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TESTOLOGY AND TECHNOLOGY: HOW THE HUMAN FACTOR CAN LEVERAGE
AND ENHANCE THE USE OF Al IN MAKING GOOD TEST ITEMS ON HIGHER
ORDER THINKING SKILLS

Technology is becoming more dominant and leading innovations in educational assessment. The
introduction of the use of Artificial Intelligence (Al), more specifically the application of General purpose
engines for writing test items, is considered by many experts as a paradigm shift in assessments. The use of
Al in general has clear advantages when creating test items automatically and more efficient. The way in
which Al-powered algorithms analyze existing item banks with test questions is generating items in a much
higher speed and efficiency. But, the use of General purpose Al models also has some serious drawbacks, in
terms of resources, costs, reliability, ethical concerns and legal issues. Customisable Al models might offer
an alternative that is worth serious consideration for development of educational assessment tools. Whatever
Al model used, the human factor cannot be missed. The use of Al in item generation will change the role of
the test expert, but a human check will still be needed. In many large scale assessments that are used for
making valid judgments to inform decision making, it is essential to find a good combination of innovative
item development and responsible human decision making. In complex cognitive domains, assessing higher
order thinking skills, the human expert review is particularly important.
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Introduction

When it comes to modern methods for test development, the role of technology is becoming
more dominant and leading innovations in educational assessment. The introduction of the use of
Artificial Intelligence (Al), more specifically the application of general-purpose Al engines like
ChatGPT or DeepSeek for writing test questions, is considered by many experts as a paradigm shift
in assessments. “In fact, it’s about a total makeover of our approach to assessing from the ground

up” [1].
Materials and research methods

This article will give a selective, not exhaustive but representative, overview of recent
developments in the use of Al for generating good quality test items, specifically in a context of
using such items in high-stakes assessments that put high demands on validity, reliability, security,
generalizability and justification of test results and decisions taken for individual test takers. The
article is not based on any empirical research or originated data, but aims to serve as a guide and
support for practitioners who work in the field of high-stakes educational measurement.

Results and Discussion

1. How the use of Al will transform assessment tools

All professional companies that provide educational assessment tools, services and
consultancy, are developing new strategies, tools and expertise that can support customers in the
field of educational assessment with making use of Al in a way that balances the technological
advantages of Atrtificial Intelligence with the unique expert skills of item writers, test developers
and educators. Most companies offer computerized, digital or online authoring systems for
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developing test items and building item banks. Examples are AQA [2-7]. All companies are
working towards a transformation and expansion of such Item authoring and Item banking systems
with modules, strategies and capacity building services that include the use of Al.

1.1 Terms and definitions: “what’s in a name?”

Allowing myself to make a small side-step to the world of Shakespeare and his famous play
‘Romeo and Juliet’ , I want to explain shortly what some quite similar-looking acronyms and terms
mean when talking about modern technology that can assist item writing in educational assessment.

First of all there is the difference between Automated Item Generation® (AIG) and Generative
Al models (GAI). See how the confusion starts when looking to the acronyms.

Automated Item Generation can be seen as the overarching central concept, in contrast with a
traditional human-based writing of test items one-by-one [8, 9]. Before the introduction of Al,
automated item generation was enabled by replacing numbers or words in predefined models or
templates, aiming to assess the same underlying construct [10]. These models were based on the use
of previously developed and assessed test items. This AIG approach showed some disadvantages,
like a high demand on programming expertise of the test developers and a risk of getting ‘more of
the same’ in tests, what can reduce the reliability of test results once such tests become more
predictable and therefore ‘trainable’.

Generative Al models work differently when it comes to generating (large amounts of) test
items, as they are based on the use of Large Language Models and machine learning, what enables a
test developer to produce very large numbers of test items in an iterative process that demands little
to none IT-expertise. In short, we can state that the use of Al enables a very scalable AIG [10].

Another important distinction we have to make is between General Al models and Generative
Al models [11]. General models analyse existing data with a certain purpose, like classifying,
selecting, predicting. Take for example facial recognition as one of the security measures in high-
security contexts, like exam centers or airports. The objective of General Al models is to make or
support decisions based on data the model has been trained on. This is sometimes called
‘Discriminative AI’ [12]. The objective of Generative Al models is to create entirely new content,
based on patterns learned from training data. One of the best known examples is ChatGPT. So the
goals and outputs of both models are different. Generative Al models require much larger datasets
to understand patterns for generation, whereas General Al models can work with limited and
focused data sets, like a set of features of human faces can serve face recognition purposes. Also,
Generative Al models are less transparent in their ‘decision-making’ processes and can be seen as
‘black boxes’, whereas General Al models are often more interpretable.

General Al (models) should not be confused with Artificial General Intelligence (AGI). Once
more the use of acronyms can be confusing and conceal the real meaning of terms in writing,
reading and discussing. AGI is an overarching concept that holds the characteristics of both General
Al and Generative Al.

In the context of this article, focusing on the development of good test items with the help of
Al, 1 will further explore the use of Generative Al models. It is important to make a distinction
between General purpose generative models and Customisable (or ‘customised’) generative models.

2.1 General purpose Al-models

In most cases the integration of artificial intelligence in test development is using so-called
‘General-purpose Al models’. These models — also called generic models - are Al systems that can
handle many different tasks. Examples of such models are ChatGPT, DeepSeek, Copilot and
Gemini [12].

These generic Al models are based on the use of large-language models (LLMs) and have
some clear advantages, also in the field of educational assessment [14]:

1. High level of language understanding, because trained to handle queries in human
languages.

1 Also sometimes called Automatic 1G; in this article | use the term Automated 1G
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2. Pre-trained on vast text corpora, what makes them versatile in answering questions on
almost every topic.

3. Very cost-effective once trained, as they can be used in many different contexts.

4. Automation on the basis of huge volumes of data that can be processed.

However, these General purpose Al / LLM models have some serious drawbacks [14]:

1. Speed and cost: training and using these generic models requires vast data processing,
demanding much time, resources and money. The environmental impact can be too high and not
realizable in certain contexts, regions, scenarios.

2. Hallucinations: generic models may generate incorrect, nonsensical or nonethical
information.

3. Knowledge cut-off: incorrect information generated (see 2.), can be structural because of the
probabilistic generation mechanisms used. LLMs generate outputs through probabilistic sampling
from pre-trained data’s distributions, which makes their responses inherently non-deterministic. The
output distribution is fixed at the end of pre-training, so models do not automatically incorporate
new knowledge, leading to an unavoidable knowledge cut-off.

4. Challenge of control: output from generic models is still human-based and can contain
biased information. How to check this?

5. Generalisations: output from generic Al models are based on large data sets on all domains
possible; they mostly lack specialized expertise in a specific domain.

2.2 Customisable Al-models

An alternative approach that can integrate Al into automated systems for item authoring and
item banking in educational assessment, can be called ‘Customisable AI models’, also based on the
use of LLMs.

A customizable Al model is one that can undergo fine-tuning to suit specific tasks. This
process of fine-tuning involves training the model on fine-tuned domain-specific data, enabling it to
generate text, understand context, and provide more precise and tailored responses for specialized
applications or industries. Since these LLMs are trained on fine-tuned domain-specific data, they
are enabled to provide more domain-specific and contextually aware responses. This is the primary
reason for their popularity across industries[13].

An example in the field of educational assessment is Finetune Generate® (Finetune learning,
(14), an patented custom Al model designed by assessment professionals for assessment
professionals and subject matter experts (SMEs). This engine continuously improves from simple
SME feedback during item development, permeating every stage of the assessment development
cycle. Finetune Generate applies advanced Al to empower authors to design, edit, and create items,
passages and content in novel ways and with a high level of efficiency and accuracy when it comes
to high-quality results that do not need extensive prompt revisions and optimisation. The developers
call this Generate engine an Al-human hybrid model, that aims to be(come) an Automated Item
Generation (AIG) model that combines the best qualities of technology and human expertise [15].

2.3 How to combine Al-models with human expertise

The use of such Customizable Al model for writing test items and developing assessments in
many different formats and for various purposes, can revolutionise the practice of educational
assessment and could become a next milestone in Testology innovation. However, the development
and use of Customisable Al models, like Finetune Generate, is not without challenges [16]. The
advantages of generic Al models can be seen, to a certain extent, as the main drawbacks for
customizable models:

1. Data dependency: these models rely heavily on quality and quantity of data.

2. Continuous maintenance: customization leads to a constant need for updates and
maintenance, what can become even more costly than generic models, as the developments in Al
technology are following up each other in an unprecedented speed and scope.

3. Lack of transferability or adaptability: customizable models are often less flexible in
adapting new demands, technologies or contextual challenges. This is not to say that these models
are ‘domain-exclusive’ and cannot perform broader linguistic and reasoning competencies; broader
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than what was specifically trained by the customized data. When customization is done well and
strategically smart, the generated new content might even be more widely applicable than a poorly
built general purpose Al model. Here lies a challenge for LLM and machine learning engineers
when customizing Al models.

3. Item generation and Al : importance of human-in-the-loop

When writing test items for higher order thinking skills and complex cognitive domains, the
expert review by humans is of critical importance. It will , however, fundamentally change the role
of that expert, who traditionally has been seen as someone who combines subject matter(s)
expertise with general understanding of what makes a good test [10]. The way in which Al-powered
algorithms analyze existing item banks with test questions is generating items in a much higher
speed and efficiency. A generic model application like ChatGPT — certainly when using the more
sophisticated plus versions under paid subscription — can find patterns and create new questions
based on these patterns in a way that human beings will not be able to match. But, does this imply
that the human factor can be missed? Certainly not, in my opinion. The use of Al in item generation
will change the role of the test expert, but a human check will still be needed. In many large scale
assessments that are used for making valid judgments to inform decision making, it is essential to
find a good combination of innovative, technology-based item development and responsible human
decision making.

Even with the use of Al technology in the most advanced ways possible, the development of
good quality items for educational assessment, remains a creative process. With this article I want
to pledge for the use and further development of customisable Al-human hybrid models — like
Finetune Generate — for specific use in educational assessment.

4. STAIR-AIG: an example of a ‘human-in-the-loop’ approach

In paragraphs 2.2 and 2.3 | have explained the potentials, but also the drawbacks of
development of and working with customizable Al models for item writing. The initial investments
needed, to build a customized Al model for the specific purpose of item writing, can be high.
Certainly when such model cannot build on previously developed models in very common language
areas, like English, Spanish or Chinese, it might be ‘out of reach’ for assessment bodies in smaller
language areas, like for example Russian or Kazakh. | called this a lack of transferability. But also
once developed, a customized Al model for item writing needs maintenance and regular updates.
[16].

An alternative approach, that combines a general purpose Al model for item writing and test
development, with the advantages of the ‘human-in-the-loop’, is presented by STAIR-AIG, what
stands for Systematic Tool for Assessment Item review in Automatic Item Generation) [10]. This
tool is specifically developed for the use in test development processes for high complex domains,
like higher-order thinking skills. In such domains an additional review by a human expert is
important because the definition of measurement goals and development of adequate assessments
questions is challenging.

Anyone who works in the field of educational measurement and development of high-stakes
tests in large scale contexts, knows how time consuming and to a certain extent ‘subjective’ the
review processes can be. Hybrid frameworks that combine automation

of items development with human intervention and supervision, offer an attractive alternative.
This approach is also known as ‘Human-Al-collaboration’(HAIC) [10].

STAIR-AIG is an iterative framework in contrast to the static character of most AIG models. It
incorporates Al-based reviews with the human reviewers’ feedback. The outcomes of human-based
feedback are used as training data to refine the behavior of the LLMs.

This iterative process is illustrated in figure 1 below.
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Figure 1 - A human-in-the-loop framework for Al-generated test item development and
psychometric validation

What makes STAIR-AIG different from comparable frameworks, is that the human-based
review output is used for optimization processes both upstream and downstream. Upstream it will
be used to optimize the prompts, what improves the next cycles of item generation. Downstream,
the accumulated data from reviews can be used to train the LLMs, in order to produce new items
that are better aligned to the objectives of the assessment and to the quality criteria as used by the
human experts.
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Figure 2 - A human-Al collaboration framework for automatic item generation, review,
analytics, and feedback-based fine-tuning

For a more detailed description and explanation on the STAIR-AIG framework, | refer to the
very informative and inspiring article by Euigyum Kim and others [10].

Conclusion

The rapid developments in Al technology are certainly influencing the world of Testology. The
way we develop test items, organize test assembly, delivery, administration, evaluation and results
reporting, will change. Even more, it is already changing in an unprecedented way and speed.
For educational assessment in high stakes contexts, general purpose Al models offer promising
perspectives but also some drawbacks and possible risks. To a certain extent, customizable Al
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models may offer a better solution for specific contexts and applications of educational assessment.
Whatever use of Al technology will be chosen, the human factor cannot be missed [17]. Building,
developing and maintaining knowledge and skills in the field of Testology will be needed in the
future. Experienced and well-trained test experts will have a role, although that role will be different
from before. Their task will shift from item writing and production tasks, to reviewing, checking,
justifying and accounting for quality.

Notice: this article is a revised and expanded version of a full paper as written, submitted and
used for a presentation on the 41th Annual Conference of the Association for Educational
Assessment in Africa, 2025, in Addis Ababa/Ethiopia. It has not been published in any other
medium.

Special thanks go to Mr. Euigyum Kim, Graduate School of Education, Sogang University,
Seoul/Korea, for his valuable feedback and additional recommendations.
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H. InTepen

TECTOJIOTHSI ’)KOHE TEXHOJOTHSIJIAP: 5KOFAPHI PETTI OMJIAY
JAFJBLIAPBIHA APHAJIFAH CAIIAJIBI TECT TATICBIPMAJIAPBIH )KACAYJIA
AJIAM ®AKTOPHI KM KOJJAHYIbI )KOHE OHBI )KETLIAIPY I KAJIAT
ICKE ACBIPA AJIAJIbI

Texnonmorusiap Ourim 6epyni Oaranayna 6acbIMABIKKA Me OOJIBIT, MHHOBALMSIAPABI OaCKapHII KeJeIi.
XKacanap! natemnektti (OKW) Konganynel eHrizy, qamipek alTKanaa, TeCT TalChlpMaIapblH jKa3yFa apHajFraH
omOeban KO3FaITKBIIUTAPAbl KOJIAHYAbl KONTereH capamiibuiap Oaralaygarbl MapagurMajblK e3repic
petinae kapacteipansl. XKammel XKHM-1i KoiamaHy TeCT TarchpMaiapblH aBTOMATTHI KOHE THIMIIPEK *acaya
alKpIH apTHIKIWIBUIBIKTapFa ue. JKM-MeH >KyMbIC iICTeHTIH anropuTMIEpAiH TECT CYpakTapbl Oap Kasipri
TarmchlpMa OaHKTEpiH Talfay ToCcUll TamnchlpMajapAbl oJeKaiiia >KOFapbl JKbUITAMIBIKIIECH JKOHE
THIMIUTIKIIEH jkacaimbl. bipak omOebarm KM MomenmbaepiH KOJmaHy pecypcerap, IIBIFBIHAAP, CEHIMIIIIK,
STUKAJBIK MOCENIeTIep KOoHE KYKBIKTBIK MOcelieJep TYPFBICHIHAH KeHOip eneyii KeMIIUTIKTepre Ae ue.
Banrayra Gonatein XKW mopmenbnepi Oimim Oepyni Oaranay KypajAapblH JaMbITy YIIIH MaHBI3IbI OOJBII
TaObIIAaTBIH Oajama YCbiHYBl MyMKiH. Kammaii JKM momem KoimmaHbUica Aa, amaM (DakTOPBIH JKOKKa
meiFapyra 0onmmMaiiaer. Tamceipma skacayma JXHM-ai KonmgaHy TecT capaminbICBIHBIH POJiH e3repTendi, Oipak
aJlaMHBIH TeKcepyi aii ae Kaxet Oonansl. LllemiM KaOpUiayFa Heri3AenreH kapaMapl NaibIMaayiap sxacay
YIIiH KOJAaHBUIATBIH KONTEreH ayKbIMIbl OaranayjiapAa HWHHOBALMAJIBIK TalchblpMalapAbl o3ipiey MeH
aJIaMHBIH JKayanThl MIemiM KaObUTAAYBIH JKaKChl yiiecTipy MaHbI3IBL JKOFaphl peTTi oifiay HaFIbUTapbIH
Oararnay YIIiH Kyp/eii TaHBIMJIBIK JOMEHJIEPIC a/laM CapaIIbICHIHBIH IIOTYbl €PEeKIIe MaHbI3]IbL.

Tyiiin ce3mep: TecTONOrUs, aBTOMATTHI TallChIpMa reHepanusicbl, renepatusTi XKW Mozenbaepi, yiakeH
TUTAIK MOAETBICD.

H. InTepen

TECTOJIOTHUA U TEXHOJIOT'MU: KAK YEJIOBEYECKHI ®AKTOP
MOXET UCITIOJIB3OBATH U COBEPHIEHCTBOBATH IPUMEHEHUE U1
PU CO3JAHUU KAYECTBEHHBIX TECTOBBIX 3AJIAHUI HA HABBIKU

MBIIIJIEHUA BBICHIET'O ITOPAAKA

TexXHONOTUU CTaHOBATCS Bce Ooyiee JAOMHHUPYIOIIMMH M JUAUPYIOT B WHHOBANHUSAX B 00JIACTH
OLICHMBAaHUSI 00pa30BaTENILHBIX PE3YJIbTAaTOB. BHeOpeHHe HWCIOIBb30BaHMsl HCKYCCTBEHHOI'O HHTEIJICKTa
(M), a TouHee mNPUMEHEHHWE YHHUBEPCAIbHBIX JABMXKOB JUIl HAIMCAaHUs TECTOBBIX 3alaHuil,
paccMaTpuBaeTCsl MHOTMMH 3KCIIEpTaMU KaK CMEHa Mapagurmsl B oueHuBaHuu. Mcnosbe3oBanue MU B
LEJIOM MMEET SIBHBIC MPEUMYIIECTBA MPU aBTOMATHYECKOM U Oosee 3((EKTHBHOM CO3JaHHU TECTOBBIX
3aganuil. To, Kak airopuTMmbl, ocHOBaHHble Ha MU, aHanu3upyloT cyuiecTByouiue OaHKH 3aJaHHN C
TECTOBBIMH BOIPOCAaMM, IPUBOAUT K CO3JAaHUIO 33JaHuil ¢ Topa3fgo Ooibllell CKOPOCTBIO U
s¢pdexTrBHOCTHIO. HO Mcmonb3oBanne yHuBepcanbHbIX mMozaeield U Takke MMeeT HEeKOTOphIE Cepbe3HbIC
HEIOCTATKH C TOYKH 3PEHUS] PECypcoOB, 3aTpaT, HAJeKHOCTH, STHUECKHX MNpoOJIeM M IOPUANYECKUX
BonpocoB. HacrpauBaemble Momenn WM MoOryT mnpeasiokuTh anbTEpHATHBY, KOTOpas 3acilyKHBacT
CEphE3HOI0 PACCMOTPEHUs Al Pa3pabOTKM MHCTPYMEHTOB OLICHUBAHMS 00pa30BATENIBHBIX PE3yJIbTATOB.
Kakas 661 Mmozens U Hu rcnonb3oBaack, YesioBeYecKuid (pakTop He MOXKET OBbITh ynylieH. Mcnoiabp3oBaHue
WU B renepanuu 3aJaHiii U3MEHUT POJIb 3KCIEPTa IO TECTaM, HO YeJlOBeuecKas IpoBepKa Bce eme OyneT
HeoOxoauMa. Bo MHOTHX KpYITHOMACHITaOHBIX OIEHHBAHHAX, KOTOpPHIE HCIIONB3YIOTCS IS TPUHSATHS
000CHOBaHHBIX CYXIEHHU JJsl WHPOPMHUPOBAHHUSA O MPUHATHU pEIIeHWH, KpaliHe BaKHO HAWTH Xopoliee
codyeTaHHe MHHOBAaLlMOHHON pPa3pabOTKM 3aJaHMii M OTBETCTBEHHOTO NPHUHATHS PELICHWH 4deraoBekoM. B
CJIO)KHBIX KOTHUTHUBHBIX OOJIACTSX, OLIEHMBAIOLIMX MBICIUTEIBHBIE HABBIKM Oo0Jiee BBICOKOTO MOPSAKA,
JKCIIEPTHAs OLICHKA YeJIOBEKA OCOOEHHO Ba)kKHa.

KirodeBble cioBa: TecTosnorus, aBToMaTHyecKas TeHepaius 3aJaHuil, reHepatuBHbele MI-mMonenw,
KpPYTHBIE S3BIKOBBIE MOJETH.
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