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Abstract— This paper pinpoints few key research issues
surrounding the application of feature selection techniques for
early dementia detection, with a focus on Alzheimer’s Disease
Neuroimaging Initiative (ADNI) data. Dementia, particularly
Alzheimer’s Disease (AD), impairs memory, language, and
executive functions, necessitating early diagnosis for effective
intervention. Drawing on four years of study utilizing cognitive
assessments and biomarkers, this work highlights critical
considerations in selecting relevant features to enhance data
driven model performance and improve interpretability.
Additionally, it addresses data-related challenges within ADNI
datasets, emphasizing their impact on model development. By
identifying these gaps, the paper aims to guide future research in
the use of feature selection processes, thereby supporting
clinicians in making more informed diagnostic decisions.
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1. INTRODUCTION AND PROBLEM

This paper scope features selection for dementia early
diagnosis in order to highlight possible research directions in
this area after 4-year study using cognitive assessments and
other common biomarkers. The aim is to show where artificial
intelligence (AI) techniques particularly machine learning (ML)
are heading in this sensitive health application. More
essentially, the aim of this paper is to highlight important
research considerations that should be taken when using ML
such as feature selection for early dementia detection.

Dementia is associated with deficiencies in language,
memory, learning, problem solving and executive functions,
which interferes with individuals’ daily life (Chaves et al.,
2011). There are millions of people with the condition
worldwide in which Alzheimer’s Disease (AD) accounts for
more than 60% of dementia conditions. Dementia impacts
physical, psychological, social, and economic impacts in which
its subtype AD tends to worsen over time therefore discovering
cognitive and non-cognitive features that can help clinicians to
early detect the disease is significant for an intervention, which
is useful for patients and caregivers.

One of the promising approaches to detect dementia
conditions is ML techniques that provide healthcare
professionals with models developed from historical data to
predict the disease and its level (Wharton et al., 2019). These
models are usually produced by training on a population of data
subjects diagnosed as cognitively normal (CN), having Mild
Cognitive Impairment (MCI), or demented. Over the last two
decades, ML techniques have been applied in medical
applications because the diagnostic outcome is produced using
models learnt objectively from data, offering a less-biased result
for physicians to assess in reaching a final diagnosis (Maroco et
al., 2011).

Part of the ML process is a step called feature selection,
which is a process that involves identifying and a subset of
relevant features from a larger dataset (Biiyiikkegeci and Okur,
2022). This process aims to reduce data dimensionality, improve
model performance, reduce overfitting, and enhance
computational efficiency by eliminating irrelevant or redundant
features (Pudjihartono et al., 2022). By focusing on the
informative feature specially in healthcare applications like
dementia detection, feature selection can lead to simpler and
more understandable models while maintaining or even
improving predictive performance (Chandrashekar and Sahin,
2014).

By unfolding features ranking and their correlations from
dementia dat and presenting them as simple to understand
knowledge clinicians and other decision makers can determine
key features and their correlations besides removing redundant
features.

II. BACKGROUND ON FEATURE SELECTION AND DEMENTIA

A. Dementia Diagnosis

Dementia diagnosis involves a structured and lengthy
process to establish clinical diagnosis thereby few diagnostic
frameworks have been developed by healthcare professionals
including the DSM-5 (American Psychiatric Association, 2013),
ICD-11 (Tyrer et al.,, 2011), and criteria developed by the
National Institute on Aging (NIA) and Alzheimer’s Association
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(AA) (Jack Jr et al., 2012). This comprehensive approach
ensures accurate classification of dementia from other cognitive
and degenerative conditions.

The DSM-5 classifies dementia under major and mild
neurocognitive disorders (NCDs). The diagnosis starts with
identifying cognitive decline in cognitive domains such as
memory, executive function, learning, language, perceptual-
motor skills, or social cognition. The decline is assessed through
patient medical history, informant reports, and cognitive
assessment using standardized methods. Major NCDs, or
dementia, require major interference with independence in daily
life activities, while mild NCDs involve lesser decline. The ICD-
11 complements the DSM-5 by offering a global framework for
dementia diagnosis, highlighting both cognitive symptoms and
their impact on daily functioning. This classification includes
subtypes such as AD, vascular dementia, and frontotemporal
dementia. However, where resources allow, some biomarkers
and neuroimaging techniques, such as computed tomography
(CT) scans or magnetic resonance imaging (MRI), are used to
detect any possible brain atrophy. The dementia diagnostic
process typically follows these steps:

1. Clinical Assessment: Gathering patient history,
conducting interviews, and performing clinical observations.

2. Standardized Testing: Utilizing tools like the Mini-
Mental State Examination (MMSE) or Montreal Cognitive
Assessment (MoCA) (Folstein et al., 1975; Nasreddine et al.,
2005) to quantify cognitive decline.

3. Functional Assessment: Evaluating the impact on daily
living through informant-based questionnaires or direct
observation.

4.  Exclusion of Other Causes: Ruling out conditions like
depression, or medication effects.

5. Biomarker Utilisation: Incorporating advanced
imaging or cerebrospinal fluid (CSF) analysis, if available, to
support diagnostic accuracy.

The diagnosis of AD involves additional specificity based on
the NIA-AA criteria and biomarker research. Alzheimer’s
diagnosis often progresses through three key stages:

1. Preclinical Stage: This stage occurs before obvious
symptoms and is characterized by biomarkers indicating
amyloid beta plaques, and tau pathology. Biomarkers are
detected through CSF analysis or imaging techniques.

2. MCI due to AD: Symptoms become evident but remain
mild, including memory lapses and difficulty with some
complex tasks. Diagnosis combines clinical assessment,
cognitive testing, and biomarker evidence.

3. Dementia due to AD: This stage includes significant
cognitive decline and functional impairment, confirmed through
detailed neuropsychological testing and imaging.

B. Dementia and Feature Selection

Feature selection is an important step in the data process,
particularly when conducting medical data analysis, due to its
ability to reduce dimensionality by eliminating redundant, or

noisy features. This step enhances the model’s interpretability
and may improve the predictive performance of machine
learning (ML) models (Azhagusundari and & Thanamani, 2013;
Barbieri et al., 2024). By focusing on the important features, the
process of feature selection allows clinicians to better
understand the underlying biological processes, providing
useful information for healthcare professionals in application
like dementia pre-diagnosis (Rajab et al., 2023).

Feature selection methods are typically classified into 3
types: filter, wrapper, and embedded methods. Filter methods
use mathematical criteria, such as mutual information and
correlation analysis, to sort features independently and they do
not require any ML algorithms. These methods are efficient sine
the computational time is minimal besides their results are
highly objective since they do not require algorithms’ tuning or
user involvement. Wrapper methods, in contrast, evaluate
subsets of features by their impact on model performance that
has been derived by the ML algorithm.

While they may generate subsets that when processed by a
ML algorithm produces an accurate model, wrapper methods are
computationally intensive, particularly for high-dimensional
datasets (Zhu et al., 2016). Lastly, embedded methods integrate
feature selection with model training, balancing computational
costs and predictive accuracy. This approach of feature selection
can generate feature sets that are suitable for supervised learning
tasks but may need more complex tuning.

In dementia pre-diagnosis, feature selection is particularly
important given the complexity and dimensionality of medical
datasets, which often include biomarkers, neuropsychological
data, imaging data, and clinical measures. Accurate isolation of
relevant features, such as cognitive, CSF or structural changes
in brain regions, can impact the data driven models’
performance in classifying dementia or detecting disease
progression (Tohka et al., 2016). Data-driven approaches rely on
feature selection to identify features that may be overlooked in
traditional diagnostic processes. For example, Rajab et al.
(2023) showed the effectiveness of ML models incorporating
feature selection techniques in improving the classification of
Alzheimer’s-related pathologies, using both imaging and
clinical datasets. In addition, (Thabtah et al., 2022) used
neuropsychological data from ADNI to identify impactful
features that may affect AD advancements.

Additionally, feature selection specially filter based methods
may reduce decision maker bias and ensures the data driven
model’s generalizability. By excluding irrelevant and redundant
features that may increase the chance of model’s overfitting in
ML feature selection in dementia and other health related
applications is vital (Bron et al.,, 2015). In the context of
dementia, this step is crucial for enhancing the reliability of
predictions across diverse patient populations. For instance, Zhu
et al. (2016) highlighted the importance of graph-based and
embedded feature selection methods in analyzing imaging data,
noting that these techniques significantly improve the sensitivity
and specificity of dementia diagnoses.

The integration of feature selection into a data process for
dementia pre-diagnosis not only can improve predictive
accuracy but also aids in uncovering critical disease
mechanisms. As demonstrated by Bron et al. (2015), embedding



feature selection methods into support vector machines (SVMs)
enhanced the classification of dementia cases, enabling more
precise differentiation between Alzheimer’s and other dementia
conditions. Furthermore, Tohka et al. (2016) when compared
various feature selection methods, emphasised their role in
optimizing ML models for brain neuro imaging data, with
notable improvements in diagnostic accuracy. Recently,
Thabtah et al., (2023) showed how feature selection when
embedded in a ML algorithm more key cognitive and functional
features that are related to early AD progression are identified
and utilised successfully to develop more accurate data driven
models that can be exploited by clinicians in clinical settings.

III. DiscussioN

The datasets used in most dementia research that involves
feature selection and data driven techniques is called ADNI, e.g.
ADNI-merge. While ADNI datasets are widely used in
Alzheimer’s research, they poses some limitations when used
for feature selection studies aimed at identifying early AD
indicators. This dataset includes neuroimaging data, such as T1-
weighted MRI and FDG-PET scans, and clinical datasets like
cognitive scores, CSF biomarkers, and genetic data. While these
features are important, they may partly represent the entire
dementia spectrum of features necessary for early AD detection.
The reliance on specific imaging data limits the inclusion of
complementary data sources, such as diffusion tensor imaging
(DTI) or longitudinal cognitive assessments. Furthermore,
standardized preprocessing and uniform sampling methods,
while ensuring consistency, might not consider diverse dementia
subgroups or other environmental elements. The dataset’s focus
on clinical trial participants also tends to exclude minority
groups, such as those with varied socioeconomic backgrounds,
limiting its generalizability. These limitations can effect
dementia diagnostic models.

To address the above limitations, more research is required
to expand the data in ADNI repository to include a broader range
of specific items in neuropsychological assessments and
neuroimaging data. Including neuropsychological assessments’
items in ADNI could provide a more in depth understanding of
cognitive decline and at which level of dementia or pre-dementia
like MCI. Moreover, longitudinal data property can capture
changes over time and that may improve the ability of Al and
ML models to identify early dementia progression so the need
to capture the disease progression is fundamental.

Moreover, neuroimaging features related to functional MRI
(fMRI) and amyloid imaging, can offer insights into brain
pathology, complementing other used structural imaging data.
By integrating neuropsychological specific items, fMRI, and
biomarker pathological features, the data driven model would
address specific issues related to understanding features of AD
at the early stages of the disease. Features like APOE, tau protein
levels, and biomarkers could further enhance the models by
linking molecular findings with imaging and cognitive features,
providing a comprehensive view of AD progression.

These future dementia pathology data inclusions would
benefit ML diagnostic models by enabling them to analyze
multi-modal datasets, leading to better identification of early
dementia indicators. Incorporating these advanced features
would allow data driven models to improve accuracy of the

diagnosis and reduce overfitting. For clinicians, these
enhancements would translate into knowledge that goes beyond
conventional methods, offering a n intelligent Al diagnostic
framework. Moreover, a more inclusive dataset would ensure
that diagnostic models are relevant to a wider range of clinical
scenarios, contributing to effective healthcare computer aided
tools. In the future, we will expand the work to investigate also
a critical factor that may contribute to AD progression based on
the disease stages to find out which features may have larger
associations with dementia and at which stage.

Al models that are explainable in nature with feature
selection in AD diagnosis application is also a topic that needs
to be explored further in the near future. Al models that are
explainable can greatly assist clinicians in the pre-diagnosis
stage of AD, especially when combined with robust feature
selection methods like RMAM. Explainable Al (XAI) provides
information into how specific features contribute to predictions,
ensuring that clinicians can understand the model’s
recommendations. By highlighting these features in an
interpretable manner, XAl models allow clinicians to validate
the information and use it in developing intervention plans,
reducing uncertainty in clinical decisions. Feature selection
further enhances this process by ensuring that only the most
relevant and interpretable features are included in the model,
minimizing further feature redundancy.

The integration of XAl and feature selection enables models
to provide explanations, such as ranking in detecting AD. This
explanation can aid the process of retaining indicators and
support healthcare by connecting specific features to potential
interventions. For example, if a model identifies tau protein
levels and certain cognitive decline as critical factors, clinicians
can prioritize diagnostic tests or treatments targeting these areas.

IV. CONCLUSION

This paper highlights the role of feature selection in
developing data driven models for early dementia detection,
with focus on studies from the ADNI datasets offering a rich
array of cognitive, imaging, and biomarker features. While
ADNI provides a diverse foundation, one limitation remains the
absence of specific diagnostic progression labels, which
constrains research focused on modeling the continuous stages
of disease advancement. As such, there is a need for more
longitudinal studies and enriched labeling within ADNI to better
capture disease trajectories over time. Additionally, relying
solely on feature selection is insufficient to address the
complexities of dementia diagnostics. Integrating explainable
Al (XAI) models, such as SHAP (SHapley Additive
exPlanations), LIME (Local Interpretable Model-agnostic
Explanations), and counterfactual explanations, can enhance
clinician trust by showing how specific features such as tau
protein levels or hippocampal volume contribute to predictions.
These models offer transparent, case-level insights, enabling
clinicians to validate model outputs. Future research should
focus on enhancing ADNI datasets with detailed progression
labels and multi-modal data integration, alongside employing
deep learning with XAI techniques. This combined approach
can drive the development of interpretable, robust models that
support early dementia diagnosis and inform clinical
interventions effectively.
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