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An Interpretable Deep Learning Approach for
Alzheimer’s Disease Diagnosis Using Gene
Expression Data

Abstract—With the global ageing population, the diagnosis of
Alzheimer’s disease (AD) has become an urgent public health
priority. Gene expression techniques offer the advantages of being
less invasive and cost-effective, but their high dimensionality
and small sample sizes make them prone to the curse of
dimensionality in AD diagnosis. This study proposes a novel
interpretable deep learning approach to address these challenges.
We introduce a shallow sparse autoencoder for dimensionality
reduction and combine it with XGBoost for classification, achiev-
ing an Area Under the Receiver Operating Characteristic curve
(AUROC) of up to 95.13%. Additionally, we develop a fast, low-
cost feature selection algorithm that dynamically adjusts feature
elimination to enhance model efficiency. Comprehensive cross-
dataset evaluation demonstrates the model’s strong generalisa-
tion performance on the public datasets: Alzheimer’s Disease
Neuroimaging Initiative (ADNI), AddNeuroMedl (ANM1), and
ANM2. Our method also provides biological interpretability
through enrichment analysis, offering insights into the mech-
anisms underlying AD and potential therapeutic targets. This
makes our approach a promising tool for early, accurate diagnosis
and clinical application.

Index Terms—feature selection, dimensionality reduction, en-
richment analysis, gene expression, alzheimer’s disease, deep
learning

I. INTRODUCTION

LZHEIMER’S disease (AD) is a progressive neurode-

generative disorder that affects millions of people around
the world. It is characterised by gradual loss of memory and
cognitive functions, leading to a decline in the ability to per-
form daily activities. From 2000 to 2019, the recorded deaths
attributed to Alzheimer’s disease increased by 145%, more
than doubling in number [1]. The World Health Organization’s
report indicates that currently, there are more than 50 million
individuals globally who have dementia, and this number is
projected to nearly triple by the year 2050 [2]. In contrast,
deaths from the leading cause of death, which is heart disease,
decreased by 7.3% [1]. This indicates that as the population
ages, Alzheimer’s disease has become a more prevalent cause
of death. The early stage of the disease presents a crucial op-
portunity to implement interventions aimed at modifying and
preventing the progression of the disease, achieving maximum
effectiveness. Despite significant advances in understanding
the pathology of AD, early diagnosis remains a challenge.
This is largely due to the complex nature of the disease, which
involves multiple genetic and environmental factors.

As researchers delve deeper into Alzheimer’s disease, while
clinical core based on impairment of episodic memory are
currently the main diagnostic criterion, other biomarkers are
gradually being introduced into the AD diagnostic process as
well. In a 2007 study, Dubois et al. recommended that in

addition to the clinical core of early and significant episodic
memory impairment, the NINCDS-ADRDA and DSM-IV-TR
criteria, which are the most popular diagnostic criteria, should
also take into account at least one or more biomarkers that
have been shown to be effective in the diagnosis of AD,
such as magnetic resonance imaging (MRI), positron emission
tomography (PET) and cerebrospinal fluid (CSF) [3]. MRI,
FDG-PET, amyloid PET, and CSF biomarkers can detect early
brain and body changes related to Alzheimer’s disease. MRI
shows brain tissue shrinkage in the medial temporal lobe.
FDG-PET shows brain cell glucose use. Amyloid PET shows
amyloid plaque accumulation in the brain. CSF biomarkers
show Af and tau protein levels and ratios in the cerebrospinal
fluid. These proteins and plaques are signs of Alzheimer’s
disease. Due to the complex pathology of Alzheimer’s disease,
multi-omics data-based AD diagnostic studies [4]-[7] have
become a hot topic in recent years. However, each of these
diagnostic methods has some drawbacks, such as cognitive
scales that rely on subjective diagnosis by clinicians, CSF
being an invasive approach, and MRI and PET being expen-
sive. The World Health Organisation (WHO) projects that the
population of individuals aged 80 years or older will triple
by 2050, reaching 426 million [8]. Among them, two-thirds
are expected to reside in lower- and middle-income nations
[8]. Therefore, a more affordable and less invasive method
of objective diagnosis is needed to make early diagnosis of
Alzheimer’s disease widely available.

Gene expression testing represents a more affordable and
cost-effective approach to the early detection of Alzheimer’s
disease (AD) compared to neuroimaging techniques. While
gene expression testing typically costs under £100, neuroimag-
ing tests such as magnetic resonance imaging (MRI) range
from £500 to £1,500, and positron emission tomography (PET)
tests can cost £1,400 to over £4,900. The lower cost of
gene expression testing makes it a more accessible diagnostic
option, particularly in resource-limited settings, and its ability
to identify early biomarkers of AD has significant potential
to promote early diagnosis. Early detection facilitates timely
intervention, which is critical for improving patient outcomes
and potentially slowing the progression of the disease. Recent
research has highlighted the potential of gene expression
data in improving the accuracy of AD diagnosis [9]-[12].
Gene expression is the process by which genes are tran-
scribed to produce active proteins. Gene expression data, also
known as transcriptomics data, refers to data reflecting mRNA
abundance based on DNA microarray experiments. This in-
formation can be used to identify patterns and correlations
that may be indicative of disease states. However, the high
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dimensionality and complexity of gene expression data present
significant challenges. Traditional statistical methods often
lack the ability to capture complex patterns and interactions
among genes. Therefore, if conventional statistical methods
or machine learning algorithms are applied directly, they
often encounter the ’curse of dimensionality’, particularly in
contexts where the number of features (e.g., genes) far exceeds
the number of samples. While this issue is more pronounced
in single-cell gene expression data due to the interplay of
cells, genes, individuals, and time points, it remains relevant in
bulk gene expression analysis for Alzheimer’s disease (AD).
Genome-wide expression profiling for AD often involves tens
of thousands of genes, necessitating dimensionality reduction
techniques to identify informative biomarkers, improve model
performance, and enhance interpretability. It means that as
the number of features increases, the performance and in-
terpretative capability of the model may instead decrease.
Furthermore, these methods often require a priori knowledge
of the disease, which may not always be available.

In the context of processing high-dimensional data, both
deep learning and traditional machine learning methods offer
distinct advantages and limitations. Deep learning techniques,
such as neural networks and their variants (e.g., convolutional
neural networks and recurrent neural networks), excel in
dimensionality reduction due to their ability to automatically
learn complex representations and features from raw data
[13], [14]. These methods leverage hierarchical architectures
to capture intricate patterns in high-dimensional spaces, often
resulting in superior performance for tasks such as image and
speech recognition [15]. However, this performance comes
at the cost of interpretability, as deep learning models are
often described as “black boxes” due to their complex and
opaque internal mechanisms [16], [17]. In contrast, traditional
machine learning methods, such as linear regression, support
vector machines (SVMs), and decision trees, offer greater in-
terpretability and transparency [18], [19]. These models allow
for a clearer understanding of how input features influence
predictions, which is crucial in domains requiring explanations
for decision-making, such as healthcare and finance [20].
Nonetheless, traditional methods may struggle with high-
dimensional data due to their limited capacity to capture
complex relationships, often leading to lower predictive perfor-
mance compared to their deep learning counterparts [21], [22]
In recent years, for the high-dimensional small sample size
problem in the field of AD diagnosis, there have been research
attempts to solve it by combining the high performance of deep
learning with the high interpretability of traditional machine
learning or statistical learning [23]. The choice between deep
learning and traditional machine learning approaches involves
a trade-off between performance and interpretability, with each
method offering unique benefits suited to different types of
problems and data characteristics.

The main contributions and novelties of this work are
summarised as follows:

1) Proposed an interpretable deep learning framework
for Alzheimer’s disease diagnosis: A shallow sparse
autoencoder was developed to extract biologically in-
terpretable high-level features from gene expression

data. This approach demonstrated superior diagnostic
performance compared to traditional deep learning mod-
els, achieving an Area Under the Receiver Operating
Characteristic curve (AUROC) of up to 95.13%. The
interpretability of the extracted features enhances the
model’s potential utility in clinical and research contexts.

2) Designed a novel, computationally efficient feature
selection algorithm for gene expression data: A
fast and low-cost feature selection algorithm was in-
troduced, capable of dynamically adjusting the number
of eliminated features to efficiently identify high-weight
features. This method reduces computational overhead
while maintaining diagnostic accuracy, making it partic-
ularly suitable for processing large-scale datasets.

3) Conducted extensive cross-dataset generalisation
analysis: The proposed framework was rigorously eval-
vated for cross-dataset generalisability. Trained on the
ADNI gene expression dataset, the model achieved
strong classification performance on external datasets,
including ANM1 and ANM2, demonstrating its adapt-
ability and broad applicability to different gene expres-
sion datasets in Alzheimer’s research.

The rest of the paper is organised as follows: the "METH-
ODS’ section describes the details of the dataset and an
overview of the methodology, the ’EXPERIMENTAL RE-
SULTS AND ANALYSIS’ section presents and discusses the
results of the experiments, and the ’"CONCLUSION’ section
summarises the outcomes and points out the future work.

II. RELATED WORK

The use of gene expression data for disease diagnosis has
been extensively studied in recent years [24], [25]. Various
feature selection methods have been proposed to identify
relevant genes from high-dimensional gene expression data.
Booij et al. conducted a study to develop a blood-based gene
expression test for the early detection of Alzheimer’s Disease
[26]. They utilized oligonucleotide microarray analysis on
blood samples from 94 AD patients and 94 healthy controls,
employing a Jackknife gene selection method and Partial
Least Square Regression (PLSR) to create a disease classifier
algorithm. This algorithm, based on 1239 probes, achieved
an accuracy of 87%, sensitivity of 84%, and specificity of
91%. Lunnon et al. (2013) proposed a blood gene expression
marker for early diagnosis of Alzheimer’s Disease (AD)
using data from HT-12v3 BeadChips [27]. They developed
an AD diagnostic classifier in a training cohort of 78 AD
and 78 control blood samples, achieving 75% accuracy in a
validation group. The classifier was compared with structural
MRI measures, showing 70% accuracy for gene expression
versus 85% for MRI. The study highlighted the potential of
blood expression markers to detect AD earlier in the prodromal
phase. Li et al. conducted a comprehensive analysis to identify
differentially expressed genes (DEGs) in blood and brain
tissues of Alzheimer’s Disease (AD) patients [28]. They uti-
lized microarray gene expression profiles from large datasets,
applying the limma R package for DEG identification. For
feature selection, they employed the Least Absolute Shrinkage
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and Selection Operator (LASSO) regression, combined with
Support Vector Machine (SVM), Random Forest (RF), and
logistic Ridge Regression (RR) models. The study revealed
significant overlaps in DEGs between blood and brain tissues.
However, they may encounter challenges in high-dimensional
and complex gene expression datasets, as evidenced by the
results of this study. The average AUC values for the ADNI,
ANMI1, and ANM2 datasets were 0.657, 0.874, and 0.804,
respectively, with further performance degradation observed
during external validation across datasets. These findings sug-
gest potential overfitting due to the curse of dimensionality,
which can limit generalisability.

Deep learning techniques have shown promise in han-
dling high-dimensional data and capturing complex patterns.
Ahmed et al. explore various deep learning algorithms for
the classification of gene expression data, which is crucial in
bioinformatics, particularly for cancer classification [29]. The
study evaluates the performance of Deep Neural Networks
(DNN), Recurrent Neural Networks (RNN), Convolutional
Neural Networks (CNN), and an improved DNN with a pre-
processing technique to handle overfitting. The improved DNN
incorporates Dropout to enhance accuracy. The authors also
discuss several feature selection methods, including Sequential
Random k-Nearest Neighbours (SRKNN), Single Sequential
Feature Selection (SSFS), Incremental Wrapper-based feature
subset selection with Markov Blanket IWSSMB), and a hy-
brid genetic algorithm and learning automata (GALA). While
these methods show promising results, they often suffer from
high computational complexity and sensitivity to noisy data,
which can impact the robustness and generalizability of the
models. Xie et al. developed a regression-based predictive
model using a MultiLayer Perceptron and Stacked Denoising
Auto-encoder (MLP-SAE) to assess the impact of genetic
variants on gene expression [30]. The model was trained with
a stacked denoising auto-encoder for feature selection and a
multilayer perceptron framework for backpropagation, incor-
porating dropout to prevent overfitting. The results demon-
strated that the MLP-SAE model with dropout outperformed
other models such as Lasso and Random Forests. However,
the study noted that the high-dimensional nature of genomic
data and the low signal-to-noise ratio posed significant chal-
lenges, potentially limiting the model’s ability to identify trans
associations and necessitating further improvements. Dincer et
al. (2020) introduced the Adversarial Deconfounding AutoEn-
coder (AD-AE) to address the challenge of disentangling con-
founders from true biological signals in gene expression data
[31]. The AD-AE model comprises two neural networks: an
autoencoder to generate embeddings that reconstruct original
measurements and an adversary trained to predict confounders
from these embeddings. By jointly training these networks, the
model aims to produce embeddings that encode significant
biological information while excluding confounding signals.
However, the method has limitations, including potential over-
fitting due to the unregularized autoencoder and the complexity
of training adversarial networks, which may require substantial
computational resources and careful tuning of hyperparame-
ters. However, while these methods offer good performance
in dimensionality reduction, they often lack interpretability,

which is crucial in medical applications for understanding
disease mechanisms and making informed clinical decisions.

Enrichment analysis using KEGG and GO has been widely
used to interpret the biological relevance of selected features
[32]. These analyses provide insights into the biological pro-
cesses, molecular functions, and cellular components associ-
ated with the selected genes, thereby validating their relevance
to the disease under study.

In this paper, we build upon these previous works by propos-
ing a novel approach that integrates deep learning techniques
with traditional statistical methods for feature selection from
gene expression data. Our approach aims to leverage the
strengths of both techniques to improve AD diagnosis accuracy
while maintaining interpretability.

III. METHODS

The proposed method is divided into four steps: prepro-
cessing the data, reducing the dimensionality of the sparse
autoencoder, XGBoost classification and interpretability anal-
ysis. In the data pre-processing, we constructed a dataset
based on ADNI by selecting probes common to the ANMI
and ANM?2 datasets. The vectorized probe data was then fed
into the sparse autoencoder as input for feature selection.
At the same time, dimensionality reduction is achieved by
limiting the number of nodes in the hidden layer of the sparse
autoencoder. Hence, the nodes in the hidden layer of the
sparse autoencoder were used as selected features and input
to the XGboost classifier, which was trained and performs the
classification task. Finally, we performed an interpretability
analysis. We first ranked the features in terms of importance
using XGBoost, and then filtered out the high weight nodes
and high weight probes, which were used for enrichment
analysis to verify the interpretability of the extracted probes.
The general framework is shown in Fig. 1.

A. Data Pre-Processing

The experiments in this study used peripheral blood gene
expression data. We introduced the gene expression dataset
from ADNI to train and validate our feature selection and
classification model. In addition to the data in ADNI, we also
used gene expression data from AddNeuroMedl (ANMI1) and
AddNeuroMed2 (ANM?2) to validate the generalisability of our
model across databases. To classify participants, the samples
from the three databases were classified using Mini Mental
State Examination (MMSE) as diagnostic criteria. MMSE
is a joint effort of the National Institute of Neurological
and Communicative Disorders and Stroke (NINDS) and the
Alzheimer’s Disease and Related Disorders Research Associa-
tion (ADRDA). MMSE is a measure of general cognitive status
that includes 30 areas of ability, including memory, orientation,
comprehension, attention, reading, writing, learning, etc. In
this study we included 744 samples from ADNI (containing
246 NC, 382 MCI and 116 AD), 329 samples from ANMI
(containing 104 NC, 80 MCI and 145 AD) and 382 samples
from ANM2 (containing 134 NC, 109 MCI and 139 AD).
Details of the dataset are given in Table I.
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Fig. 1: The Architecture of the proposed Sparse Autoencoder-XGBoost model for AD Classification. Step 1: Select the probes
common to the three datasets to build our dataset; Step 2: Use the sparse autoencoder to reduce the dimensionality and extract
the features of the data; Step 3: Use the hidden layer nodes of the sparse autoencoder as features, and use XGBoost to classify
these features. Step 4: Select high contribution probes using feature importance ranking and feature selection methods, and
perform enrichment analysis on the probes to validate the interpretability of the proposed method.

TABLE I: Details of participants from ADNI, ANM1 and ANM2

ADNI ANM1 ANM?2
NC AD MCI NC AD MCI NC AD MCI
Number of Cases 246 116 382 104 145 80 134 139 109
Gender, % Males 47.6% 63.8% 56.5% 37.1% 30.0% 47.3% 31.5% 36.4% 32.8%
Age 76.2+£6.5  71.3x7.7 729+48.0 73.7£7.5 76.0+6.6 749453  75.7+6.1 78.6+54  77.2+3.2
MMSE 29.1+1.2 21344 28.1x1.7 29.1x1.1 209+4.7 26.8+1.7 28.4+1.7 19.9+4.6 28.1+1.1

Regarding the collection chip of gene expression data,
ADNI uses Affymetrix Human Genome U219, while ANM1
and ANM?2 use Illumina HumanHT-12 Expression BeadChip
v3 and v4, respectively. As the genes and probes targeted
by the Affymetrix Human Genome U219 and the Illumina
HumanHT-12 Expression BeadChip are not identical, we per-
formed data pre-processing on the three datasets to enable
controlled experiments between the datasets. The first step

was to remove probes that were not common to the three
datasets: we removed genes that were unique to each of
the three datasets, leaving 14,498 genes, which reduced the
number of probes from 49,386 to 38,947 for ADNI, from
48,804 to 29,485 for ANMI, and from 47,231 to 20,177
for ANM2. We selected the probes common to all three
datasets, so the final number of probes selected was 16,482.
The second step is to normalise the three datasets. Although
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all three datasets provided normalised probe data, the median
RNA expression values for ADNI, ANM1 and ANM2 were
calculated to be 3.897, 7.584 and 6.154 respectively. This
indicated that the gene expression intensity of ADNI dataset is
significantly lower than that of ANM1 and ANM2. To ensure
the quality of the cross-dataset experiments by mitigate the
influence of batch effect and difference between the datasets,
we renormalised the three datasets by performing Robust
Multi-chip Average (RMA) [33].

B. Shallow Sparse Autoencoder for Dimensionality Reduction

The autoencoder (AE) is an unsupervised learning model
based on artificial neural networks [34], designed to extract
hidden features from input data and efficiently reconstruct the
original data. One of its key advantages is the ability to learn
both linear and nonlinear features, making it particularly well-
suited for complex data. By employing deep neural network
structures and nonlinear activation functions, autoencoders
excel at capturing intricate patterns and relationships in data.

Gene expression data is characterised by a complex non-
linear relationship among genes, influenced by transcription
factors, pathway memberships, and other biological properties.
Traditional linear dimensionality reduction methods, such as
principal component analysis (PCA), rely on linear mappings
and often fail to capture these nonlinear associations. In
contrast, autoencoders are capable of learning nonlinear mani-
folds, enabling them to better model the intricate relationships
inherent in gene expression data.

An autoencoder typically consists of two main stages:
encoding and decoding. Each stage uses specific activation
functions tailored to the task. The encoding stage is repre-
sented as follows:

h(ZE) = S(W1.’L' aF b1), (1)

where z is the input vector, h(z) represents the activations
in the hidden layer, W is the weight matrix, b; is the bias
vector, and s denotes the sigmoid activation function.

The decoding stage is expressed as:

z' = s(Waz + ba), 2

where x’ is the reconstructed output vector, W5 represents the
weight matrix connecting the hidden and output layers, and b
is the bias vector for the output layer.

The training of an autoencoder requires a loss function to
evaluate its performance. The loss function typically includes
a reconstruction error term, which measures the mean squared
error (MSE) between the reconstructed and original inputs,
and an L, regularisation term to mitigate overfitting:

1 AL Nk 02
_ ~ 2 l
Jwb) =5 > @a=2) + 533 (w)". @
n=1 =1 j=1 =1

where L is the number of hidden layers, IV is the number of
samples, k is the number of variables in the dataset, and wé?
represents the weights in the hidden layers.

Sparse autoencoders extend standard autoencoders by incor-
porating a sparsity constraint on the hidden layer neurons [35].

This constraint ensures that only a limited number of neurons
are activated, enhancing feature extraction and noise immunity.
Given input x, the average activation of hidden neuron j is

calculated as:
n

N 1
Pi = ﬁ Zhi(xj)v
j=1

“)

where 7 is the number of training samples, and x; represents
the j-th sample. The sparsity penalty is defined using the
Kullback-Leibler (KL) divergence:
1—0p )
1—p; )’

&)
where D) denotes the number of neurons in the hidden layer,
p is the desired sparsity level, and p; is the actual average
activation. When p and p; are similar, the penalty approaches
zero. Incorporating this term into the loss function results in
the sparse autoencoder loss function:

D D

> KL 5) = 3 (p1oe L + (1= p)log

=

=

D@
Jsap(w,b) = J(w,b) + B>  KL(p | p),

i=1

(6)

where 3 controls the weight of the sparsity penalty.

While deep autoencoders with multiple hidden layers can
extract higher-level features, only the first hidden layer directly
relates to the original features, limiting their interpretability.
Therefore, this study employs a shallow sparse autoencoder
with a single hidden layer to ensure interpretability while
achieving dimensionality reduction.

C. XGBoost for Multi-Class Classification

XGBoost is a machine learning system based on boosted
trees proposed by Chen et al. [36] based on the work of
gradient boosting algorithm (GBDT). The algorithm consists
of a collection of iterative residual trees, i.e., the Nth decision
tree learns the residuals of the previous N-1 trees, and the
predicted outputs of each tree are summed up to be the final
output of the sample. At the same time, the splitting strategy
adopted by XGBoost in constructing residual trees can be used
to evaluate the importance of features by metrics. It has been
proved that XGBoost achieves excellent results compared with
other classifiers in classifying small samples and unbalanced
data.

Assume that in the sample dataset D = (z;,y;), 2; is the
feature data of the i-th sample, and y; is the label output value.
XGBoost consists of K CART trees, which assign scores
to each leaf node, and finally the predicted scores of each
CART are summed up to obtain the final total score, which is
evaluated by K additive functions as shown in the following:

K
U= felw), freF (7)
k=1

where f;. denotes the independent tree structure with leaf node
weights, and fy (z;) denotes the weight value of the i-th sample
x,; that falls on a leaf node in the k-th tree. F is the overall
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space of the K trees. To optimise the function objective Obj(9)
is:

Obj(0 j{jl (¥i,9.) +—j{js2 fr) ®)
1
Q(f)=7T+§A;w§ )

where ¢(-) is the differential loss function,which measures
the error between the true value and the predicted value of
the model. (-) is the regularisation term, which represents
the complexity of each CART tree, T' represents the number
of leaf nodes in each CART tree, and w; represents the
fraction of each leaf node, and in this way it is used to
constrain the objective function to prevent overfitting. v and
A are the constants that control the degree of regularisation
of the constants. Since the algorithm uses additive training to
generate trees one by one, then for round ¢ the predicted value
¥y, and the loss function Obj(6) can be expressed as:

9 =50 ) = 0D + fu(x) (10)
Ow@mzzmw@f”+ﬁm»+mm (1)

Gradient boosting decision tree using first order derivative
information in optimisation. While XGBoost transforms ¢(-)
using second order Taylor’s formula for faster convergence of
the objective function. The second order Taylor expansion is
given as:

fla+Az) = f(a) + f'(z) Az + 5 (x) Az?

Let f;(x;) be Az in Taylor’s formula, and a Taylor second
order expansion of the loss function Obj(#)(*) has:

Obj(0)™) = 22 (U(ys, 5"~ V) + i fulw:)

+ i fE () + Qi)
where g;and h; denote the first and second order deriva-
tives of l(yl,yz(t DY with respect to 7;*"Y. The function
l(yl,y,( 1)) in round ¢ can be treated as a constant term.

Hence, substituting Eq. 9 into Eq. 13, the following equation
is obtained:

0bj(0)® = % (g folws) + hif?(2))
1
+ AT + GASj ]

12)

(13)

(14)

Let w € RT , w be the sequence of weights of the leaf
nodes, ¢ : RY — {1,2,...T'}, q be the tree structure. Therefore
q(z) is denoted as the position of the sample « falling in the
leaf node. f;(x;) can be expressed by the following equation:

fi(zi) = wy@y,w € RT,q: R* — {1,2,..T} (15)

Convert the loss function for traversing the sample data to
a loss function for traversing the leaf nodes:

00j()® = £T_, (Gjw; + L(H; + Nw?) +4T  (16)

where I; is the set of samples belonging to the leaf node j,and
subsequently its derivative on Obj(#)(*) yields the extreme
points with extreme values of:

a7

1 2
= -y
279= +—A

XGboost uses equation 19 to evaluate whether or not a node
splits, and ultimately determine the structure of the tree:

Gr? Gr* (Gr+GL)?
Hp+XA ' Hp+XA Hp+Hp+\
The number of times a feature acts as a split node through-

out the construction of the model is weight and the average
gain of the feature as a split node is gain:

gain = Z Jweight

Gain

Obj* = +~T (18)

GMn_;[ 5 (19)

(20)

D. Fast Recursive Feature Elimination for Feature Selection

Medical tasks place more emphasis on interpretability than
traditional machine learning tasks. This requires not only gen-
erating classification results, but also interpreting these results
in a biologically meaningful way. Since the sparse autoencoder
has only the first layer of nodes directly connected to the
probes, and the deeper nodes represent a high-dimensional
mapping of the upper features, which poses a challenge in
recognising the relationship between the representations and
the probes, the dimensionality of the features was not reduced
in this study by using a stacked autoencoder. Nonetheless, the
dimensionality of the features after dimensionality reduction
using a sparse autoencoder with a single hidden layer, while
allowing the classifier to achieve optimal classification, is still
too high for interpretable biological analysis. Therefore, to
achieve interpretable analyses, we need to perform further
feature selection on these features.

One advantage of using the gradient boosting algorithm is
that after the boosting tree has been created, the importance
score of each feature can be obtained relatively for effective
feature selection. The importance score, in general, measures
the value of features in the model for boosting decision tree
construction. The more a feature is used for node segmentation
in the model, the higher its relative importance. Feature
importance is obtained by calculating and ranking each feature
in the sample dataset. The importance of a feature is calculated
in the decision tree by the amount of each feature’s split-
point improvement performance measure (typically the Gini
index). The larger a feature’s performance measure for split-
point improvement, i.e., the closer it is to the root node, the
larger its importance weight is. Also, the more features are
selected by more boosting trees the higher the importance
degree. Finally, the results of a feature in all the boosting
trees are weighted and summed and then averaged to get the
importance score.

Inspired by the Recursive Feature Selection (RFE) feature
selection algorithm proposed by Guyon et al [37], we proposed
an improved version of RFE optimised for high-dimensional
data called Fast-RFE. Recursive feature selection is a feature
selection algorithm based on the importance of model features,
eliminating a number of end features at each iteration based
on the feature importance ranking, and using the dataset
containing the retained features as the training samples for
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the next round until the features are reduced to a certain
dimension. RFE is effective for small-sample classification
tasks, but its computational complexity and costs are high
when the feature dimensions are high.

We proposed Fast Recursive Feature Selection to accom-
modate the high-dimensional nature of the gene expression
data classification task. The XGBoost model can be used to
rank feature importance by the feature importance metric, and
in this work, the normalised weight score of gain in Eq.
20 is used as the metric for feature importance ranking. The
Fast-RFE algorithm, as presented in Algorithm 1, employs a
two-phase approach to identify significant features efficiently.
Initially, features are sorted based on their gain values, and
the mean () and standard deviation (o) of these gains are
calculated. The algorithm begins with an initial threshold
0 = u and iteratively refines it. In the first phase, features
with gain exceeding § are selected to construct an XGBoost
classifier. If the resulting model’s accuracy decrease is less
than 0.01 compared to the original model, ¢ is incremented by
o. This process continues until a significant accuracy drop is
observed, establishing an interval [a, b] for further refinement.
The second phase employs a binary search within [a,d] to
optimise the feature selection. At each iteration, features with
|w| > &, where § = (a+b)/2, are chosen to train an XGBoost
classifier. Based on the model’s performance, either a or b is
updated to §. This binary search persists until the interval [a, b]
contains only one feature, at which point features with |w| > a
are selected as the optimal feature subset.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

To validate the effectiveness of our proposed approach in
classifying Alzheimer’s disease and to verify the biological
significance of the extracted features. First, we used feature
extraction algorithms and classifiers that have previously been
shown to be effective for AD classification in the literature as a
control group to demonstrate the effectiveness of our proposed
method. The detailed flow of the control experiment is shown
in the Fig. 2. We introduced feature extraction algorithms
and classifiers that have previously been shown to be effec-
tive in the literature as a control group to demonstrate the
effectiveness of our proposed method. Three feature extraction
algorithms are included: Principal Component Analysis (PCA)
Least Absolute Shrinkage and Selection Operator (LASSO)
regression and Differential Gene Expression Analysis (DGE).
Four classifiers are included: Support Vector Machine (SVM)
Random Forest (RF), L1 regularisation Logistic Regression
(L1-LR) and Deep Neural Network (DNN). Then, using
the feature selection method proposed in Section III-D, we
selected the high contributing nodes from the hidden layer
of the sparse autoencoder. Further, we filtered out the high
contributing gene expression probes from the high contributing
nodes. Last but not least, Gene Ontology (GO) biological
enrichment analysis and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analysis uncovered the
biological significance of the high contributing probes.

Algorithm 1 Fast Recursive Feature Selection

1: Sort features by gain values

2: Calculate ;1 and o of all features’ gain values

3: Set initial threshold 6 = p

4: a <+ 0, b+ o0

5: while true do

6: Select features with gain > §

7: Build XGBoost classifier with selected features

8: Calculate classification accuracy

9: if accuracy drop < 0.01 compared to original model
then

10: a6

11 0—d+o0

12: else

13: R )

14: break

15: end if

16: end while

17: while ¢ < b do
18: 0 — (a+b)/2

19: Select nodes with |w| > §

20: Train XGBoost classifier with selected features

21: Calculate classification accuracy

22: if accuracy drop < 0.01 compared to original model
then

23: a6

24: else

25: b4

26: end if

27: if only 1 node satisfies a < |w| < b then

28: Select features with |w| > a to construct the
optimal feature subset

29: break

30: end if

31: end while

A. Evaluation Matrixes for Classification

When evaluating the classification performance of a classi-
fier, common metrics that can be used include: Accuracy, Pre-
cision, Sensitivity, Specificity and Receiver Operating Charac-
teristic (ROC). Accuracy can be expressed as the ratio of the
number of samples correctly classified by the classifier to the
total number of samples. Precision can be expressed as the
ratio of the number of positive samples correctly classified by
the classifier to the number of all positive samples predicted
by the classifier. Sensitivity, also known as the True Positive
Rate (TPR), is the ratio of the number of predicted results
for positive samples to the actual number of positive samples.
Specificity, also known as the False Positive Rate (FPR), is the
ratio of the number of results that were incorrectly predicted
as positive samples but were actually negative samples to
the actual number of negative samples.The ROC (Receiver
Operating Feature) curve is used to evaluate the performance
of the classifier, the horizontal axis indicates the proportion of
negative samples that are incorrectly classified as positive sam-
ples, and the vertical axis indicates the proportion of positive
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Fig. 2: The pipeline of the control experiment. We utilise three
of the most commonly employed feature selection methods in
the field of gene expression research, namely DEG, LASSO,
and PCA, in conjunction with four commonly used classifiers,
namely RF, SVM, and L1-LR. The various feature selection
algorithms were combined with the classifiers one by one in
order to train the model, and their performance was com-
pared with that of the proposed algorithms using SSAE as
the feature selection method and XGBoost as the classifier.
The performance on three datasets of each model was then
compared with that of the proposed algorithm using SSAE as
the feature selection method and XGBoost as the classifier.
DEG, Differently expressed gene; LASSO, Least absolute
shrinkage and selection operator; PCA, principal component
analysis; RF, random forest; SVM, support vector machine;
LI1-LR, L1-regularised LR; SSAE, Sparsed Autoencoder; XG,
XGboost.

samples that are correctly classified as positive samples. The
AUC value is the area under the ROC curve, which ranges
from O to 1. The closer the AUC is to 1, the better the
performance of the classifier. The traditional ROC curve is
for a binary classification approach, whereas this experiment
needs to evaluate the multiclass-classification tasks for AD,

TABLE II: Parameters of the Sparse Autoencoder

Parameter Value
Active Function Sigmoid
Batch Size 256
Decay 0.99
Sparsity Parameter 0.001
Penalty factor 1.00

TABLE III: Parameters of XGBoost

Parameter Value
Booster gbree
eta 0.003
max depth 6
gamma 0.3
objective multi:softprob
subsample 1
num class 3

MCI, and NC. For ROC to be used in this study, we plotted
ROC curves for each of the three classification tasks for each
experiment and then averaged the three to obtain the ROC
curve for the given task.

B. Optimal Hyperparameter Selection for the Models

The experimental environment of this study is: Intel i9-
13900k, Nvidia RTX 3090, 64gb Ram, windows 11. In order to
obtain appropriate hyperparameters for SSAE, we use 10-fold
cross-validation to train each combination of hyperparameters
of the model, while avoiding over-training that leads to over-
fitting. Finally, the hyperparameter combination that minimises
the average reconstruction error is selected. For the XGBoost
classifier, we randomly divided the ADNI dataset into training
and testing sets with a ratio of 7:3. Then we optimise the
model hyperparameters by learning curve and grid search. The
model hyperparameters are also adjusted to avoid overfitting
by 10-fold cross-validation on the training set. The parameter
settings for the Sparse Autoencoder and XGBoost are shown
in Table II and Table III respectively.

C. Comparison of Different Models

We use the preprocessed ADNI dataset to train SSAE and
XGBoost for classification tasks on AD, MCI and NC. The
experiments are compared with three dimensionality reduction
algorithms and four classifiers commonly used in the gene
expression field. Fig. 3 shows the comparison of Average Area
Under the Receiver Operating Characteristic (AUROC) curve.
As shown in the Fig. 3, the proposed method outperforms
other comparative methods.

D. Analysis of Bioinformatics Interpretability

In order to obtain biologically significant gene expression
probes, we firstly used the proposed Fast-RFE algorithm to
extract high weight nodes from the high weight features
obtained by SSAE, and then we used the algorithm to extract
high weight probes from the high weight nodes.

As shown in Fig. 4, the gain value of the nodes is heavily
clustered around 0, and the contribution of these nodes to the
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Fig. 3: Average AUROC of all comparison and the proposed
model.
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Fig. 4: Histogram of the normalised gain score of the nodes
(features)
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Fig. 5: Distribution of probe weight density curve inside node
2

classification is negligible. Further, as shown in Fig. 5, we plot
the weight density curve of the nodes, which shows that the

0.8

o
>

True Positive Rate
=3
e

0.2

=== High weight probe ROC (AUC = 0.94 £ 0.01)
=== High weight nodes ROC (AUC = 0.87 + 0.01)

0.0 02 04 06 08 1.0
False Positive Rate

Fig. 6: ROC curves of high contributing nodes and high
contributing probes

TABLE IV: Evaluation of the model’s performance with
different features (%) for classifying between CN, AD, and
MCI

Features  Accuracy  Specificity  Sensitivity ~ Precision
Nodes 93.23 94.51 93.12 90.51
Probes 85.18 86.10 85.12 81.48

weights of all probes on a single node approximately follow
a normal distribution with mean 0. In other words, in a node,
the weights of all probes on a single node are distributed in
the same way as the weights of all probes on a single node.
That is to say, in a node, there are always a large number of
probes whose weights are enriched around 0, and the influence
of these probes on the value of the node is very small, while
the probes distributed at the two ends of the weight density
curve affect the value of the node to a great extent, and these
probes with larger weights are called high weight probes.
We finally selected 37 high contributing nodes from 5000
nodes, and then filtered 4790 high weight probes from these 37
high weight nodes. We constructed XGBoost classifiers using
high weighted nodes and high weighted probes respectively.
Table IV shows the performance metrics of the two classifiers
after cross-validation, and Fig. 6 plots their ROC curves.
Combining the classification performance of Table IV and Fig.
6, the effect of the classifier constructed by the high weight
probe is only slightly decreased compared with that of the
high weight node, which indicates that the feature nodes have
largely retained the information of the high weight nodes, and
further proves that the selection of the high weight probe is
effective. At the same time, it can be seen that the classifier
constructed by the feature nodes is stronger than the high
weight probe in every aspect, which may be due to a series of
nonlinear transformations performed by the feature nodes on
the high weight probe to improve its feature expressiveness,
and thus it is more suitable for the AD classification problem.
Compared with the original 5000 nodes classification, the
accuracy decreases less than 2%, which shows that the feature
nodes can represent the original nodes well. In conclusion,
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Fig. 7: Enriched Pathways dot plot. This dot plot illustrates the results of the gene enrichment pathway analysis, with each dot
representing an enriched pathway. The horizontal axis displays the gene ratio, calculated as the number of genes in a pathway
divided by the total number of genes analysed, where a higher ratio indicates a greater proportion of genes from the dataset
present in that pathway. The size of each dot corresponds to the number of genes from the dataset found in the pathway, with
larger dots signifying pathways containing more genes. The colour of the dots represents the statistical significance of the
enrichment, shown as -log10(p-value), transitioning from blue (less significant) to red (more significant).

from the ADNI dataset alone, the feature nodes we constructed

663
es¢ can significantly enhance the AD classification effect.
665 We then performed GO bioprocess enrichment and KEGG
ess pathway enrichment analyses on the high weight probes and

plotted the Enriched Pathways dot plot, in order to find out

6
which biochemical pathways with relevant biological functions

o

7
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are more likely to be distributed in the two types of data.
We used p<0.05 as the significance threshold to screen for
significant GO entries or KEGG pathways. As shown in Fig.
7, according to the GO enrichment results, the high weight
probes were not directly enriched in biological processes
related to Alzheimer’s disease, but as shown by the KEGG
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Fig. 8: AD-associated pathways in high weight probes

enrichment results, the high weight probes were significantly
enriched in three metabolic pathways, namely Alzheimer’s
disease, Parkinson’s disease and Huntington’s disease. The
results demonstrate that high weight probes exhibit superior
biological performance in Alzheimer’s disease.

To further validate the biological interpretability of the
selected high weighted probes, we used the KEGG Cluster
tool provided by Database for Annotation, Visualisation and
Integrated Discovery (DAVID) to cluster enriched pathways
with similar genes in AD-related pathways. Fig. 8 show
that there is a strong correlation between Alzheimer’s dis-
ease, Parkinson’s disease and Huntington’s disease, which
are neurological disorders and may share similar metabolic
processes. In addition, we found that Non-alcoholic fatty liver
disease (NAFLD) and oxidative phosphorylation pathways are
also strongly associated with Alzheimer’s disease, which is
consistent with some of the current findings. Liver disease has
been reported to be a risk factor for cognitive decline in the
elderly [38], and that NAFLD accelerated the emergence of
AD pathology in a rat model of AD [39]. From these results,
it is clear that high weighted probes have better biological
interpretability in Alzheimer’s disease.

E. Evaluation of Model Generalisability Performance

In order to validate the generalisability of the proposed
method and to test whether it can be generalised to other
Alzheimer’s disease gene expression datasets, we carried out
this work using the gene expression datasets of ANMI1 and
ANM2. We first preprocessed all the datasets using the method
in Chapter III, and then used SSAE and XGBoost to extract
and classify features from the data of ANMI1 and ANM2,
and plotted the ROC curves respectively. From the results,
it can be seen that the classification performance of the
proposed method on ANMI and ANM2 datasets is only
slightly degraded compared with ADNI, and the feature nodes
have proved to be effective for the AD classification problem,
considering that the high weight probes on ANM1 and ANM2
datasets are partially missing.

V. CONCLUSION

In conclusion, this study presents a novel and interpretable
deep learning approach for the diagnosis of Alzheimer’s

disease using gene expression data. By employing a shallow
sparse autoencoder, our model achieves high diagnostic ac-
curacy, with an AUROC of up to 95.13%, while extracting
biologically interpretable features. Additionally, we developed
a fast and low-computational-cost feature selection algorithm,
capable of dynamically adjusting feature elimination, fur-
ther enhancing the model’s efficiency. Our comprehensive
experimental analysis demonstrates the model’s strong cross-
dataset generalisation, achieving consistent performance on
the ANM1 and ANM?2 datasets, which supports its broader
applicability to diverse gene expression datasets.

Our method offers a promising solution for early, non-
invasive diagnosis of Alzheimer’s disease, with clinical ap-
plications that could enhance patient outcomes by enabling
timely intervention. The combination of deep learning and
traditional machine learning techniques not only boosts model
performance but also ensures interpretability—critical in build-
ing trust in clinical decision-making.

Looking ahead, further improvements, such as incorporating
advanced techniques like multimodal data fusion, can enhance
both the model’s accuracy and its ability to unravel complex
disease processes. While this study focuses on gene expression
data, we recognise the importance of integrating multi-omics
data, such as proteomics and genomics, to provide a more
comprehensive understanding of Alzheimer’s disease. Future
work will explore the integration of multi-omics data, such as
proteomics and genomics, to provide a more comprehensive
understanding of Alzheimer’s disease.
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