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Abstract
As society experiences accelerated ageing, understanding the complex biological processes of human ageing, which are
affected by a large number of variables and factors, becomes increasingly crucial. Artificial intelligence (AI) presents a
promising avenue for ageing research, offering the ability to detect patterns, make accurate predictions, and extract valuable
insights from large volumes of complex, heterogeneous data. As ageing research increasingly leverages AI techniques, we
present a timely systematic literature review to explore the current state-of-the-art in this field following a rigorous and
transparent review methodology. As a result, a total of 77 articles have been identified, summarised, and categorised based
on their characteristics. AI techniques, such as machine learning and deep learning, have been extensively used to analyse
diverse datasets, comprising imaging, genetic, behavioural, and contextual data. Findings showcase the potential of AI in
predicting age-related outcomes, developing ageing biomarkers, and determining factors associated with healthy ageing.
However, challenges related to data quality, interpretability of AI models, and privacy and ethical considerations have also
been identified. Despite the advancements, novel approaches suggest that there is still room for improvement to provide
personalised AI-driven healthcare services and promote active ageing initiatives with the ultimate goal of enhancing the
quality of life and well-being of older adults.
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1 Introduction

Recent health and socio-economic developments are lead-
ing to an ageing society, characterised by the growth of
the world’s population and the increase in average life
expectancy. Consequently, the number of persons aged 65
or over is estimated to double by 2050, reaching 1.6 billion

B Edgar Batista
edgar.batista@urv.cat

Mary Carlota Bernal
mary.bernal@estudiants.urv.cat

Antoni Martínez-Ballesté
antoni.martinez@urv.cat

Agusti Solanas
agusti.solanas@urv.cat

1 Smart Technologies Research Group, Department of
Computer Engineering and Mathematics, Universitat Rovira i
Virgili, Av. Països Catalans 26, 43007 Tarragona, Spain

2 Facultad de Ingenierías, Centro de Crecimiento Empresarial -
MACONDOLAB, Universidad Simón Bolívar, Av. 3, 13-34,
Cúcuta, Colombia

globally [1]. This demographic shift is unsurprisingly forcing
global institutions to prioritise initiatives promoting active
ageing, such as the Sustainable Development Goals [2] and
the Decade of Healthy Ageing (2021-2030) [3]. These initia-
tives aim to establish frameworks towards healthy lifestyles
and overall well-being among the elderly cohort.

Understanding ageing is far fromstraightforward due to its
multidisciplinary nature, encompassing changes in various
aspects of human life, including physical, metabolic, psy-
chological, social, emotional, and functional. Recently, the
World Health Organisation proposed an innovative model
aimed at reshaping clinical practices in elderly healthcare,
shifting the focus from a disease-centred approach to one
centred around function [4]. Within this framework, the con-
cept of functional ability [3] emerges to refer to people’s
abilities (physical, cognitive, social…) to perform their daily
living activities according to their basic needs. The func-
tional ability of an individual is determined by three main
factors: (i) their intrinsic capacity (i.e., physical and men-
tal capacities, namely locomotor, sensory, vitality, cognition,
and psychological), (ii) the environment in which they live
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(i.e., context), and (iii) how they interact with that envi-
ronment. This approach offers a new perspective in ageing
focusing not on disease but on a holistic understanding that
embraces the positive aspects of ageing.

As the ageing of society is an unavoidable reality, health-
care providers must prepare to meet the increasing demand
for clinical and public health services, especially in primary
care and long-term care [5]. Current healthcare paradigms,
such as smart health [6], leveraging technological advances
to deliver patient-centred care services tailored to the needs of
older adults [7–10]. Notably, the potential of these paradigms
is expected to grow exponentially with the development of
sensors at nanoscopic scales and the deployment of ultra-
fast data networks with extremely low latency [11, 12]. This
advancement enables the collection, transmission, and anal-
ysis of vast amounts of heterogeneous data, paving the way
for exciting health opportunities, including gaining a com-
prehensive understanding of the ageing processes, ranging
from personalised insights at an intra-body level to broader,
cross-national perspectives.

The increasing demand for data-driven solutions in health-
care has propelled the widespread adoption of artificial
intelligence (AI) [13], which encompasses a broad range
of capabilities from sensory perception to autonomous
decision-making.AI systems outperformhumans in identify-
ing relevant patterns within large sets of complex, non-linear
data through machine learning (ML) and deep learning
(DL) [14, 15]. ML, a subset of AI, is the most common
method for implementing AI, automating data analysis using
algorithms that iteratively recognise patterns and learn from
them. In turn, DL is a subset of ML, employing deep neu-
ral networks that operate on an unsupervised ML approach,
which does not require labelled data. Studies on human age-
ing, which are evidence-based, require extensive datasets,
preferably longitudinal studies that are more likely to cap-
ture declines in intrinsic capacity domains [16]. Hence,
contemporary research on ageing leverages advanced AI
techniques to develop sophisticatedmodels capable of under-
standing and predicting ageing processes, assessing factors
contributing to age-related diseases, developing biomark-
ers, and discovering potential anti-ageing treatments, among
others. Notwithstanding, AI is not a silver bullet solution.
AI-generated models may exhibit biases if trained on inac-
curate, incomplete, or discriminatory datasets. Since data on
elderly population is paramount in research on ageing, these
issues could be exacerbated by digital ageism, and poten-
tially resulting in ineffective AI models [17]. All in all, there
is no doubt that future developments of AI will unleash a new
wave of technological research and innovation in the field of
ageing research.

As the fields of AI and human ageing are getting increas-
ingly intertwined, stakeholders and key players interested
in cutting-edge applications in this arena require a timely

systematic literature review of the existing research. In con-
trast to existing reviews, which do not follow a systematic
methodology or are domain-specific, our study provides a
comprehensive understanding of the role of AI in ageing
research by offering an overview of the current landscape
of AI-enabled applications, as well as the most prominent
datasets and algorithms used. Through a content analysis
approach, we highlight the growing interest from the aca-
demic community and identify three key research streams:
(i) classification and summaryofAI-based applications, tech-
niques, and datasets across ageing research, (ii) evaluation
of the suitability of AI technology to create value in this
field while considering its inherent limitations, and (iii) guid-
ance for researchers and stakeholders by outlining promising
researchdirections, challenges, andopportunities that require
further research.

The remainder of the article is organised as follows.
Section 2 outlines the methodology followed to conduct the
systematic review. The descriptive analysis of the retrieved
literature is presented in Section 3. Then, Section 4 provides
an in-depth discussion on the advancement of AI in ageing
research, focusing on key challenges and sketching research
opportunities that are expected to be relevant in the years
ahead. Finally, Section 5 closes the article with our conclu-
sions.

2 Methods

To provide a rigorous and transparent review, we have
adopted thewell-knownmethodology for systematic reviews
suggested by Brocke et al. [18] along with adhering to
the guidelines of the PRISMA statement [19]. Specifically,
our review methodology encompasses the following phases:
(i) the definition of the review scope, (ii) the contextualisa-
tion of the topic, (iii) the literature search, (iv) the literature
analysis and synthesis, and (v) the definition of a research
agenda.

2.1 Definition of the review scope

The scope of this review is to provide a timely analysis of
the current state-of-the-art about the role of AI in the study
of human ageing. To this end, we examine and classify the
main goals, techniques, and applications proposed by the
scientific community. For the sake of completeness, to align
the systematic review to specific objectives, five research
questions (RQs) have been defined (see Table 1).

The target audience of this review is multi-disciplinary
because it is intended for researchers, practitioners, and
stakeholders in the fields of AI, human ageing, longevity,
and biotechnology. To smoothly guide the reader through
the topic, the review is organised conceptually by grouping
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Table 1 Research questions
addressed in this systematic
literature review

ID Research question Objective Discussion

RQ1 How has AI currently been used for the
study of human ageing?

The goal is to classify and summarise the
main applications of applyingAI in ageing.

Section 3.1

RQ2 What data sources and data types have been
used?

The aim is to identify the main data types
and data sources used to feed AI tech-
niques.

Section 3.2

RQ3 How AI techniques have been used in cur-
rent research on ageing?

The purpose is to identify and classify the
most relevant AI techniques used in ageing
studies.

Section 3.3

RQ4 Which are the main challenges in the field? The purpose is to provide a fruitful discus-
sion on the main challenges in AI-driven
research on ageing.

Section 4.2

RQ5 Whichopportunities remain open for future
research directions?

According to the knowledge acquired from
the literature review, the aim is to pinpoint
the main opportunities in the field to pro-
vide efficient strategies towards them.

Section 4.3

similar ideas from different authors, and the articles from the
literature are examined from a neutral but critical viewpoint.

2.2 Conceptualisation of the topic

This review focuses on twomain topics: AI and ageing. Both
terms are conceptually broad, so it is likely that they are often
referenced using a variety of synonyms and related words.
For the sake of completeness, additional relevant terms have
been included in the search string.

Related terms associated with “artificial intelligence”
were identified using the IEEE Thesaurus [20], which cat-
egorises concepts in engineering and computer science.
This tool offers related terminology and vocabulary from
high-quality scientific sources, including journal articles and
standards. Thus, it is considered a suitable tool for obtain-
ing key terms relevant to this subject of study. Numerous
terms were retrieved and organised based on their semantic
relationships:

• As broader terms, the following results were obtained:
Computational and artificial intelligence.

• As related terms, the following results were obtained:
Autonomous automobiles; Autonomous vehicles; Com-
putational Intelligence; Data Mining; Feedforward Neu-
ral Networks; Generative Adversarial Networks; Inde-
pendent Component Analysis;Machine Ethics;Minimax
techniques; Natural languages; Neural Networks; Neuro-
controllers; Pervasive computing; Posthuman; Prediction
theory; Radial Basis Function networks; Robot learn-
ing; Semantic Web; Software agents; Support Vector
Machines; Synapses.

• As narrower terms, the following results were obtained:
Artificial intelligence accelerators; Affective computing;
Autonomous robots; Bio-inspired computing; Cognitive

systems; Context awareness; Cooperative systems; Deci-
sion support systems; Intelligent systems; Knowledge
based systems; Knowledge engineering; Learning (arti-
ficial intelligence); Learning systems; Machine learning;
Prediction methods; Virtual artifact.

Related terms associated with “ageing” were identified
using the MeSH Thesaurus [21], a comprehensive and con-
trolled vocabulary related to the life sciences curated by the
United States National Library of Medicine. This resources
indexes and catalogues biomedical and health-related infor-
mation. As a result, the following terms were obtained:
Aging; Senescence; Biological aging; Aging, biological.

2.3 Literature search

To guarantee the coverage of high-quality scientific litera-
ture in this review, we selected the Web of Science database
for retrieving publications. The search string was built by
combining the two aforementioned terms sets: one contain-
ing the list of words related to “artificial intelligence”, and
the other one containing the list of words related to “age-
ing”. Moreover, to obtain the broadest possible coverage
on the topic, no timeframe restriction was applied, and the
search stringwas configured to seek across all the article (i.e.,
title, abstract, keywords, full-text, and metadata). Hence, the
resulting search string used to retrieve the literature was as
follows:

ALL ((“Artificial Intelligence” OR “Computational
and artificial intelligence” OR “Autonomous auto-
mobiles” OR “Autonomous vehicles” OR “Computa-
tional intelligence” OR “Data Mining” OR “Feedfor-
ward neural networks” OR “Generative Adversarial
Networks” OR “Independent Component Analysis”
OR “Machine Ethics” OR “Minimax techniques”
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OR “Natural languages” OR “Neural Networks” OR
“Neurocontrollers” OR “Pervasive computing” OR
“Posthuman” OR “Prediction theory” OR “Radial
Basis Function networks” OR “Robot learning” OR
“Semantic Web” OR “Software agents” OR “Support
Vector Machines” OR “Synapses” OR “Artificial intel-
ligence accelerators” OR “Affective computing” OR
“Autonomous robots” OR “Bio-inspired computing”
OR “Cognitive systems” OR “Context awareness” OR
“Cooperative systems” OR “Decision support sys-
tems” OR “Intelligent systems” OR “Knowledge based
systems” OR “Knowledge engineering” OR “Learn-
ing and Artificial Intelligence” OR “Learning systems”
OR “Machine learning” OR “Prediction methods” OR
“Virtual artifact”) AND (“ageing” OR “aging” OR
“senescence” OR “biological aging” OR “ageing, bio-
logical”))

The eligibility of the retrieved literature was evaluated
independently by the authors based on a set of predefined
inclusion and exclusion criteria, described as follows:

• The publication was a peer-reviewed research article.
• The publication was written in English.
• The full-text of the publication was available.
• The publication was published in a Q1 ISI-JCR journal,
or the number of citation of the publication was above the
75th percentile regarding the citations of other retrieved
publications of the same year.

• The publication provided explicit evidence of the use of
AI in the study of human ageing. Thus, publications using
AI to study age-related diseases were excluded if they did
not specifically address research on human ageing.

• Thuspublication explicitly specify theAI techniqueused,
i.e., stating that it uses AI was not sufficient.

• The publication was focused on older adults and the
elderly to provide a more comprehensive understanding
of the ageing experience within these cohorts.

The selection process consisted of two screening phases:
abstract screening and full-text screening. Each publication
was independently evaluated by two reviewers according to
the inclusion criteria. During each phase, each reviewer cat-
egorised the publications as either accepted or rejected. Any
discrepancies were discussed among the reviewers until a
consensus was reached, thus minimising potential reviewer
bias. After this initial search, the first selection of publica-
tions was accepted for inclusion in this review.

From the initial set of selected publications, a reference-
checking phasewas conducted to discover additional studies.
Concretely, two new searcheswere conducted: (i) a backward
search (i.e., reviewing older literature cited in the selected
publications) and (ii) a forward search (i.e., reviewing liter-

ature that have cited the selected publications). Each search
yielded a new set of publications, which were assessed for
eligibility again following the same procedure as in the first
selection. This iterative approach ensures a more thorough
literature search and adds robustness to this systematic lit-
erature review. As a result, a new set of publications was
accepted for inclusion in this review as well.

2.4 Literature analysis and synthesis

After selecting the publications to be included in this review,
accepted publications were rigorously analysed to extract,
characterise, and classify the most relevant information.
Then, a conceptual synthesis was adopted to identify com-
mon topics and characteristics in the publications. For this
reason, the results are discussed from multiple angles, such
as the ageing-related application, the kind of data and age-
ing studies needed, and the AI techniques that have been
employed.

2.5 Definition of a research agenda

Beyond providing an exhaustive review of the current state-
of-the-art in the field, this review helps set the ground for
further research on this topic. Hence, Section 4.3 summarises
potential research directions based on our main findings.

3 Results

A total of 11,586 publications were retrieved from the first
search, queried on 30th December 2023. Several publications
were excluded at first as they did not fulfil some inclusion cri-
teria. Then, 5,823 publicationswere assessed for eligibility in
the abstract screening phase. After that, 5,763were excluded,
mainly because they were not related to human ageing.
Hence, the full-text of 369 publications were screened and
assessed for eligibility. After full-text screening, 300 were
rejected, and 69 publications were accepted to be included
in this review. From those 69 accepted publications in the
first search, the reference-checking phase, conducted on
29th January 2024, yielded 3,639 articles. After removing
duplicated records, already-screened records, and applying
objective inclusion criteria, 2,493 publications remained.
After abstract screening, 2,376 publications were excluded,
and 117 were assessed for eligibility. From those, 8 publica-
tions met all the inclusion criteria and were accepted to be
included in the review. Therefore, a total of 77 publications
are considered in this review. Details of the review method-
ology are depicted in Fig. 1.

A descriptive analysis of the 77 articles reveals a growing
interest of the research community in incorporating AI into
ageing studies.While first studies date back to themid-2000s,
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Fig. 1 PRISMA flowchart of the systematic review
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when AI was gaining attention, over half of the selected arti-
cles (55/77) have been published within the past five years.
This trend demonstrates the need for a timely systematic
review in this field. Moreover, the majority of these articles
have been published in journals within the health and life
sciences domains, where Frontiers in Aging Neuroscience,
NeuroImage,HumanBrainMapping, andGeroScience stand
out.

All 77 articles were thoroughly analysed to extract their
main characteristics in terms of scope, used data, and imple-
mented AI techniques (refer to Table 2 for details). The
gathered informationwas used to conceptualise and establish
robust classification taxonomies that align with the RQs of
this review.

3.1 Taxonomy of AI-based ageing applications

Most authors present AI opportunities within specific appli-
cation domains, such as frailty [57] and biomarkers [98]. In
our study, we provide a generic application-oriented classi-
fication similar to others proposed in similar research [36,
97]. Our approach, however, differs in its utilisation of a
rigorous review methodology, thus providing a more suit-
able framework to illustrate current AI developments and
future trends in ageing research. Consequently, considering
the actual and forthcoming diversity of AI-driven solutions,
we present a more comprehensive and in-depth classification
of AI-enabled applications for ageing (RQ1).

As outlined inTable 2, articles have been classified into six
main application domains: (i) age-related cognitive changes
(34 articles), (ii) age-related physical changes (11 articles),
(iii) age-related sociodemographic changes (7 articles), (iv)
ageing biomarkers (12 articles), (v) factors for healthy ageing
(7 articles), and (vi) review articles (6 articles).

Figure 2 illustrates the evolution of the number of arti-
cles per application domain. We observe that earlier studies
leveraged AI to understand ageing processes according to
the individuals’ physical and cognitive changes. Since the
mid-2010s, the exploitation of biomarkers has been used to
predict the biological age of individuals. This growing inter-
est may be due to the incursion of DL techniques to develop
age predictors that offer newpossibilities for formerly incom-
patible data types. Likewise, it is worth noting that, in the last
three years, there has been a growing interest in identifying
sociodemographic changes and factors for healthy ageing.

3.1.1 Age-related cognitive changes

AI has been extensively employed to explore and anal-
yse the anatomical and functional properties of the brain,
with the aim of comprehending the mechanisms underly-
ing age-related cognitive changes. Early studies (2010–2014)
laid the foundation for understanding how alterations in
brain anatomy affect cognitive function. Typically, anatom-
ical neuroimaging techniques have been applied to identify
structural brain regions affected by ageing. During the lat-
ter half of the 2010s, research focused on comprehensively
analysing the functional connectivity between the brain and
age-related changes, as well as detecting and predicting cog-
nitive impairments such as dementia, Alzheimer’s disease,
and Parkinson’s disease. As research progressed towards pre-
dicting cognitive decline, this structural knowledge was used
to identify risk factors influencing deterioration. The abil-
ity of AI methods to detect subtle and non-linear patterns
in cognitive data facilitates the modelling of complex rela-
tionships between such cognitive variables and potentially
influencing factors, such as genetics, habits, and environ-
ment. Recently, the integration of advanced structural data

Fig. 2 Evolution of the number
of articles per application
domain
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with predictive modelling techniques using multi-modal and
multi-dimensional analyses has led to a more holistic and
precise understanding of how brain changes predetermine
the risk of cognitive decline.

As ageing affects brain regions differently, understanding
structural changes provides valuable insights for the develop-
ment of diagnostic tools. Initial studies identified group-wise
differences in thewhole-brain networkofmacroscopic neural
tracts across populationswith different age distributions [75].
Also, by means of electroencephalography (EEG), Vysata et
al. [87] conducted a retrospective analysis of healthy pro-
fessional drivers and found a decrease in EEG coherence
with age, particularly in the theta and alpha bands asso-
ciated with decreased cortical connectivity. These studies
allowed detailed exploration of the functional connectivity.
In [45], authors investigated the effects of common cardio-
vascular risk factors on grey matter networks within the
neocortex. Negative associations of smoking, higher blood
pressure, elevated glucose levels, and visceral obesity with
structural covariance networks were discovered, suggesting
that reducing these factors could potentially delay late-life
trajectories of grey matter ageing. The study in Salami et al.
[77] revealed a functional connectivity decline within the
anterior medial temporal lobe after age 60, and an elevated
functional connectivity in the posterior medial temporal
lobe that correlateswith episodic-memory decline. Likewise,
Bidelman et al. [26] focused on speech comprehension in
older adults with and without hearing loss, demonstrating
altered brain communication patterns in hearing-impaired
individuals and highlighting the impact of even mild hear-
ing loss on neural signalling and information processing
pathways in the left hemisphere. The work in Schilling
et al. [79], microstructural and macrostructural geometri-
cal features of the brain’s connections were quantified by
examining brain white matter. Their large-scale study indi-
cated that macrostructural features were more sensitive to
heterogeneouswhitematter decline, potentiallymaking them
more useful for studying ageing and enabling comparisons
among various diseases and abnormal conditions. Using a
different approach, Yamada et al. [94] evaluated changes in
brain and cerebrospinal fluid volume with healthy ageing.
Results showed that intracranial cerebrospinal fluid volume
increased linearly because of the decreased brain volume
with ageing, which could help elucidate the pathogenesis of
chronic hydrocephalus in adults. Further research on brain
ageing patterns, aiming to model the evolution of structural
and functional brain changes, has also been conducted by Di
et al. [34] and Sone et al. [81].

Regarding brain functioning, several studies shed light
on the relationship between brain ageing, cognitive func-
tions, and motor skills. For instance, brain-predicted age
difference scores (i.e., the difference between an individ-
ual’s brain-predicted age using neuroimaging data and an

individual’s chronological age) are used to detect acceler-
ated ageing, often associated with increased mortality risk
and poorer physical function. In [27], authors assessed the
correlation between these scores and specific cognitive func-
tions, revealing negative correlations between these scores
and performance across various cognitive domains, includ-
ing visual attention, processing speed, and semantic verbal
fluency. Thus, the authors demonstrated correlations between
increased brain-predicted age differences and reduced cog-
nitive function in domains that are implicated in cognitive
ageing. Indeed, substantial differences in linking brain-
predicted age differences to cognitive measures may appear
depending on the ML algorithm chosen [56]. In this line,
Xiong et al. [92] evaluated the performance of different ML
algorithms and image modalities for brain age prediction.
Authors highlighted that image modality selection is more
important than ML algorithm selection in improving the
accuracy of brain age prediction. This finding has significant
implications for future neuroimaging research endeavours.
By means of structural covariance networks, the study in
Koini et al. [48] examined the integrity of grey matter net-
workswith age, cognitive performance, and finemotor skills,
revealing positive associations between network disintegra-
tion and higher-order cognitive functions.

To understand the functional basis of cognitive changes
in ageing, researchers have explored default mode (sub-)
networks and recognised changes in resting state networks.
Lindbergh et al. [59] observed that older adults with high
intelligence maintained a more segregated default mode
network profile, while Huang et al. [44] suggested that
age-related network changes are pivotal in understanding
cognitive ageing trajectories and, hence, offer valuable diag-
nostic tools for neurodegenerative diseases. Similarly, the
work in Moezzi et al. [63] aimed to distinguish functional
brain networks in young and older adults, revealing reduced
connectivity in certain frequencybands associatedwith atten-
tion and consciousness during the resting state in older
individuals. The use of resting state data is not new: pre-
vious studies already employed it to compare age-related
differences in major functional brain networks [86], exam-
ine age-related perturbations in various resting state networks
[68], and reorganise functional brain networks as predictors
of age and cognitive performance [53, 61]. Additionally, the
distinctiveness of different neural representations to explain
individual differences in cognitive performance among older
adults was already evaluated by Park et al. [70], which sug-
gested that neural specificity declines are correlated with
cognitive decline.

Beyond ageing, accelerated cognitive deterioration has
proven correlated to a number of factors according to recent
studies. For instance, Ganguli et al. [40] investigated the role
of obesity, diabetes, and other metabolic indices on cogni-
tive decline among older adults. Their findings suggested
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that obesity and even modest degrees of hyperglycemia
could independently predispose individuals to faster cogni-
tive decline. Pereira et al. [71] found associations between
cognitive decline and spatial patterns of tau decomposition.
In [29], authors highlighted the predominant influence of
modifiable factors, such as education and cardiovascular
health, over genetic risks, in predicting Alzheimer’s dis-
ease. Sun et al. [82] observed correlations between lower
pulse pressure, significant stenosis in the posterior circula-
tory artery, and the risk of cognitive decline. Similarly, the
studies in Kimura et al. [47], Noh et al. [66] and Wang et al.
[88] identified physical activity, adequate sleep duration, and
social engagement as crucial factors for guaranteeing proper
cognitive function in older adults. Likewise, Sone et al. [80]
has shown that higher life satisfaction is associated with
“younger” brains, while diabetes and alcohol consumption
negatively impact life satisfaction. However, the effects of
life satisfaction on cognitive function may vary consider-
ably among individuals [49], necessitating further research
to uncover the mechanisms underlying the heterogeneous
effects of life satisfaction on cognitive function.

More recently, innovative technological tools have been
developed to early detect cognitive decline in large pop-
ulation cohorts. Yamada et al. [93] provided empirical
evidence of the capability of automated cognitive assessment
through drawing processes by measuring and analysing sev-
eral drawing-related features such as speed, speed variability,
pressure variability, and pen inclination. Moreover, with the
advent of context-aware environments, plenty of opportu-
nities arise to leverage the vast amount of data collected
from sensors and other IoT devices. For instance, Khodaban-
dehloo et al. [46] proposed continuous remote monitoring of
elderly people to support early detection of cognitive decline
by using data collected within smart homes. The data-driven
nature of this explainable AI solution enables clinicians to
make more accurate diagnoses. Furthermore, the works in
Na [65] and Tan et al. [83] demonstrated the ability of cur-
rent AI techniques to predict cognitive impairment using
easy-to-collect and non-invasive data available at commu-
nity healthcare centres and nursing homes.

3.1.2 Age-related physical changes

Age-related physical changes refer to the transformations
that occur within an individual’s body as they age. These
transformations, generally manifesting as age-related syn-
dromes or conditions, may be accelerated according to the
individual’s quality of life and the degree of active ageing.
The use of AI can help understand these transformations and
pinpoint the most relevant factors to delay them.

Initial studies usedML techniques to evaluate gait decline,
one of the most popular physical impairments among older

adults. The work in Begg and Kamruzzaman [25] identified
different gait patterns between younger individuals and older
adults through the analysis of basic temporal/spatial, kinetic,
and kinematic gait data. Walking differences in terms of gait
velocity were later examined in Yuan et al. [96] using rest-
ing state functional MRI data. Indeed, the authors in Hicks
et al. [43] observed that one-off measurements of absolute
strength and muscle power can help predict mobility and gait
decline. Similarly, the relationship between lower extremity
strength andmobility appears to be influenced by accelerated
brain ageing [85]. Physical changes have also been explored
through indirect calorimetry methodologies, as evidenced by
Paraschiakos et al. [69], who quantified the physical activity
energy expenditure of older people using accelerometer data
and physiological indicators.

Frailty, a syndrome characterised by impairments to mul-
tiple interrelated physiological systems, has been extensively
explored by recent research. In [33], ML models were used
to predict individuals at risk of developing frailty in middle-
aged and older adults. Interestingly enough, authors provided
insights to overcome the encountered imbalance data prob-
lem: far fewer individuals are classified as frail than as
non-frail, which affects the performance of ML models
once predicting the syndrome. By combining undersampling
and oversampling techniques, age, chair-rise test, household
wealth, balance problems, and self-rated health were the
most important frailty predictors. Similarly, Sajeev et al. [76]
identified higher body mass index and distress levels, lower
dexterity, balance problems, incontinence, and poor sleep
quality as key predictors of pre-frailty in adults. Beyond pre-
diction, research interest has extended to strategies for frailty
reversal. Wei et al. [89] demonstrated the feasibility of pre-
dicting the likelihood of older adults successfully reversing
their frailty status after participating in prevention programs.

Sarcopenia, an ageing-associated disorder characterised
by a decline in muscle mass, strength, and function, sig-
nificantly increases the risk of falls, fractures, and physical
disability. In this context, Kwon et al. [52] clustered individ-
uals based on nutritional and health-related factors, aiming
to identify the main risk factors for sarcopenia. Results
indicated that low total energy intake, inadequate levels
of physical activity, a high prevalence of chronic diseases,
and bad habits (e.g., smoking and high alcohol consump-
tion) emerged as predominant risk factors across all groups.
Regarding physical activity, thework byBae et al. [24] devel-
oped aDLmodel for predicting the decline in physical fitness
due to sarcopenia in individuals with potential sarcopenic
symptoms. Results showed that the waist circumference,
body fat percentage, and performance on the timed up-and-
go and sit-and-reach tests were crucial factors for predicting
possible sarcopenia. Sarcopenia can be diagnosed through
medical images, but outlining irregular contours of abdom-
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inal body parts is highly laborious and time-consuming. To
solve this, Gu et al. [41] designed a DL-based method to
automate the segmentation and quantification of body parts
from CT scans, achieving notable accuracy in predicting sar-
copenia.

3.1.3 Age-related sociodemographic changes

Populations and societies as a whole play significant roles
in shaping ageing processes. Contextual changes, such as
social well-being, economic conditions, demographics, and
quality of life and care can indirectly affect individuals’
ageing trajectories. The importance of social relations and
economic aspects in human longevity was early reported in
Ribeiro and Zárate [74]. This corroborated the idea that the
environment is a complex structure and that every part of
it influences how fast biological ageing happens, even on
the prevalence and development of depressive symptoms
in old age [91]. From a longitudinal study in the western
Pacific region, which combined both ageing and low- and
middle-income countries, Molassiotis et al. [64] identified
sociodemographic and socioeconomic developments asmore
important factors to the disease burden among older adults
than the health expenditure, whereas non-communicable dis-
eases contributed the most to shorten life expectancy. By
clustering similar countries, the authors encouraged regional
governments and policymakers to prioritise healthy ageing
through coordinated strategic planning. Later, Santamaria-
Garcia et al. [78] identified a number of demographic, social,
and economic predictors of cognition and functionality in
ageing populations. Also, reducing the level of social depri-
vation among older adults could positively influence their
eating habits and dietary quality, thereby enhancing health
outcomes during ageing [84]. According to the above, con-
sidering sociodemographic data into longitudinal studies is
paramount to understanding individual ageing trajectories
and predicting health status [37] and quality of life [55].

3.1.4 Ageing biomarkers

Ageing biomarkers are objective measures used to assess
individuals’ ageing process and acquire information about
their health and functional status. They help understand the
biological processes of ageing and provide insights into
the underlying causes of age-related diseases. By combin-
ing different types of data, such as gene data, biochemical
measurements, and images, complex AI models can help
practitioners make better predictions about the evolution
of individuals’ ageing. Biomarkers are hence useful to
develop novel therapies and prevention strategies to delay
ageing effects. According to the type of data used, biomark-
ers are classified into imaging biomarkers (when using

images), molecular biomarkers (when using genomic data),
and functional biomarkers (when using haematological data
or physiological traits, among others).

Regarding imaging biomarkers, research has centred on
brain age prediction to understand the relationship between
age and brain morphometrics in the human developmental
and ageing process. Studies using magnetic resonance imag-
ing (MRI) have shown that the brain undergoes age-related
neuroanatomical changes both regionally and at the net-
work level during ageing. Hence, brain age became an early
imaging-based biomarker of neural ageing and a potential
biomarker for understanding neurodegenerative and age-
associated brain diseases [30]. Later, Cole et al. [31] revealed
that a brain-predicted age indicative of an older-appearing
brain was associated with several aspects, such as weaker
grip strength, poorer lung function, slower walking speed,
lower fluid intelligence, higher allostatic load, and increased
mortality risk. Brain age has been predicted with high accu-
racy from multiple ways, including topological changes of
the brain structural connectivity [58], brain network perspec-
tive [51], the measures of grey matter morphology, white
matter microstructure, and resting state functional connec-
tivity [54], and structural MRI in combination with blood
parameters [73].

Regarding molecular biomarkers, gene expression profil-
ing is widely used to measure or estimate the passage of time
in terms of molecular or genetic changes in organisms. These
biomarkers are founded on the idea that concrete biological
changes at the molecular or genetic level predictably accu-
mulate over time. Specifically, the work by Freitas et al. [39]
proposed a data mining approach to discriminate between
ageing-related and non-ageing-related DNA repair genes.
More recently, Mamoshina et al. [60] developed a tissue-
specific biomarker using differential gene expression and
pathway analysis to compare signatures of young and old
muscle tissues. Supported by the highly accurate prediction
results obtained, this kind of biomarkers can be used to iden-
tify new molecular targets for anti-ageing therapies. Also,
the study in Fielding et al. [38] showed significant associa-
tions between cellular senescence biomarkers and physical
performance decline in older adults.

System-widemetabolic changes can also be linked to age-
ing to develop functional biomarkers. In particular, blood
tests have shown promise in predicting human chronolog-
ical age, with markers such as albumin, glucose, alkaline
phosphatase, urea, and erythrocytes emerging as particularly
relevant indicators [72]. Upon that concept, Gullett et al.
[42] later suggested microRNA as a reliable blood-based
biomarker of cognitive ageing, and Nusinovici et al. [67]
developed a retinal biological age biomarker using retinal
photos, demonstrating its efficacy in predictingmortality and
morbidity associated with cardiovascular diseases and can-
cer.
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3.1.5 Factors for healthy ageing

Several articles focus on investigating and understanding
the factors that contribute the most to active ageing and
the prevention of diseases and disabilities. These studies are
paramount to develop effective health interventions and poli-
cies aimed at promoting not only healthy and active ageing
but also improving the quality of life of the elderly.

Sociodemographic, socioeconomic, and psychosocial fac-
tors play a crucial role in healthy ageing [28, 62]. For
instance, Ahmadi et al. [22] observed that life satisfaction,
quality of life, and social relationships were key factors in
predicting successful ageing. Similarly, Yu et al. [95] found
that factors such as the place of residency, household type,
and neighbourhood infrastructure and facilities influenced
domain-specific determinants of active ageing. Moreover,
the impact of combined daily activities on memory decline
was investigated in Krakovska et al. [50]. Authors showed
that engaging in various activities had a stronger effect on
memory decline, suggesting the potential efficacy of health
policies promoting conducting diverse and multiple activi-
ties.

Leveraging computational biology, Cruces-Salguero et al.
[32] recently conducted a study on centenarian individu-
als to identify the key characteristics associated with this
demographic. Their research emphasised factors such as the
number of diseases, medication usage, frequency of medical
consultations, and levels of haemoglobin. Notwithstanding,
conducting prolonged studies on humans to understand the
diverse nature of the ageing processes is impractical. For this
reason, Ala-Korpela et al. [23] investigated whether cross-
sectional modelling could differentiate between slow and
accelerated ageing in a human population. Results indicated
a lack of evidence suggesting that cross-sectional modelling
of ageing provides insights into the rate at which an individ-
ual’s metabolic profiles change over time.

3.1.6 Reviews

As observed, the application of AI in ageing has gathered the
attention of the research community over the years. Thus,
previous literature reviews have already been elaborated to
organise and summarise existing studies in this field. For
instance, the works in Fabris et al. [35] and Farrell et al. [36]
examined studies that used supervisedML algorithms to gain
insights into ageing processes, including the development of
data-driven systems-level models. In [97], authors presented
a holistic vision of the use of AI in ageing and longevity
research, while the particular benefits of ageing biomarkers
based on DL techniques were explored in Zhavoronkov and
Mamoshina [98]. Interestingly enough, the authors inWood-
man andMangoni [90] presented a thorough overview of the
application of AI in geriatric medicine in older populations,

where ageing is a key component. Notwithstanding, all these
works present methodological limitations. As a systematic
study, Leghissa et al. [57] recently explored the use of ML
and DL for detecting and predicting frailty in elderly people.
For comparative purposes, Table 3 outlines the main char-
acteristics of these reviews and highlights how our literature
review differs from them.

3.2 Data in ageing studies: Types and sources

Research on human ageing, especially when adopting AI-
driven strategies, relies on data. A wide range of data types
has been used, as indicated in Table 2 and graphically
depicted in Fig. 3. This section aims to identify the most
relevant data types and data sources in ageing studies (RQ2).

Biomedical data are the most prominent group of data
types by providing health parameters and physiological
markers that help study ageing phenomena at a microscopic
scale. In this group, we highlight the different types of tech-
niques to produce in-body images, such as MRI scans [27,
30, 31, 44, 45, 48, 51, 53, 54, 56, 58, 59, 61, 68, 70, 73, 75,
77, 79–81, 83, 85, 92, 94, 96], positron emission tomogra-
phy (PET) scans [34, 71], and computed tomography (CT)
scans [41]. In this context, most MRI images are brain scans
to identify cognitive changes by determining the functional
activity of brain regions along ageing as well as discover
novel biomarkers. Besides images, biochemical blood mea-
surements [23, 38, 40, 45, 72, 73, 83] and genetic data [39,
42, 60] are usually used in addition to more generic clini-
cal and physical information (e.g., muscle strength, balance,
endurance…).

Cognitive data help interpret the complexity ofmental and
neuropsychological dimensions of individuals by means of
cognitive assessment tests (e.g., Mini-Mental State Exam-
ination) [47, 93] and neuropsychological tests [40, 48, 83].
Another commonly used kind of data is behavioural data,
which provide observable patterns of individuals. These data
are generally used to detect and predict pattern changes over
time due to ageing. In this context, gait analysis uses spa-
tiotemporal, kinetic, and kinematic measurements collected
from inertial sensors and motion cameras [25, 43, 55, 66,
85, 96]. Lastly, contextual data refer to background informa-
tion providing perspective and a broader understanding of
individuals, such as social, economic and demographic indi-
cators [32, 43, 47], wearable- and smart home IoT-collected
data [46, 69], and other data collected through surveys [22,
23, 28, 29, 33, 37, 49, 50, 52, 55, 62, 64, 65, 74, 76, 78, 83,
84, 88, 89, 91, 95].

Some studies do not only use a single type of data but
combine and integrate multiple types of data [23, 32, 38,
40, 43, 45, 47, 48, 52, 54, 55, 69, 73, 76, 83, 85, 89,
93, 96]. Particularly, imaging data are usually combined
with other data types, such as blood biochemistry, phys-
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Fig. 3 Summary of the types of data used in ageing research. Legend:
{BB: Blood biochemistry, CA: Cognitive assessment test, CD: Clinical
data, CT: Computed tomography scan, D: Demographic, DW:Drawing,
DXA: Dual-energy X-ray absorptiometry measurements, EEG: Elec-
troencephalogram, FA: Functional assessment, GE: Gene expression

profile, GT: Gait test, IoT: Internet of Things sensors, MRA: Magnetic
resonance angiography scan, MRI: Magnetic resonance imaging scan,
NP:Neuropsychological test, PET: Positron emission tomography scan,
PM: Physical measures, RE: Retinal photographs, S: Survey}

ical measurements, neuropsychological tests, and surveys.
This multidimensional approach enriches the understanding
of factors influencing ageing, their impact on health, and
the development of targeted interventions to promote healthy
ageing and the well-being of older populations.

To foster research on ageing, different populations have
been studied through longitudinal ageing datasets. These
datasets have been analysed using AI techniques by some

of these works, such as the China Health and Retirement
Longitudinal Study (CHARLS) [95], the Chinese Longitudi-
nal Healthy Longevity Survey (CLHLS) [88], the Colombian
Survey on Health, Well-Being, and Aging (SABE) [78], the
English Longitudinal Study ofAging (ELSA) [28, 33, 37, 49,
74], the Korean Longitudinal Study of Aging (KLoSA) [65],
the Health and Retirement Study (HRS) [29, 49, 50], and the
Genotype-Tissue Expression (GTEx) [60], among others. A

123



11964 M.C. Bernal et al.

Ta
bl
e
4

C
ha
ra
ct
er
is
tic

s
of

pu
bl
ic
da
ta
se
ts
fo
r
re
se
ar
ch

on
ag
ei
ng

N
am

e
D
at
a

D
es
cr
ip
tio

n
C
ou

nt
ry
/

Pe
ri
od

N
um

.p
ar
tic

i-
A
ge

di
s-

ty
pe

a
R
eg
io
nb

pa
nt
s
(a
pr
ox
.)

tr
ib
ut
io
n

A
D
N
I:

A
lz
he
im

er
’s

D
is
ea
se

N
eu
-

ro
im

ag
in
g
In
iti
at
iv
e

I
L
on

gi
tu
di
na
l,
pr
os
pe
ct
iv
e
an
d
na
tu
ra
lis
tic

da
ta
,i
nc
lu
di
ng

M
R
Ia
nd

PE
T
im

ag
es
,g
en
et
ic
s,
co
gn

iti
ve

te
st
s,
an
d
bl
oo

d
bi
om

ar
ke
rs

fo
r
st
ud
yi
ng

no
rm

al
co
gn
iti
ve

ag
ei
ng
,
m
ild

co
gn

iti
ve

im
pa
ir
m
en
t,
an
d
A
lz
he
im

er
’s
di
se
as
e.

N
A

20
04
-2
02
3

30
,0
00

52
-9
0
yo

C
H
A
R
L
S:
C
hi
na

H
ea
lth

an
d
R
et
ir
e-

m
en
tL

on
gi
tu
di
na
lS

tu
dy

S
Q
ue
st
io
nn
ai
re
s

ab
ou
t

de
m
og
ra
ph
ic
s,

fa
m
ily

st
ru
c-

tu
re
/tr
an
sf
er
,
he
al
th

st
at
us

an
d
fu
nc
tio

ni
ng

,
bi
om

ar
ke
rs
,

he
al
th

ca
re

an
d
in
su
ra
nc
e,
w
or
k,

re
tir
em

en
ta
nd

pe
ns
io
n,

in
co
m
e
an
d
co
ns
um

pt
io
n,

as
se
ts
(i
nd
iv
id
ua
l
an
d
ho
us
e-

ho
ld
),
an
d
co
m
m
un
ity

le
ve
li
nf
or
m
at
io
n.

C
N

20
11
-2
02
0

90
,0
00

≥
45

yo

C
L
H
L
S:

C
hi
ne
se

L
on
gi
tu
di
na
l

H
ea
lth

y
L
on
ge
vi
ty

Su
rv
ey

S
Q
ue
st
io
nn

ai
re
s
ab
ou

t
fa
m
ily

st
ru
ct
ur
e,

liv
in
g
ar
ra
ng

e-
m
en
ts
an
d
pr
ox

im
ity

to
ch
ild

re
n,
ac
tiv

iti
es

of
da
ily

liv
in
g,

ph
ys
ic
al

pe
rf
or
m
an
ce
,
se
lf
-r
at
ed

he
al
th
,
se
lf
-e
va
lu
at
io
n

of
lif
e
sa
tis
fa
ct
io
n,
co
gn

iti
ve

fu
nc
tio

ni
ng

,c
hr
on

ic
di
se
as
e

pr
ev
al
en
ce
,
ca
re

ne
ed
s
an
d
co
st
s,
pa
rt
ic
ip
at
io
n
in

so
ci
al

ac
tiv

iti
es
,
di
et
,
sm

ok
in
g
an
d
dr
in
ki
ng

be
ha
vi
ou
rs
,
ps
y-

ch
ol
og

ic
al

ch
ar
ac
te
ri
st
ic
s,
ec
on

om
ic

re
so
ur
ce
s,
an
d
ca
re

gi
vi
ng

an
d
fa
m
ily

su
pp
or
t.

C
N

19
98
-2
02
1

10
0,
00
0

≥
35

yo

E
L
SA

:E
ng
lis
h
L
on
gi
tu
di
na
lS

tu
dy

of
A
ge
in
g

S
D
at
a

ab
ou
t
ho
us
eh
ol
d

an
d

in
di
vi
du
al

de
m
og
ra
ph
ic
s,

he
al
th
,p
hy
si
ca
l,
ps
yc
ho

so
ci
al
,s
oc
ia
lc
ar
e,
w
or
k
an
d
pe
n-

si
on
s,

in
co
m
e
an
d
as
se
ts
,
ho
us
in
g,

co
gn
iti
ve

fu
nc
tio

n,
so
ci
al

pa
rt
ic
ip
at
io
n,

vo
lu
nt
ar
y
w
or
k
an
d
ca
ri
ng
,
ex
pe
c-

ta
tio

ns
,w

al
ki
ng

sp
ee
d,

an
d
w
ei
gh
t.

U
K

20
02
-2
02
2

19
,0
00

≥
50

yo

G
en
A
ge
:

T
he

A
ge
in
g

G
en
e

D
at
ab
as
e

G
E

R
ef
er
en
ce

da
ta
ba
se

of
ge
ne
s
re
la
te
d
to

hu
m
an

ag
ei
ng

,
in
cl
ud

in
g
th
e
fe
w

ge
ne
s
di
re
ct
ly

re
la
te
d
to

ag
ei
ng

in
hu
m
an
s
pl
us

th
e
be
st

ca
nd
id
at
e
ge
ne
s
ob
ta
in
ed

fr
om

m
od
el
or
ga
ni
sm

s.

U
nk
.

20
04
-2
02
3

N
/A

N
/A

G
T
E
x:

G
en
ot
yp
e-
T
is
su
e

E
xp
re
s-

si
on

G
E

Pu
bl
ic

re
so
ur
ce

to
st
ud
y
tis
su
e-
sp
ec
ifi
c
ge
ne

ex
pr
es
si
on

an
d
re
gu
la
tio

n,
in
cl
ud
in
g
ge
ne

ex
pr
es
si
on
,
qu
an
tit
at
iv
e

tr
ai
tl
oc
i,
an
d
hi
st
ol
og

y
im

ag
es
.

U
nk
.

20
14
-2
01
6

1,
00
0

21
-7
0
yo

H
R
S:

H
ea
lth

an
d
R
et
ir
em

en
tS

tu
dy

S
In
fo
rm

at
io
n
ab
ou
t
in
co
m
e,

w
or
k,

as
se
ts
,
pe
ns
io
n
pl
an
s,

he
al
th
in
su
ra
nc
e,
di
sa
bi
lit
y,
ph
ys
ic
al
he
al
th
an
d
fu
nc
tio

n-
in
g,

co
gn
iti
ve

fu
nc
tio

ni
ng
,a
nd

he
al
th

ca
re

ex
pe
nd
itu

re
s.

U
S

19
92
-2
02
2

37
,0
00

≥
50

yo

IC
B
M
:

In
te
rn
at
io
na
l

C
on
so
rt
iu
m

fo
r
B
ra
in

M
ap
pi
ng

I
Fo

ur
-d
im

en
si
on
al

pr
ob
ab
ili
st
ic

at
la
s
an
d
re
fe
re
nc
e
sy
s-

te
m

fo
r
th
e
hu

m
an

br
ai
n
ha
vi
ng

de
ta
ile

d
de
m
og

ra
ph

ic
,

cl
in
ic
al
,b
eh
av
io
ur
al
an
d
im

ag
in
g
in
fo
rm

at
io
n.

W
19
95

7,
00
0

18
-9
0
yo

IL
A
S:

I-
L
A
N
L
on
gi
tu
di
na
lA

ge
in
g

St
ud
y

I
D
at
a
ab
ou

t
lif
es
ty
le
,p

hy
si
ca
l
ex
am

in
at
io
n,

m
ed
ic
al

hi
s-

to
ry
,b
lo
od

sa
m
pl
es
,n
eu
ro
ps
yc
ho
lo
gi
ca
lt
es
ts
,b
od
y
co
m
-

po
si
tio

n,
an
d
fr
ai
lty
.

T
W

20
11
-2
02
3

75
8

≥
65

yo

123



Artificial intelligence for the study of human ageing... 11965

Ta
bl
e
4

co
nt
in
ue
d

N
am

e
D
at
a

D
es
cr
ip
tio

n
C
ou

nt
ry
/

Pe
ri
od

N
um

.p
ar
tic

i-
A
ge

di
s-

ty
pe

a
R
eg
io
nb

pa
nt
s
(a
pr
ox
.)

tr
ib
ut
io
n

IX
I:

In
fo
rm

at
io
n

eX
tr
ac
tio

n
fr
om

Im
ag
es

I
M
R

im
ag
es

co
lle

ct
ed

fr
om

no
rm

al
,
he
al
th
y
su
bj
ec
ts

in
th
e
sc
op
e
of

th
e
E
PS

R
C

G
R
/S
21
53
3/
02

pr
oj
ec
t.

T
he

M
R
im

ag
e
ac
qu
is
iti
on

pr
ot
oc
ol

in
cl
ud
es

T
1,

T
2
an
d
PD

-
w
ei
gh

te
d
im

ag
es
,M

R
A

im
ag
es
,a
nd

di
ff
us
io
n-
w
ei
gh

te
d

im
ag
es

(1
5
di
re
ct
io
ns
).

U
K

20
05
-2
00
6

56
1

20
-8
6
yo

K
L
oS

A
:

K
or
ea
n

L
on
gi
tu
di
na
l

St
ud
y
of

A
gi
ng

S
D
at
a

ab
ou
t
in
di
vi
du
al
s’

la
bo
ur

pa
rt
ic
ip
at
io
n,

in
co
m
e

an
d
as
se
ts
ta
tu
s,
sp
en
di
ng

pa
tte

rn
s,
re
tir
em

en
td

ec
is
io
ns
,

im
pa
ct
of

so
ci
al
w
el
fa
re
,h
ea
lth

,a
nd

in
tr
a-
fa
m
ily

tr
an
sf
er

of
in
co
m
e,
am

on
g
ot
he
rs
.

K
R

20
06
-2
01
8

10
,0
00

≥
45

yo

L
ot
hi
an

B
ir
th

C
oh
or
t1

93
6

G
E
,I

Fo
llo

w
up

st
ud
y
of

th
e
Sc
ot
tis
h
M
en
ta
l
Su

rv
ey

of
19
47
,

w
hi
ch

te
st
ed

th
e
in
te
lli
ge
nc
e
of

al
m
os
t
ev
er
y
ch
ild

in
L
ot
hi
an

bo
rn

in
19
36
,
in

or
de
r
to

de
te
rm

in
e
co
gn
iti
ve

ag
ei
ng

an
d
un
de
rs
ta
nd

ho
w
ch
ild

ho
od

so
ci
al
ba
ck
gr
ou
nd

an
d
in
te
lli
ge
nc
e
co
nt
ri
bu
te
to

ph
ys
ic
al
an
d
m
en
ta
lh

ea
lth

in
ol
de
r
ag
e.

U
K

20
04
-2
01
4

1,
09
1

68
-7
8
yo

PO
B
A
:
Ps
yc
ho
ph
ys
io
lo
gi
ca
l
O
ut
-

co
m
es

of
B
ra
in

A
tr
op
hy

I
A

hu
nd
re
d
fe
at
ur
es

re
fle
ct
in
g
th
e
ov
er
al
l
ps
yc
ho
ph
ys
i-

ol
og
ic
al

st
at
us

of
in
di
vi
du
al
s,

co
ve
ri
ng

di
ve
rs
e
as
pe
ct
s

of
co
gn
iti
ve

fu
nc
tio

ni
ng
,b

ot
h
hi
gh
-l
ev
el

an
d
ba
si
c-
le
ve
l

on
es
.

U
nk
.

20
20

23
1

4-
83

yo

SA
B
E
:

C
ol
om

bi
an

Su
rv
ey

on
H
ea
lth

,W
el
l-
B
ei
ng

,a
nd

A
ge
in
g

S
Q
ue
st
io
nn
ai
re
s
ab
ou
ta
ct
iv
e
ag
ei
ng

de
te
rm

in
an
ts
in
cl
ud
-

in
g
an
th
ro
po
m
or
ph
ic
,b
lo
od

pr
es
su
re
m
ea
su
re
m
en
t,
ph
ys
-

ic
al

fu
nc
tio

n,
an
d
bi
oc
he
m
ic
al

an
d
ha
em

at
ol
og

ic
al

m
ea
-

su
re
s,
a
su
bs
am

pl
e
su
rv
ey

am
on
g
fa
m
ily

ca
re
gi
ve
rs
,a
nd

a
qu

al
ita

tiv
e
st
ud

y
w
ith

ge
nd

er
an
d
cu
ltu

ra
lp

er
sp
ec
tiv

es
of

qu
al
ity

of
lif
e.

C
O

20
15

23
,0
00

≥
60

yo

T
IL
D
A
:

T
he

Ir
is
h

L
on
gi
tu
di
na
l

St
ud
y
on

A
ge
in
g

S
Q
ue
st
io
nn

ai
re
s
ab
ou

t
he
al
th

st
at
us
,
m
ed
ic
al

ca
re
,
pr
e-

ve
nt
iv
e
m
ed
ic
in
e,

lif
es
ty
le
,
ag
ei
ng

pe
rc
ep
tio

n,
lif
es
ty
le
,

so
ci
al

pa
rt
ic
ip
at
io
n,

so
ci
al

be
ha
vi
ou

r,
fa
m
ily

an
d
so
ci
al

su
pp

or
t,
ca
re
,i
nc
om

e,
as
se
ts
,a
nd

em
pl
oy
m
en
t.

IE
20
09
-2
02
2

8,
50
0

≥
50

yo

U
K
B
io
ba
nk

G
E

L
ar
ge
-s
ca
le

bi
om

ed
ic
al

da
ta
ba
se

an
d
re
se
ar
ch

re
so
ur
ce

co
nt
ai
ni
ng

de
-i
de
nt
ifi
ed

ge
ne
tic

,
lif
es
ty
le

an
d

he
al
th

in
fo
rm

at
io
n
an
d
bi
ol
og

ic
al
sa
m
pl
es
.

U
K

20
06
-2
01
0

50
0,
00
0

38
-7
3
yo

a
D
at
a
ty
pe
=
{G

E
:G

en
e
ex
pr
es
si
on

pr
ofi

le
,I
:I
m
ag
in
g,

S:
Su

rv
ey
}

b
C
ou

nt
ry
/R
eg
io
n=

{C
O
:C

ol
om

bi
a,
C
N
:C

hi
na
,I
E
:I
re
la
nd

,K
R
:S

ou
th

K
or
ea
,N

A
:N

or
th

A
m
er
ic
a,
T
W
:T

ai
w
an
,U

S:
U
ni
te
d
St
at
es
,U

K
:U

ni
te
d
K
in
gd

om
,U

nk
.=
U
nk
no
w
n,

W
:W

or
ld
w
id
e}

123



11966 M.C. Bernal et al.

description of the most well-known public datasets intended
for research on ageing is provided in Table 4. As observed,
these datasets consider small populations (thousands of indi-
viduals), which hinders the ability to extrapolate results to
larger scales, e.g., at a national level. The high cost to create
these datasets (technical infrastructure, human resources…)
is certainly a limiting factor.

3.3 AI techniques: approaches and classification

Research on ageing leverages AI techniques, particularly
ML techniques, to extract meaningful knowledge from vast
amounts of data (see Table 2 and Fig. 4). This section aims to
identify and classify the most commonly used AI techniques
(RQ3).

ML is a discipline within the field of AI which, by means
of algorithms, provides computers with the ability to iden-
tify complex patterns from large amounts of data. Contrary
to rule-based systems or expert systems, which require a set
of predefined rules and domain knowledge introduced by
experts, ML algorithms imitate the way that humans learn
without being explicitly programmed. ML models are hence
useful to explore associations and make more accurate clas-
sifications and predictions than their statistical counterparts
and confer greater flexibility when modelling unstructured
and nonlinear data. However, ML models require large data
samples, which are not always possible, to achieve high accu-
racy and have been criticised in the latest years for their lack
of interpretability and explainability [99].

The studies of this systematic review leverage ML
techniques for different purposes, namely prediction (i.e.,
estimating or forecasting future values or outcomes using
historical data or observed characteristics), detection (i.e.,
identifying the presence or absence of specific events or
patterns in datasets), classification (i.e., assigning data to
groups or predefined classes based on their characteristics),
and association (i.e., identifying relationships and connec-
tions among elements in datasets). As reported in Table 2,
more than half of the studies reviewed concentrate on pre-
diction tasks (58%), followed by detection and classification
tasks (20%and 18%, respectively), whereas association tasks
have little relevance (4%).

Supervised andunsupervised learning are examples of two
different types of ML approaches. On the one hand, super-
vised learning algorithms are trained on a set of labelled
data, i.e., the input data is paired with the desired output, so
they learn to predict the output from new input data. Super-
vised learning is often used for classification, regression, and
object detection tasks.On the other hand, unsupervised learn-
ing algorithms are trained on a set of unlabelled data, i.e., the
input data is not paired with the desired output, so they learn
to find patterns and relationships in the data. Unsupervised

learning is often used for tasks such as clustering, dimension-
ality reduction, feature selection, and anomaly detection.

One of the most extensively used supervised ML algo-
rithms is support vector machines (SVM), useful to solve
both complex classification and regression problems by per-
forming optimal data transformations that determine bound-
aries between data points based on predefined classes in a
multidimensional space. In ageing studies, SVMs have been
helpful in automatically recognising ageing-related changes
in gait patterns between young and elderly walking [25], dis-
tinguishing age-related differences in biomedical data like
images [61, 63], as well as predicting cognitive impairment
[66, 70], frailty [33], and quality of life indicators [55].
Similarly, classification and regression problems are also
commonly addressed using random forest (RF) and deci-
sion tree (DT) algorithms, which can handle both categorical
and continuous data. DTs are a non-parametric method that
predicts the value of a target variable by learning simple deci-
sion rules inferred from the data features.Ageing studies have
used DTs to develop ageing predictor models from highly-
dimensional datasets [22, 42], predict cognitive decline in
adults using physical and imaging data [66, 82], and clas-
sify longevity profiles from longitudinal data [74]. However,
DTs are prone to overfitting the training data, especiallywhen
trees become very deep or complex, resulting in poor perfor-
mance on new, unseen data. To solve this problem, RFs are
a combination of DTs whose results are accumulated into a
final output. Hence, most studies prefer using RF rather than
DT algorithms. For instance, RF methods have been used to
predict cognitive function and changes [29, 47, 48, 50, 88,
93], classify and predict factors related to successful ageing
and quality of life [22, 28, 76, 95], and detect undesirable
age-related patterns [84].

In the realm of pure ML classification algorithms, the
logistic regression (LgR) algorithm, naive Bayes (NB) algo-
rithm, and linear discriminant analysis (LDA) stand out.
These algorithms help predict discrete outputs, distinguish
between different categories, or identify which of several
classes an observation belongs to. LgR is a fast, scalable
algorithm for binary classifications, especially when there
are no complex relationships among data features, to e.g.,
analyse sarcopenia associations [52], and identify the main
characteristics linked to centenarians [32]. NB is a proba-
bilistic classifier based on theBayes theoremwith the “naive”
assumption of independence among features/predictors, i.e.,
the presence of one particular feature does not affect the other,
which is not always true in the real world. For instance, NB
classifiers were used to discriminate between ageing-related
and non-ageing related DNA repair genes [39]. Multi-class
classification problems are solved using LDA, aimed at find-
ing a linear combination of features that maximises the
separation between two ormore classes. LDA is a fundamen-
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Fig. 4 Summary of the AI
techniques used in ageing
research. Legend: {AB:
AdaBoost, ANN: Artificial
neural network, CaRT:
Classification and regression
tree, CB: CatBoost, CNN:
Convolutional neural network,
DBS: DBSCAN, DR: Dual
regression, DT: Decision tree,
ENET: Elastic net, GB:
GradientBoost, GPR: Gaussian
process regression, H: Holistic
atlases of functional networks
and interactions, ICA:
Independent component
analysis, KM: k-means, KNN:
k-nearest neighbours, Lasso:
Least absolute shrinkage and
selection operator, LDA: Linear
discriminant analysis, LgR:
Logistic regression, LiR: Linear
regression, MCP: Minimax
concave penalty, NB: Naive
Bayes, OLS: Ordinary least
squares regression, PCA:
Principal component analysis,
RF: Random forest, Ridge:
Ridge regression, RNN:
Recurrent neural network, RVR:
Relevance vector regression,
SCA: Smoothly clipped
absolute deviation, SOM:
Self-organised maps, SVM:
Support vector machines, SVR:
Support vector regression, TSC:
Two-step clustering, XGB:
Extreme gradient boosting}
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tal tool in pattern recognition in order to recognise recurring
patterns or structures in data [75].

Whereas ML classification algorithms are intended to
predict or classify discrete values, ML regression algo-
rithms provide prediction tools to investigate the relationship
between a dependent, continuous variable and independent
variables (predictors). The most basic regression model is
linear regression (LiR), which has been successfully used to
predict the physical and mental components associated with
health-related quality of life [55]. However, LiR fails to iden-
tify the most relevant predictor variables, especially when
data is highly dimensional. To overcome this, LiR models
have been adapted to improve variable selection and model
regularisation. Among others, the most popular ones are
Lasso regression, Ridge regression, and Elastic Net (ENET)
regression which combines the Lasso and Ridge regression
models. For instance, these three algorithms performed sim-
ilarly in predicting brain age [51].

Unsupervised learning algorithms are suited for analysing
complex, highly correlated, unlabelled data. One of the
most popular algorithms is independent component analysis
(ICA), which aims to separate and identify the underlying
independent sources in large, multivariate datasets. Hence,
ICA helps extract the most relevant features from data and
understand hidden structures. This technique is suitable for
understanding age-related impairments and ageing factors
by analysing brain signals and brain images [44, 45, 68,
71, 77, 96]. Also, unsupervised learning enables discover-
ing natural groups within data without any prior knowledge.
For instance, groups of similar individuals based on health-
related factors [52] or longevity profiles [74] were identified
using clustering algorithms, such as k-means (KM) and
DBSCAN (DBS) algorithms, respectively.

In recent years, DL, a branch within the ML field, has
gained increasing attention. DL relies on artificial neural
networks (ANN), capable of learning complex and intricate
patterns and relationships within data and, then, using these
patterns to make predictions or decisions about new data.
ANNs are designed to imitate how humans think and learn
by means of layers of interconnected nodes (called neurons)
that work together to apply nonlinear data transformations.
By building computational models with multiple processing
layers, networks can create multiple levels of abstraction to
represent the data. Ageing studies have taken advantage of
ANNs to predict sarcopenia [24] and ageing-related cognitive
variables [53], as well as to develop ageing biomarkers [58,
60, 72]. There are different types ofANNs for solving specific
tasks.On the one hand, convolutional neural networks (CNN)
are prevalent in image processing, such asMRI andCT scans,
for predicting brain age [30, 73], biological age [67] and
sarcopenia [41], and detecting brain changes [79, 94]. On
the other hand, recurrent neural networks (RNN) work with
sequential or temporal data to estimate, for instance, mortal-

ity using the history of previous health states [37], or physical
activity energy expenditure using sensor data [69].

Most research studies employing AI techniques, includ-
ing those reviewed in this systematic review, only focus
on the performance of their models, often neglecting the
interpretability and explainability of such AI models. The
black-box nature of ML models, which are unable to pro-
vide clear explanations for their decisions, results in a
lack of transparency. This has prompted the emergence of
explainable AI (XAI) [100], the next frontier in AI research.
XAI encompasses a set of processes and methods designed
to enable humans to comprehend and trust the outcomes
generated by ML algorithms. In this review, only four stud-
ies have considered this approach. Concretely, Bae et al.
[24] employed the SHapley Additive exPlanations (SHAP)
and the Local Interpretable Model-Agnostic Explanations
(LIME) methods to assess the functioning of the AI model’s
predictions, which helped the authors understand which
characteristics contributed most significantly to predicting
sarcopenia. Similarly, [89, 93] evaluated their resulting AI
models using the SHAP method. Finally, Khodabandehloo
et al. [46] presented a novel architecture with a built-in AI
explanatory module designed to detect symptoms of cog-
nitive decline, thereby enhancing support for clinicians in
diagnostic decision-making.

4 Discussion

Despite the progressive research advances in ageing studies,
there is still a long road ahead to foster effective active ageing
initiatives and promote healthy lifestyles among older adults.
Building upon the main findings from the literature, we next
discuss the main challenges in the field (RQ4) and outline
future opportunities for ageing research leveraging the full
potential of AI (RQ5).

4.1 Main findings

As the world’s population ages, the pursuit of a longer
and healthier life has become a priority for scientists and
researchers worldwide. Ageing involves complex biological
processes influenced by various factors, including genetics,
diseases, disorders, social habits, lifestyle, and environmen-
tal exposures [101]. Due to the complexity inherent in these
processes, traditional computing methods are insufficient in
identifying underlying ageing phenomena. In this context,
AI has emerged as a key tool capable of discovering hidden
patterns within large, complex, heterogeneous, and nonlinear
datasets to make accurate age-related predictions. The inte-
gration of AI into the study of human ageing not only yields
a deeper understanding of these processes but also enables
the development of long-term strategies for building preven-
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tative and sustainable healthcare systems. The main findings
of our review are enumerated below.

AI enhances cognitive ageing assessments AI has been
predominantly used to study cognitive changes associated
with ageing, particularly in identifying subtle patterns and
changes in the structure and function of the human brain.
ML techniques demonstrate proficiency in developing com-
plex models from imaging data, especially MRI and PET
scans, to detect or predict abnormal cognitive ageing trajecto-
ries. Specifically, affected brain regions can be assessed with
high precision, and brain biomarkers can be later developed
for the early detection of potential cognitive impairments,
such as dementia. Thus,AI improves cognitive ageing assess-
ment and enables the implementation of personalised and
advanced intervention strategies to promote proper cognitive
health.

AI facilitates early detectionof abnormal physical conditions
AI has proven useful in evaluating age-related physical
changes. ML algorithms are employed to identify patterns
in physical health status and detect early indicators of abnor-
mal conditions such as mobility impairments, sarcopenia,
or frailty, which may increase the risk of falls or functional
decline. Given the predictive nature of such studies, these
insights are crucial for clinicians to intervene at early stages
and implement strategies to mitigate or delay their effects.

Contextual factors influence ageing Beyond physical and
cognitive conditions, contextual factors such as social, eco-
nomic, demographic, and lifestyle variables significantly
influence ageing patterns. Although these aspects were not
traditionally considered in early studies, they are increasingly
being taken into account in more recent research. Adopting
positivist perspectives towards old age enables the devel-
opment of digital health interventions aimed at assisting
individuals inmodifying their daily habits to promote healthy
ageing. By leveraging data from wearable devices and other
IoT sources, AI provides personalised recommendations for
exercise, diet, and other lifestyle factors that could affect the
ageing processes.

DL techniques facilitate biomarkers development As com-
putational capabilities have increased, AI models have
evolved towards more complex structures, mainly using DL
approaches with neural network architectures. These models
can analyse genetic, haematological, molecular, and imag-
ing data, among other sources, to identify biomarkers aimed
at predicting aspects of functional ageing and even facili-
tating specific longevity interventions. Although biomarkers
are objective indicators of the biological ageing process, their
standardisation, validation, and reproducibility are hindered
by biological diversity [102]. Overcoming these obstacles

requires not only sophisticated DL-based models but also a
concerted effort to collect and provide inclusive, diverse, and
longitudinal data to advance research in this arena.

Need for longitudinal datasets Research on ageing requires
longitudinal datasets that track individuals’ health trajec-
tories, lifestyle changes, and socioeconomic circumstances
across multiple waves. These datasets are indispensable for
understanding ageing dynamics upon which AI models are
built to understand ageing processes. While datasets like the
HRS, ELSA, and CHARLS encompass data from thousands
of individuals over decades, most datasets are constrained by
shorter duration and smaller sample sizes due to the elevated
costs involved in their generation.

4.2 Challenges

While AI holds promising potential, several challenges must
be addressed to grasp the full potential of these AI-based
systems for research on ageing. These challenges have been
classified into (i) data challenges, (ii) algorithmic and mod-
elling challenges, and (iii) operational challenges. Regarding
data challenges, the following aspects have been identified:

Data quality and completeness ML algorithms rely heavily
on large amounts of high-quality, complete, consistent, and
noise-free data. Data quality issues and inadequate sample
sizesmay not accurately reflect reality, leading tomodel inef-
ficiencies when applied to new data samples. More extensive
longitudinal datasets are needed to mitigate these limitations
because current publicly available data repositories often
comprise limited population samples.

Data labelling Supervised ML algorithms require labelled
data, which involves standardised assessments and objective
annotation. For example, labelling brain images to distin-
guish between those of healthy adults and those of adults
with cognitive impairments. This annotation process is often
manual and time-consuming, often requiring the expertise of
multiple specialists. Incorporating human knowledge into AI
models (human-in-the-loop [103]) helps identify and correct
data problems, algorithmic biases, and potential erroneous
results.

Accessibility to electronic health records (EHR) EHRs are
a suitable tool to provide standardised, reliable, and inter-
operable health records that facilitate the analysis of health
and physiological parameters, as well as the tracking of
diagnoses, procedures, and interventions across large popu-
lations. The adoption of EHRs in ageing research would sig-
nificantly alleviate data integration and management issues.
However, accessibility to EHRs may be limited due to
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bureaucracy and regulatory obstacles along with high imple-
mentation and maintenance costs, posing serious challenges
in obtaining complete health histories.

Reliability of self-reporteddata Self-reported surveyeddata,
including sociodemographic information, habits, diet, and
test evaluations, allow for frequentmeasurements and precise
projections of ageing’s impact. However, self-reported data
can be non-representative and biased, relying on individuals’
memory and self-perception.

Next, the following challenges related to AI algorithmic
and modelling aspects have been identified:

Lack of generalisation in AI ageing-related models Most
AI-generated models for ageing are ad-hoc solutions trained
on concrete data specific to particular regions and cohorts.
Recent research by Chekroud et al. [104] revealed that ML
models often performwell on one dataset but poorly on other
datasets, indicating a lack of generalisation. Validating ML
models across different contexts is crucial to ensure their
reliability.

Multimodal learning Combining data from various sources
and types, such as biomedical, imaging, demographic, and
contextual data, can achieve a comprehensive understanding
of ageing-related processes. Unfortunately, this is uncom-
mon. Data fusion enables multimodal learning [105] to
improvemodel performance and reduce dependency on large
datasets. However, this presents further challenges including
data quality, granularity, interoperability, and temporal mis-
alignment issues.

Continuous re-evaluation of models As new data waves are
introduced into longitudinal datasets, previously unobserved
patterns or shifts in population characteristics may emerge,
revealing behaviours not detected in the original datasets.
This involves periodic retraining and revalidation of ML
models to ensure their accuracy and relevance. Consequently,
models must adapt to these potential changes to maintain
their performance across evolving datasets. Themaintenance
of thesemodels requires substantial computational resources.

Trustworthiness and interpretability Enhancing the trust-
worthiness of AI algorithms is essential. In line with the XAI
paradigm, efforts should concentrate on developing novel
methods for interpreting AImodels to reduce their black-box
nature.MakingAI decisions comprehensible and explainable
will significantly increase trust in this technology.

Last, the following operational challenges have been iden-
tified within this context:

Computational cost DL-based approaches are computa-
tionally intensive, requiring high-performance computing

infrastructures with elevated computational, memory, stor-
age, and energy consumption costs. While these approaches
are suitable for automatically extracting features and estimat-
ing millions of parameters within models, they also require
extensive amounts of labelled data to achieve high per-
formance, which limits their scalability in real-life ageing
applications.

Data protection and ethical considerations Both data pro-
tection and ethical considerations are fundamental in human
ageing studies. Practices such as anonymising personally
identifiable information, obtaining informed consent, and
implementing strict access controls, as outlined in the EU
General Data Protection Regulation, are necessary. However,
as data collection becomes more opportunistically and ubiq-
uitous through wearables, sensors, and IoT devices, these
aspectsmust be further emphasised. From the ethics perspec-
tive, discriminatory models must be avoided and minority
profiles cannot be disregarded during AI training [106]. In
this context, the recently adopted AI Act within the EU rep-
resents an initial but very important step toward regulating
the use of AI [107, 108].

4.3 Opportunities and promising applications

The intersection of AI and ageing research represents a
promising frontier capable of revolutionising our under-
standing of ageing processes and developing innovative
solutions to promote healthy ageing. Encouraging inter-
disciplinary collaboration among computer scientists, AI
specialists, physicians, ageing researchers, and other pro-
fessionals is crucial for overcoming the aforementioned
challenges. Efforts must be devoted to developing proactive
initiatives and preparing healthcare systems to minimise the
impact of severe age-related diseases and unhealthy ageing
in the years to come. To this end, the main opportunities and
promising application in the field are described below.

Understanding ageing traits The complexity of biologi-
cal processes along with the lack of appropriate analytical
tools hamper the understanding of the interplay of ageing
traits and their role in age-related dysfunction. Although
age-related traits have been identified [109], understanding
their interrelationship across biological, environmental, and
genetic domains remains open. Specifically, DL techniques
are promising in uncovering relationships with cellular func-
tion, tissue-specific physiology, and biomarker development
through the analysis of omics data.

Contextualisation of ageing processes While age-related
factors have traditionally been considered intrinsic, such
as genetics and epigenetic changes, contextual factors like
diet, exercise, lifestyle, and smoking and drinking habits are

123



Artificial intelligence for the study of human ageing... 11971

now recognised for their influence in accelerating the age-
ing process [110]. Analysing these habits, behaviours, and
sociodemographic aspects can reveal different patterns and
dynamics related to human ageing. Continuous collection
and monitoring of these variables are essential for studying
changes at an individual level over time. Promoting studies
that incorporate the analysis of extrinsic and contextual vari-
ables to complement findings from current ageing studies is
desirable.

Augment data collection with Wearable andmobile techno-
logy User-centred biomedical data collected from wear-
able and mobile devices could augment traditional health
records. For instance, these technology can support the auto-
matic monitoring and assessment of intrinsic capacity in
older adults following the practices outlined in the ICOPE
guidelines [111]. This automation enables closer tracking of
patients evolution, beyond traditional physician visits. This
mass sensorisation paves theway to study digital biomarkers,
opening new avenues for research in ageing and healthcare
[112].

Towards context-aware health paradigms Context-aware
paradigms, such as smart health, offer numerous ageing-
oriented solutions. Leveraging data gathered from the user’s
environment (e.g., smart homes, nursing homes…) through
sensors and IoT devices, diverse routines, habits, and patterns
can be detected. These insights enable the provision of per-
sonalised services to older adults, encompassing health status
monitoring, prediction of health trajectories, early detection
of cognitive or physical decline, healthy habits recommen-
dation, and assessment of quality of life and well-being.

Crowdsourcing-based solutions Crowdsourcing-based data
solutions present exciting opportunities for studying human
ageing. This approach involves collecting, labelling, and
classifying large datasets with the help ofmass collaboration,
aiding in the training, validation, and improvement of ML
algorithms. Active participation from the global community
would provide a diverse and extensive dataset. Addressing
data quality issues could help identify risk factors across dif-
ferent cohorts and develop large-scale biomarkers.

5 Conclusion

Population ageing is a global phenomenon that profoundly
impacts economic, social, and health conditions worldwide.
AI is shifting many sectors with groundbreaking technolog-
ical advances, and research on ageing is no exception. The
adoption of AI tools is gradually contributing to improv-
ing our understanding of the ageing processes. However,

the rapid evolution of AI techniques along with the steady
advances in ageing research foster the need for a timely
review of the state-of-the-art in this field. By following a
rigorous review methodology, this article has presented a
systematic literature review of the current knowledge on
AI for ageing research. The research questions outlined in
Table 1 summarise the main goals of our research, which
include summarising the main applications, resources, and
techniques employed in these studies, as well as highlighting
the challenges and promising opportunities in this domain.
These research questions are discussed in order next:

RQ1: How has AI currently been used for the study of
human ageing?

The potential of AI in studying human ageing is vast, but
its application must be justified. In Section 3.1, we have
identified the main goals and scope in which AI has been
adopted to research on ageing. Our analysis categorises stud-
ies into five main areas: (i) age-related cognitive changes,
(ii) age-related physical changes, (iii) age-related sociode-
mographic changes, (iv) ageing biomarkers, and (v) factors
for healthy ageing. This taxonomy helps identify the main
research areas where AI can make significant contributions.
While the majority of studies fall under the first category,
focusing on usingAI to understand brain function and predict
cognitive decline, the rise of DL techniques holds promise
for developing ageing biomarkers. Each article has been thor-
oughly described by carefully emphasising its objectives and
contributions.

RQ2: What data sources and data types have been
used?

Research on ageing is evidence-based, requiring enorm-
ous datasets to derive meaningful knowledge. In Section 3.2,
we have observed a wide diversity and heterogeneity in the
datasets used for ageing research. Biomedical-related data
is predominant, as expected, but it is worth noting the rele-
vance of imaging data, especially from brain regions taken
from MRI, PET or CT scans. The analysis of physical mea-
surements, genetic data, and blood measurements is relevant
as well. Notwithstanding, there is a growing recognition
of the importance of contextual data, which helps under-
standing ageing considering, not only biomedical data, but
also social, economic, and demographic factors as well as
lifestyle and daily habits. Understanding ageing within its
proper context is essential for developing targeted ageing
initiatives tailored to specific populations. Moreover, to fos-
ter research on ageing, there exist some public datasets from
longitudinal studies.Despite that, these datasets are relatively
small (considering only thousands of individuals), region-
specific (mostly from China and the United States), and
time-constrained (data collected within a decade or less).
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Addressing these limitations and promoting more compre-
hensive longitudinal studies, despite their associated costs,
is critical to accelerating the pace of ageing research.

RQ3: How AI techniques have been used in current
research on ageing?

The number of AI techniques employed for ageing
research is vast, as observed in Section 3.3.WhileMLmodels
are well-suited for classification, prediction, and clustering
tasks,DLmodels are gainingpopularity due to their increased
efficiency, but at the price of higher computational costs. In a
nutshell, SVM, RF, and ANN emerge as the most prominent
techniques in the field. However, these methods generally
lack interpretability and explainability. To improve the trans-
parencyofAI-madedecisions, studies are starting to integrate
XAI approaches, although their adoption will be pivotal in
the years ahead.

RQ4: Which are the main challenges in the field?

As summarised in Section 4.2, continuous efforts are
directed towards refining AI models to better comprehend
ageing processes. However, challenges such as insufficient
data training, data quality issues, and the lack of worldwide
longitudinal datasets demonstrate that there is still a long
road ahead to overcome all data challenges. Relying on data
is first and foremost when adopting AI strategies. Leveraging
the context-aware IoT network could enable seamless collec-
tion of continuous health data from large populations, though
this must be accompanied by efforts to address privacy and
ethical issues. Moreover, there is a pressing need to develop
interpretable and explainable AI methods to reduce their cur-
rent black-box nature. Building trust in these systems will be
crucial for their successful deployment in real-life scenarios.

RQ5: Which opportunities remain open for future
research directions?

Despite the steady progress in the field, research on age-
ing can still evolve rapidly with the latest AI enhancements.
As discussed in Section 4.3, we foresee numerous promis-
ing opportunities within the smart healthcare paradigm
by leveraging the sensing and communication network of
context-aware environments at the time of collecting health
information. This information can help develop personalised
AI-driven healthcare services and promote active ageing ini-
tiatives to improve the quality of life and well-being of older
people.

We believe that the information analysed and the research
questions answered in this review reflect the current state-
of-the-art with high fidelity. As such, this article provides a
fruitful and interdisciplinary ground of research and a clear

overview of the challenges and opportunities that may need
attention in the future.As a final note,we sustain that research
on ageing should not focus on adding years to life, but on
adding life to years.
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