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Introduction

The growing number of older people implies a higher prevalence
of geriatric diseases, among others, dementia. Around 70% of de-
mentia cases are Alzheimer's Disease (AD), about 47 million (Zhu
and Sano 2006; Reitz and Mayeux 2014). AD is a neurodegenera-
tive disease that affects the daily living activities of the patient.
Mild Cognitive Impairment (MCI), on the contrary, is a construct
whose patients do not get the daily activities impaired (R. C. Pe-
tersen 2004). Several levels exist in AD and the prodromal one co-
incides with MCI.

Early diagnosis of AD is a very complex problem due to the lack
of both standardized diagnostic criteria and a specific biomarker
(Ronald C. Petersen et al. 2014). Computational methods, includ-
ing Artificial Neural Networks (ANNs) and Deep Learning (DL) have
been used or developed for both the diagnosis and prognosis of
AD and MCI (Cabrera-Ledn et al. 2024).

Patients with AD require frequent visits to medical infrastructures
to control the progress of the disease, places that can be far or
unavailable when required or for extended periods. Use of eHealth
solutions that integrate different capabilities can help overcome
these issues.

In this work we propose an e-Health system to aid in the early di-
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agnosis and prognosis of AD that can be used in any clinical set-
ting, from primary to specialized care. It incorporates the concept
of Universal Health since it allows to improve medical assistance
in the neurological and geriatric field in disadvantaged or geo-
graphically remote areas, due to the capabilities of this system
to access diagnosis at any time and from any point. The proposed
intelligent early diagnosis support system is based on our ontoge-
netic neural architecture, the Supervised Reconfigurable Growing
Neural Gas (SupeRGNG).

Methodology

The eHealth solution will comprise several modules, similar to
those found in (Suarez-Araujo et al. 2004; P. G. Baez et al. 2015;
Patricio Garcia Baez et al. 2009; Suarez Araujo et al. 2011). The
main ones are the diagnostic and the prognostic ones. For the
former, the SupeRGNG will be used. The integration of the SupeR-
GNG in this multilingual and modular eHealth solution will allow
transnational usage of the system for the early diagnosis of AD.

Additionally, this eHealth solution will include prognostic capabili-
ties. This way, this other module will allow predicting the patient’s
future cognitive impairment severity solely based on the data col-
lected in previous clinical visits.

Regarding the diagnostic system that will be integrated in the
eHealth solution, data from the ADNI database (University of
Southern California 2004) was used to train the SupeRGNG in
which it will be based. 345 MCl and 150 AD were selected from the
ADNI2 study.

Fast Correlation-Based Filtering (FCBF) (Yu and Liu 2003) was
used for feature selection, allowing reducing the input data from
202 multimodal features (including quantitative neuroimaging,
Cerebrospinal Fluid, blood, genes, and neuropsychological tests)
to just 6 attributes from 3 of the former modality. These tests,
which cover both cognitive and functional domains, were the Mini-
Mental State Examination (MMSE) (Folstein, Folstein, and McHugh
1975), the Functional Activities Questionnaire (FAQ) (Pfeffer et al.
1982), and the Alzheimer's Disease Assessment Scale-Cognitive
Subscale (ADAS-Cog) (Rosen, Mohs, and Davis 1984).

The SupeRGNG is a supervised ontogenetic ANN based on the
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unsupervised Growing Neural Gas (Fritzke 1995). Both networks,
as other ontogenic neural architectures do, are able not only to
change their connections during learning, as other ANNs do, but
also to automatically adapt their topology to the problem (Fiesler
1994). These characteristics made them quite suitable for cluster-
ing, data visualization and vector quantization. Its main difference
is the reconfigurable capability: the network decides to discon-
nect wrongly-connected clusters and reconnect previously-erro-
neously-disconnected clusters.

Results

SupeRGNG yielded superb performance results according to sev-
eral metrics in the MCI-AD classification task: accuracy, sensitiv-
ity, and specificity values of 0.98, and an AUC value of 0.97. In the
same classification task, the SupeRGNG obtained similar or even
outperformed a solution that used the same dataset and was
based on the Modular Hybrid Growing Neural Gas (Sosa-Marrero
et al. 2021) and several DL-based solutions that used neuroimag-
ing data from the ADNI database (Hosseini-Asl et al. 2018; Basaia
et al. 2019; Song et al. 2021; Urooj et al. 2021; Rashid et al. 2022).
The SupeRGNG results were stable too.

Conclusions

Early diagnosis of AD is a challenging task. Our novel ontogenetic
neural architecture, the Supervised Reconfigurable Growing Neu-
ral Gas, has demonstrated its adequacy for the fast and reliable
early diagnosis of AD on both primary and specialized care despite
only using data from several non-invasive, easy-to-obtain and
inexpensive neuropsychological tests. Thanks to the good data
preprocessing conducted and the reconfigurable characteristic
of the SupeRGNG, it yielded superior performance results. This
performance was usually like, but sometimes better than, some
state-of-the-art approaches that made use of the expensive and
computer-intensive combination of neuroimaging data and Deep
Learning methods.

The integration of our lightweight intelligent computing system

in @ modular eHealth solution with multi-language capabilities
will aid in the early and differential diagnosis of AD and MCI in
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any transnational medical setting, including sociosanitary insti-
tutions. Controlling the evolution of the subjects with AD or MCI
help improving the quality of life of both these patients and their
caregivers.

Among future works, we may mention the following ones: using
data from other modalities, adapting the eHealth solution to both
PC and mobile infrastructures, including the solution in the re-
gional or national health systems, and integration in the eHealth
solution of models specialized in tackling other ilinesses.
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