance by about 3%, while the ensemble algo-
rithms such as XGB and RF give the best performance,
achieving 86.99%, 87.83%, and 83.28%, 83.09% in terms
of CV and testing for XGB and RF, respectively. (4) For
FAQ andMMSE, which achieve less performance than CDR
and ADAS, the best performance is also obtained from RF,
which achieved a CV accuracy of 68.92% and 65.76% for
testing. (5) The performance of GDSC does not always give
high performance in prediction. However, RF and SVM
achieve adequate performance for all evaluation metrics. (6)
As mentioned earlier, we combine all modalities to improve
prediction performance. Combining all modalities improves
the overall performance and stability of the models. All
models’ performance was enhanced by about 4-11% for all

evaluation metrics. The best performance was obtained from
XGB, with 89.64% for CV and 85.45 % for testing.

Experiment 2:We explore the performance of single and
DL models with three classes. The results are listed in Table
8. From that table, we observe the following: (1)UtilizingDL
outperforms all ML models with significant scores ranging
from 5-10%. (2) For ADAS, the LSTM model outperforms
GRU and CNN with a CV accuracy of 79.68% and a test-
ing accuracy of 74.37%. (3) While the CNN-LSTM model
gives the best performance in CV accuracy of 81.07% and
testing accuracy of 74.85%. (4) Diagnosing based on CDR
gives promising results in all evaluation metrics over other
single modalities. The best performance was obtained from
the CNN-LSTM model. It gave the best performance for
FAQ and MMSE. (5) The overall model performance sub-
stantially improved when switching from single modality to
multi-modality. With the full features, the proposed model
achieved a CV accuracy of 92.46%, which was enhanced to
93.13%when utilizing theGA to choose the optimal features.

Figure 9 summarizes the results by highlighting the best
testing performance across all modalities and for three
classes. For the three-class ML models shown in Fig. 9a,
the full-feature RF model achieved the highest performance
across all metrics with an accuracy of 85.89, precision of
85.08, recall of 85.89, and F1-score of 85.93. In contrast,
the GDSCALE modality exhibited the lowest performance,
with an accuracy of 60.54. The ADAS and CDR modali-
ties achieved the best performance with RF models, while
MMSE and CDR achieved the best performance with SVM
and LR models, respectively. However, the full-feature RF
model outperformed them all. In the DL three-class scenar-
ios shown in Fig. 9b, the CNN-LSTMmodality achieved the
best performance, with the ADAS, CDR, and FAQ modali-
ties also exhibiting high performance. The MMSE modality
achieved lower performance, while the full-feature CNN-
LSTM model and the model with optimized features using
GA demonstrated the highest performance. These results
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Table 7 The performance of ML models with the three-class task

Models Features Cross-validation performance Testing performance

Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score

ADAS RF 75.3±4.22 75.55±4.31 75.3±4.22 75.18±4.16 74.70 74.74 74.70 74.72

LR 74.46±4.5 74.5±4.75 74.46±4.5 74.15±4.71 73.37 73.74 73.37 73.56

DT 68.31±3.24 68.32±3.16 68.31±3.24 68.15±3.21 62.09 62.00 62.09 62.03

SVM 73.13±3.81 73.17±3.6 73.13±3.81 72.81±3.73 70.26 70.95 70.26 70.95

KNN 68.55±4.55 68.18±5.69 68.55±4.55 67.08±5.38 69.40 68.75 68.40 68.86

NB 66.51±5.22 67.3±5.06 66.51±5.22 65.8±5.27 63.48 63.95 63.48 63.81

XGB 73.37±4.08 73.39±3.91 73.37±4.08 73.01±3.93 70.65 70.57 70.65 70.57

CDR RF 87.83±2.31 88.16±2.61 87.83±2.31 87.82±2.39 83.09 83.37 83.09 83.17

LR 87.47±2.96 87.71±3.12 87.47±2.96 87.45±2.98 84.64 84.63 84.64 84.60

DT 80.84±3.12 81.08±3.23 80.84±3.12 80.77±3.23 75.67 75.59 75.67 75.63

SVM 88.67±2.91 89.2±2.92 88.67±2.91 88.75±2.85 84.36 84.38 84.36 84.35

KNN 81.45±3.06 81.46±3.25 81.45±3.06 81.1±3.22 78.34 78.53 78.34 77.65

NB 85.3±3.18 86.25±3.13 85.3±3.18 85.25±3.18 80.28 80.96 80.28 80.29

XGB 86.99±2.46 87.28±2.7 86.99±2.46 86.94±2.54 83.28 83.36 83.28 83.32

FAQ RF 71.81±4.35 72.13±3.91 71.81±4.35 71.45±4.28 69.73 69.89 69.73 6974

LR 69.88±4.88 69.69±5.21 69.88±4.88 69.14±5.11 68.84 68.66 68.84 68.42

DT 62.6±6.22 62.89±6.71 62.6±6.22 62.38±6.28 60.73 60.82 60.73 60.78

SVM 71.45±4.28 71.79±4.47 71.45±4.28 70.56±4.37 68.01 6803 68.01 68.97

KNN 67.11±3.96 68.81±5.85 67.11±3.96 64.47±5.01 60.51 60.31 60.51 60.39

NB 71.2±4.62 72.25±5.69 71.2±4.62 70.03±4.71 68.59 69.03 68.59 67.33

XGB 69.04±3.19 69.42±3.17 69.04±3.19 68.69±3.09 67.31 67.09 67.31 67.99

MMSE RF 68.92±4.1 68.7±5.03 68.92±4.1 68.39±4.75 65.76 65.72 65.76 65.74

LR 67.11±4.07 67.16±4.6 67.11±4.07 66.85±4.38 65.51 65.04 65.51 65.63

DT 61.93±4.97 62.61±4.79 61.93±4.97 61.76±4.74 58.84 59.91 58.84 59.21

SVM 68.19±4.35 68.29±4.97 68.19±4.35 67.79±4.65 65.87 65.86 65.87 65.22

KNN 59.88±4.82 62.65±4.23 59.88±4.82 59.74±4.57 57.12 57.36 57.12 56.76

NB 52.41±2.81 57.29±6.88 52.41±2.81 57.94±3.24 52.35 54.20 52.35 49.59

XGB 66.14±3.16 66.41±3.34 66.14±3.16 65.87±3.32 64.06 64.80 64.06 64.89

GDSCALE RF 65.06±6.0 64.96±5.87 65.06±6.0 64.44±6.0 60.54 60.76 60.54 60.46

LR 64.94±5.71 64.62±5.74 64.94±5.71 64.27±5.71 60.34 60.71 60.34 60.34

DT 55.42±6.0 55.64±5.94 55.42±6.0 55.16±6.0 53.43 53.54 53.43 53.45

SVM 65.3±3.76 64.9±3.8 65.3±3.76 64.35±4.45 61.45 61.53 61.45 61.26

KNN 56.99±3.92 56.86±4.33 56.99±3.92 55.65±3.83 52.35 51.05 52.35 50.83

NB 54.94±6.95 56.65±6.95 54.94±6.95 53.65±6.83 51.62 52.09 51.62 50.13

XGB 62.89±4.75 62.69±5.1 62.89±4.75 62.47±4.95 60.54 60.36 60.54 60.41

Full features RF 89.52±2.53 90.0±2.49 89.52±2.53 89.56±2.47 85.89 85.08 85.89 85.93

LR 86.99±2.57 87.14±2.48 86.99±2.57 86.95±2.58 83.03 82.95 83.03 82.94

DT 86.02±3.1 86.47±3.13 86.02±3.1 86.03±3.07 81.56 81.46 81.56 81.50

SVM 86.87±2.31 87.03±2.31 86.87±2.31 86.82±2.36 81.59 81.28 81.59 81.29

KNN 75.18±3.89 76.96±4.16 75.18±3.89 74.27±4.18 69.68 70.70 69.68 68.45

NB 81.69±3.04 82.47±3.02 81.69±3.04 81.8±2.94 75.42 75.53 75.42 75.25

XGB 89.64±1.8 89.77±1.78 89.64±1.8 89.63±1.81 85.45 85.40 85.45 85.42
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Fig. 9 Performance of the best ML and DL models for each modality for three classes

highlight the varying performance of the different models
across the evaluated metrics, with the optimized models
showing improved performance.

5.5 Performance of two-class (CN and AD)
classification

This section evaluated ML classifiers, three single DL, and
twoDLmodelswith optimized hyperparameters for diagnos-
ing Alzheimer’s with two classes (CN, and AD). The results
ofML andDL are listed in Table 9 and Table 10, respectively.

Experiment 1: In this section, we concentrated on using
ML, single DL, and hybrid DL to classify instances into AD
or CN based on single and multimodalities. All results are
listed in Tables 5 and 9. We can observe the following: (1)
For ADAS and CDR, RF performs best among all other algo-
rithms. It achieved 89.28%, 89.52%, and 87.81%, 88.97%
regarding CV accuracy and testing accuracy, respectively.
(2) FAQ and MMSE perform similarly to most algorithms,
while the best performance was obtained fromRF. (3) Utiliz-
ing the full features enhances overall performance by about
2-8% with all algorithms. Tree-based algorithms such as RF
and XGB perform similarly for CV accuracy and testing per-
formance. The best performance was obtained by LR and
SVM, which gave 92.17%, 91.45%, 88.34%, and 87.25%.

Experiment 2: In Table 10, we present the classification
results of single and hybrid models. From Table 6, we make
the following observations: (1) LSTM achieves promising
performance over GRU and CNN, while CNN provides a
more stable model (SD=0.68). Utilizing the CNN-LSTM
model gives thebest performance forADASandCDRmodal-
ities. (2) FAQ and MMSE perform similarly in all evaluation
metrics; they achieve 90.33%, 90.31%, and 88.81%, 88.9%
for CV accuracy and testing performance. (3) We utilized
the fused dataset that combines all modalities to increase the
overall performance. GRU gives the best performance with
the fused features over LSTM and CNN. Utilizing the CNN-

LSTM model provides the best performance with the full
features. (4) To ensure choosing the optimal feature subset,
we utilized GA to select the optimum feature subset from the
features that were output fromDL. The chosen features were
then utilized to build a classification model. The best per-
formance for this step was obtained by utilizing RF, which
achieved promising performances of 97.11% and 91.89% in
CV accuracy and testing accuracy, outperforming all other
models.

Figure 10 summarizes the results by highlighting the best
testing performance across all modalities and for two classes.
Regarding the two-class ML models shown in Fig. 10a, the
CDR and ADAS modalities achieved the best performance
with RF models. The FAQ and MMSE modality performed
well with XGB models, while the GDSCALE modality
achieved relatively lower performance. The full features
consistently demonstrated high accuracy, precision, recall,
and F1-score with XGB models. Regarding the DL two-
class scenarios, as shown in Fig. 10b, the ADAS and CDR
modalities achieved high performance, while the FAQ and
MMSEmodalities exhibited good accuracy. The GDSCALE
modality achieved lower performance. The full features with
CNN-LSTM model demonstrated high accuracy, and the
model with optimized features using GA achieved the high-
est overall performance. These results highlight the varying
performance of the different models across the evaluated
metrics, with the optimized models showing improved per-
formance.

6 Discussion

In the following subsection, we compare the performance of
single and multi-modalities in diagnosing different classes.
Firstly, we evaluate the performance of machine learn-
ing (ML) and deep learning (DL) models with a single
modality, where we compare the proposed model with the
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Table 9 The performance of ML models with the two-class task

Models Features Cross-validation performance Testing performance

Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score

ADAS RF 89.28±2.61 89.28±3.09 90.48±1.83 90.24±1.78 87.81 87.88 87.81 87.54

LR 88.43±2.3 89.97±2.8 90.12±2.65 91.46±1.67 86.73 86.67 86.73 86.69

DT 85.18±3.66 87.98±3.55 90.24±4.38 88.99±2.73 85.56 85.54 85.56 85.12

SVM 87.23±2.81 89.66±3.15 90.49±3.12 90.5±2.04 86.09 86.01 86.09 86.04

KNN 82.17±2.79 88.48±3.75 84.43±3.78 86.29±2.09 80.87 81.61 80.87 81.11

NB 88.55±2.65 89.86±3.08 90.49±3.54 91.56±1.99 86.81 86.84 86.81 86.82

XGB 87.47±2.3 90.08±2.67 91.31±2.64 90.65±1.72 87.73 87.73 87.73 87.73

CDR RF 89.52±2.8 89.7±2.66 89.52±2.8 89.47±2.72 88.97 88.95 88.97 88.96

LR 90.36±2.09 90.45±2.15 90.36±2.09 90.28±2.05 88.61 88.66 88.61 88.44

DT 83.86±4.04 84.45±3.63 83.86±4.04 83.89±3.8 86.64 86.61 86.64 86.62

SVM 90.72±2.02 90.87±2.1 90.72±2.02 90.63±1.95 87.25 87.25 87.25 87.09

KNN 87.95±1.43 87.93±1.48 87.95±1.43 87.81±1.37 87.73 87.87 87.73 87.35

NB 88.8±2.85 89.04±2.87 88.8±2.85 88.78±2.81 86.17 86.66 86.17 86.29

XGB 89.64±3.15 89.82±3.05 89.64±3.15 89.59±3.11 87.09 87.06 87.09 87.07

FAQ RF 89.88±3.1 89.86±3.2 89.88±3.1 89.79±3.16 83.39 84.68 83.39 82.14

LR 89.16±2.41 89.12±2.45 89.16±2.41 88.97±2.51 82.81 82.71 82.81 82.69

DT 83.49±3.77 83.69±3.74 83.49±3.77 83.47±3.67 80.28 80.12 80.28 80.12

SVM 90.0±2.9 90.03±2.94 90.0±2.9 89.86±2.99 82.31 82.27 82.31 82.29

KNN 89.28±2.5 89.37±2.53 89.28±2.5 89.02±2.61 83.45 83.34 83.45 83.35

NB 88.55±2.3 89.0±2.58 88.55±2.3 88.62±2.34 82.81 82.80 82.81 82.58

XGB 88.19±2.89 88.2±3.05 88.19±2.89 88.11±2.96 84.64 84.98 84.64 84.76

MMSE RF 88.67±2.1 88.81±2.18 88.67±2.1 88.55±2.13 78.64 78.50 78.64 78.42

LR 87.47±2.1 87.63±2.2 87.47±2.1 87.25±2.15 78.00 78.87 78.00 78.81

DT 83.37±2.4 83.49±2.27 83.37±2.4 83.31±2.37 79.78 80.02 79.78 79.89

SVM 88.8±3.1 88.86±3.25 88.8±3.1 88.68±3.1 79.00 79.89 79.00 79.76

KNN 81.93±2.09 82.87±2.8 81.93±2.09 80.63±2.28 79.06 80.70 79.06 76.78

NB 80.12±4.32 82.15±3.83 80.12±4.32 80.48±4.24 77.62 78.51 77.62 77.92

XGB 87.23±2.76 87.48±2.82 87.23±2.76 87.13±2.77 80.20 80.00 80.20 80.95

GDSCALE RF 82.65±3.33 82.57±3.53 82.65±3.33 82.33±3.53 78.70 78.25 78.70 78.34

LR 79.64±4.01 79.55±4.14 79.64±4.01 79.07±4.17 76.90 76.22 76.90 76.20

DT 73.98±4.76 74.35±5.29 73.98±4.76 73.86±4.88 72.56 72.87 72.56 72.70

SVM 79.88±2.8 79.69±2.97 79.88±2.8 79.36±3.05 73.65 72.96 73.65 71.06

KNN 73.49±4.24 72.64±4.67 73.49±4.24 72.31±4.52 66.43 64.19 66.43 64.55

NB 73.61±4.83 73.27±4.82 73.61±4.83 73.09±4.74 66.79 66.97 66.79 66.87

XGB 81.08±2.75 81.01±2.96 81.08±2.75 80.94±2.83 78.34 78.04 78.34 78.15

Full features RF 90.84±2.3 90.92±2.29 90.84±2.3 90.8±2.3 88.34 88.75 88.34 88.07

LR 92.17±2.48 92.26±2.41 92.17±2.48 92.17±2.47 88.34 88.39 88.34 88.36

DT 87.47±3.06 87.73±2.82 87.47±3.06 87.5±2.98 86.53 86.72 86.53 89.60

SVM 91.45±2.38 91.46±2.38 91.45±2.38 91.41±2.39 87.25 87.28 87.25 87.27

KNN 90.48±2.19 90.77±2.14 90.48±2.19 90.23±2.3 87.17 87.11 87.17 87.01

NB 89.76±3.5 90.22±3.31 89.76±3.5 89.84±3.43 87.34 87.46 87.34 87.38

XGB 90.72±3.05 90.88±2.95 90.72±3.05 90.7±3.02 88.70 88.72 88.70 88.71
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Fig. 10 Testing performance of the best ML and DL models for each modality for two classes

best-performing ML and DL models in each modality. Sec-
ondly, we analyze the performance of ML and DL models
with multi-modalities and compare them with the proposed
model in four-, three-, and two-class contexts.

6.1 Comparison between single andmultimodalities

First, for diagnosing with a single modality. Figure11a com-
pares models in four classes with a single modality. It
compares the best ML model, the best DL model, and the
proposed mode according to each modality. From that, we
can observe the following. (1) CDR gives the best perfor-
mance in diagnosing based on a single modality followed by
CDR, (2) DL outperforms the bestML for all modalities, and
(3) the proposed model gives the best overall performance in
ML and DL models, which confirmed the efficiency of the
proposedwork over other algorithms. The same applies to the
three classes in Fig. 11b. Figure11b also shows that diagnos-
ing into three classes improves overall performance than the
four classes in Fig. 11c. Second, for multi-modalities, Fig. 12
compares the performance of the best ML model, the best
DL model, and the proposed model with multi-modalities in
four-, three-, and two-class contexts.Wecanmake the follow-
ing observations from Fig. 12. (1) Combining all modalities
improves the overall performance in diagnosing with all ML
and DL algorithms and enhances the model’s stability. (2)
Results with our proposed model outperform other ML and
DL with about 4–6% in four, three, and two classes.

Figure 11c compares the best ML model for the two-
class contexts with each modality. As shown in Fig. 11c, the
proposed model outscores all ML and single DL in other
modalities regarding testing accuracy. Figure12 compares
the performance of the best ML model, the best DL model,
and the proposedmodel withmultimodalities in four-, three-,
and two-class contexts. As shown, combining all modalities
improves the overall performance in terms of all classes’ con-

texts; also, the proposed model outperforms the best ML and
DL models.

6.2 Explainability

Explainability in the medical domain. Providing a meaning-
ful explanation for the developed outcome is critical to trust
the developed decision. Medical experts need to know why
themodel made that decision. This leads us to answer several
questions: What are the most significant parameters that are
highly considered in making the developed decision? How
do inputs for the model lead to the output? Are the selected
parameters medically affected and sufficient? This subsec-
tionwill concentrate on implementingXAI for the four, three,
and two classes. XAI capabilities provide in various ways,
including feature importance according to global and local
explanations,

To provide a clear explanation and model interpretation,
we utilized both SHAP and LIME, each of them helping in
providing a clear explanation about the developed output.
First, SHAP, is a model-agnostic method that assigns impor-
tance values to each feature, quantifying their contribution to
the prediction outcome. In our study, we calculate the SHAP
values, representing each feature’s marginal contribution to
the prediction outcome. By summing up these values, we
obtain a measure of feature importance. This information is
invaluable formedical professionals, as it helps them identify
the features with the most significant impact on the model’s
predictions. Secondly LIME, it is another interpretability
method that explains individual predictionsmade by amodel.
Itworks by approximating themodel’s behavior around a spe-
cific instance to provide local explanations. In our study, we
utilized LIME to generate explanations for individual predic-
tions made by our model. These explanations offer insight
into how specific patient characteristics or input variables
influenced the model’s prediction for each instance. This
local interpretability helps medical experts understand the
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Fig. 11 Performance of the Top ML classifier, Top DL classifier, and
the proposed model. a comparison between Best ML, DL, and pro-
posed model with single modalities in four-class context, b comparison

between Best ML, DL, and proposed model with single modalities in
three-class context, c comparison between Best ML, DL, and proposed
model with single modalities in two-class context

reasoning behind the model’s decisions and identify poten-
tial biases or limitations in specific patients. These insights
are crucial for medical professionals in assessing the reliabil-
ity and applicability of the model’s predictions in a medical
context. The resulting models in our study are accurate and
explainable. As a result, the models can be trusted by domain
experts. The practical implications of these models can be
summarized in

• Improving the quality of Alzheimer’s prediction.
• Reducing the costs of disease management.
• Reduce the workload and the level of quality for physi-
cians.

• Reducing the need and dependence on MRI for disease
prediction.

6.2.1 XAI for four classes

We utilize SHAP and LIME explainers to show the effect of
each of the most significant features in the output. Figure13
shows the global importance of the features using SHAP; it

Fig. 12 Comparison between the performance of the best ML model,
the best DL model, and the proposed model with multi-modalities in
four-, three-, and two-class contexts

concentrates on the importance of utilized features in the
whole dataset. SHAP shows a global explanation for the
prediction. As shown in Fig. 13a, CD_Memory, CD_judge,
and CD home significantly impact determining whether the
patient is CN or AD. After specifying the global feature
importance, we need to ensure the importance of each fea-
ture in the individual instances (local explanation). LIME
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Fig. 13 Explanation of four classes with multi-modality a summary plot according to SHAP explainers, b The LIME output for Observation, c
SHAP Force plot for Observation

Fig. 14 Explanation of three classes with single and multi-modality a summary plot according to SHAP explainers, b The LIME output for
Observation, c SHAP Force plot for Observation

and SHAP show the most important features according to
specific instances. For example, for instance, five explained
in Fig. 13b, the class was sMCI with probability prediction
of =0.79, CD_Memory, CD_Judge, and MMBALL were the
most significant features. Orange and green in feature names
indicate whether the features negatively or positively affect
the decision. These results were also confirmed using the
SHAP explainer as in Fig. 13c. MMO, FDG, CD_Memory,
CD_home,CD_judge, MMO, Mmoneflr. The most signif-

icant features, according to SHAP, are also confirmed in
LIME.

6.2.2 XAI for three classes

First, a summary plot is utilized to show the effect of each of
the most significant features in the output. Figure14 shows
the global importance of the features using SHAP and LIME.
SHAP shows a global explanation for the prediction. Feature
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Fig. 15 Explanation of two classes with single and multi-modality a Summary plot according to SHAP explainers, b The LIME output for
Observation, c SHAP Force plot for Observation

names showon theX-axis, while the axis shows bars that rep-
resent the full feature’s importance. Blue, green, and purple
represent the effect according to AD, sMCI, and CN classes.
As shown in Fig. 14a, CD_Memory, MMDate, significantly
impacts AD class prediction but is less important for sMCI
and CN classes. FAQTRAVl has a high impact on speci-
fying the sMCI class and has less importance for CN and
no importance for the AD class. To check the significance of
each feature in the individual instance, we utilized SHAP and
LIME to explore local explanations. As shown in Fig. 14b,
LIME shows that the most essential features according to a
specific instance, for example, instance, five that explained
in Fig. 14b, the class was sMCI with probability prediction
of =0.79, and CD_Memory, CD_Judge, CDORIENT were
the most significant features. Features positively correlated
with the target are displayed in green; otherwise, they are
shown in red. These results were also confirmed using the
SHAP explainer as in Fig. 14c. The base value was 0.32,
and the predicted probability was 0.67. FDG, CD_Memory,
CD_home, and CD_judge were the most significant features
according to SHAP, confirmed in LIME as shown in Fig. 14c.

6.2.3 XAI for two classes

As shown in Fig. 15, we utilized SHAP and LIME to clearly
understand the developed decision, at both the dataset level
and instance level. First, in terms of global explainabil-
ity (dataset level), we utilized a summary plot in Fig. 15a
which shows each feature’s effect on the overall output.
Feature names show on the X-axis, while the axis shows
bars that represent the full feature’s importance. Blue and

red represent the effect according to AD and CN classes.
For example, Q4 has the same significance in AD and CN
classes. Q1 and CD_JUDGE have a higher impact on the
AD class than the CN class. Second, we need to ensure
the features’ impact at the instance level (instance level).
As shown in Fig. 15b, MMWATCH, CDHELP, and FDG
significantly impact prediction according to their values. Fea-
tures positively correlated with the target are displayed in
green; otherwise, they are shown in red. We utilized the
SHAP explainer as in Fig. 15c to ensure that result. The base
value was 0.32, and the predicted probability was 0.64. FDG,
CD_Memory, CD_home, and CD_judge were the most sig-
nificant features according to SHAP, confirmed in LIME as
shown in Fig. 15c.
Testing results (accuracy/precision/recall/f-score/AUC); CS:
Cognitive scores; LOOCV: Leave-one-out cross-validation;
CHC: Chettinad Health City, Chennai; CV: Cross-validation

6.3 Comparison with state-of-the-art studies

In this study, we proposed a hybrid deep learning architecture
to predict AD based on CSs sub-scores. The study provided
a cost-effective and optimal method to predict the disease
without costly MRI images. Table 11 provides a survey of
the existing studies for AD. As can be seen, most studies
are based on the ADNI dataset [67, 67–75, 75]. All studies
are based on neuroimaging data [67]. As a result, these stud-
ies are mainly based on different CNN architectures [42, 67,
67–70, 72, 73, 75, 75]. Some studies are based on classical
ML models like SVM [68, 71]. Hybrid deep learning mod-
els are well-known techniques to optimize the performance
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of the resulting models. In [74], authors proposed a hybrid
model based on ResNet-SVM to interpret MRI images and
integrate them with sex and age. However, Alzheimer’s dis-
ease is a longitudinal disease that has progressed over time.
As a result, the patient’s collected data are always time series
in nature. No study in the table performed an analysis of
time series data. Compared to the literature, our study is the
first study that performs deep multimodal time series analy-
sis of CSs sub-scores. This provides a good opportunity for
discovering hidden AD biomarkers. Our study proposed a
suitable DL architecture consisting of multi-layer optimiza-
tion of the hybrid CNN-LSTM-RF model. CNN modality
was used to extract local spatial features from 1D longitu-
dinal features, and the LSTM model was used to learn the
deep longitudinal features from the multivariate time series
features. The model’s hyperparameters have been optimized
using Bayesian optimization. RF model’ hyperparameters
have been optimized using grid search. The extracted deep
features from CNN-LSTM deep learning architecture have
been optimized using a genetic algorithm. In addition, the
resulting model has been extended by adding an extra XAI
step using SHAP and LIME techniques. In summary, the
study provided an extended step in AD progression detec-
tion, DL modeling, and optimization.

7 Conclusion

In this study, we proposed a hybrid deep learning model
for predicting AD progression. The model has been used
to interpret multimodal time series data of cognitive scores,
including FAQ, MMSE, ADAS, GDSCALE, and CDRSB.
The problem has been formulated as multiclass classification
tasks with different settings, including 4-class, 3-class, and
2-class classification. The proposed model integrates CNN
and LSTMmodels to extract deep longitudinal features from
multimodal time series data. An optimization step using GA-
based feature selectionhas been added to thepipeline to select
the most relevant deep features learned by the CNN-LSTM
blocks. Furthermore, several ML algorithms, including RF,
DT, LR, KNN, and XGB, were tested as potential replace-
ments for the SoftMax classifier. The best performance was
achieved when RF was used instead of SoftMax. The uti-
lized ML classifier has been used to make the final decision
in place of SoftMax. A comprehensive analysis of the results
based on ADNI time series data shows the superiority of
the proposed model compared to other DL and classical
machine learning models. For two classes, the best testing
results are (accuracy=91.89, precision =91.81,recall=91.89,
and F1-score=91.80). For three classes, the best testing
results are (accuracy=88.86, precision=88.81, recall=88.86,
and F1-score=88.83). For four classes, the best testing results
are (accuracy=86.60, precision=87.56, recall=86.60, and F1-

score=86.13). The resulting model has been extended to
provide XAI capabilities using two of the most popular XAI
techniques, LIME and SHAP. Detailed analysis of the XAI
features has been discussed to investigate the role of differ-
ent sub-scores in detecting AD progression. In the future, we
will extend the proposed model by making external valida-
tion based on other datasets like NACC. We will explore the
capabilities of the recent DL architectures like transformers
to learn complex time series data. Finally, we will explore
other XAI techniques like case-based reasoning and visual-
ization.
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