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AGEISM IN Al: CORPUS-BASED ANALYSIS
OF AI-GENERATED ESSAYS

Age-related language plays an increasingly important role in shaping societal assumptions about
older people and may contribute either to the reinforcement or mitigation of ageist beliefs. The detri-
mental effects of ageist biases on wellbeing and social equity underscore the need for systematic exami-
nation from a linguistic perspective. Ageist biases have been explored in various contexts, such as social,
intuitional and cultural. However, the linguistic realization of ageism has received less academic atten-
tion to date. The present study addresses this gap by investigating the lexical portrayal of age and later
life in the corpus of nine Al-generated essays created by three large language models (ChatGPT (based
on OpenAl’s GPT-5.2 model), Claude Sonnet 5 (developed by Anthropic), and Gemini 3 (developed by
Google DeepMind)).

The analysis integrates quantitative and qualitative approaches. The former applies AntConc, a cor-
pus analysis toolkit, to study the presence and frequency of age-related terms (blue-hair, codger, dino-
saur, fossil, geezer, old fart, old hag, old-timer, senile, wise, old and age) in the nine Al-generated texts,
while the latter employs S. Hunston’s evaluative and non-evaluative distinction to examine the evalua-
tive meaning of age-linked terms and their contribution to ageism in the essays under examination.

The findings suggest that the target openly ageist and non-ageist terms are absent from the corpus.
The only present age-focused term is age. It appears 27 times and depicts later life and retirement either
neutrally or negatively. The research results also indicate that although the Al-generated texts do not
possess explicitly ageist language items, they tend to generate implicit ageism in the representation of
chronological age.

Keywords: ageism, age representation, age-related stereotypes, Al language, corpus-based analysis.

2K.K. Opa3staeBa', A.A. Kaparonwmesa'*, A.A. KapuubiraeBa?

'9A-Mapabu atbiHAaFbl Kasak, yATTbIK yHMBepeuTeTi, AamaTtbl, KasakcraH
’TypaH yHuBepcuTeTi, AaMathbl, KasakcrtaH
*e-mail: karagoishiyeva.daneliya@gmail.com

JKacaHAbl MHTeAAeKTTeri 3HAXM3M: KU KypacTbipFaH acceAepAi
KOPMYCTbIK, TAAAQY apKbIAbl 3epTTey

JKacka KaTbICTbl  TiAAIK  KOAAQHBICTap KapT aAaMAap TypaAbl KOFaMAbBIK, —TYCIHIKTEpAI
KAAbINTACTbIpyAa MaHbI3Abl POA aTkapa 0acTaAbl, COHbIMEH KaTap 3SMAXKMCTIK HaHbIMAAPAbIH,
KYLLEoiHe HEMECE BACIpeyiHe bIKMaA eTyi MYMKiH. DMAXKUCTIK Bip>KakTbl K&3KapacTapAblH dA-ayKat
MeH OAEYMETTIK TEeHAIKKE TUri3eTiH 3usHAbI acepi 6YA KyObIAbICTbI AMHIBMCTMKAABIK TYPFblAQH
KYMEAl TYpAE 3epTTey KAXKETTIAINIH KepceTeai. DNAXKM3M 9AEYMETTIK, MHCTUTYLIMOHAAABIK, >KOHEe
MBAEHWN CUAKTbl PTYPAI KOHTEKCTEPAE 3EpTTEAIN KeAeAi. AAaipa, IMAXKM3MHIH TIAAIK TYpFblaaH
>KY3€ere acbIpblAyblHA OYTIHI| KYHre AeiiH aKaAEMMSIAbIK, 3ePTTEYAEPAE CAAbICTbIPMaAb! TYPAE a3 KOHIA
6eAiHreH. Ocbl 3epTTey aTaAfaH OAKbIAbIKTbIH OPHbIH TOATbIPY MakKCaTblHAQ YLU ipi TIAAIK MOAEAb
(ChatGPT (OpenAl komnanusicbiHbii GPT-5.2 moaeaiHe HerisaeareH), Claude Sonnet 5 (Anthropic
KomnaHusicbl a3ipAereH) xaHe Gemini 3 (Google DeepMind a3ipAereH) >kacaHAbl MHTEAAEKT apKblAbl
reHepaumsAaHFaH TOFbI3 3CCEAEH TYpPaTbiH KOPMYCTa Xac NeH erae Ke3eHHiH, AeKCMKaAbIK, TYPFbIAAH
GerHeAeHyi 3epTTeAA|.

3epTTey CaHAbBIK, >KOHE CcarnaAblK, TCIAAEpAi ylTacTbipaabl. KM apkblAbl reHepauusAaHFaH
MOTIHAEr CaHABIK >XOHEe KOPMyCTbIK, TaApay HerisiHae AntConc 6arpapAaMacbiH KOAAAHbIAYbIMEH
TOFbI3 AEKCUKaAbIK, BipAiKTiH (blue-hair, codger, dinosaur, fossil, geezer, old fart, old hag, old-timer,
senile, wise, old >xaHe age) KOAAAHbIAYbI MEH >XMiAiri aHbikTaAAbl. Canaabik, Taaaay C. XYHCTOHHbIH
GaraAaybIlWTbIK >K8HE OGaraAaybllTbIK, EMEC KOAAAHBbICTAPAbl aXblpaTy TY>KbipbiIMAAMACbIHA CYHEHe
OTbIPbIM, >XaCKa KaTbICTbl AEKCUMKaAbIK, BipAIKTEPAIH GaraAayblll MaFblHACBIH K&HE OAAPAbIH, 3€PTTEAIN
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3epTTey HOTMXKEAEPI allbIK, TYPAE SMAXKMCTIK >KOHE SMAXKMUCTIK eMeC Aer OEATriAeHTeH HblCaHaAbl
AEKCMKaABIK, BIpAIKTEPAIH KOPMyCTa Ke3AEeCrenTiHiH kepceTeai. Koprycra Ke3AecKeH >KaAfbl3 >Kacka
KATbICTbl HEri3ri AeKcuKaAblK, OipAik — age. OA 27 peT KOAAQHDIABIM, ErAE XKaACTbl )XOHe 3eMHeTKe Libl-
FyAbl 6eriTaparn HeMece >KafbIMCbI3 TYPFblAAH CUMATTalAbl. 3epTTey HOTUXKEAEpPi, COHAAl-aK, XKacaHAbI
MHTEAAEKT apKblAbl reHepaLmsaAaHFal MOTIHAEPAE alKbIH IMAXKMCTIK AEKCMKaAAbIK, OipAikTEP GOAMara-
HbIMEH, OAAPAbIH XPOHOAOTUSIABIK, >KaCTbl GEMHEAEY TOCIAIHAE MMMAMUMTTI 3MAXKM3MAIT KQAbINTACTbIPY-
ra 6einiMAIAIK 6ap ekeHi alKbIHAAAAbI.

Tyiin ce3aep: 3MAXM3M, Xac berHeaeyi, xacka KaTbiCTbl ctepeotuntep, XXM Tiai, kopnycka He-
ri3AeAreH TaAAQy.
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Jitaxxu3m B UM: kopnycHbIit aHaAU3 acce,
creHepupoBaHHbIX UN

SI3bIK, CBSI3aHHbIM C BO3PaCTOM, MpuobpeTaeT BCE GoAbllee 3HaveHue B (DOPMMPOBaHMM ObLLe-
CTBEHHbIX MPEACTABAEHNIA O MOXKMABIX AOASX M OAHOBPEMEHHO Croco6eH Cnocob6CTBOBATb YCUAEHMIO
VAN CMSITYEHMIO SMAKMCTCKUX YBexkAeHMi. HeraTnBHOE BO3AENCTBME SMAXKMCTCKMX NPeAyOeskAeHM
Ha 6AArornoAyyYMe M COLMAAbHOE PABEHCTBO MOAYEPKMBAET HEOOXOAMMOCTb CMCTEMATMUECKOro M3-
YUEHUS AQHHOTO SIBAEHUSI C AMHTBMCTMYECKOW TOYKM 3PEHUS. DHUAXKM3IM MCCAEAOBAACS B PA3AMUHbIX
KOHTEeKCTaX, BKAKOYAsi COLMAAbHbIN, MHCTUTYLIMOHAAbHbIA M KYAbTYPHbIH. OAHAKO S3bIKOBOWM peaAn-
3aUMM IMAXKM3MA AO HACTOSILLIETO BPEMEHN YAEASIAOCh CPAaBHUTEABHO MAAO BHMMAHUSI B akapemuye-
CKMX MCCAEAOBaHMSX. HacTosiee nccaepoBaHme HanpaBAEHO Ha BOCTIOAHEHME AAHHOTO NpobeAa no-
CpPeACTBOM M3y4UeHMs AEKCMYECKOM perpeseHTalmm Bo3pacta M NMo3AHEro nepmoaa KM3Hu B Kopryce
M3 AEBSITU 3CCE, CreHEPUPOBAHHBIX MCKYCCTBEHHBIM MHTEAAEKTOM C MCMOAb30BaHMEM TPEX OGOAbLLIMX
A3bIkoBbIX MoaeAein (ChatGPT (Ha ocHoBe Moaean GPT-5.2 komnanmm OpenAl), Claude Sonnet 5 (pas-
paboTaHHOM KomnaHuen Anthropic) u Gemini 3 (paspabotaHton Google DeepMind)).

B nccaepoBaHMM COUETAIOTCS KOAMYECTBEHHDIN M KaueCTBEHHbIM MOAXOAbI. KOAMYECTBEHHbIM aHa-
AU3 MpeArnoAaraeT MCMOAb30BaHME MHCTPYMEHTA KOPMyCHOro aHaAm3a AntConc AAS BbISIBAEHWUS Ha-
AMYMSI M YACTOTHOCTM BO3pacTHbIX AekceM (blue-hair, codger, dinosaur, fossil, geezer, old fart, old hag,
old-timer, senile, wise, old v age) B A€BATM TEKCTaX, CreHepPMPOBaHHbIX MCKYCCTBEHHbIM MHTEAAEKTOM.
KauecTBeHHbIM aHaAM3, B CBOIO OUYepeAb, OCHOBbIBAETCS Ha pa3rpaHMYeHmr OLLEHOYHbIX M HEeOLEHOY-
HbIX ynoTpebAeHnin, npearoskeHHoM C. XaHCTOH, C L@AbIO BbISIBAEHMSI OLIEHOYHOrO 3HaYeHUs BO3PacT-
HO-MapKMPOBAHHbIX EAMHMLL M ONPEAEAEHMS UX BKAAAQ B (DOPMMPOBAHME SMAXKM3MA B aHAAU3UPYEMbIX
acce.

Pe3yAbTaTbl MCCAEAOBAHMS MOKa3bIBAIOT, YTO LIEAEBble AEKCMYECKME eAMHULbI C OTKPbITO Bblpa-
SKEHHOM 3MAXKMCTCKOM U HEIMAXKMCTCKOM CEMAHTMKOM OTCYTCTBYIOT B Kopriyce. EAMHCTBEHHOW npu-
CYTCTBYIOLLEN eAMHULIEN, HEMOCPEACTBEHHO CBSAI3AaHHOM C BO3PACTHOM TemMaTuKom, aBadeTcs age. OHa
BCTpevaeTcs 27 pas v pernpeseHTUpPYeT NMO3AHMIA NEPUOA >KM3HU U BbIXOA Ha MEHCUIO B HEMTPAAbHOM
MAM HEraTMBHOM KAtoYe. Pe3yAbTaThbl Tak>Ke CBUAETEALCTBYIOT O TOM, UTO, HECMOTPS Ha OTCYTCTBME B
TEKCTax, CreHepMpPOBaHHbIX MCKYCCTBEHHbIM MHTEAAEKTOM, IBHO 3MAXKMCTCKMX S3bIKOBbIX EAMHMLL, OHU
AEMOHCTPUPYIOT TEHAEHUMIO K (DOPMMPOBAHMIO UMIAMLIMTHOIO 3MAYKM3MA MOCPEACTBOM pernpe3eHTa-
LMK XPOHOAOTMYECKOro Bo3pacTa.

KAloueBble CAOBa: 31AXKM3M, BO3pACTHOE MPEACTABAEHME, BO3pPACTHbIe CTepeoTunbl, s3blik MU,
KOPMYCHbIM aHaAM3.

Introduction

Recent philological studies have begun to focus
on ageism alongside other social issues of gender
and race. International scholarship has examined
ageism from multiple perspectives. Notably, in 4ge-
ism: Stereotyping and Prejudice against Older Per-
sons (Nelson, 2002), the author attempted to explore
ageism from various facets, such as linguistic and
social, including developmental and implicit age-
ism. While above-mentioned T. Nelson’s work con-

siders ageism mainly as a broad form of stereotyp-
ing, later studies address the importance of gendered
dimensions of aging. In this regard, Discourses of
Aging in Fiction and Feminism : The invisible wom-
an (King, 2013) provides a sophisticated analysis
of female ageing in fiction and feminist discourse,
emphasizing how ageism functions through narra-
tive patterns long before the refinement of digital
technologies. Additionally, ageism has been studied
with respect to media discourse and representation,
targeting stigmatization mechanisms of older adults
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(Camacho-Markina & Santos-Diez, 2025, p. 2).
A further strand of research has addressed ageism
in platform-based culture and educational settings,
considering the usage of memes as a tool for com-
municating age-related meanings (Ayalon et al.,
2025, p. 2602).

These studies mentioned above reveal that age-
ism is not a solely social perception, but rather a lin-
guistically encoded and transmitted phenomenon.
The question of who and what constructs discourse
grows in importance as language patterns form and
mirror cultural views of age. In modern contexts,
both human speakers, writers and digital technolo-
gies produce language. Within this group, artificial
intelligence systems possess an important role as
text generators in various fields, such as academic,
institutional and daily. Computational models rely
on large corpora of human-authored texts, which un-
avoidably display already existing language norms,
values, and stereotypes, to create Al-produced lan-
guage. Consequently, this phenomenon may lead
to the reproduction, transformation and sometimes
amplification of age-related meanings and evalu-
ative patterns existing in human discourse in Al-
generated outputs. This transition requires treating
Al not only as a technical tool, but also as a main
contributor in the age-related language. Although
artificial intelligence has become increasingly
prominent in language research, earlier investiga-
tions have mostly focused on specific functions
and domains. For example, Al-facilitated language
learning has been studied in business English
classrooms, stressing its capacity to facilitate and
accelerate vocabulary acquisition, communication
skills and education results (You & You, 2026, p.
34). Likewise, emotional examinations juxtapos-
ing human and computational perspectives have
revealed Al’s potential to identify affective states
and assess textual tone (Moreno-Ortiz & Garcia-
Gamez, 2026, p. 22). Despite the fact that these
studies recognize the importance and assistance of
Al in language learning and emotional understand-
ing, they do not primarily focus on the content of
the language from the perspective of social biases.
Notably, the linguistic representation of age and
ageism in Al-generated texts remain largely insuf-
ficiently examined. This demonstrates a gap in the
literature, as Al-produced discourse may recreate,
support, or implicitly represent ageist attitudes
existing in its training data. Therefore, inspecting
ageism in Al-generated language is relevant and
essential, connecting computational linguistics and
sociolinguistics.
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The present study aims to explore how Al-gen-
erated texts use age-marked vocabulary, investigat-
ing the semantic structures and linguistic tendencies.
The research also seeks to identify how computa-
tional models may reflect or reinforce age-related
language norms. Accordingly, this study investi-
gates the following research questions:

1. What is the frequency of the age-related lexi-
cal items (blue-hair, codger, dinosaur, fossil, gee-
zer, old fart, old hag, old-timer, senile, wise, old and
age) in the corpus?

2. What lexical item carries evaluative meaning
toward older individuals?

3. What is the contribution of the identified eval-
uative instances of the age-related lexical units to
ageist assumptions?

The relevance of the study stems from adopting
S. Hunston’s evaluative framework, originally de-
signed for human-authored discourse, to Al-gener-
ated language, which provides preliminary evidence
of whether large language models reflect or chal-
lenge ageist language patterns in an era of growing
Al-assisted academic and public communication.

The results of the study shed light on how lan-
guage models reproduce or mitigate ageist linguistic
biases. In addition, the research expands the empiri-
cal basis for age-related discourse from the perspec-
tive of computational linguistics and critical age
studies.

The scientific novelty of the study is reflected
in its focus on Al-generated text as the object of
ageism-related linguistic examination. Unlike other
studies that examine a single model in isolation, this
research employs a comparative approach involv-
ing three different Al systems, such as ChatGPT,
Claude Sonnet 5 and Gemini 3.

The research findings may be applied in the de-
velopment of bias-evaluation frameworks for large
language models, in the creation of Al educational
materials for both educators and students, and in the
formation of guidelines for Al-generated content.

Materials and methods

The data analyzed in this study consist of nine
Al-generated argumentative essays produced as
a result of a pre-defined prompt. The target essay
discusses the topic “Advantages and disadvantages
of retirement at age 65”. The essay topic was cho-
sen due to its precise age-related representation and
relevance to age discussions. In addition, the cho-
sen topic contributes to the detection of age-marked
lexical items and judgmental discourse connected
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with retirement and later life. The first three essays
were produced employing The ChatGPT language
model (GPT-5.2). Another three essays were gener-
ated by Claude Sonnet 5 (developed by Anthropic).
A final three essays were produced by Gemini 3 (de-
veloped by Google DeepMind). This study selected
these three large language models (LLMs) as they
are widely used, accessible to general users, and de-
veloped independently. In addition, the cross-model
comparison is capable of identifying both similari-
ties and differences in the representation of age.

These three LLMs generated the texts in re-
sponse to the specified prompt illustrated in Figure
1. Although the models were instructed to generate
essays with a minimum length of 250 words, the
generated texts considerably exceeded the estab-
lished length, ranging from 307 to 407 words. In to-
tal, the corpus of nine Al-generated essays consisted
of 3045 tokens.

Figure 1
Prompt used to generate the Al essays and an example of a
ChatGPT-generated response

= ChatGPT

A oo
o U T T

Vg Bf ERRay Gn iy bopes

w Achaaniages and dissdvantages
of retirgment ot 65 = Write at
beasd 280 words.

Advansges and Dissdvantsges of Rotirermant
at B5

Reptirprmspnt o the aga ol G5 has bong Baen
corsidened the standard in many ©ounines.
Whilly this Sge i3 o ten associabod with th and of
one's professional carser and Bhe beginning of a
i Flaxnd Eeatyle, it alio Brings Both

advardages and disadvantages that deserae
ol OO ieraion.

O of the main advantages of retirng at 65 &
i Gpparurily b arptny wll-aanned rest afler
decmdes of work. &b tred Dge, MMy peophs ook
ferveard b haveing mone fres Nimrss 10 pursue
holbbers, iransel, or spered timee with Tamily and
Trignds, Ritirgmnt Con Sio roducd work-rplatied
sirpss, which may have a positia offect on
phvgaical and raantsl haalth, In sdditen, peophs
who retie 01 565 are usually ebgible for pensions
vl AoGinl Barlits, providensg them with & stabis
sourCe Of inComes and § L nCaml SECLITAY

4+ Askany . @

Note. The same prompt was used for ChatGPT (GPT-5.2),
Claude Sonnet 5 and Gemini 3

However, the target corpus remains manageable
for comprehensive qualitative and quantitative lin-
guistic examination. The application of the corpus
limited to nine controlled texts ensures comparabil-
ity and enhances methodological transparency. The
essays therefore can function as suitable and stan-
dard samples for studying age-correlated language
in Al-mediated discourse. The research involved the
following steps:

Firstly, the linguistic examination is conducted
with the assistance of AntConc. AntConc is a corpus
analysis toolkit created by Laurence Anthony. Ac-
cording to L. Anthony, AntConc is one of the most
widely used free and versatile offline corpus analy-
sis tools for Windows (Laurence, 2022, p. 107).

This study employed AntConc’s Word func-
tion, to investigate the presence and frequency of
the target age-related lexical items in the corpus. In
greater detail, nine of the target lexical items (blue-
hair, codger, dinosaur, fossil, geezer, old fart, old
hag, old-timer, senile) are ageist and one non-ageist
lexical unit (wise), as documented in the volume
Ageism: Stereotyping and Prejudice against Older
Persons (Nelson, 2002, pp. 38, 59). Additionally,
drawing on B. Bytheway’s analysis of the vocab-
ulary of age, the study examined the presence and
distribution of common age-related lexical items,
such as old and age (Bytheway, 2011, p. 76) in the
corpus.

J. Sinclair argues that concordance-based evi-
dence about the language is usually better than any
other method (Sinclair, 1991, p. 42). In addition, S.
Hunston (Hunston, 2011, p. 15) observes that the
evaluative meaning of a lexical item cannot be usu-
ally determined from the node word alone. Instead,
it may be obtained from its surrounding linguistic
context. In line with J. Sinclair and S. Hunston’s
guidelines above, at the following stage AntConc’s
KWIC function was used to retrieve the concor-
dance lines of the node word age. This enabled each
instance to be assessed for evaluative and non-eval-
uative function in accordance with S. Hunston’s dis-
tinction (Hunston, 2011, p. 15).

The final stage employed AntConc’s File View
tool to examine individual concordance hits within
their full paragraph-level context. This process de-
termined the linguistic contribution of the evalua-
tive instances of the node word age to ageism.

The combination of corpus-based quantitative
measures and qualitative analysis enables a system-
atic evaluation of language patterns and their prag-
matic significance. This integrated approach secures
a thorough exploration of the appearance and prag-
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matic meaning of age-related language in machine-
generated texts.

All nine essays were generated using the same
prompt: “Write an argumentative essay of at least
250 words on the advantages and disadvantages of
retirement at age 65.” The texts were generated in a
new chat session for each model, without additional
clarifying prompts or post-editing.

Literature review

Ageism has been studied from various perspec-
tives so far. From the perspective of sociolinguis-
tics, C.V. Monsees examined stereotypes about age
and older people. According to her, perceptions and
judgements about other people are usually formed
rapidly and unconsciously. Therefore, stereotypes
largely remain difficult to recognize. Moreover,
stereotypes tend to amplify certain traits related to
some group members and link the unfavourable fea-
tures to ageing (Monsees, 2002, p. 36). A. Phelan
observes that ageism manifests in both formal sys-
tems and informal interactions, affecting not only
groups but individuals as well (Phelan, 2018, p.
551). T.A.van Dijk suggests that social identities,
such as age, gender, and ethnicity, affect language
patterns by shaping speaker’s perceptions of them-
selves and those they interact with (van Dijk, 2009,
p- 7). B. Bytheway (2005, p. 338) highlights that
ageism stands apart from racism and sexism in that
it does not involve one group targeting another, but
instead functions as a universal belief system that
applies normative pressures across all age groups.
D. Cameron focused on the term senior citizen in
their academic studies. She observed the unstable
nature of euphemistic terms and illustrated this ten-
dency by the replacement of old-age pensioners
with senior citizens and old with elderly (1995, p.
146) .

Turning to the discursive construction of age-
ism, A. Phelan uses Foucauldian discourse analyses
and discursive psychology to trace the construction
of the older people’s identities at the broader soci-
etal and individual levels (Phelan, 2018, p. 549). In
addition, she focuses on the possibility of non-ageist
discourse, questioning whether age can be removed
as a defining factor in the portrayal of individuals.
Although A. Phelan argues that people can be repre-
sented without age-based categories, she acknowl-
edges the challenges in achieving age-independent
discourse (Phelan, 2018, p. 561).

Ageism has likewise been examined in literary
studies. M. Goldman and S. Powell analyzed memo-
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ry and aging in Alice Munro’s The Bear Came Over
the Mountain and its film adaptation Away from
Her, directed by Sarah Polley (Goldman & Powell,
2015, p. 82). J.E. Joseph notes that fictional charac-
ters tend to appear more “real” than actual people
due to their fully contained and easily understood
identities. Perhaps, the reason people today long for
a coherent self-identity is because, unlike the well-
defined characters in novels and films, they perceive
themselves as unclear and only partially understood
(Joseph, 2004, p. 4). These perspectives, when com-
bined, reveal the broad reach of ageism and the cru-
cial part that language plays in maintaining such
stereotypes. J. M. Montepare and L. A. Zebrowitz
suggest that children’s literature is capable of con-
tributing to the perceptions of aging, especially
when it is presented by trusted adults in close, famil-
iar settings (Montepare & Zebrowitz, 2004, p. 108).
While the exact influence of children’s books on
age- related perceptions is still under investigated,
existing research highlights that literature can effec-
tively spread ageist ideas, both openly and subtly.

Media scholars have also investigated the in-
terplay between ageist and sexist stereotypes. J.
Chonody et al. (2025, p. 85) examined films starring
older figures and found the presence of biases based
on both age and gender. S. Westwood (2019, p. 3)
deepens this discussion underscoring how dominant
narratives are shaped by research that often lacks di-
versity and social inequality. Regarding social me-
dia discourse, B.R. Levy et al. found a high preva-
lence of negative age stereotypes occurring in 83 of
84 Facebook examined groups (Levy et al., 2014,
p- 173).

As the participation of Al in the production
and mediation of language is increasing, it has in-
troduced a new field in which age-related language
can be examined. The existing research has studied
ageism in Al conducting a scoping review drawing
on findings from the existing literature (Chu et al.,
2023) and interviews (Neves et al., 2023). However,
the research on ageism has not applied a corpus-
based analysis to Al-generated texts yet. The pres-
ent study seeks to narrow this gap by examining Al-
produced essays through corpus analysis to identify
and study representations of ageism in them.

Results and discussion

As Table 1 presents below, ten age-related
terms, nine categorized as ageist (Greenberg et al.,
2002, p. 38) (Levy & Banaji, 2002, p. 59) and one as
non-ageist (Levy & Banaji, 2002, p. 59) were exam-
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ined with the assistance of AntConc, a corpus-based
analysis tool. The findings reveal that none of the
target age-related words is present in the target es-
says. This phenomenon may demonstrate Al’s overt
refraining from generating bias based language, par-
ticularly age-focused biases, to maintain linguistic
inclusivity.

Table 1
Occurrence of Todd Nelson’s Ageist and Non-Ageist Lexical
items in the Essays (N=9)

Frequency in

No. Target lexical item  Word category the essays
1 blue-hair ageist 0
2 codger ageist 0
3 dinosaur ageist 0
4 fossil ageist 0
5 geezer ageist 0
6 old fart ageist 0
7 old hag ageist 0
8 old-timer ageist 0
9 senile ageist 0
10 wise non-ageist 0

Note. Compiled by the authors

Another interesting point is that common age-
defining lexical item, old, is also absent from the
essays under investigation. However, the corpus-
analysis software detects that presence of the lexical
item age in the essays. It occurred 27 times through-
out the corpus, displayed in Table 2, and each in-
stance is analyzed and interpreted below relying on
S. Hunston’s binary distinction between evaluative
and non-evaluative language as shown in Table 4.

Table 2
Occurrence of old and age in the essays (N=9)

No. Target lexical item Frequency in the essay
1 old 0
2 age 27

Note. Compiled by the authors

Table 3 presents the frequency of the term age
across the nine essays with raw token totals. The
normalized frequencies per 1000 words were in-

cluded to ensure comparison despite text length dif-
ferences. The 3,045-token pooled corpus identified
27 occurrences of age, representing a normalized
frequency of 8.87 instances per 1000 words. The
analysis reveals a higher incidence of age in Gem-
ini-generated essays, representing 10.79 per 1000
words, /=12, N-1,112. It is followed by ChatGPT
essays, with 7.88, /=8, N-1015. Claude showed the
lowest normalized frequency at 7.63 occurrences
per 1000 words (=7, N-918).

The frequency analysis demonstrated that Chat-
GPT Essay 1 and Gemini Essay 2 used age equally
often (/=5). However, ChatGPT Essay 1 showed
the highest density (15.29 per 1000 words), as op-
posed to the longer Gemini Essay 2 with 12.29 per
1000 words, when text length was taken into con-
sideration. Normalized frequency data suggest that
Gemini-generated essays have a slightly higher use
of age in comparison with those generated by Chat-
GPT and Claude. The difference between ChatGPT
and Claude was negligible, with frequencies of 7.88
versus 7.68 per 1000 words, respectively. ChatGPT
Essay 1 demonstrates the limitations of raw frequen-
cy as a comparative measure. To clarify, although
ChatGPT Essay 1 contained the same frequency of
age as Gemini Essay 2, its shorter length generated
a markedly greater concentration of the target term
age. This observation underscores the importance
of normalizing frequency counts to ensure method-
ological validity, as recommended in corpus stylis-
tic analysis.

Table 3
Frequency distribution of the word “age” in the essays

Frequency Frequency
No. Text Words (N) ) per 1000

words

1. ChatGPT Essay 1 327 5 15.29
2. ChatGPT Essay 2 347 2 5.76
3. ChatGPT Essay 3 341 1 2.93
4 Claude Essay 1 303 3 9.90
5. Claude Essay 2 312 2 6.41
6 Claude Essay 3 303 2 6.60

7 Gemini Essay 1 326 4 12.27
8 Gemini Essay 2 407 5 12.29
9.  Gemini Essay 3 379 3 7.92
Total 3045 27 8.87

Note. ChatGPT = GPT-5.2; Claude = Claude Sonnet 5; Gemini
= Gemini 3
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The application of S. Hunston’s evaluative and
non-evaluative distinction to the 27 instances of
age, detected its 6 (22%) evaluative occurrences
in the corpus. This limited presence of evaluative
uses (22, 2%) suggests that age functioned largely
as a neutral factual marker in the sampled essays.
This pattern may also reflect the informational dis-
course context prompted by the retirement-oriented
essay task. The remaining 21 (77, 8%) instances of
age served as neutral references without attitudinal
loading (Table 4). Five of the six instances framed
age as an important temporal boundary or endpoint

Table 4

imagery, with the usage of the expressions, such
as “monumental milestone”, “standard threshold
separating decades” and “standard finish line for
a career”. This finding reveals an implicit form of
ageism, which communicates age-related assump-
tions through seemingly neutral linguistic choices
rather than openly disparaging expressions. Only
one occurrence linked ageing directly to physical
deterioration “health problems become more com-
mon with age”. However, none of the six evaluative
instances of the term age contained overtly pejora-
tive language.

Concordance lines for “age” Coded by Evaluative Status (Hunston, 2011)

No. Concordance lines

Source Evaluative Status

Advantages and Disadvantages of Retirement at 65 Retirement at the tradi-

I tional age of 65 represents a monumental milestone in modern society. For... Gemini Essay 1 Evaluative

5 an important stage of life, ar}d many people consider the age of 65 to be an ChatGPT Essay 3 Evaluative
appropriate time to stop working...

3 ...represents a monumental milestone in modern society. For generations, this Gemini Essay 1 Evaluative

" age has served as the standard threshold separating decades of ... Y

...on retirees, particularly as health problems become more common with age. .

4. Another disadvantage is that mandatory or expected retirement at 65 ... ChatGPT Essay 1 Evaluative

5 ...milestones in mpdem society. For generations, society has treated this age Gemini Essay 3 Evaluative
as the standard finish line for a career, transitioning...

6. In many countries, 65 has traditionally been considered a suitable retirement ChatGPT Essay | Evaluative

age. However, retiring at this age has both advantages and...

Note. Compiled by the authors

Conclusion

This study has examined the linguistic repre-
sentation of ageism in Al-generated texts, conduct-
ing a corpus-based quantitative analysis with the
assistance of AntConc to identify the presence and
frequency of age-related terms in the LLM outputs
under investigation. The qualitative interpretation
of the corpus analysis observations was informed
by S.Hunston’s evaluative framework. The exami-
nation of evaluative features and lexical patterning
traced recurrent forms of ageist language and es-
tablished the linguistic processes supporting their
realization. The research responded to the emerg-
ing need to investigate how large language models
reflect, perpetuate or resist age-related stereotypes
in their generated content. The analysis reveals four
findings:

Large language models mainly generate neutral
texts, with no explicitly negative age-related lexical
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items identified. Notably, Claude’s essays contained
no evaluative uses of the term age.

Although the task addressed partly the advan-
tages of retirement, none of the nine essays applied
the term wise for positive representations of older
age.

Similarly, no occurrence of the lemma old was
detected for the negative portrayal of retirement.

The absence of overtly ageist lexical items did
not exclude the presence of implicit ageism, in
which age is depicted as a rigid categorical bound-
ary linked to decline rather than a continuous and
individually variable process.

Although the analysis has focused on the corpus
comprised only nine essays, the findings present the
relevance of critical interrogation of artificial intel-
ligence as a mediator and enhancer of social age bi-
ases.

Future research could extend this study to larger
corpora, namely Al-generated short stories, longer
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narrative texts and field-specific genres. Conse-
quently, the range of analysis would enable scholars
to investigate whether age-related stereotypes per-
sist, amplify or modify throughout various text for-
mats and interactional settings. These studies would
result in a deeper understanding of the interconnec-
tion between ageism, discourse practices, and devel-
oping content-generating tools.
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