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ABSTRACT 

Our work draws attention to digital ageism referring to the nexus of ageism (discrimination or bias related to age) that is 

mediated and perpetuated by artificial intelligent (AI) systems and technologies. Building on the World Health Organization’s 

recently published policy brief entitled “Ageism in AI for Health” and our previous work about digital ageism, this paper aims 

to advance our current understanding and conceptualization of digital ageism in technology and AI systems broadly and beyond 

health alone. To do this, we will 1) elaborate on our conceptual model and the ageist technology-mediated cycles of injustice 

that can produce and reinforce digital ageism; 2) present empirical evidence of our descriptive analysis of seven commonly 

used facial image datasets to highlight data disparities for older adults which will provide real-world evidence that substantiates 

one of the elements in our ageist cycles of injustice; and 3) summarize results from our grey literature search of various grey 

literature databases including the AI ethics guidelines Global Inventory to identify guidance documents that address ageism in 

AI in research or technology development. This paper uniquely contributes conceptual and empirical evidence of digital ageism 

which will advance knowledge in the field and deepen our understanding of how ageism in AI is fostered by broader ageist 

cycles of injustice. Lastly, we will briefly provide future considerations to address digital ageism.  
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1 Introduction 
Artificial Intelligence (AI) in the last decade has been followed by increased attention, and at times outcry, towards 

technological developers and government regulators to combat the presence of bias and discrimination within this 

field [1]. The varieties and sources of racial- and gender-related discrimination in AI are numerous and have affected 

opportunities to access healthcare, fair employment, and fair judicial sentencing. The concern about how societal 

biases are encoded and how they are potentially amplified in AI systems is a threat to equity and inclusivity [2]. Our 

work draws attention to another type of societal bias — discrimination based on age — or ageism, and how this 

implicit bias can influence AI systems and technologies, otherwise referred to as digital ageism [3]. The World Health 

Organization (WHO) recently published a brief policy report on ageism in AI in health [4] as part of their global 
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campaign to combat ageism. To expand the current discourse, this paper aims to advance our current understanding 

and conceptualisation of digital ageism in technology and AI systems beyond a health context through four specific 

objectives. First, we will further elaborate on our conceptual model that outlines ageist technology-mediated cycles of 

injustice that can produce and reinforce digital ageism in AI systems, and expand on these intersecting cycles that 

contribute to digital ageism. Second, we will present empirical evidence of our descriptive analysis of commonly used 

facial image datasets to highlight data disparities for older adults and substantiate one of the elements in the cycles of 

injustice. Third, we describe the results from our grey literature search of various databases including the AI Ethics 

Guidelines Global Inventory to identify guidance documents that address ageism in AI in research or technology 

development. Lastly, we will provide considerations for future directions in digital ageism research. This paper will 

advance knowledge in the field and deepen our understanding of how ageism in AI is fostered by broader ageist cycles 

of injustice. 

2 Digital ageism: a contemporary form of ageism against older people 
Ageism can be conceptualised as having three elements that include prejudicial attitudes towards older people and 

ageing, discriminatory practices against older people, and institutionalised policies and social practices that foster the 

attitudes and actions in the first two elements [5]. There is a global campaign to combat ageism (WHO Global Report 

on Ageism) [4] led by the WHO, which has underscored ageism and addressing ageism as a global priority and part of 

the public discourse. AI systems have emerged as a major driver of technological development in our 21st century 

digital world that continues to progress and advance, particularly as networked mobile devices have generated vast 

quantities of personal data from their users. In essence, the technologies form a new system that can further uphold 

and amplify discriminatory practices and institutionalised policies and social practices towards older people. 

Digital ageism refers to age bias in technology and AI systems, the entrenched the inherent ageist tendencies in our 

society that creep into the technological infrastructure in our increasingly digital world. Digital ageism is supported 

and reinforced through the development and application of digital technologies [3]. Our published work has focused 

on exploring the technology-mediated ageist cycles of injustice as they relate to the development of AI [Figure 1]. 

These cycles of injustice perpetuate ageism through a variety of processes that either exclude, or reinforce ageist 

stereotypes about older adults in the way technology is designed, how data is gathered from it, how it is allocated, and 

how older adults are represented within these systems. This work is informed by Whittlestone et al. [29] who 

conceptualised the framework as a way to understand algorithmic bias within a broader context. Digital ageism and 

ageism sustain each other through the way ageism is encoded and amplified in AI systems and technology. 

An early definition of bias in computer systems refers to a system’s ability to systematically and unfairly 

discriminate against certain individuals or groups of individuals in favour of others [6]. According to Friedman and 

Nissenbaum [6]: “a system discriminates unfairly if it denies an opportunity or a good or if it assigns an undesirable 

outcome to an individual or group of individuals on grounds that are unreasonable or inappropriate” (p. 332). There 

are two distinct types of undesirable outcomes that can result from algorithmic bias. The first is harms of allocation 

that refer to the distribution of resources and opportunities, for example, deciding who gets access to health care 

resources or services, or who receives job advertisements or notifications about potential job prospects [7]. Second, 

harms of representation that pertain to how different groups or identities are represented and perceived by society as 

a whole [7]. These two types of harm are included in our conceptual understanding of digital ageism. This next section 

will provide empirical evidence of the design and technical factors that contribute to digital ageism and elaborate on 

the complex interplay that results in representation and allocation of harms that are then sustained and perpetuated 

through technology. 

2.1 Design 

In this section, we will discuss how digital ageism can arise within and from the design of digital technologies 

including, but are not limited to, the hardware, software, interface, and purpose of the technologies. We identified that 

ageism enters into technology design in three ways that present as ageism stereotypes about older adults; exclusion of 

older adults in the data being used as well as the process of technology development and testing; and data availability 

incentives that reinforce ageist stereotypes held by the developers [3]. 

Human developers and designers of technology are fallible and can be influenced by implicit age-related biases. 

Ageism is prevalent, deeply ingrained and more socially accepted than other forms of biases [4], and can be viewed as 

harmless or humorous. This nonchalant attitude is evidence as to by how ageism appears in our vernacular (e.g., 

having a senior moment, grey tsunami). A survey of 57 countries (N = 83,000) about ageist attitudes found that one in 

every two people held moderately to highly prejudicial views against older people [8]. Such stereotypes can guide the 

assumptions they make about older people including their physical and mental capacities, such as being frail or in 

poor health [8], incompetent, and technologically illiterate or uninterested in developing technological skills [9]. 

Another study based on the analysis of the historical American English corpus of 400 million words shows that there 

are increasingly negative stereotypes over the last two centuries associated with the biomedicalisation of ageing and 

decline [10]. Such over generalisations fail to acknowledge the growing diversity of older adults, particularly in terms 

of their needs [8]. We find evidence of how this is manifested in the labelling of the datasets, where wide and arbitrary 



age intervals are assigned to older adults in datasets. For example, we found that in facial image datasets younger age 

groups may be categorised in arrow age groups like “13–19 years old” and “20–36 years old” whereas older adults are 

grouped in all-embracing categories like “66+” despite the differences in physical appearances in this group of people 

spanning four decades. Table 1 indicates how the age groups are labelled. 

The exclusion of older adults in the design process of technology is a well-known gap and is discussed in the 

literature extensively so we will not discuss this established fact in this paper. Rather we want to draw attention to 

the exclusion of older people in the datasets used to build AI systems. Based on the notion of data disparities defined 

by Ibrahim as “systematic differences in the quantity and/or quality” [2], the data used in the design of AI systems 

may exclude older adults to the point of severe under representation [11]. To explore the extent of data disparity, we 

investigated the presence of data disparities in seven commonly used facial image databases to train facial and age-

recognition software: FGNet [12], Academic MORPH & MORPH Longitudinal [13], Labelled Faces in the Wild (LFW) 

and Labelled Faces in the Wild + (LFW+) [14], Images of Groups (IoG) [15], and Adience [16]. We encountered these 

databases in our review of the literature about digital ageism. Table 1 presents the data disparity of older adults in 

each of the datasets with five datasets ranging from 0.001% to 7% and the two datasets with the highest proportion 

with 17.8% and 21.2%. Commonly, older adults were the least represented age group in these popular datasets. While 

looking at this table, it is important to bear in mind that in 2019 17.4% of the American population (the nation of 

origin for all but one of those databases) was over the age of 65 years [17]. Under-representation is a problem in AI 

training data because AI relies on data to make accurate predictions. A lack of data on a certain demographic reduces 

the ability of an AI to make predictions about that demographic, compared to better-represented demographics [2] 

[18]. A lack of data on older adults can spark a feedback loop, producing technology that is not optimised for use by 

older adults, and in the process discouraging them from using these systems [9]. As a result, less data is gathered from 

these already under-represented groups for data-driven AI to base future predictions on, disincentivising profit-

driven developers from correcting these imbalances [19]. 

Table 1 Data disparity of the oldest age demographics in seven common facial image datasets 

Dataset Name FGNet Academic 
MORPH 

MORPH 
Longitudinal 

Labelled 
Faces in 
the Wild 
(LFW) 

Labelled 
Faces in 
the Wild 
+ (LFW+) 

Images of 
Groups 
(IoG) 

Adience 

Total number of images in 
dataset 

1,002 55,314 402,055 13,244 15,710 5,080 26,850 
(19,847 
for which 
data was 
available) 

Oldest demographic 
(labelled) 

61+ 50+ 70+ 61+ 61+ 66+ 60+ 

Number of images of 
oldest demographic 

6 3,933 594 2,806 2,806 1,253 875 

Overall percentage of 
images of oldest 
demographic 

0.40% 7% 0.001% 21.20% 17.80% 4% 4.50% 

With respect to data availability incentives, one form of this is the way older adults are often targeted for 

healthcare-related monitoring technologies at a greater rate than other demographics [19]. These monitoring systems 

often require wearable components which, to them, can be stigmatising and symbolise their frailty such as the call 

alarm [20]. The commercialisation of ageism-informed technologies underpins and drives powerful financial and 

economic incentives to developers and industry to continue focusing on this market. Reflective questions that we can 

ask ourselves include “What technologies are easiest to market to older people?; What technologies will people buy 

related to older people?; and What types of research and development receive the most funding?” According to Chu et 

al.: “if most technologies marketed toward older adults are designed to resolve or manage health problems, then this 

could easily reinforce the impression that older adults are mainly unhealthy, and in need of support” [3]. As part of 

ageist cycles of injustice, these factors reinforce digital ageism in the design phase, as well as the harms of allocation 

and representation of older adults [3] [21]. 

2.2 Technology 

Design and development rooted in ageist assumptions produces technology that can perpetuate ageing as a disease 

process, seeking to hold off growing old for as long as possible [22]. This in turn ties into assumptions about what 

digital technologies for older people look like such as being mainly focused on healthcare devices and health 



management systems, companion or social robots, cognitive support tools, medication reminder devices, etc. In 

essence, the AI systems and technologies are designed to help or support older people to manage vulnerabilities and 

address problems, rather than be tools for or sources of joy, achieving one’s aspirations, pleasure, or simply for having 

fun. 

Another consequence of technology that fails to include or capture healthy ageing, is that the data that is currently 

being collected from these technologies will only be representative of older people that confirms ageist stereotypes. 

These assumptions and unrepresentative data create a feedback loop that reinforces negative stereotypes, and the 

technologies developed. Essentially, not only is there a lack of data for older people, the data we do have is 

unrepresentative of the ageing process fails to capture healthy ageing. 

 

Figure 1: Ageist technology-mediated cycles of injustice that contribute to digital ageism [3]. For this paper, 
we clarified the allocation component and added political and/or cultural capital*. 

2.3 Representation 

The relevant social meanings include stereotypical beliefs about older people and their relation to technology, as well 

as the affective dimensions of ageism. Relevant stereotypes include that older people struggle with digital technology, 

are resistant to change and slow to adopt innovations, and are simply less interested in new technology. The social 

and cultural values impact the design and technology for older adults. Older adults may be unable to harness the 

benefits of these technologies to achieve their goals [Figure 1]. With the ongoing ageist cycles of injustice, older adults 

will continue to be stereotyped, viewed as homogeneous, and possessing a limit ranged of needs or uses for digital 

technologies other than health related needs. 

Design decisions also directly feed into the technology that is produced. By reinforcing these stereotypes, these 

technologies are biased and influence the design of future technologies that continue to embed age-related bias into 

the fabric of our technological society. These biased technologies impact resource allocation, for example older users 

are not presented with advertisements for job opportunities, or do not have access to valuable resources such as 

healthcare. The accuracy of diagnostic algorithms, such as those studied by Schrouff et al., drops for older adults 

which means that older adults lose out on receiving timely medical interventions [18]. Technologies that are not 

designed with the needs of older adults may be less suitable and satisfying to use, which may deprive older people 

from accessing information. Within the context of the COVID-19 pandemic, this would have been the difference 

between life and death. For example, using technology and the Internet became a lifeline during lockdowns, but older 

adults unable to use technologies potentially miss benefits of digital information technology including accessible 

health information [23]; opportunities for social connectivity over distances [24]; business and employment [25]; and 

greater civic participation [26]. This has the potential of both reducing the data available to developers of future 

technologies, and reinforcing ageist stereotypes [3] [21]. 

These technologies also impact how older adults are represented in society. For instance, there is evidence of 

significant age bias in text data as demonstrated by Díaz et al. and sentences with the word “young” were more likely 

to be scored positively than the same sentences containing the word “old” [27]. The needs of older adults are either 

not represented or are misrepresented, fueling ageist fears about a globally ageing population and the impending 

collapse of the social safety net reinforcing the assumption that older people are unable to care for themselves [28] 



[4]. Social representations and meanings affect resource allocation and vice versa [29]. Any negative associations with 

older adults that biased technologies reinforce will in turn impact material resources and how they are distributed. 

2.4 Allocation 

Allocation refers to the broader distribution of resources within society, which includes material resources, 

opportunities, access, and prioritisation within/in social institutions (political and/or cultural capital) like laws, 

regulations, policies, and guidelines [29]. Within the element of allocation, we encounter inequity to resources 

fortified by a digital divide, referring to a socio-economic gap that exists in our society between those with the capital 

and education needed to harness the benefits of digital technology and those who do not [30]. Older people are 

disadvantaged by the digital divide for a number of reasons including that older individuals have less access to the 

Internet compared to younger people, new technology is rarely developed with their needs in mind, and they may, 

therefore, be less familiar with the latest technologies [22]. Not having Internet access means being unable to work, 

access vital health information, access additional resources, and engage in the freedom of expression. It also prevents 

AI from gaining much-needed training data from this demographic which feeds into the other elements of the 

technology-mediated ageist cycles of injustice. The impact of the digital divide is demonstrated by the fact that age 

remains a significant predictor of information technology usage [31]. Additionally, with the COVID-19 pandemic, 

recent years have seen restrictions put on in-person care, forcing both healthcare providers and patients to depend on 

digital communication technologies in lieu of face-to-face discussions. Both the developers of new technology and 

government regulators have largely overlooked the unique and diverse needs of older adults in their design and 

implementation processes. For example, the vaccination booking website was not user-friendly for older adults in 

Ontario, Canada, leaving many older adults struggling to get an appointment. Without an honest look at how ageist 

design practices may produce ageist results, we risk perpetuating inequity. 

There is increasing focus on bias in AI within the context of fairness, accountability, and transparency. With respect 

to political or social capital, we looked beyond research papers tackling specifically these issues, and towards 

governance and policy papers from public, private, and civil organisations to examine the extent to which ageism or 

bias against older people were discussed in these documents. We conducted a review of the grey literature following 

standard grey literature review methods [32] [33] on the topic of digital ageism. Grey literature is an excellent source 

for recent research across disciplines and sectors [32], and can be used to supplement academic research. This search 

was done as part of our larger scoping review about the topic. With the help of an information specialist, grey 

literature was retrieved by searching databases with grey literature (Scopus, Web of Science, and Proquest); grey 

literature databases (OpenGrey, Canadian Public Documents Collection, U.S. Declassified Documents Online, Cochrane 

Library, and Trip Pro); and a search of the AI Ethics Guidelines Global Inventory a repository that compiles documents 

about how AI systems can conduct ethical automated decision making. We also conducted an Advanced Search on 

Google for any text on websites related to “ageism,” “ageing,” or “older people” and “AI” published in English and 

published after the year 2010. The grey literature databases provided a holistic approach to our search strategy as 

each database specialises in specific topics or document types. The search resulted in 2,639 documents from the 

databases and Google. These documents were scanned, and obviously irrelevant documents were excluded (e.g., “this 

is the age of AI…”) that did not speak to bias in AI or age-related bias in AI. Of these, 233 full-text documents were 

downloaded in PDF form and a full-text screening was completed. These documents were scored from 0 to 4 with a 

rank of one being the least relevant and four being the most relevant (0 = did not speak to age and bias in AI; 1 = 

mentioned “age” in a list of types of biases; 2 = a sentence of text related to the age-related bias; 3 = 2 or 3 sentences 

related to age-related bias; 4 = more than 3 sentences about the topic). Of the 23 citations that were relevant, the vast 

majority of these (n = 17 out of 23) were ranked one, as age was mentioned in a list of types of bias an AI system could 

have, without labeling this bias as “Ageism” or “Age-bias” directly. 

From the search of the databases and Google, only two websites received a rank of four: both were guiding 

documents for HR from private industry entitled “How AI & mindfulness can tackle age bias in the modern workplace” 

[34] and “Ageism is hurting the hiring at your tech company more than you realize” [1]. Both of these sources 

discussed ageism in the workforce related to fair access for employment opportunities and during the hiring process 

(allocation). The 2016 PayScale study of Silicon Valley’s top 18 tech companies found a median age of 30 or younger 

[1]. Both discussed the potential of AI to disrupt ageism by identifying filters for older adults in the hiring process, 

such as salary expectations, years of experience, or the age of an applicant’s credentials [1] [32]. One of the sources 

described a series of gamified cognitive tasks for potential employment candidates. An AI system would then analyse 

the results of the tasks in an effort to find the ideal candidate for a given position. One of the touted benefits of this 

system was its ability to detect desirable traits among players, regardless of race, gender or age [35]. In our search 

results of the AI Ethics Guidelines Global Inventory that contain 146 documents available in English created by 

government, private, civil society, and international organisations. Only 34 (23.3%) of these documents mention 

ageism as a bias for a total of 53 unique mentions with some documents mentioning the word “age” multiple times in 

the document. Of these, 12 (8.2%) of the examined documents provided slightly more context — often no more than 

one or two sentences — about bias against older adults [3]. Taken together the grey literature and documents about 

AI ethics rarely discussed ageism in AI or technology systems. The key white report, which was released after our grey 

literature review in February 2022, is the WHO’s report entitled “Ageism in artificial intelligence for health” [36]. 



3 Moving forward and future research 
The prevalence of digital ageism and our growing population of older adults would appear to be on a collision course: 

on the one hand technology-mediated cycles of injustice that perpetuate digital ageism, and on the other you have a 

growing number of older adults who will have to depend on that technology as it becomes ever more pervasive. It is 

important to note that the underlying causes are complex and require a thoughtful approach to elucidate and address 

the contributing factors that are both societal and technical in nature. This paper adds to an emerging body of 

knowledge focused on digital ageism that is still nascent. In the time being, there are actions on multiple fronts that 

can counter digital ageism. 

While the cycles of injustice that perpetuate digital ageism are unfortunately deeply engrained in our society, we 

optimistically want to highlight that the interconnected nature of the cycle also means that breaking it at one point 

may have a reciprocal impact. Firstly, researchers and stakeholders need to bring attention to the notion of digital 

ageism. They need to collectively challenge this implicit bias through open dialogue and inclusion of older adults 

throughout the technology design and development pipeline. We recognise digital ageism as a distinctive problem 

that requires attention and public discourse. This increased attention may translate into policies and protocols for the 

private sector/industry or the government regulators can become involved in setting and upholding standards for 

new technologies, including representation standards in databases that AI systems rely on [2] [3] [21], training and 

algorithm development. For example, the United Kingdom will perform a racial bias review of pulsimeters after it 

came to light that the medical equipment was not as accurate for patients with darker skin [37]. Funding agencies also 

need to prioritise exploring this issue to support researchers in identifying the impact of this bias and create financial 

incentives. Further, more participatory approaches like user-centred design that involves older adults in the design 

process but can also increase the likelihood that the end result will be technology that is suitable and relevant to them. 

Doing so is not only supports older adults better, but may be financially profitable. Jointly, these could begin to help 

target digital ageism at the design and representative elements of the framework 

Next, tackling the issues related to the technology element will also require a multifaceted approach. Ibrahim et al. 

offers several suggestions to tackle data issues affecting AI health systems at a variety of levels [2]. By raising 

awareness of the potential benefits of AI, more older adults may volunteer their data for these systems, expanding the 

data available for AI to train on. Effective communication to older adults about the potential benefits of these systems 

could bolster awareness efforts about AI. Finally, Ibrahim et al. acknowledge that building representative training 

datasets is the most important part of digital health equity [2]. These datasets should be representative of the 

populations they will be deployed to. Remedying these issues will help give older adults the representation in the 

digital domain that they deserve along with every other group. Related to allocation, national policies supporting 

access to the Internet as a human right will improve access to education, information, employment, and freedom of 

assembly which may promote autonomy and help older people with aspects unrelated to health. When older adults 

have access to the Internet and technology that is suited for their needs and goals, the digital divide can begin to close 

[2] [21]. These suggestions are preliminary ideas that can begin to address the problem of digital ageism. Certainly, 

new developments in technology capabilities and knowledge about the area will change what can be done and the 

actions required to respond to digital ageism. 
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