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A COMPREHENSIVE REVIEW ON EARLY DETECTION OF ALZHEIMER'S DISEASE USING
VARIOUS DEEP LEARNING TECHNIQUES

Introduction

Alzheimer’s disease (AD) is a devastating neurodegenerative disorder characterized by
progressive cognitive decline, memory loss, and behavioral changes. As detailed in the article, early
detection of AD is critical because therapeutic interventions are most effective when implemented during
the initial phases of the disease. The authors emphasize that current diagnostic practices—primarily
reliant on clinical evaluations, neuropsychological tests, and various imaging modalities—often result
in diagnoses only after the disease has advanced substantially. This delay is problematic, as early
diagnosis can offer patients access to treatments that may slow progression, enhance quality of life, and
reduce the overall societal and economic burden.

AD pathogenesis is linked to the accumulation of amyloid-B (AB) plaques and tau protein
neurofibrillary tangles. These pathological markers interfere with neural communication and lead to cell
death. Given that AD manifests gradually over years—even decades—the authors argue that early
identification, particularly through modern imaging and computational methods, is essential for effective
disease management. They underscore that while clinical diagnosis may achieve around 90% accuracy
when integrating patient history, neurological assessments, and imaging, such methods are labor-
intensive and not easily scalable, especially in remote or underserved areas.

The Need for Early Diagnosis

There are several reasons for prioritizing early detection. First, symptoms in the initial stages of
AD, such as subtle memory lapses and minor cognitive impairments, are frequently mistaken for normal
aging. This misinterpretation delays diagnosis and, consequently, treatment. The authors note that a
significant proportion of patients and their families attribute early behavioral and cognitive changes to
aging, further complicating timely intervention.

In addition, once patients receive a diagnosis, they often encounter difficulties obtaining
immediate and effective treatment. Early diagnostic efforts can open the door to support services,
medications, and lifestyle modifications that have shown promise in delaying the onset of severe
symptoms. The societal impact of early diagnosis is significant—beyond improving patient outcomes,
it helps to allocate medical resources more efficiently and may reduce the long-term costs associated
with advanced care.
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Moreover, the multifactorial nature of AD requires an approach that integrates various data types
and modalities. The authors advocate for the use of multimodal data (including MRI, PET, and other
biomarkers) to capture the complex biological underpinnings of the disease. They stress that single-
domain diagnostic methods are unlikely to be sufficient given the heterogeneous presentation of AD
symptoms.

CN EMCI MCI LMCI AD

Figure 1. Stages of Alzheimer’s disease.

Neuroimaging Modalities

A central component of the article is an examination of the role of neuroimaging in early AD detection.
The paper provides an overview of several imaging modalities, each offering unique insights into the
brain’s structure and function:

—Magnetic Resonance Imaging (MRI): MRI is the most common imaging technique used to
study AD. It provides high-resolution images of brain anatomy and can reveal structural changes such
as atrophy in regions like the hippocampus, which is critical for memory processing.

—Positron Emission Tomography (PET): PET scans enable researchers to visualize metabolic
activity and the accumulation of amyloid plaques. This modality is especially valuable in understanding
the biochemical changes that precede structural deterioration.

—Diffusion Tensor Imaging (DTI): DTI is used to examine the microstructural integrity of
white matter. By tracking water diffusion in the brain, DTI can highlight areas where AD has disrupted
the neural pathways.

Let’s consider the advantages and limitations of each modality. MRI, while non-invasive and widely
available, may miss early biochemical changes that PET can detect. Conversely, PET scans are often
more expensive and less accessible. DTI offers a middle ground, providing detailed information on white
matter integrity but requiring sophisticated analysis techniques.

Furthermore, this paper illustrates how combining data from these modalities can enhance diagnostic
accuracy. This integrative approach is especially valuable when employing deep learning techniques, as
it allows the model to learn from a richer set of features.

Stages of Alzheimer's Disease

The progression of AD is described in multiple stages, each characterized by distinct clinical and
imaging findings. The review categorizes the stages as follows:

1. Preclinical AD: This is the earliest phase, marked by biological changes without noticeable
clinical symptoms. The review emphasizes that during this stage, subtle alterations in blood, brain, and
cerebrospinal fluid (CSF) biomarkers occur, which can be detected through sensitive imaging and
biochemical assays.

2. Mild Cognitive Impairment (MCI): At this stage, patients experience noticeable cognitive
deficits—particularly in memory—but can still perform most daily activities independently.
Importantly, not all individuals with MCI progress to AD. However, MCI is recognized as a critical risk
factor for developing full-blown dementia.
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3. Advanced Stages: These include moderate to severe AD, where cognitive decline
significantly impairs daily functioning. Imaging studies in these stages typically reveal marked brain
atrophy and widespread metabolic abnormalities.

Machine Learning vs. Deep Learning Approaches

A substantial portion of the article is dedicated to contrasting traditional machine learning (ML) methods
with modern deep learning (DL) techniques for AD detection. The authors provide an in-depth
comparison, highlighting the strengths and limitations of both approaches:

- Machine Learning: Traditional ML techniques rely on handcrafted feature extraction,
where domain experts identify relevant features from imaging data. These methods have been effective
but often require significant manual intervention and may not capture the full complexity of the data.

- Deep Learning: DL models, particularly convolutional neural networks (CNNs) and
recurrent neural networks (RNNs), automatically learn hierarchical representations from raw data. This
end-to-end learning capability allows DL models to extract subtle features that might be missed by
conventional methods. The paper notes that DL has been successfully applied in tasks such as image
recognition, speech processing, and natural language understanding, making it well-suited for analyzing
complex neuroimaging data.

S.No | Classification Merits Demerits
models
1 AE Strong expressive abilities. Dimensionality | A lack of flexibility

reduction is user-friendly and simple to use

2 RBM Powerful expression and logic Computations are
expensive
3 DNN Capable of handling many datasets. For | Difficult training

feature engineering very few requirements | phase

4 DBN Has the ability to successfully learn a feature | Restricted
representation of a function from small | performance
samples
5 RNN Capable of sustaining 2D images The gradient explodes
and then vanishes
6 CNN 2D Performance of image feature extraction is | 3D  image spatial
good, and training is simple information cannot be

encoded
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7 CNN 3D Able to access 3D data on brain scans Computations are
expensive

Table 1. Merits and Demerits of classification models.

Table comparisons within the article provide a side-by-side evaluation of ML and DL techniques,
emphasizing factors such as data requirements, training complexity, and overall performance. This
detailed comparison helps to frame the discussion of subsequent sections, where specific DL methods
for AD detection are examined.

Data Acquisition and Pre-processing

Effective early detection of Alzheimer’s disease depends on data quality and robust pre-
processing. This review outlines a pipeline from data acquisition—using standardized imaging protocols
and large datasets—to pre-processing steps that correct distortions, normalize intensity, and segment
tissues. AC-PC correction, gradient warping, and tissue segmentation isolate regions most affected by
AD, while registration aligns multiple modalities. Intensity normalization addresses variability between
scans, ensuring consistency across patients and sessions. Figures highlight these stages, showing their
essential role in accurate analysis. Minor deviations in pre-processing may significantly impact
predictive accuracy in deep learning models. Thus, thorough preprocessing is pivotal for reliable AD
diagnosis.

Publicly Available Datasets

The next datasets include large-scale collections of MRI scans, PET images, and other biomarker
data. The availability of such datasets has accelerated research in the field by allowing for benchmarking
of DL models across different populations and imaging protocols. Key datasets mentioned include:

- ADNI (Alzheimer's Disease Neuroimaging Initiative): One of the most widely used
repositories, ADNI offers a rich collection of longitudinal imaging and clinical data that have been
pivotal in advancing AD research.

- Other National and International Databases: Several other repositories are mentioned,

which contribute diverse data sets that capture different ethnic and demographic characteristics.
It is important to note that while these datasets are invaluable, they are not without limitations. Issues
such as data heterogeneity, varying quality, and differences in imaging protocols can affect model
performance. Therefore, careful pre-processing and normalization are essential when combining data
from multiple sources.

Evaluation Metrics and Performance Measures
A critical component of any diagnostic model is its performance evaluation. The article reviews a variety
of metrics used to assess the accuracy, sensitivity, specificity, and overall reliability of DL models in
detecting AD. Common performance measures include:

— Accuracy: The proportion of correctly classified cases.

— Sensitivity and Specificity: Measures of a model’s ability to correctly identify true positives
(AD cases) and true negatives (healthy controls), respectively.

— Area Under the ROC Curve (AUC): A metric that captures the trade-off between sensitivity

and specificity.
These metrics are essential for comparing different DL approaches and determining which models offer
the most promise for clinical application. The review provides comparative tables and figures that
illustrate the performance of various models, highlighting that DL techniques generally outperform
traditional ML approaches in terms of classification accuracy, albeit with increased computational
demands.
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Challenges and Limitations
Despite the significant advancements in deep learning for AD detection, discussing the challenges and
limitations in the field could be crucial. There are several key issues that remain unresolved:

- Data Quality and Quantity: DL models require large amounts of high-quality data to
train effectively. However, obtaining such data in the medical field can be challenging due to privacy
concerns, variability in imaging protocols, and the inherent heterogeneity of patient populations.

- Pre-processing Complexity: As discussed, the pre-processing steps are critical for
ensuring that the data is suitable for DL analysis. However, inconsistencies in these procedures can lead
to suboptimal model performance.

— Model Interpretability: While DL models can achieve high accuracy, their “black box”
nature makes it difficult to understand the underlying decision-making process. This lack of transparency
is a significant barrier to clinical adoption, where interpretability is crucial for gaining trust from medical
professionals.

- Computational Resources: Training state-of-the-art DL models demands significant
computational power, which can be a limiting factor for many research institutions and clinical settings.

- Generalizability: Many models are developed and validated using publicly available
datasets, which may not fully represent the broader patient population. There is a pressing need for more
diverse and representative datasets to ensure that these models generalize well to different demographic
groups and clinical conditions.

Conclusion

Early diagnosis plays a crucial role in improving patient outcomes and alleviating the societal
burden of Alzheimer’s disease. By integrating multiple neuroimaging modalities, advanced pre-
processing methods, and cutting-edge deep learning architectures, significant progress is being made
toward developing models capable of detecting AD at its earliest stages.
The discussion offers an in-depth analysis of both the potential benefits and the challenges associated
with current approaches. Deep learning provides unprecedented accuracy through automatic feature
extraction and end-to-end learning, yet challenges such as data quality, high computational demands,
and issues with model interpretability continue to limit clinical translation. This review not only maps
out the current research landscape but also calls for future studies to further refine these technologies.
In summary, early detection of Alzheimer’s disease using deep learning is a rapidly evolving field. The
integration of multimodal data and ongoing advancements in deep learning techniques holds the promise
of revolutionizing the diagnostic process. However, for these models to be effectively translated into
clinical practice, continued efforts are needed to address existing limitations through improved data
collection, enhanced algorithm transparency, and rigorous clinical validation.
As the field advances, it is essential that researchers, clinicians, and policymakers collaborate closely to
ensure that the benefits of these technological innovations are fully realized in everyday clinical settings,
ultimately transforming early detection methods into reliable tools for combating one of the most
challenging neurodegenerative diseases.
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INTERPRETABLE SYMBOLIC EXTRACTION IN KOLMOGOROV-ARNOLD NETWORKS
FOR ENHANCED OIL RECOVERY

Modern machine learning applications in enhanced oil recovery (EOR) require high predictive
accuracy and a clear understanding of the underlying decision processes. Our earlier work introduced a
Kolmogorov—Arnold Network (KAN) model that delivered competitive predictions of oil recovery
factor (RF) in polymer flooding with a remarkably compact architecture: 1885 trainable parameters as
opposed to our earlier deep neural network (DNN) that required 43,265 parameters for similar
performance [1]. In this study, we explore the inner workings of a model trained in a manner similar to
our best-performing KAN, but with a twist: we enabled on-the-fly symbolic computations and allowed
the network’s scaling and bias parameters to adjust during training. We aim to extract a closed-form
mathematical representation of the learned relationship from the KAN model.

KANS are built upon the idea that any continuous multivariate function can be decomposed into
a sum of univariate functions combined through simple operations [2]. This property allows the network
to learn distinct activation functions on each connection. These activation functions can then be directly
approximated using symbolic expressions. The result is a domain-specific equation that encapsulates
both linear and nonlinear dependencies.
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