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Abstract

Context: Alzheimer’s Disease (AD) is a complex neurodegenera-
tive disorder that requires early diagnosis to improve patient out-
comes. Recent advances in computational intelligence have sparked
interest in leveraging machine learning to enhance diagnostic accu-
racy and efficiency. These innovations are crucial for transforming
decision-making within Information Systems in clinical settings.
Problem: Traditional methods like PET-scans and cerebrospinal
fluid collection are highly accurate but costly and invasive, limit-
ing accessibility. Developing data-driven, non-invasive solutions
that retain diagnostic accuracy while handling complex biomedical
data, such as plasma protein concentrations, remains a challenge.
Solution: This study utilizes neural networks, specifically Multi-
Layer Perceptron (MLP) and One-Dimensional Convolutional Neu-
ral Network (1D CNN). Preprocessing included Recursive Feature
Elimination (RFE) for feature selection and Synthetic Minority Over-
sampling Technique (SMOTE) for data augmentation, addressing
class imbalance. SI Theory: Grounded in Complexity Theory, the
study examines how machine learning models can enhance data-
driven medical systems by efficiently managing critical, highly sen-
sitive datasets. Method: An experimental quantitative approach
was used to evaluate binary and multiclass classifiers on a dataset
with 120 protein features from 259 patients. Summary of Re-
sults: The MLP exhibited strong performance in specific subsets,
achieving superior metrics in the binary classification after feature
selection and data augmentation. Meanwhile, the 1D CNN excelled
in multiclass classification, leveraging its convolutional layers to
extract critical features from subtle protein variations, improving
accuracy and robustness. Contributions and Impact on IS Field:
This research enhances medical information systems by propos-
ing machine learning models that can be integrated for accurate
diagnostics, supporting clinical decision-making and advancing
healthcare practices.
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learning approaches; « Information systems — Health infor-
matics; » Social and professional topics — Medical information
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1 Introduction

In recent decades, life expectancy has significantly increased, espe-
cially in developing countries like Brazil. With increased longevity,

new challenges and concerns have emerged regarding the needs of

the elderly population [1]. One of these concerns is related to the

health of the elderly, particularly the development of Chronic Non-
Communicable Diseases (NCDs) such as dementias, with Alzheimer’s
Disease (AD) being the most prominent, affecting approximately

over 47 million people worldwide [8].

Dementia can be understood as the decline in an individual’s
cognitive functions, directly impacting their behavior and quality
of life. Dementias can be reversible or irreversible, with the latter
being degenerative and progressive (worsening over time). These
range from mild conditions like Mild Cognitive Impairment (MCI),
which are serious enough to be noticeable, to Alzheimer’s Disease,
discovered in 1907 by Alois Alzheimer [24].

Alzheimer’s Disease is a progressive neurodegenerative disorder
that causes irreversible brain damage, deteriorating an individual’s
cognitive abilities and memory (ability to recall old information
or learn new information) and impairing their daily routine and
behavior. AD is currently the most common form of degenerative
dementia globally, mainly affecting elderly individuals over 65 years
old in its late manifestation, though it can also rarely affect younger
individuals in its early form [24].

According to the World Health Organization [27], in the last two
decades, between 2000 and 2019, Alzheimer’s Disease and other
forms of dementia were ranked among the top ten leading causes
of global mortality. In this ranking, AD and other dementias were
the third leading cause of mortality in the Americas and Europe.
Globally, women are the most affected, accounting for 65% of total
deaths due to these diseases.

Like other chronic diseases, although irreversible, AD can be
controlled if diagnosed at an early stage, slowing down its degener-
ative progression and ensuring a better quality of life for patients.
Additionally, mild cognitive impairments like MCI increase the
chances of developing more severe dementia, such as AD, by up
to 15 times. Therefore, it is crucial that dementia, regardless of its
severity, be diagnosed as early as possible [27].

Historically, among the most precise options to anticipate the
final diagnosis of AD were Positron Emission Tomography (PET)
scans and cerebrospinal fluid collection. However, these methods
are either extremely expensive or invasive, limiting their accessibil-
ity. A breakthrough came with the discovery of a blood test capable
of indicating beta-amyloid protein accumulation in the brain, a key
marker of the disease, with 94% accuracy and the ability to predict
AD up to twenty years before severe symptoms appear. Despite its
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promise, this test is not yet widely available, as it requires extensive
validation [19].

Existing diagnostic techniques for Alzheimer’s Disease (AD)
fall into three main categories: cognitive tests, neuroimaging, and
biochemical analyses. Cognitive tests, such as the Mini-Mental
State Examination (MMSE) and Montreal Cognitive Assessment
(MoCA), are widely used due to their accessibility and low cost
but are subjective and influenced by external factors like education
and language proficiency. Neuroimaging methods, including PET
scans and MR, offer high accuracy in detecting AD-related brain
abnormalities, yet their high cost and limited availability hinder
routine use. Biochemical analyses measure biomarkers like beta-
amyloid and tau proteins in cerebrospinal fluid (CSF) or blood
plasma, providing valuable insights into AD progression, though
CSF collection is invasive and blood-based tests still require further
validation for widespread clinical application.

In this context, Information Systems and Computational Intelli-
gence (CI) play an increasingly vital role. The integration of Ma-
chine Learning (ML) techniques within information systems is
transforming healthcare diagnostics by leveraging data-driven ap-
proaches to support early detection of diseases. These technologies
can process and analyze large volumes of clinical data efficiently,
offering reliable support for medical diagnosis and enabling au-
tomation in clinical settings. By leveraging CI, information systems
can facilitate not only diagnostic accuracy but also scalability and
accessibility in healthcare.

For instance, advanced ML models are being developed to inter-
pret biochemical and clinical data, identifying patterns that may
not be evident through traditional methods. In 2018, an intelligent
classification model demonstrated its potential by predicting AD
diagnoses with an impressive accuracy of up to six years in advance
compared to traditional approaches [11]. Such advancements high-
light the significant role of Information Systems in addressing the
challenges of early diagnosis and personalized treatment plans.

Given these limitations, research efforts are increasingly focused
on identifying alternative biomarkers that could provide an accu-
rate, non-invasive, and cost-effective means of diagnosing AD. This
study contributes to this endeavor by analyzing a publicly avail-
able dataset developed by Ray et al. (2007), which consists of blood
plasma samples from 259 individuals and contains the measured
concentrations of 120 proteins. By applying machine learning tech-
niques, the study seeks to identify new proteins correlated with AD
progression, beyond the well-established biomarkers such as beta-
amyloid and tau. The dataset’s structure enables the exploration
of potential diagnostic markers, making it a valuable resource for
computational intelligence applications in healthcare.

1.1 Proposal and Scope

Currently, the set of technology-based diagnostic support solutions
is primarily grounded in three approaches: cognitive tests, neu-
roimaging, and biochemical analyses. The first approach relies on
exams such as the MMSE and has the main advantage of providing
simpler data to understand, especially for researchers outside the
health field. Lins [17] and Machado et al. [18] highlight researches
that uses this as one of its approaches.

Neuroimaging is considered the current state-of-the-art among
the three approaches, based on evidence and imaging exams, such
as PET-Scan and Magnetic Resonance Imaging. The accuracy of
the data used in training Machine Learning models is high because
post-mortem brain autopsy images provide higher sensitivity and
specificity values. The main drawback is that these values are only
achieved post-mortem [8]. Research using this approach is the most
common in the scientific community, with Silva et al. [23] being
one of these studies.

Finally, biochemical analyses have gained prominence due to
new insights into the disease’s pathophysiology [8] and significant
discoveries in the field, such as a new highly accurate and low-cost
blood test capable of detecting AD development up to twenty years
before onset [19], and advances in studies of a vaccine capable
of preventing the disease [10]. This approach focuses on genetic,
molecular, and protein characteristics present in the blood plasma,
assessed through laboratory tests. Its main advantage is the poten-
tial cost-benefit ratio. However, the data are complex to understand,
and unlike neuroimaging, which is a more established approach,
biochemical analyses have seen significant development only in
the past two years due to the mentioned studies.

From the perspective of the latter approach, various hypotheses,
according to Uddin et al. [26], describe that the presence of certain
proteins and genetic factors contributes to the development of AD
and other dementias, with the amyloid hypothesis being one of
the most well-known [25]. Based on this assertion, some studies
have been developed, producing relevant work in computational
diagnosis of AD and MCI using a biochemical approach, such as
Ray et al. [22], Ravetti and Moscato [21], and Dantas and Valenca
[9]. These studies utilized a consistent dataset of 120 proteins found
in the blood plasma of 259 patients who underwent laboratory tests
throughout their lives and were diagnosed as healthy or with AD,
MCI, or another type of dementia.

The collection and interpretation of a healthcare problem dataset
is one of the main challenges in Computational Intelligence research
applied in this field [2]. The main specific problems encountered
in datasets from this field are inconsistencies, anomalies, instance
imbalance, missing data, and possible dimensionality issues. Addi-
tionally, it is common for the volume of instances to be limited and
small.

Based on these difficulties, Bai et al. [3] state that before using
Machine Learning algorithms to infer patterns from a dataset with
such characteristics, researchers need to address some challenges,
such as dimensionality reduction, noise elimination, missing data
handling, anomaly treatment, input variable selection, and correct
data interpretation.

Studies like Ravetti and Moscato [21] and Dantas and Valenca
[9] demonstrate that selecting more representative features for the
problem positively contributes to the performance of diagnosis by
Machine Learning techniques. However, for techniques such as
Artificial Neural Networks (ANNs), where diversity and quantity of
instances impact both performance and model generalization, there
is a hypothesis that, in addition to selection, feeding the model with
more diverse and balanced information could improve performance.

Based on this hypothesis, the following research question is
formulated: How do the selection and generation of new instances
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influence the classification performance of an Artificial Neural
Network for supporting AD and MCI diagnosis?

To answer this question, this work aims to investigate the im-
pacts of selecting more representative features for the problem
and artificially expanding data on the performance of AD and MCI
classification models. For this purpose, the dataset developed by
Ray et al. [22] was used.

1.2 Related Works

Alzheimer’s Disease (AD) diagnosis has been the subject of exten-
sive research, with various approaches focusing on biochemical,
neuroimaging, and machine learning techniques. Several studies
have explored different methodologies to improve early diagnosis
and classification accuracy.

Ray etal. (2007) [22] pioneered the use of plasma protein biomark-
ers to predict AD, identifying 18 signaling proteins that achieved
classification accuracy of up to 90%. Their study employed the Pre-
diction Analysis of Microarrays (PAM) algorithm to select the most
relevant biomarkers from a set of 120 proteins, emphasizing the
role of hematopoiesis, immune response, and neuronal support in
AD pathology.

Building upon this work, Ravetti and Moscato (2008) [21] pro-
posed a refined 5-protein biomarker signature that maintained high
accuracy (96%) while reducing computational complexity. Their
approach utilized several machine learning classifiers available in
the WEKA software, including Random Forest, Naive Bayes, and
Support Vector Machines (SVM), to optimize prediction models and
evaluate classifier independence in biomarker selection.

In a related effort, Dantas and Valenga (2013) [9] applied Reser-
voir Computing (RC) to AD diagnosis, comparing its performance
with Multi-Layer Perceptron (MLP) and classifiers implemented in
Weka. Their study demonstrated that alternative neural architec-
tures could achieve competitive results in biomarker-based clas-
sification. Similarly, Silva et al. (2019) [23] investigated the use of
Haralick texture descriptors extracted from MRI scans, applying
Random Forest, SVM, and K-NN classifiers. Their findings indi-
cated that combining textural and shape features could enhance
AD classification accuracy.

Deep learning models have also gained traction in AD diagnosis.
Ding et al. (2018) [11] developed a convolutional neural network
trained on 18F-FDG PET scans, achieving an area under the ROC
curve of 0.98. Their work highlighted the potential of deep learn-
ing for early AD detection, outperforming traditional radiological
assessments.

Machado et al. (2021) [18] introduced DCARE, a computational
model designed to support individuals with AD by analyzing con-
text histories and predicting potential hazardous behaviors. The
model processes physiological data received from external applica-
tions and utilizes an ontology specifically developed for AD-related
contexts. A simulator, DCARE Dataset Simulator, was created to
generate datasets for testing, producing 1,026 scenarios based on
interviews with five AD care specialists. The model achieved an
average accuracy rate of 97.44% in predicting these scenarios, high-
lighting its effectiveness in enhancing patient safety and indepen-
dence. This study contributes to the cognitive test-based diagnosis
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of AD by incorporating historical context analysis for behavioral
predictions.

Despite these advancements, many studies primarily emphasize
accuracy without thoroughly examining the impact of preprocess-
ing techniques, such as feature selection and class balancing, on
model performance. Moreover, precision and recall metrics are of-
ten overlooked, limiting the interpretability of results. This work
aims to address these gaps by evaluating the effectiveness of neural
networks in identifying novel protein-based biomarkers, with a
focus on feature selection and class balancing techniques.

2 Theoretical Foundation and Techniques

The integration of computational intelligence techniques, partic-
ularly in the domain of information systems, plays a crucial role
in addressing complex problems in medical diagnostics. Given the
intricate nature of biomedical data, especially in neurodegenerative
disorders such as Alzheimer’s Disease (AD), leveraging advanced
machine learning models becomes essential for improving diagnos-
tic accuracy. This section explores the theoretical foundations un-
derpinning the methods used in this study, focusing on Complexity
Theory, neural network architectures like Multi-Layer Perceptron
(MLP) and One-Dimensional Convolutional Neural Networks (1D
CNN), as well as data preprocessing techniques such as Recursive
Feature Elimination (RFE) and Synthetic Minority Over-sampling
Technique (SMOTE) to enhance classification performance.

2.1 Exploration of Complexity Theory

Complexity Theory has been widely applied in research involv-
ing information systems, particularly in contexts that require the
integration of multiple interdependent components and the man-
agement of large volumes of heterogeneous data [13]. In the case of
Alzheimer’s Disease (AD) diagnosis, this theory provides a crucial
framework for dealing with the inherent complexity of biomed-
ical data, such as plasma protein concentrations, which exhibit
non-trivial patterns that are difficult to model using traditional
approaches.

In the study conducted, applying Complexity Theory enabled
a robust approach to implementing neural networks, such as the
Multi-Layer Perceptron (MLP) and the One-Dimensional Convo-
lutional Neural Network (1D CNN). These architectures are par-
ticularly useful in capturing the complexity of biomedical data,
where slight variations in protein levels can indicate the presence
or progression of AD. As highlighted by Li and Chen [16], convo-
lutional networks are capable of identifying local and sequential
patterns, which are crucial in diagnostics based on temporal data
or biochemical measurement series.

Complexity also manifests in the need to optimize feature se-
lection, a challenge in high-dimensional and imbalanced datasets.
Techniques such as Recursive Feature Elimination (RFE) and the
Synthetic Minority Over-sampling Technique (SMOTE) were essen-
tial for handling data complexity and improving model accuracy.
Recent studies, such as those by Rajasree and Rajakumari [20], have
shown that recursive feature elimination can reduce dimensionality
without compromising accuracy for AD diagnosis prediction.
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The approach adopted in this study illustrates how Complexity
Theory can be applied to understand not only the interaction be-
tween different data sources but also how to optimize machine learn-
ing models to achieve better results in high-uncertainty scenarios
[28]. As pointed out by Bouamrane et al. [4], in healthcare systems,
the ability to manage data complexity is essential for enhancing
diagnostic accuracy and supporting clinical decision-making.

Thus, by using Complexity Theory as a theoretical foundation,
this research not only contributes to the enhancement of medi-
cal information systems but also demonstrates the importance of
flexible architectures and advanced data processing techniques in
addressing the challenges of Al-based diagnostics.

2.2 Multi-Layer Perceptron Neural Networks
(MLP)

Multi-Layer Perceptron (MLP) neural networks are a class of feed-
forward artificial neural networks. They consist of multiple layers
of nodes, each layer fully connected to the next one. The primary
advantage of MLPs is their ability to model complex non-linear
relationships, which makes them suitable for various classification
and regression tasks in medical diagnosis [23]. In the context of
Alzheimer’s Disease (AD) diagnosis, MLPs have been employed to
differentiate between healthy individuals and those affected by AD
or Mild Cognitive Impairment (MCI), leveraging biochemical data
such as protein levels in blood plasma.

The architecture of an MLP typically includes an input layer, one
or more hidden layers, and an output layer. The number of hidden
layers and the number of neurons in each layer can significantly
impact the performance of the model. For instance, a deeper net-
work with more layers might capture more intricate patterns in the
data but also risks overfitting, especially when the dataset is small
[14]. Hyperparameter tuning and regularization techniques, such
as dropout and L2 regularization, are crucial to optimizing MLP
performance. The fundamental equations governing the operations
of an MLP are presented below.
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In these equations:

z() is the linear combination of inputs at layer I,

W) and b are the weights and biases for layer I,

a'l) is the activation of the neurons at layer I,

f is the activation function (commonly ReLU or sigmoid),
and

e i is the predicted output.

A significant challenge in training MLPs is the requirement for
large datasets to achieve good generalization. Techniques such
as data augmentation and synthetic data generation (e.g., using
SMOTE) have been explored to mitigate this issue. This work also
involves integrating MLPs with more sophisticated feature selec-
tion methods like Recursive Feature Elimination (RFE) to enhance
predictive accuracy.

2.3 One-Dimensional Convolutional Neural
Networks (1D CNN)

One-Dimensional Convolutional Neural Networks (1D CNN) are
a type of deep learning model particularly effective for analyzing
sequential data. Unlike traditional MLPs, CNNs use convolutional
layers that apply filters to the input data, capturing local patterns
and features [15]. In the context of AD diagnosis, 1D CNNs can pro-
cess time-series data or sequential measurements from biochemical
assays, identifying subtle temporal patterns indicative of disease
progression.

The primary strength of 1D CNNs lies in their ability to auto-
matically learn spatial hierarchies of features from input data. This
makes them highly suitable for tasks where local dependencies are
critical. For example, in this study, 1D CNNs were used to analyze
sequences of protein expression levels, achieving higher accuracy
in distinguishing AD from other forms of dementia compared to
traditional machine learning methods. The convolutional layers ex-
tract high-level features that are then processed by fully connected
layers to make the final prediction. As highlighted by Goodfellow
et al. [12], a 1D CNN consists of convolutional, pooling, and fully
connected layers. The fundamental operations of a 1D CNN are
defined as follows.

zi=(xxw)i+b (4)
ai = f(zi) 6)
pi = max(ajpk—1) (6)

In these equations:

e z; is the result of the convolution operation at position i,

e x is the input vector, w is the filter (kernel), and b is the bias,

e g; is the activation after applying the function f (commonly
ReLU),

e p; represents the result of max-pooling over a window of
size k.

Implementing 1D CNNs involves selecting appropriate kernel
sizes, number of filters, and the depth of the network. Too many fil-
ters or layers can lead to overfitting, particularly with small datasets.
Regularization techniques, such as dropout and batch normaliza-
tion, are essential to mitigate this risk. Moreover, combining 1D
CNNs with feature selection methods like RFE can further enhance
their performance by focusing on the most relevant features.

2.4 Recursive Feature Elimination (RFE)

Recursive Feature Elimination (RFE) is a feature selection technique
that helps in identifying the most significant features for a given pre-
dictive model. It works by recursively removing the least important
features and building the model iteratively until the optimal num-
ber of features is reached [6]. In the realm of AD diagnosis, RFE has
been instrumental in refining datasets by reducing dimensionality
and enhancing model interpretability.

The RFE process involves training a model, ranking features
based on their importance, and eliminating the least significant
ones. This is particularly useful in biomedical datasets where the
number of features (e.g., various protein levels) can be very high.
This work utilized RFE to select a subset of proteins that were most
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predictive of AD, thereby improving the efficiency and accuracy of
subsequent classification models.

One of the key advantages of RFE is its compatibility with dif-
ferent types of models, including linear models, support vector
machines, and neural networks. By integrating RFE with MLPs or
1D CNNG, researchers can enhance the predictive power of these
models while reducing the computational cost.

2.5 Synthetic Minority Over-sampling
Technique (SMOTE)

The Synthetic Minority Over-sampling Technique (SMOTE) is a
popular method for addressing class imbalance in datasets. It gen-
erates synthetic examples of the minority class by interpolating
between existing minority instances [5]. In AD diagnosis, where
datasets often suffer from imbalanced class distributions (e.g., fewer
AD cases compared to healthy controls), SMOTE can significantly
improve model performance by providing a more balanced training
set.

SMOTE works by selecting two or more similar instances from
the minority class and generating new instances that lie between
them. This synthetic generation helps the model to learn the char-
acteristics of the minority class better, thus improving classification
accuracy and reducing bias [7]. This study demonstrated that ap-
plying SMOTE to a dataset of protein levels from AD patients and
healthy controls improved the performance of MLPs in distinguish-
ing between these classes.

However, care must be taken when using SMOTE, as excessive
synthetic generation can lead to overfitting, particularly if the origi-
nal dataset is very small. Combining SMOTE with other techniques
like RFE and robust cross-validation methods can help mitigate this
risk and ensure the model generalizes well to unseen data.

3 Materials and methods

The methodology employed in this study was designed to ensure
data preparation, model training, and evaluation, as illustrated in
Figure 1. The key steps are described below:

(1) Data collection and preprocessing: The dataset used in
this study consisted of 120 protein concentrations derived
from blood plasma samples collected from patients diagnosed
with Alzheimer’s Disease (AD), Mild Cognitive Impairment
(MCI), and Non-Dementia (ND). Initially, the data were orga-
nized with features presented as rows rather than columns
due to its microarray origin. To prepare the data for ma-
chine learning models, the matrix was first transposed to
align features as columns. Subsequently, data standardiza-
tion was performed using the StandardScaler, according to
the formula:

=2k %)

where x is the original feature value, y is the mean, and o is
the standard deviation of the feature.

(2) Feature selection with RFE: To optimize model perfor-
mance and reduce dimensionality, RFE was employed using
a Random Forest estimator. This iterative technique involves
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recursively removing the least significant features and train-

ing the model until an optimal subset is achieved. The use

of RFE enhances model interpretability and reduces the risk
of overfitting by focusing on the most relevant features.

(3) Data Augmentation using SMOTE: Given the class imbal-
ance in the dataset, particularly the limited instances of AD
cases, the SMOTE was applied to generate synthetic data
points for the minority class. This approach ensures a more
balanced dataset, allowing the classifiers to generalize better
and avoid biases toward the majority class.

(4) Model implementation and parameterization: Two clas-
sifiers were implemented:

e A Multi-Layer Perceptron (MLP) with two hidden layers,
using the ReLU activation function and a softmax output
layer.

e A One-Dimensional Convolutional Neural Network (1D
CNN) with a single convolutional layer, followed by max
pooling, dropout, and fully connected layers.

Hyperparameters such as learning rate, number of neurons,

and batch size were tuned to optimize model performance.

(5) Experimentation in two scenarios:

(a) Binary Classification: Classifiers were trained on two
subsets of data to distinguish between AD and ND patients,
and MCI and AD patients.

(b) Multiclass Classification: Ternary classifiers were trained
on the full dataset to classify between AD, MCI, and ND
patients.

(6) Evaluation of models: The performance of the models
was assessed using metrics such as Accuracy, Precision, Re-
call, and F1-Score to provide a comprehensive evaluation of
classifier effectiveness.
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Figure 1: Overview of the methodological approach used in
this study.

3.1 Dataset

The dataset employed in this study, curated and catalogued by Ray
et al.[22], comprises blood plasma samples from 259 individuals,
encompassing the relative concentration of 120 proteins, identified
as potential biomarkers for Alzheimer’s Disease (AD) and other
neurological conditions. These samples were collected from spe-
cialized centers focusing on neurological and neurodegenerative
diseases across the United States. These proteins were quantified
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using filter-based, arrayed sandwich ELISAs, a high-throughput
technique commonly used in proteomics studies to measure protein
abundance.

The proteins measured in this dataset are involved in various
biological processes, including immune response, hematopoiesis,
apoptosis, and neuronal support. Some of the key proteins include
CCL5, ICAM-1, TNF-alpha, IL-3, PDGF-BB, and EGF, which have
been previously associated with neuroinflammatory and neurode-
generative processes. However, the focus of this study is to inves-
tigate whether neural network models can identify new proteins
within this subset that may have a significant correlation with AD,
beyond those already established in the literature.

All data files were originally provided in tabular format (.xIsx
and .csv) and processed in Python for compatibility with machine
learning models. The dataset was preprocessed to ensure consis-
tency, removing missing values and normalizing protein expression
levels for analysis.

This dataset was selected for three primary reasons. The first
reason was to establish a real-world problem within the chosen
application domain. The second reason pertains to the dataset’s
availability. Constructing a new dataset for the experiments would
be infeasible in terms of cost and benefit, given the time required
for sample collection, processing, and cataloging, as well as the
necessity for ethical committee approval to authorize its use. Other
datasets focusing on the same biochemical approach, which is the
interest of this study, are harder to obtain, often requiring regis-
trations, permissions, or releases from the organizations and re-
searchers who compiled them. The dataset used is openly available,
facilitating its immediate use.

The third reason relates to the content of the dataset. It is widely
recognized that in biochemical or biomolecular approaches, the
concentrations of beta-amyloid and tau proteins contribute to the
development of Alzheimer’s Disease (AD) [25]. Studies on the con-
centration of these proteins in patients have yielded useful results
for early detection laboratory tests and even for potential vaccines
to treat and prevent this condition. However, this dataset does not
include information on these specific proteins. Instead, it comprises
a subset of 120 proteins collected and analyzed in the study by
Ray et al. (2007) [22], which explored potential biomarkers for AD
diagnosis.

The objective of this research is to investigate whether neural
networks can effectively identify other proteins, within this subset,
that may have a significant correlation with AD, even if they have
not yet been widely recognized in prior medical research. This
approach allows for the discovery of new biomarker candidates that
could contribute to further studies on AD diagnosis. Although this
dataset does not include information on these specific proteins, it
remains relevant because the etiology of AD is not fully understood,
and there are no specific markers in laboratory and neuroimaging
investigations for AD. Some findings, however, can support clinical
diagnosis. Based on this premise, despite not being recently utilized,
the investigation of the proteins present in this dataset is considered
a viable element in the development of new solution models.

The majority of instances belong to the clinical diagnoses of
Alzheimer Disease (AD), Non Dementia cases (ND), and Mild Cog-
nitive Impairment (MCI), and these instances are used in both the
experiments of this work and related studies. In their research, Ray

et al. [22] subdivided the AD and ND samples into training and
testing sets with a similar distribution. Out of the total 259 patient
samples, 48 were not related to dementias and were not considered
in the experiments. Of the 85 AD samples, 43 were used for training
and 42 for testing. The ND samples were divided into 40 for training
and 39 for testing. Originally, the dataset for the first experiment
included a total of 164 samples (comprising all instances of ND
and AD), divided into 83 training samples and 81 testing samples.
The second experiment, which focuses on MCI data, considers an-
other relevant piece of information: whether or not the evaluated
cases of MCI progressed to other dementias. Therefore, the 47 MCI
instances are divided into three classes for final diagnosis: AD,
MCI, and Other Dementias. For this study, data related to Other
Dementias were excluded, leaving 39 instances in this subset.

In both datasets, there are 120 features, which correspond to
the concentrations of proteins in the patients’ plasma. The first
step was to analyze the layout and types of data. The AD dataset
is organized into 121 columns and 164 rows. The rows represent
the total number of instances or examples. The columns are the
features that describe each example. Of these columns, 120 are
input data, consisting of continuous values (in computing, floating-
point numbers or floats), while 1 column corresponds to the class,
label, or desired output. The MCI dataset has 121 columns and
39 rows. Out of the 121 columns, 1 column represents the classes
or labels expressed as categorical objects, and 120 columns are
input data. These latter columns represent the concentrations of the
same proteins identified in the AD dataset, expressed as continuous
numerical values. In the MCI dataset, all patients were initially
diagnosed with MCI, with some progressing to AD while others
maintained their initial diagnosis. Thus, the classes refer to the final
diagnoses, which vary between AD or MCIL.

3.2 Data Preprocessing and Feature Selection

To prepare the data for machine learning models, the original ma-
trix, as seen in the Figure 2, was transposed to align features (pro-
teins) as columns and samples as rows. This transformation ensured
compatibility with common machine learning frameworks. Data
normalization was applied using Z-score transformation, which
standardizes each protein’s expression levels by subtracting the
mean and dividing by the standard deviation across all samples.

CLASS AD AD AD AD

ANG 4,520104 4,430224 4,244593 2,90625
BDNF 2692648 0,94586 2,916182 -0,26235
BLC 0,788355 0,243013 1,029638 -0,65143
BMP-4 1,142045 0,407405 1,966551 -0,03289

BMP-6 -0,37695 0,480273 2,39777 -0,45564
CK b8-1 0,312388 0,082394 0,99577 -0,54466
CNTF 0,036673 -0,23741 0,54394 -0,37042

Figure 2: Sample of Original Data Matrix

The dataset used has few instances (164 and 39 in the AD and
MCI subsets, respectively) and many input attributes, totaling 120.
This characterizes a high-dimensional problem. To mitigate this
issue, a feature selection was applied to maintain a minimal protein
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signature without compromising the classifier’s final performance.
The feature selection was performed using RFE technique, which re-
quires a Machine Learning algorithm as an estimator. The algorithm
used for this purpose was Random Forest, chosen for its effective
visualization of selections based on the importance of features.

Ten selections were executed, and the most balanced one in
terms of the smallest number of features and accuracy level in tests
was chosen. Of the ten executions with the estimator, five used the
Gini criterion, which is based on impurity levels, and five used En-
tropy, which is based on information gain. Generally, models using
entropy performed better according to the observed criteria of the
number of selected features and accuracy rates. The Figure 3 shows
the graph of this relationship for the Random Forest estimator. The
selection that returned 8 features and had an accuracy above 90%
was chosen.

s
8

1 M 30 & o

Number of features selected

Figure 3: Graph of selected features x performance

As highlighted, tree-based algorithms work with the importance
level of the features in a dataset. The importance level of the 8
selected features is presented in the Figure 4.

RFECV - Feature Importances

Fl

Importance

Figure 4: Ranking of features importance

SBSI25, May 19 - 23, 2025, Recife, PE

Among the selected features for this 8-protein signature, the
"IL-1 alpha" protein is considered the most relevant to the problem.
Interestingly, both this protein and "PDGF-BB" appeared in all se-
lections, regardless of the algorithm, with "IL-1 alpha" consistently
being the most relevant. It is also noted that the importance levels
are not very high, as the importance level is proportional to the
number of selected features.

The number of selected proteins and the importance level of
a chosen variable can vary. This variability occurs because the
dataset is vast and contains highly diverse features. Additionally,
Random Forest is an ensemble method that uses a majority voting
system, meaning the different trees generated in each run can
alter the selection of a particular protein or its importance ranking.
Nevertheless, the most relevant features will always be selected, as
previously noted.

3.3 Metrics

All models were evaluated using four metrics valid for classifica-
tion problems: accuracy, precision, recall (sensitivity), and F1-score.
These metrics were chosen because they all vary based on the values
in a confusion matrix.

The use of accuracy, precision, recall, and F1-Score is important
for comprehensively evaluating the performance of classification
models. Accuracy provides an overall view of the proportion of
correct predictions, while precision and recall are crucial for un-
derstanding the model’s behavior in correctly detecting positive
classes, minimizing critical errors. The F1-Score balances precision
and recall, offering a robust metric when it is important to optimize
both detection and reliability in classifications.

4 Experiments and Evaluation

The hyperparameter configurations used in the models were empir-
ically tested, considering values that are multiples of 8 (related to
the number of inputs) for the number of neurons per layer, and for
the others, manual tests were performed with the values available
in the Keras framework.

In both experiment scenarios, a simple MLP neural network
model with two hidden layers was tested. The first hidden layer had
64 neurons and the second had 32, with one neuron in the output
layer and 8 in the input layer, receiving the 8 inputs corresponding
to the proteins from the signature selected with RFE and Random
Forest. The model used the ReLU activation function in the hidden
layers and the sigmoid logistic activation function in the output
layer. The optimization algorithm was Adam with learning rate of
0.001, and loss function was binary crossentropy. The AD subset,
with its 164 instances distributed as in Ray et al’s original work,
was used for training and testing. The model was trained for 10
epochs with a mini-batch size of 32.

The same model was then evaluated with the application of the
SMOTE technique to generate synthetic instances and expand the
training samples in 500 samples by class in both subsets of AD and
MCI. The original 81 samples of AD subset were reserved for testing.
For MCI subset, 12 samples were reserved for testing. Compared to
the model’s performance without data expansion, the model using
this technique showed slightly better performance.
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Additionally, a more robust architecture was employed, consid-
ering the expanded dataset for training a 1D CNN. Given that it is
more robust and requires more data compared to the simple MLP,
it made no sense to test this architecture with a small sample set.
This architecture was considered due to its more robust feature
extraction capability provided by convolution, performed in one
dimension (considering feature vectors, not matrices). The 1D CNN
model was built with a single convolutional layer with 64 neurons,
a kernel size of 2, and ReLU activation function, followed by a max-
pooling layer of size 2, and three fully connected hidden layers
with 128, 64, and 64 neurons, respectively, all with ReLU activation
function. Between these layers, a dropout of 25% was used, and in
the output layer, a single neuron with sigmoid logistic activation
function was used. The same mini-batch size, number of epochs,
optimizer, and loss function as the MLP model were utilized. The
goal of using this model was to evaluate whether its performance
would be significantly superior to the traditional MLP model.

Experiments were extended to the MCI subset with a total of 39
samples. MLP tests without SMOTE indicated that the performance
of machine learning models with this subset was very low due to
the small number of samples. Tests were conducted on the original
subset compared to the expanded and features selected subset to
validate the SMOTE and RFE approach. The primary objective of
this work was to use a more robust architecture on this subset,
something not previously done in other studies. The same data
expansion to 500 samples was applied, and the performance of both
proposed models for this subset was also evaluated.

4.1 First Scenario: Binary Classifiers

In this first scenario, considering binary classifiers in two subsets of
data, the proposed MLP model without data expansion and features
selection was tested and compared to the same model with data
expansion and features selection. The results, shown in the Table 1,
indicate that the model tested with RFE selection on the SMOTE-
expanded dataset was slightly superior when tested on the AD
original subset.

Table 1: Results of first scenario experiments - binary classi-
fiers AD subset

Table 2: Results of first scenario experiments - binary classi-

fiers MCI subset

Model Accuracy Precision Recall F1-Score
MLP (Original data) 89% 88% 90% 89%
MLP (RFE-SMOTE) 94% 97% 90% 947
1D CNN (RFE-SMOTE)  90% 90% 90% 90%

The results of these models were also compared with the results
obtained by the proposed 1D CNN model. It was observed that
the results of the MLP model were slightly superior to those of
the 1D CNN model. For the MCI results, shown in the Table 2,
comparisons were made between the MLP model without features
selection on original subset and MLP model with RFE on expanded
dataset. Comparisons were also made with the 1D CNN on the same
expanded dataset, where the MLP model also proved better.

Model Accuracy Precision Recall F1-Score
MLP (Original data) 58% 83% 56% 67%
MLP (RFE-SMOTE) 70% 88% 58% 70%
1D CNN (RFE-SMOTE) 65% 78% 58% 67%

4.2 Second Scenario: Multiclass Classifiers

For this scenario, the idea was to combine the two subsets of 164
and 39 instances into a single dataset, with 102 samples reserved
for testing. The remaining samples were artificially expanded for
training. The two originally proposed models were adapted to per-
form classification of the three existing classes simultaneously: AD,
MCI, and ND.

The MLP neural network model had the number of neurons
in the output layer changed to 3 neurons, and its output-layer
activation function was modified to the softmax function. The loss
function was changed to categorical crossentropy. The remaining
hyperparameters remained the same as in the first experiment
scenario. The same changes were applied to the 1D CNN model,
maintaining the configurations of the previous scenario for the
other hyperparameters.

In this second scenario, considering multiclass classifiers in a
single expanded dataset, the MLP and 1D CNN models were tested.
The results, shown in the Table 3, indicate that the 1D CNN model
outperformed the MLP model in all metrics considered.

Table 3: Results of second scenario experiments - multiclass
(ternary) classifiers

Model Accuracy Precision Recall F1-Score
MLP (RFE-SMOTE) 78% 87% 76% 81%
1D CNN (RFE-SMOTE)  97% 98% 96% 97%

4.3 Discussion

In the binary classification scenario on AD subset, MLP had almost
the same performance than 1D CNN, but it was slightly better,
achieving a 94% accuracy, 90% recall, and 89% F1-Score with the
expanded dataset. This demonstrates the strength of the MLP in cap-
turing global relationships within the protein expression data, mak-
ing it particularly effective in distinguishing between Alzheimer’s
Disease and healthy controls. While the 1D CNN reached a com-
petitive 90% accuracy, 90% recall, and 90% F1-Score. These results
shows that in this binary context, overall data distribution was key
to achieving high classification performance.

In the binary classification scenario for MCI subset, the MLP
model showed significant improvement when utilizing RFE and
SMOTE. The MLP trained on the original dataset achieved a low
accuracy of 58% and an F1-score of 67%, highlighting its limited
ability to generalize without features selection and data expansion.
However, with RFE and SMOTE, the MLP’s accuracy increased
to 70%, accompanied by an Fl-score of 70% and a precision of
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88%. In contrast, the 1D CNN with RFE trained on expanded data
achieved an accuracy of 65% and an F1-score of 67%, demonstrating
slightly lower performance in terms of precision compared to the
MLP. These results suggest that while both models benefited from
feature selection and data augmentation, the MLP was better suited
for handling the complex patterns associated with the MCI subset
in this binary classification task.

In the multiclass classification scenario, where AD, Mild Cog-
nitive Impairment (MCI), and Non-Dementia (ND) were analyzed
collectively, the 1D CNN excelled across all metrics, achieving an
impressive 97% accuracy, 96% recall, and 97% F1-score. This perfor-
mance highlights the superior ability of convolutional architectures
to differentiate between subtle class variations, such as those be-
tween MCI and ND. These results underline the value of leveraging
both global and local data representations, depending on the com-
plexity and class granularity of the problem, to maximize the ef-
fectiveness of diagnostic models in heterogeneous and imbalanced
clinical datasets. This study demonstrates the importance of tailor-
ing machine learning approaches to specific diagnostic challenges
to enhance precision and support clinical decision-making.

The study concludes by comparing our best-proposed model,
the MLP with RFE and SMOTE, with the best results from previous
studies on this dataset Ray et al. [22], Ravetti and Moscato [21],
Dantas and Valenca [9]. It was found that our best binary classifier
outperformed in accuracy, the only metric used in all related works,
compared to the two previous other machine learning works listed
in the Table 4 for MCL

Table 4: Comparison between the performance of the best
binary classifier model of the present work with the related
works

Research Acc. (AD) Acc.(MCI)
Ray et al. (2007) 89% 81%
Ravetti & Moscato (2008) 93% 65%
Dantas & Valenga (2013) 94% 66%

This research’s MLP-RFE-SMOTE (2024) 94% 70%

As a novel contribution, we highlight the proposal of a multiclass
model, made possible by artificial data expansion, which was not
considered in previous studies, along with the use of a deep learning
architecture.

4.4 Limitations and Future Work

While the proposed models demonstrated strong classification per-
formance in the diagnosis of Alzheimer’s Disease (AD) and Mild
Cognitive Impairment (MCI), several limitations must be acknowl-
edged to ensure a comprehensive understanding of their applicabil-
ity and future improvements.

The dataset used in this study comprises 259 patient samples
with 120 protein features. Despite the robust feature selection and
augmentation techniques applied, the relatively small sample size
may limit the generalization of the results to broader populations.
Future studies should consider expanding the dataset by incorporat-
ing additional patient data from diverse demographics to improve
model robustness.
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The reliance on protein biomarkers for classification introduces
challenges in feature interpretation. Although Recursive Feature
Elimination (RFE) successfully identified a subset of the most rele-
vant proteins, further research is needed to validate these findings
in clinical settings. Additionally, integrating explainable Al tech-
niques could enhance the interpretability of model decisions, aiding
clinicians in understanding model outputs.

The proposed models were specifically trained on biochemical
data related to AD and MCIL. However, their potential for application
in broader contexts, such as diagnosing other neurodegenerative
disorders or complex medical conditions, remains an open question.
Future research should explore the adaptability of these models to
different datasets and medical conditions, assessing their ability to
identify patterns beyond AD pathology.

The use of deep learning models, particularly the One-Dimensional
Convolutional Neural Network (1D CNN), increases computational
requirements. While performance gains were evident, the feasibil-
ity of deploying such models in real-time clinical applications or
resource-constrained environments warrants further investigation.
Optimizations, such as model pruning or lightweight architectures,
could improve deployment feasibility.

Before clinical implementation, extensive validation is required
to ensure ethical compliance, data privacy, and real-world effective-
ness. Collaboration with healthcare professionals and institutions
will be crucial for bridging the gap between computational models
and practical diagnostic applications.

Approaches such as ensemble learning (e.g., Gradient Boosting,
XGBoost, and Random Forest), transformer-based architectures, and
self-supervised learning frameworks could provide deeper insights
into the dataset while potentially improving classification accuracy
and generalization. Additionally, hybrid approaches that integrate
deep learning with traditional machine learning algorithms could
be explored to leverage interpretability and performance.

By addressing these challenges, the proposed models can evolve
into more comprehensive and adaptable tools, contributing to im-
proved diagnostic accuracy and patient outcomes in the manage-
ment of neurodegenerative diseases.

5 Conclusions

The increase in population longevity, especially in developing coun-
tries like Brazil, has brought new challenges in managing the
health of the elderly, particularly with the rising prevalence of
Non-Communicable Chronic Diseases (NCDs) such as dementias.
Alzheimer’s Disease (AD), a progressive neurodegenerative dis-
order, is the most common form of dementia, affecting millions
globally and significantly impacting both patients and their care-
givers’ quality of life.

Traditional diagnostic approaches, such as the Mini-Mental State
Examination (MMSE), are limited by variability and accuracy, often
influenced by external factors like patients’ educational background.
More precise techniques, including Positron Emission Tomogra-
phy (PET) scans and cerebrospinal fluid analysis, though effective,
remain costly and invasive, limiting accessibility. Although promis-
ing advancements, such as blood tests that detect AD years before
severe symptoms appear, have been made, these innovations are
not yet widely available.
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In this context, Computational Intelligence (CI), leveraging Ma-
chine Learning (ML) techniques, offers a promising alternative to
support early and accurate AD diagnosis. This study explored the
use of Multilayer Perceptron (MLP) and One-Dimensional Con-
volutional Neural Networks (1D CNN) to classify patients using
biochemical data, demonstrating high accuracy in distinguishing
between healthy individuals, those with Mild Cognitive Impairment
(MCI), and those with AD.

Using Complexity Theory as a basis, this research contributes
to the field of Information Systems by providing a model for man-
aging the intricate relationships inherent in biomedical datasets.
Feature selection using Recursive Feature Elimination (RFE) and
data augmentation with Synthetic Minority Over-sampling Tech-
nique (SMOTE) significantly improved the models’ performance.
The MLP, for instance, saw an increase in accuracy from 58% to
70% and in F1-score from 67% to 70% for the MCI subset. Similarly,
the 1D CNN benefited from these techniques, achieving a higher
balance in metrics for imbalanced datasets.

The results showed that while the MLP demonstrated strong per-
formance in specific subsets, the 1D CNN excelled overall, achiev-
ing superior accuracy and robustness in multiclass classification
tasks. These findings underscore the potential of convolutional
architectures to capture subtle patterns in biochemical data critical
for diagnosing AD and MCI, even in complex and heterogeneous
datasets.

By integrating Complexity Theory, this study not only improves
diagnostic accuracy but also enriches the Information Systems
domain by illustrating how advanced ML models can be effectively
applied in healthcare. Future research should continue to refine
these technologies, aiming to enhance scalability, accessibility, and
precision in clinical settings, ultimately supporting better decision-
making processes and patient outcomes in the management of
neurodegenerative diseases.
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