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Execu-ve Summary 

This white paper addresses the responsible integraAon of generaAve arAficial intelligence (parAcularly 
large language models, LLMs) into large-scale assessments (LSA) in educaAon against the backdrop of 
the European Union’s ArAficial Intelligence Act (AIA). The paper aims to address uncertainAes among 
experts about how to integrate AI tools efficiently without compromising legal, ethical, or psychometric 
standards. We seek to provide a clear framework (including checklists and examples) to guide compli-
ance efforts during the current transiAonal phase, when official technical standards for operaAonal im-
plementaAon of the AIA are sAll largely lacking. The strategic imperaAve should be to proacAvely create 
compliance structures to maintain the balance between technological progress and the protecAon of 
fundamental rights. For this purpose, informed and professional human judgement remains indispen-
sable in strengthening public confidence in the validity and fairness of AI-supported educaAonal assess-
ment methods. 

 

Promise 
IntegraAng LLMs can offer significant efficiency gains in test development and facilitate educaAonal 
workload through personalized adaptaAons. The ability of generaAve arAficial intelligence (GenAI) 
to achieve human-level language quality promises to greatly reduce the burden of resource-inten-
sive tasks. 

Peril 
The criAcal dangers of AI-assisted workflows range from technical errors and risks of human overre-
liance to ethical challenges, such as bias, discriminaAon and ecological strains. UnreflecAve use can 
jeopardize psychometric validity and fairness towards learners. 

Principle  
AI systems used in educaAon, for instance to assess learning outcomes or to inform learning pro-
cesses, are categorically classified as ‘high-risk’. This forms the fundamental basis for all subsequent 
requirements. OrganizaAons using AI systems in their workflow (defined as ‘deployers’) are subject 
to comprehensive compliance obligaAons, including the provision of human oversight, maintaining 
traceability through log documentaAon and conducAng fundamental rights impact assessments 
(FRIA). 

Prac/ce  
AI tools should be viewed as a supplement to human experAse (‘human-in-the-loop’ approach) and 
should not subsAtute professional judgement or psychometric validaAon. Human oversight as final 
authority is not only a ma]er of quality assurance but also a legal requirement under the AIA. 
Therefore, professionals must train in AI literacy to develop specific skills needed for idenAfying and 
efficiently miAgaAng AI-associated risks. PrioriAzing open-source and frugal AI systems can reduce 
environmental costs, strengthen social jusAce and encourage technological independence. 

Perspec/ve  
The global significance of the AIA is discussed, as current uncertainty caused by the discrepancy be-
tween the regulatory ambiAons of the AIA and the actual readiness of stakeholders remains.  
The pracAcal feasibility of organizaAons complying with the regulaAons is hindered by the fact that 
some classificaAons appear staAc, arbitrary and potenAally disproporAonate, which could result in 
higher compliance costs.  
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Introduc-on

EducaAonal assessment encompasses a wide spec-
trum of pracAces, ranging from classroom-based 
formaAve feedback to high-stakes examinaAons in 
higher educaAon and naAonal large-scale assess-
ments. Recent advancements of generaAve arAfi-
cial intelligence (GenAI) technologies are rapidly re-
shaping these established assessment pracAces, 
promising gains in efficiency, scalability, and innova-
Aon. At the same Ame, their responsible integraAon 
into assessment workflows remains considerably 
uncertain, especially for those directly involved in 
test development and quality assurance. This issue 
is parAcularly perAnent for subject-ma]er experts 
(SMEs), who are increasingly likely to encounter or 
experiment with AI-assisted tools in their profes-
sional workflows, without the support of clear op-
eraAonal benchmarks. However, the unverified or 
unreflecAve use of GenAI’s powerful capabiliAes 
may unintenAonally blur the lines between original-
ity, authorship, and plagiarism. Beyond quesAons of 
academic integrity, professionals are therefore con-
fronted with complex legal, ethical, and organiza-
Aonal challenges. These include, for instance, the 
lawful categorizaAon of arAficially generated mate-
rial, transparency and documentaAon duAes, data 
protecAon requirements, and accountability mat-
ters.  

The European Union’s newly1 mandated ArAficial 
Intelligence Act (AIA) (RegulaAon (EU) 2024/1689) 
aims to provide a harmonized regulatory frame-
work for addressing these risks. However, translat-
ing the AIA’s complex provisions into concrete, 
pracAcal guidelines requires a thorough familiarity 
with its compliance expectaAons. Even more so, as 
a severe gap exists between regulatory obligaAons 
and the availability of operaAonal compliance infra-
structure. While the core obligaAons for most high-
risk AI systems will take effect in August 2026, the 
technical framework intended to operaAonalize 
these requirements is criAcally incomplete. As the 
AIA relies heavily on harmonized technical stand-
ards to translate its legal provisions into concrete, 
auditable compliance criteria, the Joint Technical 
Commi]ee 21 (JTC 21) has been tasked with devel-
oping European standards for AI, including harmo-
nized technical standards that directly  

 
1 The European Regula/on on Ar/ficial Intelligence (EU AI Act; AIA) 
came into force on August 1st, 2024. 

 

support the AIA. As of late 2025, however, only 15 
of the 45 required standards have been published 
by the CENELEC (Comité Européen de Normalisa-
Aon Électrotechnique), with the European Commis-
sion yet to issue any. Even under the most opAmis-
Ac projecAons, nearly half of the standards (49%) 
are predicted to remain unavailable when the obli-
gaAons take effect (Beltrame et al., 2025; Toffalek, 
2025). Thus, paradoxically, compliance will need to 
be demonstrated against standards that do not yet 
exist, creaAng an environment of profound legal 
and operaAonal uncertainty. 

The present white paper aims to address this gap 
by providing pragmaAc guidance for SMEs and as-
sessment pracAAoners who are considering the 
use of GenAI in educaAonal assessment under 
the EU’s ArAficial Intelligence Act.  

Through discussing the definiAons and ambiguiAes 
surrounding the AIA, we propose a coherent oper-
aAonal framework for AI-assisted test development 
that aligns ethical consideraAons, regulatory re-
quirements, and best-pracAce recommendaAons. 
However, it reflects the state of regulaAon and re-
search as of early 2026. Given that AI governance is 
an excepAonally dynamic field, shaped by rapid 
technological developments, evolving standards, 

IllustraAve use case  
In a previous exploratory study, we examined 
the technical feasibility of using GenAI to cre-
ate reading comprehension sAmuli for large-
scale assessments within a hypotheAcal test-
development scenario, focusing on perceived 
quality and content-related characterisAcs 
(Ripoll Y Schmitz & Sonnleitner, 2025). While 
the findings suggested that AI-generated texts 
may be on par with human-wri]en materials, 
tesAng their actual suitability for educaAonal 
assessments requires empirical psychometric 
validaAon. In order to evaluate the true meas-
urement properAes, such as reliability, validity 
and fairness, the items must ulAmately be em-
bedded into real tesAng scenarios. Doing so, 
however, presupposes a careful consideraAon 
of legal and ethical quesAons, as well as com-
pliance with the European Union’s AI Act. 
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and ongoing legislaAve adjustments, the regulatory 
landscape may conAnue to develop beyond the 
scope and Ameframe of this report2. Due to the in-
volvement of minors and reliance on established 
psychometric quality criteria, educaAonal large-
scale assessment (LSA) represents a more Aghtly 
regulated and methodologically demanding assess-
ment context under the AIA. By using LSA in Luxem-
bourg as a detailed reference case, this white paper 
aims to promote responsible AI integraAon across 
the broader educaAonal assessment landscape.  

For this purpose, the remainder of the present pa-
per is structured into five parts. Amer introducing 
various promises of LLM applicaAons in the educa-
Aonal tesAng realm, we examine the real-world 
perils this approach entails by outlining the associ-
ated technical, ethical/legal, educaAonal, and or-
ganizaAonal/societal risks. Next, we analyze how 
these risks translate into concrete obligaAons for 
our use case under the principles of the EU’s AIA. 
We aim to clarify the legal categorizaAon of educa-
Aonal AI systems, the requirements applicable to 
AI-generated content, as well as the definiAons and 
associated obligaAons of (primarily) deployers and 
providers. In the pracAce secAon, we propose risk-
miAgaAon strategies and recommend best prac-
Aces for the responsible integraAon of GenAI into 
test development workflows, while maintaining hu-
man oversight and compliance with EU regulaAons. 
Finally, we aim to give a perspecAve on the feasibil-
ity of integraAng AI technologies in the future. We 
briefly discuss ongoing debates surrounding the 
proporAonality and pracAcal ambiguiAes of the AIA, 
all while encouraging the sustainable, human-cen-
tered use of GenAI in educaAonal assessment.  

Promise 

In recent years, rapid advancements of GenAI, par-
Acularly large language models (LLMs), have drawn 
substanAal a]enAon to their remarkable ability to 
match, or in some cases even exceed, human-level 
performance in various language processing tasks 
(e.g., Ackerman & Balyan, 2023; Brown et al., 2020; 
OpenAI, 2023; Ripoll Y Schmitz & Sonnleitner, 2025; 
Tan et al., 2023; Xiao et al., 2023). LLMs are auto-
regressive models designed to sequenAally predict 
the next token in a sentence, based on the iniAal 
input (prompt) and previously generated tokens. 

 
2 This report is not intended to provide legal advice and should not be 
relied upon as a subs/tute for professional legal consulta/on. The au-
thors are not ac/ng on behalf of, nor are they endorsed by, any Euro-
pean Union ins/tu/on or regulatory authority. All recommenda/ons 

Human language inputs are transformed into high-
dimensional, contextually rich representaAons 
within the GPT (GeneraAve Pre-trained Trans-
former) architecture, enabling the system to pro-
duce coherent, appropriate outputs (OpenAI, 2023; 
Tan et al., 2024). Owing to their extensive pretrain-
ing, these models can be leveraged for a wide range 
of applicaAons, without requiring task-specific ar-
chitectural modificaAons and omen with only mini-
mal fine-tuning, if any (Bezirhan & von Davier, 
2023). Beyond their technical sophisAcaAon, LLMs 
may also offer broader pedagogical benefits in ed-
ucaAonal contexts. By providing personalized, real-
Ame responses, LLMs can significantly reduce 
teachers’ workload and assist with rouAne, Ame-in-
tensive tasks. These may include draming instruc-
Aonal and differenAated learning materials, gener-
aAng (mulAple-choice) test quesAons (e.g., Lee et 
al., 2023; Lin & Chen, 2024; Tomikawa & Uto, 2024; 
Wang et al., 2022), providing feedback on student 
wriAng (e.g., Pankiewicz & Baker, 2023), and auto-
maAng the scoring of assignments and essays (e.g., 
Farrokhnia et al., 2023; Jung et al., 2024; LaAf & 
Zhai, 2024).   
Not only do these adapAve capabiliAes foster the 
inclusion of diverse learning needs in the class-
room, for instance, through translaAon and acces-
sibility tools, but they could also allow teachers to 
focus on higher-order instrucAonal objecAves and 
develop deeper pedagogical and mentoring rela-
Aonships with learners (Yan et al., 2024). From a 
learner’s perspecAve, LLMs can serve as intelligent 
tutoring systems, enabling more accessible, per-
sonalized learning experiences. They can summa-
rize complex informaAon, support the acquisiAon 
of new knowledge, highlight linguisAc or concep-
tual inconsistencies, and suggest personalized 
strategies for improvement (Kasneci et al., 2023; 
Farrokhnia et al., 2023). In higher educaAon, LLMs 
can further support academic workflows by assist-
ing with literature searches, producing summaries, 
structuring outlines, and idenAfying unexplored re-
search perspecAves (Kasneci et al., 2023). More 
broadly, this could also foster conAnuous self-de-
velopment by challenging professionals to improve 
their skills and inspiring them to adopt new ap-
proaches (Ripoll Y Schmitz & Sonnleitner, 2025). 

are non-binding and reflect best-prac/ce considera/ons at the /me 
of wri/ng. The ul/mate responsibility for regulatory compliance lies 
with the respec/ve providers and deployers of AI systems. 
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In the development of standardized educaAonal 
tests in parAcular, which is tradiAonally a resource-
intensive and Ame-consuming process, LLMs offer 
the prospect of facilitaAng the creaAon of high-
quality test items with greater flexibility and effi-
ciency: In an exploratory study (Ripoll Y Schmitz & 
Sonnleitner, 2025), we invesAgated the suitability 
of OpenAI’s GPT-4/ ChatGPT for generaAng German 
reading comprehension sAmuli and examined its 
potenAal for integraAon as a support tool in the test 
development process for the Luxembourgish edu-
caAonal large-scale assessment Épreuves standard-
isées (ÉpStan).   
Through a qualitaAve SWOT analysis (strengths, 
weaknesses, opportuniAes, and threats) with expe-
rienced SMEs from the LUCET3, we ensured that the 
generated texts adhered to educaAonal curricula 
and the cogniAve task requirements. Using zero-
shot and one-shot prompt engineering ap-
proaches4 grounded in a template-based frame-
work (Text Analysis CogniAve Model; TACM; cf. 
Sayin & Gierl, 2024), we created informaAve and 
narraAve texts for Luxembourgish fimh-grade stu-
dents and evaluated them using a mixed-methods 
design. Independent reviewers then judged the 
texts’ readability, coherence, engagement, and 
content adequateness as well as their perceived au-
thorship (AI-generated vs. human-wri]en).   
The results demonstrated the impressive potenAal 
of GenAI to emulate human-wri]en texts in terms 
of linguisAc style and overall quality. AI-generated 
texts were comparable in quality to their human-
authored counterparts, with the majority of review-
ers unable to consistently idenAfy their authorship 
origins. One-shot prompAng proved parAcularly ef-
fecAve for generaAng informaAve texts, whereas 
human authors sAll retained an advantage for nar-
raAve content, which rather involves emoAonal nu-
ances and contextual subtlety. Zero-shot prompAng 
offered considerable flexibility and creaAvity but ex-
hibited the most AI-a]ributed characterisAcs and 
therefore sAll requires human refinement.   
These findings suggest that GenAI could be a valu-
able asset in test development, efficiently providing 
first drams for SMEs in areas where sourcing suita-
ble, language-appropriate texts is costly and 

 
3 The Luxembourg Centre for Educa/onal Tes/ng (LUCET) is a re-
search and transfer center at the University of Luxembourg, commis-
sioned to implement, enhance and assure the country’s school moni-
toring program ‘Épreuves Standardisées’ (ÉpStan), amongst other re-
sponsibili/es (University of Luxembourg, 2025). 
 
4 Prompt engineering refers to the deliberate phrasing of instruc/ons 
that effec/vely communicate tasks to LLMs (Tan et al., 2024). In zero-

challenging. At the Ame of publicaAon, these pro-
cedures have not yet been implemented within 
ÉpStan and should be understood as exploratory 
consideraAons for future development. 

Using GenAI to provide new themaAc content could 
expand the exisAng item pool and enable the crea-
Aon of parallel test versions that adhere to the 
same criteria and consistency constraints. However, 
as emphasized in the study and reiterated here, the 
use of GenAI should be viewed as complementary 
to, rather than a replacement for, human experAse. 
Sustained SME involvement throughout all stages 
of the development process (‘human-in-the-loop’ 
or ‘augmented intelligence’ approach) is essenAal 
for ensuring validity, maintaining quality standards, 
and miAgaAng biases. 

Peril  

While LLMs offer compelling opportuniAes for edu-
caAonal innovaAon, their deployment in LSA also 
poses significant risks that must be criAcally exam-
ined before they are integrated into school sekngs. 
Even though our example of the Luxembourgish 
ÉpStan is considered a low-stakes assessment for 
students, this use case sAll requires the processing 
of sensiAve data from vulnerable individuals (i.e., 
children). It necessitates targeted measures to pro-
tect minors from the consequences of improper ap-
plicaAons. Building on the weaknesses and threats 
idenAfied in our previous SWOT analysis (Ripoll Y 
Schmitz & Sonnleitner, 2025) and informed by the 
broader literature, these risks can be categorized 
into four intersecting domains: technical, educa-
tional, ethical/legal, and organizational/societal. 
The relevant regulations and risk mitigation 
measures will be further explained in the Principle 
and Prac3ce secAons. 

1. Technical Risks: Inherent model limitaAons 
that may compromise reliability and con-
sistency of AI-generated material 

Hallucina3ons and inaccuracy 

LLMs can someAmes generate plausible-sounding 
yet factually incorrect, unverifiable, or fabricated 

shot genera/on, the model receives only a natural language input 
without an explicit example. It must therefore rely solely on pre-
trained knowledge, oXen resul/ng in more flexible and crea/ve re-
sponses. In one-shot genera/on, an example is added to the manual 
instruc/on. This enables the model to align its response with the 
demonstrated structure or stylis/c features, as the generated text 
tends to be similar to the provided reference (Bezirhan & von Davier, 
2023). 
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informaAon (Barberà, 2025; Schuster et al., 2025; 
Yan et al., 2024). These so-called hallucinaAons typ-
ically occur due to gaps or distorAons in the training 
material, or as a result of the inherent complexity 
of language-generaAon processes (Barberà, 2025; 
Yan et al., 2024). Hallucinated inaccuracies can 
pose substanAal risks in educaAon and assessment, 
as they can mislead learning processes, generate 
incorrect feedback, or provide false informaAon, 
thereby potenAally undermining trust and reliabil-
ity in the tool (Yan et al., 2024). From a regulatory 
perspecAve, hallucinaAons are also considered a 
criAcal risk factor under the AIA, as the European AI 
law explicitly requires error prevenAon, quality as-
surance, and human oversight (Schuster et al., 
2025). 

Lack of transparency and explainability 

The opacity of LLMs, also known as their ‘black-box’ 
funcAoning, may prevent users (SMEs, teachers, 
and learners) from understanding how GenAI actu-
ally operates, making it difficult to get a feeling for 
its potenAal limitaAons and the origins of errors 
(Barberà, 2025; Schuster et al., 2025; Yan et al., 
2024). This challenges not only transparency and 
fairness demands, but also the key objecAves of 
trustworthiness and human oversight set out in the 
AIA, as a certain level of transparency and AI liter-
acy is required to comprehend and miAgate poten-
Aal risks. 

Lack of robustness and recency 

Despite their complexity, LLMs can exhibit unex-
pected bri]leness when performing relaAvely sim-
ple tasks (Kasneci et al., 2023; Yan et al., 2024). 
They are suscepAble to adversarial a]acks (i.e., pur-
posefully manipulated inputs) that can compromise 
their behavior (Barberà, 2025; Yan et al., 2024). At-
tackers could also introduce incorrect training data 
into the training dataset (‘data poisoning’), causing 
the AI system to learn undesirable informaAon and 
thereby compromising its integrity, robustness, and 
overall security (European Commission, High-level 
Expert Group on ArAficial Intelligence [HLEG AI], 
2020). AddiAonally, models based on staAc training 
data are limited in their ability to provide current or 
complete informaAon, as their knowledge is con-
fined to a specific point in Ame (‘knowledge cut-
off’) (Barberà, 2025; Schuster et al., 2025). 

2. Ethical and Legal Risks: Requirements of EU 
law and fundamental rights  

Data protec3on, privacy (GDPR), and unlawful re-
purposing 

AI-supported systems used for performance evalu-
aAon or to generate personalized learning recom-
mendaAons inevitably access sensiAve informaAon 
about minors. This may include academic records 
and behavioral or health-related data, thereby pos-
ing considerable privacy and ethical risks (Barberà, 
2025; Kasneci et al., 2023). If adequate security 
measures are not implemented, AI tools operaAng 
via third-party services or external cloud infrastruc-
tures can increase the likelihood of data leaks and 
unauthorized access. Even seemingly anonymized 
training or test data may be traced back to individ-
uals, thus introducing the risk of so-called re-iden-
AficaAon (Barberà, 2025; Yan et al., 2024). Another 
danger pertains to personal data uploaded in the 
context of user queries (inputs and outputs), if it is 
being used for retraining purposes different from 
those originally intended, without having obtained 
the necessary formal consent (Barberà, 2025). 
These issues underscore the pivotal roles of data 
protecAon regulaAons, clear consent strategies, 
and the definiAon of responsibiliAes in the event of 
malfuncAons along the AI value chain, especially for 
applicaAons involving minors. 

Copyright and plagiarism 

This challenge is parAcularly perAnent because 
LLMs trained on large amounts of textual data may 
reproduce, or resemble, copyrighted materials in 
their outputs, posing legal risks of plagiarism and 
intellectual property infringements for both devel-
opers and users (Barberà, 2025; Kasneci et al., 
2023; Ripoll Y Schmitz & Sonnleitner, 2025). If LLMs 
are used increasingly in academia for their promis-
ing capabiliAes without considering the risk of cop-
ying others’ work, this could lead to a widespread 
‘democraAzaAon of plagiarism’ and threaten aca-
demic integrity (Farrokhnia et al., 2023). 

Bias and discrimina3on 

GenAI models can replicate or amplify biases pre-
sent in their training data, relaAng to social, histori-
cal, or structural factors and resulAng in unfair or 
discriminatory outcomes (Barberà, 2025; Kasneci 
et al., 2023; Schuster et al., 2025; Yan et al., 2024). 
As the quality of the output directly depends on the 
quality of its inputs (training data and user input), 
the risk of perpetuaAng biases is known as the ‘gar-
bage in, garbage out’ principle (Farrokhnia et al., 
2023). LLMs are also highly sensiAve to how inputs 
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are formulated, with minor variaAons in prompt 
structure potenAally leading to enArely different 
outputs (Barberà, 2025). Accordingly, biased or 
vague language in prompts, formulaAons that sug-
gest a specific answer, or emoAonally charged in-
puts could compromise the output’s objecAvity 
(Bulut et al., 2024). The lack of transparency inher-
ent to most GenAI models makes it difficult to sys-
temaAcally idenAfy and address such biases, posing 
a direct risk to the ethical principle of beneficence 
(Yan et al., 2024). This issue of ‘algorithmic bias’ is 
parAcularly perAnent in the context of educaAon, 
where biased recommendaAons or inaccurate as-
sessments can disproporAonately disadvantage 
certain student groups (Bulut et al., 2024). ConAn-
uous monitoring or automated analysis of behavior 
could lead to discriminatory or sAgmaAzing profil-
ing. Therefore, the EU legal framework expressly 
prohibits the use of such AI systems in educaAonal 
and vocaAonal contexts that aim to recognize or in-
fer emoAons, social behavior, or personality traits, 
as this poses a significant risk of discriminatory ef-
fects (AIA, ArAcle 5). 

3. EducaAonal and CogniAve Risks: DistorAons in 
learning and assessment processes  

Overreliance  

The admirable ability of LLMs to generate high-
quality, human-like responses and recent advance-
ments in their deliberate reasoning capabiliAes 
(OpenAI, 2024) may also challenge the validity of 
convenAonal learning assessment methods (e.g., 
essays). It will become increasingly difficult for 
teachers to disAnguish genuine learner work from 
AI-generated text (Kasneci et al., 2023; Yan et al., 
2024). The ease with which informaAon can now be 
obtained could also lead to increased ‘laziness’ 
among learners (Kasneci et al., 2023). UlAmately, 
this could have a negaAve impact on agency, prob-
lem-solving, and creaAvity, making it crucial for 
learners, teachers, but also SMEs to recognize the 
potenAal pivalls of excessively depending on such 
models (AIA ArAcle 14(4); Barberà, 2025; Kasneci et 
al., 2023; Yan et al., 2024). Overreliance on GenAI, 
therefore, entails the risk of developing a depend-
ency that hinders innovaAon and original thinking, 
leading to a decline in users’ higher-order cogniAve 
skills (Yan et al., 2024; Zhai et al., 2024). Moreover, 
if SMEs rely on LLM-generated outputs in criAcal 
contexts, such as test development, without suffi-
cient understanding or oversight, this overreliance 
could (unintenAonally) compromise their 

autonomy and professional accountability (Bar-
berà, 2025). 

Performance-Illusion 

This risk is parAcularly problemaAc as GenAI can 
create the illusion of improved performance in 
learners without them actually developing essen-
Aal skills, such as self-regulated learning. A ‘perfor-
mance paradox’ may arise when performance de-
clines again once AI support is withdrawn (e.g., Dar-
vishi et al., 2023). Performance illusion can also re-
sult in an overesAmaAon of one’s own understand-
ing, a phenomenon known as the ‘fluency bias’ (Yan 
et al., 2024). Even SMEs, or item developers in this 
context, may be tempted to give a well-worded AI 
output certain credibility, momentarily forgekng 
about their responsibility for the ulAmate content 
(Ripoll Y Schmitz & Sonnleitner, 2025). 

Linguis3c and cultural limita3ons, and mul3lingual-
ism 

Most AI algorithms are sAll primarily calibrated us-
ing data from English-speaking Western countries 
that is subsequently translated into other lan-
guages. Since GenAI plavorms typically require 
around two million words to effecAvely integrate a 
language (The Government of the Grand Duchy of 
Luxembourg, 2025), the scarcity or underrepresen-
taAon of high-quality linguisAc training data for low-
resource or less common languages, such as Lux-
embourgish, can compromise their accuracy. This 
may result in the use of inappropriate vocabulary, 
cultural biases, social stereotypes, and discrimina-
Aon against certain groups, as well as raising fair-
ness concerns in mulAlingual educaAonal sekngs 
(Bulut et al., 2024; Ripoll Y Schmitz & Sonnleitner, 
2025). In Luxembourg, the educaAon system’s dis-
Anct mulAlingual orientaAon entails that the lan-
guage of instrucAon at school (usually German or 
French) may differ from the learners’ first language, 
leading to highly heterogeneous proficiency pro-
files (Ugen et al., 2023). Furthermore, the standard 
German spoken in countries such as Luxembourg, 
Austria, and Switzerland consAtutes a disAnct nor-
maAve variety that is not fully comparable to stand-
ard German in Germany. AI systems may produce 
formally and stylisAcally correct outputs, but strug-
gle to understand cultural nuances, connotaAons, 
and the specific meanings of language in other 
standard German contexts. LinguisAc pragmaAcs, in 
parAcular, are strongly bound to culture and can 
thus be difficult for AI to translate. Not only does 
this lead to problems when transferring pragmaAc 
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aspects across languages, but it also makes this a 
parAcularly labor-intensive task for SMEs (Ripoll Y 
Schmitz & Sonnleitner, 2025).  

4. OrganizaAonal and Societal Risks: Resource-
intensive nature of implemenAng safe and 
compliant AI systems 

AI-Literacy: Lack of technical exper3se 

Many teachers and educaAonal insAtuAons lack the 
skills required to uAlize LLMs in a pedagogically 
meaningful, technically correct, and ethically re-
sponsible manner (Kasneci et al., Yan et al., 2024). 
AddiAonally, a new ethical challenge known as the 
‘transparency gap’ could arise if transparency re-
quirements are comprehensible only to technical 
experts, thereby excluding educaAonal stakehold-
ers from key decision-making processes (Yan et al., 
2024). Even some AI developers may be unaware of 
potenAal legal implicaAons, and public authoriAes 
may lack the legal experAse needed to effecAvely 
regulate AI across sectors (Fedele et al., 2024). 

Fair access and digital divide 

In the absence of fair resource allocaAon, unequal 
access to these powerful technologies could exac-
erbate exisAng inequaliAes (‘digital divide’) in learn-
ing opportuniAes and educaAonal prospects (Bulut 
et al., 2024; Kasneci et al., 2023; Yan et al., 2024). 
Rural and economically disadvantaged communi-
Aes without reliable internet service may experi-
ence reduced employment opportuniAes and in-
creased social division. Likewise, economic dispari-
Aes between those who possess the necessary 
skills and resources to take advantage of (genera-
Ave) AI and those who do not may perpetuate an 
‘AI Divide’ (Bulut et al., 2024). The financial implica-
Aons of training, maintenance, and compliance 
with new regulaAons, such as the comprehensive 
EU AIA, can pose a considerable challenge for (ed-
ucaAonal) insAtuAons with constrained financial re-
sources (Kasneci et al., 2023; European Commis-
sion, 2025). The predominance of English-language 
AI soluAons has been shown to perpetuate a bias 
towards Western, educated, industrialized, 
wealthy, and democraAc socieAes, with significant 
implicaAons for the applicability and fairness of 
these soluAons on a global scale (Kasneci et al., 
2023; Yan et al., 2024). 

 
5 AI models released under free or open-source licenses provide 
informa/on about parameters, weights, and model architecture, 
allowing users to freely use, modify and improve so]ware and data, if 
the original provider of the model is credited (AIA, Recital 102). 

Sustainability and resource consump3on 

Last but not least, as these systems conAnue to im-
prove in sophisAcaAon and processing speed, they 
are also becoming increasingly energy-intensive. 
Although AI systems could be used to monitor en-
vironmental changes and inform research and po-
liAcal decisions, they themselves require substan-
Aal compuAng resources and cooling infrastructure 
to maintain operaAonal efficiency. Data centers, 
which house most large-scale AI deployments, 
need (destrucAvely mined) rare elements for mi-
crochips, produce hazardous electronic waste, and 
use vast quanAAes of water to cool electrical serv-
ers. AddiAonally, AI data centers have increased 
electricity demand, most of which sAll comes from 
fossil fuels, resulAng in higher carbon dioxide emis-
sions (e.g., UN Environment Programme, 2025). 
The associated risks to environmental sustainability 
and water scarcity, as well as the risk of exacerbat-
ing the digital divide further, must be given due 
consideraAon when discussing the ethical and 
moral use of AI-supported systems. 

Principle 

These risks and challenges highlight the urgent 
need for a clear regulatory and legal framework to 
foster the responsible development of AI in the EU. 
The European Union’s ArAficial Intelligence Act 
(RegulaAon (EU) 2024/1689) establishes compre-
hensive harmonized rules for the development, 
markeAng, and use of AI systems within the EU. At 
the heart of the regulaAon is the definiAon and gov-
ernance of AI systems through a risk-based ap-
proach. Minimal-risk applicaAons (e.g., AI used in 
spam filters) or open-source systems5 can be used 
freely, while limited-risk applicaAons (e.g., chat-
bots, deepfakes) require transparency declaraAons. 
High-risk AI systems used in health, educaAon, or 
law enforcement are subject to stringent require-
ments for risk management, data quality, and hu-
man oversight. The European legislator is thus re-
sponding to the uncertainAes associated with the 
use of AI in sensiAve or high-risk areas. Further-
more, certain AI pracAces are expressly prohibited, 
such as social scoring, mass surveillance, and the 
use of AI to predict criminal risk solely through pro-
filing6. Key governance measures include the intro-
ducAon of AI regulatory sandboxes and cooperaAon 

6 Profiling refers to the automated processing of personal data to 
evaluate aspects of an individual’s behaviour, performance or abili-
/es. 
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with naAonal competent authoriAes (market sur-
veillance authoriAes) to monitor compliance, en-
force regulaAons, and promote AI literacy. The im-
plementaAon of the AIA in the EU member states 
will be overseen by the AI Office, established within 
the European Commission (2025). Finally, the regu-
laAon sets out specific transparency obligaAons and 
liability rules for general-purpose AI (GPAI) models, 
parAcularly those posing systemic risk, ensuring re-
sponsibility is fairly distributed along the enAre AI 
value chain. Similarly to our study, the principles of 
the ‘human-in-the-loop’ approach are reflected 
throughout the AIA, with human oversight remain-
ing an indispensable component in ensuring tech-
nical reliability, ethical accountability, and profes-
sional integrity of AI-supported processes.   

Amer its entry into force on 2nd August 2024, the AIA 
will be implemented gradually (see Table 1), origi-
nally with full compliance expected by August 2nd, 
2026. However, the European Commission has ex-
tended certain regulaAons by a six-month transi-
Aon period (unAl February 2nd, 2027) in its recent 
amendments to the AIA (European Commission, 
2025). The different AI system types with their re-
specAve obligaAons will be detailed further in this 
secAon. 

Table 1  
AIA staggered applicability 3meline7 (TP = Transi-
3on Period since 1st August 2024) 

AI System Type/ ObligaHon Date of Applicability 
Prohibited AI PracHces & AI 
Literacy ObligaHons 

2nd February 2025 
TP: 6 months 

Governance Rules & Obliga-
Hons for GPAI Models  

2nd August 2025 
TP: 12 months 

GPAI Code of PracHce 
(Voluntary Compliance Tool) 

July 10th 2025  
(Published) 
TP: 9 months  

Remainder of AIA including 
most High-Risk AI Systems 
(Annex III) 

2nd August 2026 
TP: 24 months 

High-Risk AI Systems Embed-
ded in Regulated Products 
(Annex I) 

2nd August 2027 
TP: 36 months 

 

The selected use case of text-based item genera-
Aon leveraging an LLM is intended to demonstrate 
how the AIA’s comprehensive provisions can be ap-
plied to specific promising scenarios and illustrate 
the legal and ethical requirements for using AI in 

 
7 Full implementa/on guideline: 
h`ps://ar/ficialintelligenceact.eu/implementa/on-/meline/ 

educaAonal tesAng. To understand the normaAve 
framework for classifying and evaluaAng AI-gener-
ated content, the key terms and definiAons of the 
AIA are explained below. 

DefiniAons under the AIA  

General Purpose AI Models vs. Systems  

General Purpose AI (GPAI), as the name suggests, 
exhibits significant generality, meaning it can com-
petently perform a wide variety of tasks across mul-
Aple domains, possibly extending beyond its devel-
opers' intenAons. These models are disAnguished 
by their flexibility and scalability, which are typically 
facilitated by self-supervised or reinforcement 
learning with large amounts of training data (ArAcle 
3(63); Recital 97; Recital 98). This property enables 
them to adapt to various applicaAons without re-
quiring substanAal modificaAons or fine-tuning. 
The AIA (ArAcle 3(66)) and the Future of Life InsA-
tute (2024) also describe these as foundaAon mod-
els that underpin other, more specialized applica-
Aons. A GPAI Model refers to the technical model 
itself, prior to its deployment, integraAon into an in-
terface, or market placement8. 

Although AI models form the core of AI systems, 
they do not consAtute AI systems per se. It is only 
when addiAonal components that facilitate user in-
teracAon with the underlying model (e.g., inter-
faces, features, fine-tuned layers) are added that a 
funcAonal AI system is created. A GPAI System is 
therefore the funcAonal implementaAon of such a 
model; for instance, the operaAonal AI system built 
on top of a GPAI model (ArAcle 3(66)). While GPAI 
systems can perform a wide range of cogniAve 
tasks, including classificaAon, summarizaAon, and 
reasoning, the term GeneraAve AI (GenAI) specifi-
cally refers to systems designed to produce new 
content. Large-scale GenAI models (e.g., GPT, Gem-
ini, Mistral) consAtute a prominent subset of GPAI 
models, as they can flexibly generate diverse con-
tent, including text, audio, images, video, and code 
(Recital 99; Dushi, 2024). Consequently, ChatGPT is 
an example of both a GPAI system and a GenAI sys-
tem. 

GPAI models with and without systemic risk  

The AIA establishes a further disAncAon between 
GPAI models with and without systemic risk (ArAcle 

8 Research, development, and prototyping ac/vi/es with AI models 
carried out exclusively for this purpose prior to being placed on the 
market do not fall within the scope of the defini/on.  

https://artificialintelligenceact.eu/implementation-timeline/
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51; Recital 112), in an effort to strictly regulate dis-
rupAons to criAcal sectors, public health and safety, 
democraAc processes, or the disseminaAon of ille-
gal or discriminatory content. A GPAI model is clas-
sified as being of systemic risk if it exhibits high-im-
pact capabiliAes, or if it significantly impacts the in-
ternal market due to its reach (ArAcle 3(65)). High-
impact capabiliAes are assumed if the cumulaAve 
training computaAon exceeds 1025 floaAng-point 
operaAons per second (FLOPs)9. Developers (pro-
viders) must noAfy the Commission (AI Unit) imme-
diately and no later than two weeks amer this 
threshold is met. AlternaAvely, the European Com-
mission, informed by a scienAfic panel of independ-
ent experts, has the authority to designate a GPAI 
model as posing systemic risk based on its high im-
pact, scale, technical potenAal, or algorithmic im-
provements (Future of Life InsAtute, 2024). 

General Purpose AI Code of Prac3ce 

The European Commission's original dram of the 
AIA did not explicitly address regulaAons for GPAI 
technologies. However, the Council later empha-
sized the necessity to incorporate them within the 
legislaAve framework. Experts had warned that 
classifying AI systems as high-risk solely on their in-
tended purpose could result in GPAI systems being 
largely unregulated, since this approach would fo-
cus on applicaAons rather than the underlying 
foundaAon models (Madiega, 2023). Therefore, the 
European Commission has published a General-
Purpose AI Code of PracAce (The General-Purpose 
AI Code of Prac3ce, 2025) on July 10th, 2025, cover-
ing the topics (1) transparency, (2) copyright, and 
(3) safety and security. GPAI model providers who 
voluntarily sign this Code of PracAce can demon-
strate compliance with the AIA, thereby reducing 
their administraAve burden and providing them 
with greater legal certainty. Adherence to the code 
is voluntary, but companies that sign it10 will benefit 
from a ‘presumpAon of conformity’, meaning that 
EU regulators will assume compliance with the 
AIA's obligaAons for GPAI. 

Providers vs. Deployers 

Under the AIA, the responsibiliAes for those in-
volved in the AI value chain are primarily deter-
mined by their role in developing and using the 

 
9 FLOPs are a subset of real numbers that are usually represented on 
computers as an integer of fixed precision scaled by an integer exponent 
of a fixed base (Ar=cle 3(67)). In other words, FLOPs describe how 
computers perform basic calcula=ons with real (decimal) numbers, and 
coun=ng these small calcula=on steps shows how much computa=onal 
effort an AI system requires.  

 

system. The Act disAnguishes between provider, 
deployer, authorized representaAve, importer, dis-
tributor, and operator (ArAcles 3(3-8)) in order to 
determine legal obligaAons, liabiliAes, and compli-
ance requirements. Providers are defined as enA-
Aes (natural or legal person, public authority, 
agency, or other body) that develop or have devel-
oped a GPAI model or an AI system, which they ei-
ther place on the market or put into service under 
their own name or trademark, whether for pay-
ment or free of charge (ArAcle 3(3)). In other words, 
providers are the main manufacturers of the AI sys-
tem that will be sold or deployed, while a down-
stream provider integrates an exisAng AI model to 
develop their own AI systems (ArAcle 3(68)). Fur-
ther down the AI value chain are the deployers, 
meaning the end users or operators that uAlize an 
AI system under their authority and within their 
own professional, non-personal context (ArAcle 
3(4); Recital 13). Their obligaAons concern how the 
system is used, such as ensuring human oversight, 
protecAng data subjects’ rights, and maintaining 
transparency in interacAons with affected individu-
als. Most organizaAons fall into the deployer cate-
gory, integrating existing AI systems into their 

10 An official and con/nuously updated overview on companies that 
have signed the General-Purpose AI Code of Prac/ce can be found on 
h`ps://digital-strategy.ec.europa.eu/en/policies/contents-code-gpai 
 

ImplicaAons for the use case  
In the context of LLM-assisted test develop-
ment, the system-level is classified as a high-
risk educaAonal applicaAon under Annex III, 
once the GPAI model is deployed within an ed-
ucaAonal assessment pipeline (e.g., for gener-
aAng reading comprehension texts or evaluat-
ing student responses). This classificaAon is es-
pecially important for large-scale assessments, 
where the generated materials (such as read-
ing texts) form the basis for evaluaAng learning 
outcomes, which could impact students' edu-
caAonal opportuniAes. Although the provider 
(OpenAI in the case of ChatGPT) remains re-
sponsible for ensuring that the underlying 
model complies with GPAI-related transpar-
ency and safety standards, the deployer must 
meet certain obligaAons associated with high-
risk systems (see orange box, p. 12). 

https://digital-strategy.ec.europa.eu/en/policies/contents-code-gpai
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workflows or services rather than developing their 
own models (Daley-Gage, 2024). 

The AIA does not introduce new provisions regard-
ing the copyright of self-uploaded materials (input 
data or prompt examples); rather, it supplements 
and builds on exisAng EU intellectual property law. 
However, it’s important to note that if the uploaded 
text contains personal data, the processing of this 
data must comply with the General Data ProtecAon 
RegulaAon (GDPR) requirements (ArAcle 2(7); Re-
cital 10). From a data protecAon perspecAve, the 
deployer typically acts as the data controller under 
the GDPR, as they determine the purposes and 
means of processing personal data through the 
LLM interface. Together, these roles form a shared 
responsibility framework in which providers carry 
out disAnct yet complementary obligaAons to safe-
guard privacy, ensure compliance, and maintain the 
secure and ethical use of AI systems (Barberà, 
2025). This noAon is also central to the AIA, which 
encourages both providers and deployers to volun-
tarily adopt broader ethical and sustainability prin-
ciples with the intent of fostering responsible inno-
vaAon (Recital 165). The upcoming pracAce secAon 
will provide a more thorough illustraAon of best 
pracAce recommendaAons to achieve a respecvul, 
fair, and accessible deployment of AI systems.  

High-risk vs. limited-risk 

Under the AIA, a GPAI system’s intended purpose 
and context of applicaAon determine whether it is 
classified as high-risk or limited-risk (Schuster et al., 
2025). This disAncAon is crucial, as it dictates the 
level of regulatory control, the extent of documen-
taAon, and the compliance obligaAons imposed on 
providers and deployers. While GPAI models are 
generally categorized as limited-risk systems, their 
downstream applicaAon in specific sectors can ele-
vate them to high-risk status. In other words, a 
model that is low-risk in a general-purpose chatbot 
could become high-risk when integrated into sensi-
Ave domains such as healthcare, law enforcement, 
or educaAon (Schuster et al., 2025). In this context, 
AI systems that may significantly impact a person’s 
educaAonal and professional path, affect their abil-
ity to secure a livelihood, perpetuate discriminatory 
pa]erns, or violate the right to educaAon are cate-
gorized as high-risk (Recital 56). 

According to Annex III (Referred to in ArAcle 62) of 
the AIA, AI systems used in the context of educaAon 
and vocaAonal training are explicitly listed as high-
risk if they are intended to be used: 

- To determine access or admission or to assign natu-
ral persons to educaHonal and vocaHonal training 
insHtuHons at all levels; 

- To evaluate learning outcomes, including when 
those outcomes are used to steer the learning pro-
cess of natural persons in educaHonal and voca-
Honal training insHtuHons at all levels; 

- For the purpose of assessing the appropriate level 
of educaHon that an individual will receive or will be 
able to access, in the context of or within educa-
Honal and vocaHonal training insHtuHons at all lev-
els;  

- For monitoring and detecHng prohibited behavior of 
students during tests in the context of or within ed-
ucaHonal or vocaHonal training insHtuHons at all lev-
els. 

AddiAonally, the AIA specifies that any system listed 
under Annex III that performs profiling is automaA-
cally considered high-risk (Future of Life InsAtute, 
2024).   

The AIA reinforces the central role of deployers in 
ensuring the safe and responsible implementaAon 
of AI systems by explicitly linking their use to a se-
ries of concrete obligaAons (detailed on p. 12). 
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ObligaAons for deployers of high-risk AI systems 
(ArAcle 26) 

1. Proper use and compliance with instruc3ons: 

Deployers must take appropriate technical and or-
ganizaAonal measures to ensure that high-risk AI 
systems are used in accordance with the provider’s 
instrucAons (ArAcle 26(1)).  

2. Human oversight and AI Literacy: 

Deployers must also assign human oversight to in-
dividuals who have the necessary competence, 
training, authority, and support (ArAcle 26(2)). In 
that regard, deployers must take appropriate tech-
nical and organizaAonal measures (ArAcle 26(3)) to 
ensure that their staff and other individuals in-
volved in operaAng AI systems have sufficient AI lit-
eracy, which is essenAal for making informed deci-
sions about the opportuniAes and risks of AI sys-
tems (ArAcles 3(56); ArAcle 4). 

3. Handling of data:  

Deployers must ensure that the input data is rele-
vant and sufficiently representaAve for the in-
tended purpose, to the extent of their exercised 
control over the input data (ArAcle 26(4)). Imple-
menAng a Target OperaAng Model (TOM) and re-
purposing efforts already invested in data manage-
ment can help meet this obligaAon (Daley-Gage, 
2024). Importantly, deployers must conduct a Data 
ProtecAon Impact Assessment (DPIA) (ArAcle 
26(9)), if applicable, in accordance with the trans-
parency requirements and informaAon provided by 
the provider (ArAcle 13). 

4. Monitoring, record-keeping, and repor3ng re-
quirements: 

In order to regularly monitor the proper funcAon-
ing of high-risk AI systems (ArAcle 26(5)), such as 
ensuring the provider’s cybersecurity and robust-
ness measures (ArAcle 15), deployers are required 
to retain the system’s automaAcally generated logs. 
The retenAon period must be appropriate for the 
intended purpose. It must be at least 6 months, un-
less another period is required by applicable EU or 
naAonal law, parAcularly data protecAon law (ArA-
cle 26(6)). In the event of any serious incidents or 
risks, the logs allow for transparently informing the 

 
11 The FRIA has to contain certain elements, including a descrip/on 
of the processes in which the system is used, the categories of per-
sons likely to be affected (including vulnerable groups), the specific 
risks of harm and the measures to be taken if these risks materialize 

provider and the relevant market surveillance au-
thoriAes, in order to take the necessary correcAve 
acAons (e.g., suspending the system) (ArAcle 
26(5)). It can be helpful to look at exisAng incident 
management systems, into which the AI elements 
can be incorporated as part of a holisAc governance 
framework (Daley-Gauge, 2024). 

5. Transparency towards affected par3es:  

Deployers of high-risk AI systems that make or as-
sist in decisions must inform affected individuals 
about the purpose and type of decision, and their 
right to an explanaAon of the AI system’s role in the 
decision-making process (ArAcle 26(11)). Similarly, 
deployers who are employers must inform affected 
employees and consult employee representaAves 
that they will be subject to the system’s use in the 
workplace before being put into service (ArAcle 
26(7)). Deployers are obliged to disclose when indi-
viduals are exposed to AI-generated content, 
meaning that using LLMs for content creaAon, as in 
our use case, must be made transparent to those 
involved in the assessment process. These outputs 
must be marked in a machine-readable format and 
detectable as arAficially generated or manipulated. 
This obligaAon does not apply where the AI system 
merely performs assisAve or ediAng funcAons, or 
where it does not substanAally alter the meaning or 
intent of the input data (ArAcle 50(2)). 

6. Coopera3on: 

Deployers must cooperate with the relevant com-
petent authoriAes on all ma]ers to implement this 
regulaAon (ArAcle 26(12)). 

AddiAonal obligaAons apply to deployers that are 
public authoriAes or private enAAes providing pub-
lic services. First, they must ensure their infor-
maAon, and that of their system, is registered in the 
EU database (ArAcle 49, ArAcle 71) and must not 
use unregistered systems. If they are using high-risk 
systems (such as in educaAon), they must carry out 
a Fundamental Rights Impact Assessment (FRIA)11 
prior to pukng the system into service, which must 
be updated if there are any changes to the relevant 
factors (ArAcle 27). The deployer must then inform 
the respecAve market surveillance authority of the 
assessment results.

(e.g., internal governance and complaint mechanisms) (Barberà, 
2025). In December 2025, the Danish Ins/tute for Human Rights and 
the European Centre for Not-for-Profit Law have created a prac/cal 
guide (including a template) to help deployers of high-risk AI systems 
conduct FRIAs under the EU AI Act.  
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Excep3ons and grey areas?  

There may be flexibility in how the regulations ap-
ply to our use case, allowing for excepAons or legal 
grey areas that are not exhausAvely defined. By way 
of excepAon, an AI system listed in Annex III is not 
considered a high-risk system if it does not pose a 
significant risk to health, safety, or fundamental 
rights (ArAcle 6(3)). This may be the case if the AI 
system does not materially influence decision-mak-
ing; is intended to perform a narrow procedural 
task; is intended to perform a preparatory task to 
an assessment; or is intended to improve the result 
of a previously completed human acAvity12. There-
fore, using an AI system merely to assist with con-
tent creaAon as a preparatory task in the test devel-
opment procedure, or to improve exisAng texts 
wri]en by item developers, could be argued to fall 
outside the high-risk scope. However, it is crucial 
that the educaAonal decision itself is not deter-
mined or substanAally influenced by the AI system. 
In the case of low-stakes LSA with no immediate 
consequences for students, but which inform na-
Aonal educaAon policy decisions, this argument 
could be upheld. Meanwhile, the threshold for clas-
sificaAons as a high-risk system is likely to be 
reached quickly if the quality of the generated text 
directly affects the proficiency measurements. The 
jusAficaAons would therefore have to be carefully 
weighed up.  

Furthermore, AI systems or models, as well as their 
outputs, which are developed and put into service 
solely for scienAfic research and development pur-
poses, are exempt from the aforemenAoned obli-
gaAons (ArAcle 2(6)). In line with Recital 25, the EU 
aims to ensure that the AIA does not hinder scien-
Afic progress or innovaAon, provided that the AI 
system is not subsequently marketed or deployed 
in a way that affects end users, and that research 
acAviAes remain ethically and professionally con-
ducted. Accordingly, our AI-assisted content could 
be included in naAonal large-scale assessment tests 
to analyze its psychometric properAes and item va-
lidity, so long as it does not inform or make educa-
Aonal decisions. Another potenAally relevant 

exempAon concerns open-source AI systems: ac-
cording to ArAcle 2(12) of the AIA, open-source AI 
models are not subject to the Act unless they are 
placed on the market13 or used as part of a system 
that falls under the categories of high risk, prohibi-
Aon, or transparency obligaAon. In other words, as 
long as the model is openly accessible, not com-
mercialized, and not integrated into a regulated 
downstream applicaAon, it is unlikely to trigger any 
obligaAons under the AIA. This exclusion may 
therefore apply to research-driven, non-commer-
cial item-generaAon tools, parAcularly those shared 
openly for academic collaboraAon.  

In summary, the EU AI Act does not prohibit the de-
ployment of GenAI to assist in the development of 
educaAonal LSA, but it does require documented 
human oversight and awareness of the risks, along 
with the respecAve transparency measures. These 
compliance obligaAons are detailed in the orange 
box (p. 12) as well as in the form of a checklist (Ta-
ble 2, p. 14) and will be explained further in the fol-
lowing secAon on best pracAces. 

Prac-ce 

Prior to the implementaAon of the AIA, the Euro-
pean Commission appointed an independent high-
level expert group on AI (HLEG AI) to develop the 
Ethics Guidelines for Trustworthy AI, and, on this 
basis, a self-assessment guide called the Assess-
ment List for Trustworthy ArAficial Intelligence (AL-
TAI)14. This comprehensive checklist sets out seven 
ethical principles (European Commission, High-
level Expert Group on ArAficial Intelligence [HLEG 
AI], 2020):  

(1) human agency and oversight 
(2) technical robustness and safety 
(3) privacy and data governance 
(4) transparency 
(5) diversity, non-discriminaHon, and fairness 
(6) societal and environmental well-being 
(7) accountability 

 

 
12 This excep/on does not apply if the AI system involves profiling of 
natural persons (Ar/cle 6(3)).  

13 Defined as the first making available of an AI system or GPAI model 
on the Union market (Ar/cle 3(9)). 

14 For a more comprehensive and prac/cal insight into how the ALTAI 
checklist can be used as an interdisciplinary tool to develop trustwor-
thy AI based on a prac/cal example, refer to the academic ar/cle by 
Fedele and colleagues (2024). 
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Table 2 
Checklist: Deployer obligaAons for AI systems in high-risk contexts according to the AIA 

 � Is the AI system going to be used in a high-risk context in accordance with Annex III AIA? 
If the system is listed under Annex III but only performs a preparatory funcAon that does not 
pose a significant risk, the ‘non-high-risk’ classificaAon must be documented prior to commis-
sioning. 

� 
Is there a wri]en agreement with the (GPAI) system provider to supply the necessary in-
formaAon, skills and technical access? 

� Are there instrucAons for use available from the provider? 
For example accuracy, robustness, cyber-security, capabiliAes, limitaAons. This informaAon 
must be obtained to meet own compliance requirements as a deployer. 
� Has a Fundamental Rights Impact Assessment (FRIA) been carried out? 
This is required for deployers that are public service bodies or private companies providing 
public services. 

� 
If applicable, have the results of the FRIA (including risk miAgaAon measures) been re-
ported to the market surveillance authority? 

� Has a Data ProtecAon Impact Assessment (DPIA) been carried out in accordance with the 
General Data ProtecAon RegulaAon (ArAcle 35 GDPR)? 

This is parAcularly important if sensiAve data is being processed, as there is a higher risk of a 
violaAon of rights. 

� 
If deployers exercise control over the data (e.g., specific training datasets for fine-tuning 
or RAG sources), has it been ensured that this data is relevant and representaAve for the 
intended purpose? 

� Was explicit consent from parents or guardians obtained?  
This is relevant, if children’s personal (e.g., academic records), or health-related/behavioral 
data (e.g., indicaAons of mental health condiAons or special assistance needs), is processed. 

� Have workers’ representaAves been consulted and affected workers been informed about 
the integraAon of the AI system in the workplace? 

� Has a quality management system (QMS) been established to ensure compliance? 
 � Is the AI system being used in accordance with the instrucAons and for its intended pur-

pose? 

� Is the operaAon of the AI system conAnuously monitored in accordance with the instruc-
Aons for use? 

� Is the AI system being supervised by a natural person? 
� Do supervisory staff have the necessary experAse, training and authority? 
Prerequisites include sufficient AI literacy to be aware of potenAal bias and discriminaAon. 
� Have precauAons been taken to avoid relying too heavily on AI output (automaAon bias)? 
This is parAcularly important when AI is used to provide recommendaAons or informaAon for 
human decisions. 
� Can operators ignore, override or safely interrupt the system’s output? 

� 
In the event of serious incidents or jusAfied suspicion of risk, have the necessary steps 
been taken to inform the provider and the relevant market authority immediately? 

 � Has the content been labelled in a machine-readable format (watermark, metadata) as ar-
Aficially generated or manipulated, if technically feasible and relevant? 

� Are automaAcally generated logs kept and stored for at least 6 months? 
Logging serves the purpose of traceability. 

� Have individuals been informed about how the AI system is used to make or assist deci-
sions affecAng them? 

This includes the purpose, type of decision and their right to an explanaAon. 
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Although the ALTAI checklist served as a basis for 
the development of the AIA, it has now been re-
placed by the AIA's legally binding, authoritative 
regulations, which establish harmonized rules for 
the development and use of AI systems. Neverthe-
less, the checklist retains its value as a self-assess-
ment tool for idenAfying risks, and the principles 
set out therein could inform the design of coherent, 
trustworthy, and human-centered codes of con-
duct under the AIA.  

A]enAve readers will noAce that the seven princi-
ples essenAally comprise the miAgaAon strategies 
for the aforemenAoned risks and that the concepts 
themselves are not new: In a way, they formalize 
governance dimensions already embedded in psy-
chometric quality assurance.   
(1) Human agency and oversight correspond to 
SME review processes, panel discussions, and item 
approval procedures.   
(2) Technical robustness, LLM stability and safety 
reflect reliability and item validaAon analyses.   
(3) Privacy and data governance include anony-
mizaAon measures and secure data storage that are 
already implemented.   
(4) Transparency parallels technical documentaAon 
and (construct) validaAon.   
(5) Diversity, non-discriminaAon, and fairness align 
with established staAsAcal and qualitaAve fairness 
tests, such as bias detecAon and differenAal item 
funcAoning (DIF) or subgroup analyses.   
(6) Societal and environmental well-being relates to 
educaAonal objecAves and informing naAonal poli-
cies in a broader sense.   
(7) Accountability mirrors long-standing govern-
ance structures in test development, including de-
fined roles and audit trails.  

Responsible AI integraAon can therefore be 
viewed as an extension of established profes-
sional norms. 

The following secAon will propose best-pracAce 
recommendaAons for AI-supported test develop-
ment processes and workflows. They are formu-
lated as commitments that deployers should adopt 
to preserve professional integrity, informed by re-
cent literature and the previously detailed AIA re-
quirements for high-risk systems in educaAon.  

Commitment to (1) Human Oversight and (7) Ac-
countability 

Establish mulAdisciplinary development or peer re-
view systems to idenAfy potenAal areas of concern.  

This commitment is already implemented at LUCET 
through regular internal reviews and should simi-
larly be adopted for AI-generated content. By bring-
ing together experAse in psychometrics, educaAon, 
subject-specific knowledge, ethics, and AI develop-
ment, accountability can be enhanced (Fedele et 
al., 2024). This interdisciplinary collaboraAon also 
helps to ensure that the technical model outputs 
are meaningfully aligned with educaAonal and as-
sessment standards. Human involvement is also 
crucial in the post-processing phase, where AI-gen-
erated content must be systemaAcally evaluated, 
refined, and corrected where necessary. This in-
cludes idenAfying and replacing biased, inappropri-
ate, or harmful language, a task usually carried out 
by SMEs. Similarly, Bulut and colleagues (2024) em-
phasize that robust human oversight is essenAal 
when integraAng AI systems into assessment work-
flows, as it ensures the reliability and defensibility 
of the resulAng test materials. The ‘human-in-the-
loop’ governance mechanism enables human inter-
venAon in every decision cycle of the AI system 
(HLEG AI, 2020), meaning that all AI-generated con-
tent is supervised and approved by an expert. This 
review structure should incorporate formal item 
quality verificaAon, such as independent plagiarism 
checks and sensiAvity reviews. It ensures that the 
generated content adheres to psychometric, ethi-
cal, and educaAonal standards before it is adopted 
for use in assessment contexts (e.g., Chuang & Yan, 
2025).  

CulAvate AI literacy (on a naAonal scale) by provid-
ing comprehensive training and professional devel-
opment opportuniAes.  

To counteract overreliance on GenAI and prevent a 
performance illusion, it is crucial to criAcally evalu-
ate AI-generated content, quesAon its plausibility, 
and verify informaAon against authoritaAve exter-
nal sources. In their naAonal framework for inte-
graAng AI literacy into schools (KI Kompass), the 
Luxembourgish Ministry of EducaAon aptly formu-
lated it as a way to learn to think with AI, while pre-
serving the ability to think without it (Ministère de 
l’ÉducaAon naAonale, de l’Enfance et de la 
Jeunesse, 2026). Therefore, it is important to en-
hance technical experAse and awareness about 
GenAI’s limitaAons, biases, and potenAal errors 
among all those involved in the educaAonal (assess-
ment) context (Chuang & Yan, 2025; Kasneci et al., 
2023; Yan et al., 2024). In applicaAon areas such as 
test-related item or content development, as in the 
present use case, experts must adopt a criAcal 
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examinaAon of AI-generated content, comparing it 
with valid sources and recognizing typical error pat-
terns, such as hallucinaAons.  

Implement traceability and logging mechanisms 
and clearly define responsibiliAes. 

To ensure auditability, internal or external auditors 
must be able to evaluate AI decision-making pro-
cesses and outcomes using measures of reproduci-
bility, traceability, and explainability. This includes 
clear protocols for human oversight and audiAng 
(Dumas et al., 2025), as well as wri]en disclaimers 
that highlight the probabilisAc nature of LLMs and 
their suscepAbility to producing inaccurate outputs 
(Fedele et al., 2024). In complex value chains, such 
as those involving GPAI, the somewhat entangled 
responsibiliAes between providers and deployers 
should be clearly delineated. Since deployers omen 
rely on third-party models, these responsibiliAes 
(e.g., between the data controller and processor 
under the GDPR) should be precisely defined in 
wri]en agreements (Barberà, 2025). 

Commitment to (4) transparency and explainabil-
ity 

EffecAvely and transparently communicate the 
methods, objecAves, and outcomes of the AI tool 
used.  

In their input, pracAAoners should define precise 
objecAves, employ an appropriate tone, provide 
contextual informaAon, indicate the expected re-
sponse format, and supply examples or references 
(Chuang & Yan, 2025) (see one-shot or few-shot 
prompAng; Ripoll Y Schmitz & Sonnleitner, 2025). A 
thorough framework, such as the TACM approach 
demonstrated in our pilot study, can further clarify 
the system’s purpose, detail the most effecAve 
prompt engineering strategies, and illustrate corre-
sponding outputs. Such traceable documentaAon 
supports consistent and responsible use and could 
increase transparency around the otherwise 
opaque LLM mechanisms. Furthermore, the use of 
AI in the tesAng process must be disclosed and ex-
plained to parAcipants (e.g., students) and stake-
holders (e.g., parents) in a comprehensible, mean-
ingful manner beforehand (Dumas et al., 2025). 
This is especially important if the AI system plays a 
role in a decision-making process that has legal con-
sequences (see AIA).

 
15 By August 2026, each EU member is required to set up at least one 
na/onal AI sandbox (AIA Ar/cle 57(1)). In Luxembourg, the data pro-
tec/on commission (CNPD) has already launched a data protec/on 

Consider using eXplainable AI (XAI) methods, if ap-
plicable.  

Since the black-box nature of these models makes 
it difficult to enforce the individual’s right to an ex-
planaAon, eXplainable AI (XAI) methods could be 
considered (Bulut et al., 2024). These transparency 
mechanisms can make the LLM’s decision-making 
process more comprehensible and easier to iden-
Afy potenAal sources of bias (Barberà, 2025). Other 
knowledge-grounding techniques, such as re-
trieval-augmented generaAon (RAG), in which LLMs 
are ‘fed’ trusted external informaAon, could im-
prove response accuracy, Ameliness, and traceabil-
ity (Gao et al., 2024; Schuster et al., 2025).  

Commitment to (2) technical robustness and 
safety 

Adhere to cybersecurity measures and instrucAons 
given by the provider of the AI system. 

Most of this category’s risk miAgaAons falling under 
the deployer’s responsibility are already covered by 
the aforemenAoned commitments to human over-
sight and AI literacy training for staff. Others primar-
ily concern the provider side and relate mainly to 
technical design and security as part of the devel-
opment process. For instance, this involves so-
called fail-safe plans, which developers should test 
and keep on standby in case interrupAons to oper-
aAons or a switch to alternaAve procedures be-
come necessary.   
AddiAonally, providers should take appropriate 
measures against cyber threats, such as data poi-
soning (manipulaAon of training data) and adver-
sarial a]acks (provoking incorrect decisions 
through inputs) (AIA, Recitals 75-76). They are en-
couraged to use AI Regulatory Sandboxes15, pro-
tected and controlled tesAng environments that 
enable innovators to develop and test new AI sys-
tems while miAgaAng risks to fundamental rights 
and security. These sandboxes ensure that innova-
Aons are carried out under the close supervision of 
a competent authority and in compliance with legal 
requirements (AIA ArAcle 3(55); The Government 
of the Grand Duchy of Luxembourg, 2025). Deploy-
ers are then responsible for maintaining these 
safety measures by using the system in accordance 
with the provider’s instrucAons and ensuring that 

sandbox in May 2024 (The Government of the Grand Duchy of Luxem-
bourg, 2025). 
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the secured system is not compromised by im-
proper handling (AIA, Recitals 91; ArAcle 26(1)). 

Commitment to (5) diversity, non-discriminaAon, 
and fairness 

Take interdisciplinary measures to prevent misuse 
of and unfair outcomes from AI tools.  

In order to promote diversity, non-discriminaAon, 
and fairness, those responsible for deploying the 
GenAI system must adopt best pracAces that ex-
tend beyond purely technical safeguards. Especially 
in contexts of high societal relevance, such as edu-
caAonal assessment, it is crucial to ensure that the 
use of AI tools does not inadvertently reinforce ex-
isAng social inequaliAes. In line with the aforemen-
Aoned AI Act obligaAons, deployers must conduct 
Fundamental Rights Impact Assessments (FRIAs) to 
evaluate the potenAal adverse effects on funda-
mental rights and idenAfy risks specific to marginal-
ized or vulnerable groups, including children.   
To support this process, deployers can use external 
analyAcal tools, such as LLM observatories16, which 
compare popular language models with regard to 
their potenAal gender, age, ethnicity, and other im-
plicit biases (The Government of the Grand Duchy 
of Luxembourg, 2025). Alongside strengthened AI 
literacy, the aforemenAoned XAI approaches can 
further support the idenAficaAon of discriminatory 
decision pa]erns by making the model behavior 
more interpretable (Barberà, 2025; Fedele et al., 
2024). Fostering criAcal reflecAon can enable SMEs 
to detect such algorithmic biases rather than view-
ing AI outputs as neutral or objecAve.  

To the extent possible, ensure training and input 
data reflect the diversity of society. 

Many bias miAgaAon strategies fall under the pro-
vider's responsibility, such as using high-quality, di-
verse, and non-discriminatory training datasets. 
However, the quality of an AI system’s output is di-
rectly dependent on the quality of its input data, 
known as the ‘garbage in – garbage out’ principle 
(Farrokhnia et al., 2023; Dumas et al., 2025). Con-
sequently, if a system is ‘fed’ flawed, biased, or in-
complete data, these shortcomings will inevitably 
be reflected or even amplified in its outputs or 
downstream applicaAons (Barberà, 2025; Bulut et 
al., 2024). The same applies to prompt quality: even 
highly sophisAcated models cannot deliver mean-
ingful results if the input is unclear, poorly 

 
16 LIST (Luxembourg Ins/tute of Science and Technology) LLM obser-
vatory: h`ps://ai-sandbox.list.lu/llm-leaderboard/ 

formulated, or inaccurate (Barberà, 2025). As delib-
erately specified in our pilot study, clear communi-
caAon with the model through carefully cramed 
prompts and based on a theoreAcal framework is 
therefore crucial for miAgaAng algorithmic bias 
(Ripoll Y Schmitz & Sonnleitner, 2025).   
Since the AIA only requires GPAI providers to supply 
a high-level summary of their training data (ArAcle 
53(1); ArAcle 11(1) and Annex IV for high-risk sys-
tems), verifying if it contains copyright infringe-
ments or systemaAc distorAons becomes difficult 
for deployers. They can, however, ensure that input 
data, prompts, and fine-tuning datasets represent 
the intended target populaAon, thereby miAgaAng 
downstream bias. A commendable example with 
regard to copyright protecAon is Adobe Firefly’s in-
tellectual property indemnificaAon policy, which 
guarantees that its AI system is trained using only 
licensed Adobe Stock, public domain, and open-li-
censed content (Our approach to genera3ve AI with 
Adobe Firefly, 2026). In fact, Adobe will defend its 
users and even pay potenAal damages in the event 
of copyright, trademark, or privacy infringement 
claims. Generated images used within tests from 
LUCET are created on this basis. Such open-source 
approaches have the potenAal to reduce costs for 
deployers, miAgate plagiarism risks, and alleviate 
certain regulatory and compliance burdens, while 
increasing transparency and adaptability in educa-
Aonal contexts. 

These consideraAons also directly relate to the lin-
guisAc dimension of fairness. To ensure equitable 
access, GenAI systems must be able to funcAon 
across mulAple languages and standard varieAes. In 
Luxembourg’s mulAlingual context, integraAng Lux-
embourgish into the equaAon represents a tech-
nical, cultural, and poliAcal commitment linked to 
the country’s digital sovereignty and linguisAc jus-
Ace. In this regard, sustainable AI development re-
quires shared, high-quality public datasets and 
tools that serve the long-term interests of enAre 
linguisAc communiAes. Beyond accessibility, AI sys-
tems should contribute to the preservaAon, evolu-
Aon, and enrichment of cultural idenAty through 
language rather than enforcing dominant linguisAc 
norms  (The Government of the Grand Duchy of 
Luxembourg, 2025). 

 

https://ai-sandbox.list.lu/llm-leaderboard/
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Select AI systems that have documented fairness 
metrics and empirical evidence of their perfor-
mance.  

Deployers should not assume that GenAI models 
generalize across cultural contexts. Instead, they 
must empirically and qualitaAvely test fairness 
across different cultural and linguisAc groups to 
avoid disadvantaging specific learner populaAons 
(Dumas et al., 2025). If possible, the staAsAcal ac-
curacy of the model for its intended purpose should 
be evaluated (Barberà, 2025), although assigning 
this responsibility between the provider and the 
deployer is more difficult. 

ConAnuously review AI-generated content before 
using it in criAcal applicaAons. 

Although this best pracAce recommendaAon is al-
ready covered in the commitment to human over-
sight and may appear redundant, it is important to 
reiterate this point: Due to the menAoned limita-
Aons in controlling the input data for non-discrimi-
naAon and fairness, SMEs must conAnuously mon-
itor performance and have the final decision-mak-
ing authority when reviewing AI-generated materi-
als, parAcularly those used for evaluaAon or assess-
ment (Kasneci et al., 2023; Ripoll Y Schmitz & 
Sonnleitner, 2025).  

Commitment to (3) privacy and data governance 

Consult a data protecAon officer (DPO) in the pro-
curement and planning phase. 

Involving a data privacy expert as a strategic con-
sultant early on fosters “privacy by design” (Fedele 
et al., 2024). It facilitates the voluntary, yet recom-
mended, data protecAon impact assessment (DPIA; 
ArAcle 34 of the GDPR), as well as the mandatory 
fundamental rights impact assessment (FRIA; see 
AIA). DesignaAng a data protecAon officer can also 
be beneficial for obtaining parental consent for mi-
nors and overseeing individuals’ rights to withdraw 
consent or to be forgo]en (right to erasure) (Fedele 
et al., 2024; HLEG AI, 2020). 

Minimize input data and maintain control over its 
storage. 

Establish wri]en agreements that providers will 
only process data for specific purposes, that no un-
authorized or impermissible disclosure or transfer 
of data to third countries will occur, and that the 
data will not be used for the provider’s own 

 
17 h`ps://www.llama.com/models/llama-3/ 

purposes (e.g., training the underlying model) (Bar-
berà, 2025). No personal or sensiAve data, nor pro-
tected materials, should be uploaded in AI tools 
(The Government of the Grand Duchy of Luxem-
bourg, 2025), which is why anonymizaAon or pseu-
donymizaAon techniques should be applied. Imple-
ment mulA-factor authenAcaAon (MFA) or role-
based access controls (RBAC) to limit system access 
and encrypt stored data (Barberà, 2025; The Gen-
eral-Purpose AI Code of Prac3ce, 2025). Best prac-
Aces for complying with AIA requirements also in-
clude creaAng an incident response plan for poten-
Aal data breaches that specifies who is noAfied, 
how they are noAfied, and the correcAve measures 
to be taken. 

Commitment to (6) societal and environmental 
well-being 

Take into account environmental, social, and socie-
tal perspecAves. 

To support societal and environmental well-being in 
the deployment of GenAI systems, it is essenAal 
that deployers adopt best pracAces that address 
both equitable access to AI technologies and their 
environmental sustainability. In educaAonal set-
Angs, proper technological infrastructure and equi-
table resource allocaAon help all learners benefit 
from AI-supported tools without being excluded 
due to socio-economic, gender-related, or other 
structural dispariAes. As Bulut and colleagues 
(2024) emphasize, advancements in AI should be 
inclusive of all members of society, ensuring that no 
group is systemaAcally privileged over another. In a 
democraAc society, inclusive access to AI should 
not be a technical issue alone but a societal one, 
ensuring that all members have a voice in the de-
velopment of the services these systems provide. 
To address this, deployers must proacAvely seek 
ways to help miAgate the digital divide.  

PrioriAze open-source and energy-efficient (frugal) 
AI models. 

From a pracAcal standpoint, a more equitable ac-
cess can be supported through using open-source 
AI models released under suitable licenses for edu-
caAonal applicaAons (The Government of the 
Grand Duchy of Luxembourg, 2025). Models such 
as Llama 317 or Mistral18 have the potenAal to lower 
financial barriers, foster collaboraAve research, and 
reduce dependency on proprietary systems. This, in 

18 h`ps://mistral.ai 

https://www.llama.com/models/llama-3/
https://mistral.ai/
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turn, could contribute to a more compeAAve and 
inclusive AI ecosystem (Bulut et al., 2024).  

In addiAon to promoAng social inclusion, deployers 
are also responsible for addressing the environ-
mental impacts of AI systems, especially given the 
significant computaAonal demands of training and 
deploying large models. Sustainable AI usage re-
quires energy-efficient hardware, shared infrastruc-
ture, and conAnued research into reducing the 
computaAonal costs of training and maintenance 
(Kasneci et al., 2023). Favoring “frugal AI pracAces” 
in Luxembourg (The Government of the Grand 
Duchy of Luxembourg, 2025), which require less 
computaAonal, memory, and energy consumpAon 
per query, therefore also means distancing oneself 
from highly resource-intensive GPAI models. As it is 
our shared ethical responsibility as global ciAzens, 
no industry, including the AI sector, should be ex-
empt from addressing climate change and its envi-
ronmental consequences (Bulut et al., 2024). 
Hence, deployers should also ensure that they se-
lect an AI system powered by renewable energy 
sources, where feasible. This includes choosing 
cloud compuAng providers that rely on renewable 
energy or pursue carbon-neutral strategies (Bulut 
et al., 2024). In its AI Strategy, Luxembourg aims to 
adopt several environmental cost miAgaAon strate-
gies, including renewable-powered data centers, 
opAmized algorithms, sustainable hardware life-cy-
cle management, and increased transparency re-
garding the carbon footprint of AI-based services 
(The Government of the Grand Duchy of Luxem-
bourg, 2025). 

UlAmately, securing societal and environmental 
well-being requires that deployers treat access, in-
clusion, and sustainability as interdependent di-
mensions of responsible use. AcAve measures to 
prevent the widening of digital inequaliAes regard-
ing access to AI technologies are essenAal for vul-
nerable groups at risk of further marginalizaAon 
(Bulut et al., 2024). Embedding social jusAce and 
environmental sustainability into deployment deci-
sions helps develop AI systems that prioriAze long-
term societal benefits over short-term technologi-
cal advancements. 

Perspec-ve 

While the EU’s AIA is widely regarded as a landmark 
regulatory framework with global relevance, in 
pracAce, it has not resonated much with the gen-
eral public and key stakeholders. Consistent with 
our own observaAons in academic and applied 

assessment contexts, it appears that the AIA has 
not yet meaningfully reached many of the actors 
who are expected to implement it in professional 
pracAce.  

A representaAve survey conducted by Forsa on be-
half of TÜV Germany in 2024, involving 1,001 re-
spondents, found that 72% had never heard of the 
AIA (Scheurenbrand, 2024). AddiAonally, there was 
a noAceable lack of confidence in government AI 
policy: 45% of respondents expressed some degree 
of uncertainty, and 23% stated a complete lack of 
confidence. Although awareness may have im-
proved since the AIA’s formal adopAon, the conAn-
ued absence of concrete, applicaAon-oriented 
guidance suggests that uncertainty persists, parAc-
ularly among non-specialist audiences. Similarly, a 
Deloi]e survey of 500 private-sector AI decision-
makers (who were already familiar with the AIA) 
found mixed opinions regarding preparedness and 
percepAon of the regulaAons. Only around one-
third of respondents (35.7%) felt well prepared to 
implement the AIA’s requirements, while more 
than half (53.8%) reported not having taken any 
preparatory measures. Notably, despite the AIA’s 
aspiraAons to increase legal certainty, nearly half of 
the respondents (47.7%) viewed it primarily as an 
obstacle to AI-based applicaAons in their company, 
compared to only 24.1% who considered it a facili-
taAng factor (Becker & Contzen, 2024). 

At the same Ame, the AIA was intenAonally de-
signed with a broad jurisdicAonal scope to leverage 
what is commonly referred to as the ‘Brussels ef-
fect’. This strategy builds on the EU’s regulatory ca-
pacity and market size to shape global standards, as 
companies omen find it economically advantageous 
to align their global operaAons with EU rules to ac-
cess hundreds of millions of consumers (Almada & 
Radu, 2024). Importantly, the AIA applies not only 
to public and private enAAes established within the 
EU, but also to providers and deployers outside the 
Union whose AI systems are placed on the EU mar-
ket or affect individuals within it.  Due to this extra-
territorial reach and geopoliAcal implicaAons, the 
AIA has faced mounAng pressure from the United 
States, where the regulaAon has been widely 
framed as a strategic constraint on major US Big 
Tech companies. Most prominently, the Computer 
and CommunicaAons Industry AssociaAon (CCIA), 
whose members include Apple, Meta, and Amazon, 
has publicly campaigned for a relaxaAon of the AIA 
and the EU’s broader digital rulebook (Besliu, 
2025). These industry efforts coincide with ongoing 
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poliAcal discussions between EU officials and the 
current Trump AdministraAon, reflecAng concerns 
that the AIA could disadvantage US firms in global 
AI compeAAon. 

Against this backdrop, and in response to both ex-
ternal lobbying and internal concerns from mem-
ber states, the European Commission very recently 
published the so-called ‘Digital Omnibus on AI’19 in 
November 2025. The stated objecAve of this com-
prehensive reform package is to strengthen Eu-
rope’s compeAAveness by simplifying certain as-
pects of the AIA, though the planned changes pri-
marily focus on governance structures and imple-
mentaAon Amelines (Besliu, 2025). Meanwhile, 
core obligaAons for high-risk AI systems remain 
largely unchanged. For deployers of such systems, 
the requirement to ensure AI literacy among staff 
will conAnue to apply, while responsibility for AI lit-
eracy in lower-risk contexts is expected to fall under 
public authoriAes. From a pracAcal standpoint, AI 
literacy remains a strategic priority for ensuring re-
liable human oversight and responsible AI integra-
Aon, regardless of formal risk classificaAon.  

In that regard, criAcs have argued that the risk-
based classificaAon system is arbitrary because it 
lacks a transparent, systemaAc methodology (Ed-
wards, 2022). Rather than deriving risk categories 
from a structured assessment of potenAal harms, 
the AIA relies on a predefined, staAc list of high-risk 
applicaAon areas, for instance, educaAonal and vo-
caAonal training (see blue box). This challenge is 
further amplified when GPAI models with systemic 
risks are integrated into high-risk contexts. As the 
boundaries between responsibiliAes get blurred, 
effecAve compliance now depends on close coop-
eraAon between GPAI providers and deployers. In 
working through the AIA for this report, we repeat-
edly encountered difficulAes in clearly disAnguish-
ing these responsibiliAes between providers and 
deployers. For instance, deployers who want to 
fine-tune their AI system may suddenly assume full 
provider-level responsibiliAes if they undertake 
“substanAal modificaAons” to the underlying 
model (ArAcle 25(1)). Meanwhile, there are no 
specified quanAtaAve criteria or concrete thresh-
olds for when a modificaAon becomes substanAal 
(e.g., the number of parameters or the percentage 
of retraining). In such cases, deployers are respon-
sible for conformity assessments, even though they  

 
19 h`ps://digital-strategy.ec.europa.eu/en/library/digital-omnibus-ai-
regula/on-proposal 

 

did not originate the underlying model and may 
lack access to training or test data used in its devel-
opment.  

However, the high-risk classificaAon also carries 
economic implicaAons. Compliance requires sub-
stanAal investments in technical documentaAon, 
quality management systems, and cybersecurity 
measures, which disproporAonately affect startups 
and small to medium-sized enterprises with limited 
budgets (Bignami et al., 2025). An early impact as-
sessment from 2021 esAmated cerAficaAon costs 
between €16,800 and €23,000, potenAally reduc-
ing profits by around 40% for a European small or 
medium-sized enterprise with €10 million in turno-
ver (e.g., Mueller, 2021). The same holds true in 
principle for naAonal or private tesAng agencies. 
Since the AIA entered into force only in August 
2024 and many high-risk obligations will not apply 
until 2026-2027, there is currently no comprehen-
sive empirical evidence to confirm or update these 
projecAons. Nevertheless, concerns persist that in-
novaAve AI firms may sAll find it more advanta-
geous to set up operaAons outside the EU. This 
could contribute to a gradual ‘brain-drain’ towards 
markets with less restricAve or more innovaAon-
friendly regulaAons (Bignami et al., 2025). Larger, 
well-funded companies are be]er posiAoned to ab-
sorb compliance costs and maintain dedicated legal 
and technical teams. The AIA does a]empt to miA-
gate these effects by permikng small and medium-
sized enterprises to submit simplified technical 

 

ImplicaAons for the use case  
Under the AIA, AI systems used in educaAon and 
vocaAonal training are classified as high-risk (An-
nex III), regardless of their actual funcAon in this 
context. For our use case, using GenAI to sup-
port content creaAon for assessment items au-
tomaAcally (and disproporAonately) triggers 
high-risk obligaAons. Since the AIA currently 
does not differenAate between funcAonal cate-
gories, the fact that the impact on students 
would only be indirect (through exposure to AI-
assisted texts), not used for making decisions 
about learners or scoring responses, and medi-
ated through thorough human oversight, is irrel-
evant. AddiAonally, if a GPAI model with systemic 
risk is used as such an assistance tool, responsi-
biliAes may overlap or become unclear. 

https://digital-strategy.ec.europa.eu/en/library/digital-omnibus-ai-regulation-proposal
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documentaAon for high-risk systems (AIA, ArAcle 
11(1)), and the Commission has announced plans 
to extend similar relief to mid-cap companies 
through dedicated templates that reduce adminis-
traAve burden (European Commission, 2025). Pri-
ority access to AI regulatory sandboxes is also in-
tended to allow smaller actors to develop, test, and 
validate their systems free of charge and without 
fear of immediate sancAons. However, the reality is 
that such sandboxes are sAll largely unavailable 
across member states, as the European Commis-
sion has officially acknowledged (Toffalek, 2025; 
European Commission, 2025). The EU-level AI reg-
ulatory sandbox set up by the official AI office is ex-
pected to be operaAonal as of 2028, hence only af-
ter the regulaAons apply (European Commission, 
2025). 

This delayed development of the technical and in-
sAtuAonal infrastructure required to operaAonalize 
the AIA is one of the most pressing challenges. Due 
to slow progress in developing harmonized tech-
nical standards for high-risk AI systems, several key 
obligations have been postponed, giving compa-
nies more Ame to implement compliance 
measures. According to the Digital Omnibus, high-
risk rules will now only take effect once the Euro-
pean Commission confirms that adequate support 
measures, including guidance documents, are in 
place. Amer this decision is made, the rules will ap-
ply six months later, but not later than December 
2nd, 2027 (European Commission, 2025). In the 
meanAme, compliance largely relies on self-assess-
ment, given the well-documented shortage of AI 
experts capable of conducAng complex risk anal-
yses, evaluaAng social impact, and determining ef-
fecAve governance (e.g., Lee et al., 2024; Mueller, 
2021). 

Concluding Remarks 

We argue that the AIA will only fulfil its promise of 
trustworthy, human-centric AI if it is accompanied 
by acAonable guidance that enables pracAAoners 
to translate abstract regulatory principles into re-
sponsible, real-world pracAce. Our efforts in deci-
phering the AIA have revealed a discrepancy be-
tween its regulatory ambiAon and the EU’s 

preparedness to incorporate these requirements 
into pracAcal workflows. For assessment pracAAon-
ers and SMEs, the quesAon is not whether to follow 
the AIA, but rather how to apply it proporAonately 
in the absence of relevant guidelines. Even with 
tools such as official compliance checkers or AI help 
desks, many operaAonal quesAons remain, espe-
cially where professional standards, ethical respon-
sibiliAes, and legal expectaAons intersect. Using 
large-scale assessment as a reference case, we 
wanted to illustrate how regulatory principles can 
align with quality criteria such as validity, reliability, 
fairness, and human oversight. Many of the consid-
eraAons discussed, parAcularly those concerning 
transparency, documentaAon, human-in-the-loop 
processes, and AI literacy, are relevant to educa-
Aonal assessment in general. The guidelines and ex-
planaAons presented in this white paper are in-
tended to address the lack of official implementa-
Aon frameworks to navigate the rapidly evolving 
regulatory landscape. Grounded in exisAng psycho-
metric and ethical standards, we aim to offer best-
pracAce interpretaAons and support informed, re-
flecAve professional judgment in real assessment 
workflows, as well as help pracAAoners reflect on 
the responsible use of GenAI. UlAmately, while 
GenAI can support preliminary phases of item de-
velopment, it cannot and should not replace expert 
review or psychometric validaAon. Responsible AI 
integraAon in assessment is not a one-Ame compli-
ance exercise but an ongoing insAtuAonal commit-
ment to validity, fairness, and public trust. 
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