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Abstract


This article provides a critical review of conceptually different approaches to automatic and transformer-based automatic item generation. Based on a discussion of the current challenges that have arisen due to changes in the use of psychometric tests in recent decades, we outline the requirements that these approaches should ideally fulfill. Subsequently, each approach is examined individually to determine the extent to which it can contribute to meeting the challenges. In doing so, we will focus on the cost savings during the actual item construction phase, the extent to which they may contribute to enhancing test validity, and potential cost savings in the item calibration phase due to either a reduction in the sample size required for item calibration or a reduction in the item loss due to insufficient psychometric characteristics. In addition, the article also aims to outline common recurring themes across these conceptually different approaches and outline areas within each approach that warrant further scientific research.
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1. Introduction


The advent of computer-based and internet-based assessment has led to an increase in the use of summative and formative assessments. Combined with changes in best practice recommendations in educational and psychological measurement, this successively resulted in a drastic increase in item construction demands. In this article, we review and discuss several new methods of item construction that have been proposed to meet these challenges. The intention of this article is not to provide a comprehensive review, but to outline the main idea of several conceptually different methods and to discuss the extent to which each method can contribute to the construction of psychometrically sound, valid, and fair cognitive ability tests in a scalable and resource-efficient manner. To this end, we first outline the item construction demands arising from current practices in assessment to set a benchmark for evaluating and comparing various modern item construction methods. In addition, it will discuss current trends within and across different methods and outline gaps in the research literature that require further scientific research.



1.1. Psychometric Costs of Testing on Demand


In the last decade, it has become common to provide test-takers with multiple test-taking opportunities (cf. AERA et al. 2018; Drasgow et al. 2006; Lievens et al. 2005). However, doing so also increases the risk that test-takers attempt to memorize test items and share them with other test-takers who take the psychometric test at a later time point. These prospective test-takers may then memorize the disclosed test items to obtain higher test scores. Several studies indicate that reusing disclosed test items results in a decrease in their item difficulty and item discrimination parameters, and an increase of their local dependencies (e.g., Appelhaus et al. 2023; Joncas et al. 2018; Lievens et al. 2007; Powers 2005; Selvi 2020; Stricker 1984; Veerkamp and Glas 2000; Wagner-Menghin et al. 2013; Wood 2009; Wood et al. 2010; Yang et al. 2018; Zimmermann et al. 2016). If this item disclosure effect is ignored, the person parameter estimates will be biased. The magnitude of the bias depends on the percentage of reused disclosed test items and the magnitude of their item parameter drift (cf. Segall 2004). In addition, the psychometric tests may become more strongly correlated with measures of long-term memory (cf. Lievens et al. 2007). Thus, item disclosure compromises the construct validity of the psychometric test. Unfortunately, it also detrimentally affects the fairness of psychometric tests because test-takers have been shown to differ both in their awareness of the practice of reusing disclosed test items and in their willingness to capitalize on it by memorizing disclosed test items (cf. Powers 2005).



To facilitate testing on demand without compromising validity and fairness, test developers have turned to computerized adaptive testing (CAT: Lang 2011; Segall 2004; van der Linden and Glas 2010), multi-stage testing (MST: Zenisky et al. 2010), and multiple parallel linear on-the-fly test forms (LOFT: Folk and Smith 2002) as an alternative to classic fixed-item linear tests. Research indicates that all three test administration methods are more effective at reducing the risk of item disclosure than classic fixed-item linear tests (cf. Guo et al. 2009; Arendasy and Sommer 2017). Even though CATs have been shown to be more resistant to item disclosure than MSTs and LOFTs, the test security of the latter two methods has been shown to improve as the number of test items in each test form and the number of test forms increase.



In all three test administration methods, test security can be further enhanced by incorporating item- and content-exposure-control algorithms (cf. Georgiadou et al. 2007; Lim and Choi 2024). In addition, using multiple rotating parallel item pools further enhances test security (e.g., Ariel et al. 2006; Zhang and Chang 2005; Zhang et al. 2012). However, all three methods also drastically increase item construction demands (cf. Reckase et al. 2019). Furthermore, the initially constructed item pool needs to be constantly checked and updated (e.g., Ariel et al. 2006; Liu et al. 2019; Sinharay 2017). As a consequence, test developers need to be able to construct a substantial number of psychometrically sound test items with predictable item parameters and content specifications during the entire lifespan of the psychometric test.




1.2. Psychometric Costs of Retesting


Similar to testing on demand, retesting is often conceived as an important aspect of the fair and valid use of psychometric tests by test-takers (cf. AERA et al. 2018; Lievens et al. 2005). Unfortunately, several meta-analyses (cf. Calamia et al. 2012; Hausknecht et al. 2007; Kulik et al. 1984a; Scharfen et al. 2018) indicate that retesting leads to an increase in test-takers’ scores. The effect size of retest-score gains depends on various factors such as the cognitive ability domain measured, test-takers’ general mental ability, the time period between the initial test and retest, the number of retests taken, and the specific kind of retest form used. In general, retest score gains are more pronounced (mean effect sizes: 0.37 to 0.42) when using identical retest forms compared to alternate retest forms (mean effect sizes: 0.22 to 0.23). However, if test items used in the alternate retest form only differ in surface features from those used at the initial test administration, retest score gains are often almost identical to those in identical retest forms (cf. Arendasy and Sommer 2013a, 2017; Matton et al. 2011; Morley et al. 2004). Furthermore, retest effects are larger if the time interval between initial test administration and retest is short. However, they remain notable even with time intervals of several years (cf. Burke 1997). In addition, retest effects tend to increase with the number of retests taken until a plateau is reached. The number of retest sessions needed to reach that plateau differs across cognitive ability domains measured (cf. Calamia et al. 2012; Hausknecht et al. 2007; Kulik et al. 1984a; Scharfen et al. 2018). Furthermore, retest score gains are more pronounced for high-g test-takers than for low-g test-takers (cf. Kulik et al. 1984a).



Several theoretical models have been proposed to explain the observed score gains due to retesting (for a detailed discussion, see Arendasy and Sommer 2017; Lievens et al. 2007). One of the most prominent explanations is the strategy refinement hypothesis. The strategy refinement hypothesis posits that test-takers use various solution strategies that differ in their effectiveness and efficiency (e.g., Bethell-Fox et al. 1984; Fehringer 2020; Heil and Jansen-Osmann 2008; Heil et al. 1998; Jarosz and Wiley 2012; Liu et al. 2023b, 2025; Verguts and De Boeck 2002; Vigneau et al. 2006). The solution strategies are stored in procedural long-term memory together with information on their effectiveness and efficiency given certain task characteristics (e.g., Anderson et al. 1997; Siegler 1996). When solving test items with a lower person-specific difficulty (e.g., person-specific p ≥ .70), test-takers have sufficient cognitive resources left to update information on the effectiveness and efficiency of a solution strategy given certain task characteristics. This allows them to gradually tailor their solution strategy choices to the task demands, which leads to an increase in narrower test-specific cognitive abilities. This hypothesis is consistent with studies indicating that test-takers are able to learn to tailor their solution strategies to task demands during test-taking even with little to no feedback (e.g., Fehringer 2023; Hayes et al. 2015; Heil et al. 1998; Ren et al. 2012; Verguts and De Boeck 2002).



The strategy refinement hypothesis explains several key findings regarding the size of the retest effect. First, since the items of the initial test and an identical retest have more item design features in common, this fosters transfer compared to alternate retest forms, which share fewer item design features with the initial test items (e.g., Anderson et al. 1997; Siegler 1996). Second, the assumption that strategy refinement is a gradual process explains why the number of retests administered has been shown to affect the size of the retest effect. The same explanation also accounts for the finding that high-g test-takers benefit more from retesting than low-g test-takers. High-g test-takers encounter more items with a person-specific lower difficulty while working on a fixed-item linear test than do low-g test-takers. They therefore have more opportunities to learn to refine their solution strategies (Arendasy and Sommer 2017). Third, the hypothesis that strategy refinement leads to a gradual increase in a narrower test-specific cognitive ability is consistent with research findings indicating that retesting neither induces differential item functioning at the item level nor alters the structural relations between the cognitive ability tests and their relation to psychometric g or other higher-order traits (e.g., Arendasy and Sommer 2013a, 2017; Estrada et al. 2015; Reeve and Lam 2005). This is due to strategy refinements leading to a gradual improvement in narrower cognitive abilities. Last but not least, the model also posits that these improvements in narrower cognitive abilities should not generalize to higher-order traits. This final prediction, deduced from the strategy refinement hypothesis, is consistent with research findings indicating that retest score gains do not seem to generalize to higher-order traits (e.g., Arendasy and Sommer 2013a, 2017; Estrada et al. 2015; Krautter et al. 2021; Levacher et al. 2021; Loesche et al. 2015; Matton et al. 2011; Reeve and Lam 2005; Schneider and Sparfeldt 2021a, 2021b; Schneider et al. 2020; te Nijenhuis et al. 2007).



The strategy refinement hypothesis also has implications for how to reduce retest effects. Usually, CATs administer items of higher (p = .50) person-specific difficulty to all test-takers (cf. Arendasy and Sommer 2017; Guo et al. 2009). This should not only prevent strategy refinement during test-taking but also equalize the learning opportunities between high-g and low-g test-takers. As a consequence, high-g test-takers, who take a CAT at the initial test administration session, should no longer benefit more from retesting than their low-g peers. This prediction is consistent with recent research findings indicating that CAT indeed reduces retest effects when administered at the initial test administration session (Arendasy and Sommer 2017). However, the authors also showed that retest effects still exist when test-takers take a fixed-item linear retest form at the initial test administration session, followed by either a CAT or an alternate fixed-item linear test form. This indicates that test-takers may learn to refine their solution strategies in-between test-taking sessions by practicing sample test items, which are commonly used in test preparation.




1.3. Psychometric Costs of Test Preparation


Due to the increased use of psychometric tests, the test preparation industry has become a lucrative business on its own (cf. Buchmann et al. 2010; Powers 2012; Zwick 2002). Prospective test-takers are often offered a variety of different test preparation methods from commercial and/or non-commercial providers. Researchers (e.g., Briggs 2009; Messick 1982; Powers 2012) distinguish between three methods of test preparation: test familiarization, practice-based training, and test coaching.



Test familiarization merely aims to familiarize test-takers with the mechanics of test-taking to reduce construct-irrelevant variance due to test familiarity and test anxiety. This method of test preparation does not intend to improve test-takers’ test scores. Consistent with this aim, research shows that test familiarization increases test-wiseness and reduces test anxiety, but its effect on test-takers’ test scores is negligible (cf. Burns et al. 2008; Powers and Alderman 1983). For this reason, cost-free test familiarization has become a standard practice and is often seen as mandatory by the test-takers (cf. AERA et al. 2018; Denker et al. 2023; Lievens et al. 2005).



Practice-based training, on the other hand, constitutes an informal test-taker-driven test preparation method that aims at improving test-takers’ test scores. During practice-based training, test-takers practice sample-test items with or without feedback to improve their test scores (cf. Briggs 2009; Messick 1982; Powers 2012). Several meta-analyses (cf. Bangert-Drowns et al. 1983; Hausknecht et al. 2007; Kulik et al. 1984a; Messick and Jungeblut 1981) and independent studies (e.g., Burns et al. 2008; Hermes et al. 2019; Hermes et al. 2023; Weppert et al. 2023) indicate that practice-based training improves test-takers’ test scores (Cohen’s d = 0.22 to 0.40). The size of the practice-based training effect varies with the similarity of the sample-test items and the actual test items (cf. Arendasy and Sommer 2013a, 2017; Freund and Holling 2011; Morley et al. 2004), the general mental ability of the test-taker (cf. Kulik et al. 1984a), the amount of time and effort invested into practicing (cf. Bangert-Drowns et al. 1983; Becker 1990; Hermes et al. 2019; Kulik et al. 1984b; Messick and Jungeblut 1981), and the specific cognitive ability domain trained (e.g., Arendasy et al. 2016; Hermes et al. 2019, 2023; Kulik et al. 1984a; Weppert et al. 2023).



Test coaching, on the other hand, is a formal instructor-driven test preparation method that consists of the following components aimed to improve test-takers’ test scores: test familiarization, practice-based training, formal instruction and feedback, and instruction on specific test-taking strategies (cf. Allalouf and Ben-Shakhar 1998; Becker 1990; Briggs 2009; Messick 1982; Powers 2012). Similar to practice-based training, several meta-analyses and large-scale studies (e.g., Becker 1990; Briggs 2009; Bangert-Drowns et al. 1983; Kulik et al. 1984b; Lilly and Montgomery 2011; Messick and Jungeblut 1981; Powers and Rock 1999; Witt 1993; Weppert et al. 2023) indicate that test coaching increases test-takers’ test scores (Cohen’s d = 0.33 to 0.64). The size of the score gains depends on the general mental ability of the test-taker (cf. Kulik et al. 1984b), the time devoted to practicing (cf. Appelrouth et al. 2017; Becker 1990; Messick and Jungeblut 1981), the specific cognitive ability trained (e.g., Becker 1990; Briggs 2009; Bangert-Drowns et al. 1983; Kulik et al. 1984b; Powers and Rock 1999), and the feedback provided (cf. Krautter et al. 2021). The added value of test coaching on its own, compared to practice-based training, is small and has been attributed to the effect of feedback and formal instruction (cf. Appelrouth et al. 2017; Krautter et al. 2021; Levacher et al. 2021; Loesche et al. 2015; Schneider and Sparfeldt 2021a, 2021b) in addition to a more optimal pacing of test preparation (cf. Appelrouth et al. 2017). However, combining test coaching with practice-based training has been shown to lead to a notable increase in test scores.



Thus, both practice-based training and test coaching are effective at improving test scores. Measurement invariance analyses across test-takers differing in the amount and kind of test preparation (e.g., Arendasy et al. 2016; Estrada et al. 2015; Hermes et al. 2019; Levacher et al. 2021; Krautter et al. 2021; Sommer et al. 2025) indicate that individual differences in test preparation neither induce uniform nor non-uniform differential item functioning (DIF) at the item level, nor do they alter the structural relationship between the subtests and the higher-order traits that they have been constructed to measure. Nevertheless, this line of research also clearly shows that score gains do not generalize to higher-order traits. They are confined to the narrower test-specific cognitive abilities trained (cf. Arendasy et al. 2016; Hermes et al. 2019; Sommer et al. 2025). This implies that—similar to retest effects—test preparation-based score gains may reflect an increase in narrower test-specific abilities due to strategy refinement. This conclusion is corroborated by an eye-movement study, which showed that test-takers indeed resorted to more effective and efficient solution strategies after receiving a tutorial on how to solve the test items (Loesche et al. 2015, experiment 4).



Although test preparation does not detrimentally affect measurement invariance and construct validity, it potentially threatens fairness if test-takers differ in their access to test preparation (cf. Borsboom et al. 2008; Buchmann et al. 2010; Sommer et al. 2025). While studies using previous birth cohorts of test-takers (e.g., Buchmann et al. 2010; Park and Becks 2015) indicated that test-takers whose parents are more educated and wealthier had more access to test preparation than their peers, studies conducted with more recent birth cohorts (e.g., Arendasy et al. 2016; Lee et al. 2023a; Sommer et al. 2025) failed to replicate this finding. A possible explanation for this finding is that universities and commercial companies started to provide test-takers with either less costly or even cost-free test preparation opportunities to ensure equal opportunities to perform for all test-takers (cf. AERA et al. 2018; Arendasy et al. 2016; Campion et al. 2019; Hermes et al. 2019; Lee et al. 2023a; Sommer et al. 2025). However, this practice also extends the item construction demands beyond the constructing and maintaining of item pools for assessment.




1.4. Implications for Test Construction


The research outlined above has implications for the construction of test items and sample-test items. Test developers need to be able to construct large item pools that are optimal for their intended use in terms of the shape and distribution of the item parameters, and in terms of the content specifications. Several methods have been proposed to construct blueprints for optimal item pools (e.g., He and Reckase 2014; Reckase 2010; Veldkamp and van der Linden 2010). The drawback of these methods is that they assume that test developers can construct test items with the pre-specified item parameters and content specifications. In the case of cognitive ability tests, content specifications refer to item design features and combinations thereof. Item design features hypothesized to affect the item parameters are called radicals (Irvine 2002), while non-salient item design features (=surface features) that do not affect the item parameters are referred to as incidentals (Irvine 2002). The item pools should not only contain information on the item parameters themselves but also information on the combination of radicals and incidentals used to construct each test item to facilitate the use of item- and content-exposure control algorithms (cf. Georgiadou et al. 2007; Gierl et al. 2022a; Lim and Choi 2024).



To minimize item disclosure, test developers should be able to construct test items whose item parameters not only span the entire range of the person parameter distribution but also mimic its shape and distribution (cf. Reckase 2010; Veldkamp and van der Linden 2010). Furthermore, to construct multiple rotating parallel item pools (e.g., Ariel et al. 2006; Zhang et al. 2012), test developers need to be able to construct multiple instances of all test items with identical radical combinations (and item parameters) but different incidentals (Irvine 2002). These kinds of test items are referred to as item isomorphs (Bejar 2002) or item clones (Glas and van der Linden 2003). Furthermore, to support item- and content-exposure control (e.g., for an overview, see Georgiadou et al. 2007; Gierl et al. 2022a; Lim and Choi 2024), test developers should also be able to construct test items that exhibit statistically identical item parameters, despite using a different combination of radicals, at all segments of the latent trait continuum. These kinds of test items have been referred to as psychometrically matched instances (cf. Arendasy and Sommer 2013a) and are a prerequisite for content exposure control to work as intended.



Item construction demands further increase if the test developers aim to reduce individual differences in access to test preparation by providing cost-free test preparation (e.g., AERA et al. 2018; Arendasy et al. 2016; Campion et al. 2019; Hermes et al. 2019; Lee et al. 2023a; Sommer et al. 2025). According to the standards for educational and psychological assessment (cf. AERA et al. 2018), sample-test items used in test preparation should resemble the actual test items in terms of the item format and item construction principles. This implies that they should be representative of the actual test items in terms of the distribution of their item parameters and also mirror them in terms of their affordances and constraints (Greeno et al. 1993) for construct-related solution strategies. As a result, sample-test items need to be representative for—but not identical to—the actual test items in terms of their radical combinations (Irvine 2002). Furthermore, if test preparation includes feedback and tutorials, these tutorials should also be representative and cover all difficulty levels (cf. Arendasy et al. 2016; Krautter et al. 2021; Sommer et al. 2025). This requires test developers to be able to construct not only multiple item pools intended to be used for assessment, but also one or more item pools consisting of sample-test items that can be used in cost-free practice-based training. Furthermore, since test preparation increases test scores without generalizing to higher-order traits (cf. Section 1.3), test developers need to be able to shift the spectrum of the item difficulties upward to counteract retest and test preparation effects.



The specifications of ideal item pools for assessment and training purposes outlined above are thus rather specific and go beyond merely being able to generate large pools of test items. They can therefore also be used as a benchmark to evaluate and compare conceptually different methods of item construction in terms of their potential to meet these requirements in a cost-efficient and scalable manner.





2. Human-Constructed Test Items (H-IG)


Traditional item construction involves trained human item writers, who are also subject-matter experts in the domain covered by the psychometric test (cf. AERA et al. 2018; Hornke and Habon 1986; Lane et al. 2016). The test development process usually starts with a definition of the latent trait to be measured and the selection of an item format that can be used to measure the latent trait. Next, subject-matter experts outline the cognitive processes hypothesized to be involved in solving the test items, in addition to other content-matter specifications. This is done to provide a more detailed specification of what needs to be achieved during item writing. Once this is done, human item writers construct test items on an item-by-item basis using either their experience and expertise or a blueprint of the item construction rationale (cf. AERA et al. 2018; Hornke and Habon 1986; Lane et al. 2016). Next, the constructed test items are submitted to a panel of independent subject-matter experts for review. This review process covers both subject-matter considerations (e.g., factuality check, etc.) and a fairness review (for details, see AERA et al. 2018; Lane et al. 2016). Once the test items have passed through this review process, they are edited and revised if necessary. In the latter case, the items are again submitted to review. This cycle continues until the test items are deemed to be of sufficient quality by the panel of subject-matter experts. Next, the test items are passed on to field testing to estimate their item parameters, and to evaluate their dimensionality and fairness using descriptive item response theory modeling (cf. De Boeck and Wilson 2004). This brief description of the human item writing process nicely illustrates that item writing is a complex process that requires a considerable amount of financial, time, and human resources. Furthermore, since test items are constructed on an item-to-item basis, this process is hardly scalable. It is therefore not surprising that item construction has been referred to as a critical bottleneck in test construction (cf. Drasgow et al. 2006; Kosh et al. 2019; Wainer 2002; Zickar 2020).



In addition, there is evidence that writing test items requires a lot of expertise and requires continuous training. For instance, Webb et al. (2015) showed that subject-matter experts trained in item writing constructed fewer test items, which were identified as flawed in a subsequent review process, compared to subject-matter experts without any training in item writing. However, a short one-time training in item construction does not seem to suffice (Gupta et al. 2020). Repeated and continuous training is required to construct test items that pass the review process and also exhibit acceptable classical item difficulty and classical item discrimination parameters in subsequent field tests (e.g., Beg et al. 2021; Lee et al. 2024). This result is consistent with research findings indicating that expertise is important in human item writing (e.g., Eleragi et al. 2025; Jozefowicz et al. 2002; Nemec and Welch 2016) and that building expertise through repeated and continuous training and feedback improves the quality of human item writing (cf. Karthikeyan et al. 2019). By contrast, lack of motivation and time pressure reduce the quality of the human-made test items (cf. Karthikeyan et al. 2019). Although—to the best of our knowledge—we currently lack studies examining item writer-related determinants of the quality of human-made items for intelligence tests, it seems plausible that the above-cited results obtained in formative and summative assessment in medical education generalize to the construction of intelligence tests.



Furthermore, there is evidence that human item writers also have difficulties predicting the empirically estimated difficulty of the test items they constructed. Several studies (e.g., Attali et al. 2014; Bejar 1983; Berenbon and McHugh 2023; El Masri et al. 2017; Holmes et al. 2018; Impara and Plake 1998; Rogausch et al. 2010; Sayın and Bulut 2024; Sayın and Gören 2023; Sydorenko 2011; Wonde et al. 2024) indicate that the correlation between empirically estimated item difficulties and item difficulties predicted by subject-matter experts ranges from ≤0.10 to 0.80. One interesting finding from these studies is that the precision of subject-matter experts’ judgement improves with feedback. Subject-matter experts become more accurate at predicting the empirically estimates difficulty the more they learn about the results of actual empirical studies and theoretical models that link item design features to cognitive processing demands. Thus, using theory and research helps human item writers to tailor their item writing more to the demands of the specifications of the blueprint for an ideal item pool and to avoid the use of non-functional distractors that often lead to a misfit of the chosen descriptive IRT model in field testing. However, providing item writers with this information requires conducting research on predictors of the difficulty of test items in the first place. Nonetheless, even with sufficient knowledge in these areas, human item writers still experience difficulties constructing and accurately predicting the difficulty of more difficult test items that exceed their own standing on the latent trait (cf. Hornke and Habon 1986; Sayın and Gören 2023). This line of research nicely illustrates that solely relying on the expertise of human item writers is no viable short-cut to theory-building and empirical studies. Providing detailed specifications of the item construction rationale, as well as theory and research findings on the cognitive processes involved in item solving, helps human item writers to improve the quality of the constructed test items.



Although it is possible to construct psychometrically sound test items using human item writers by combining theory, research, and subject-matter expertise, the item construction process cannot be scaled. This is due to the fact that test items are still constructed and reviewed on an item-to-item basis. This particular feature of human item writing (H-IG) is at odds with the demands for a large number of test items within a short amount of time (cf. Drasgow et al. 2006; Kosh et al. 2019; Wainer 2002; Zickar 2020). The costs associated with the continuous item construction process are often referred to as an explanation for why the anticipated cost saving from moving from fixed-item linear paper-pencil tests to CATs have not been realized thus far (cf. Luecht 2005).



Therefore, researchers and test developers have turned to alternative methods of item construction, which have been shown to be more scalable due to a higher degree of automation during the item construction process (cf. Falcão et al. 2023, 2024; Kosh et al. 2019). The approaches used to achieve this aim are referred to as rule-based automatic item generation (AIG: Arendasy and Sommer 2011; Embretson and Yang 2007; Irvine and Kyllonen 2002) and transformer-based automatic item generation (TB-AIG: Attali et al. 2022; von Davier 2019), respectively. Both methods can be summarized under the umbrella term automatic item generation. The distinction between AIG and TB-AIG resembles the theoretical distinction between the use of symbolic models, on the one hand, and connectionist models, on the other hand, in cognitive modeling research (cf. Klahr and MacWhinney 1997; van der Maas et al. 2021). It also has important consequences on how each method can be used in practice. For ease of reference, we will use the shortcut automatic item generation (AIG) to refer specifically to rule-based automatic item generation in all following sections.




3. Automatic Item Generation (AIG)


Automatic item generation (AIG: Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024; Embretson and Yang 2007; Irvine and Kyllonen 2002) is a collective term for various methods using pre-programmed algorithms to automatically construct large numbers of test items with predictable item parameters. This is done by systematically varying a set of radicals (Irvine 2002) and incidentals (Irvine 2002). The historical roots of AIG can be traced back to the 1970s in the United States (cf. Bejar 2002; Drasgow et al. 2006) and Europe (cf. Arendasy and Sommer 2011). In this article, we use the term automatic item generation in a more narrow, non-technological sense to exclusively refer to rule-based automatic item generation, which uses computer programs programmed from scratch to construct test items using symbolic models. AIG is often incorrectly portrayed as a unified approach (cf. Gierl et al. 2022a; von Davier 2018, 2019). In fact, there are three conceptually different approaches to automatic item generation. The difference concerns (1) the extent to which the selection of radicals is based on a theoretical model (weak- vs. strong theory), (2) the extent to which radicals are varied independently (schema-based vs. element-based), (3) the extent to which the item generation process is automated (human-made vs. semi-automated vs. automated), and (4) the inclusion of a quality control component (single- vs. dual-component item generation), which checks the factual correctness of the scoring key and also aims to reduce the likelihood of differential item functioning (DIF) and construct-irrelevant variance. Differences in these four characteristics between various approaches to AIG not only affect the validity evidence that can be advanced to support test score interpretations, but also the cost savings at various points in the item construction process (cf. Arendasy and Sommer 2011; Kosh et al. 2019).



3.1. Item Model Approach


In the item model approach (e.g., Bejar 2002; Choi and Zhang 2019; LaDuca et al. 1986), the construction of the item generator starts with the selection of one or more templates. These templates (cf. Mislevy and Riconscente 2006) are also referred to as item models (Bejar 2002), schemata (Arendasy and Sommer 2007), item shells (Glas and van der Linden 2003), or parent items (Roid and Haladyna 1982). For ease of communication, we will use the term item model since it has been used more commonly than other terms. Item models constitute the basic building blocks of the item generator and are usually hard coded into the item generator. Each item model consists of fixed and variable elements. The variable elements of an item model can either consist of a list of alternatives for incidentals or a list of alternatives for radicals (Gierl et al. 2012; Glas and van der Linden 2003). All items generated on the basis of a single item model are called instances (Graf et al. 2005) or siblings (Sinharay et al. 2003). Items constructed by only manipulating incidentals are referred to as item isomorphs (Bejar 2002) or item clones (Glas and van der Linden 2003). Item isomorphs are hypothesized to exhibit invariant (statistically identical) item parameters. By contrast, items constructed by manipulating radicals are called item variants (Bejar 2002). Item variants are hypothesized to differ in their item parameters and therefore exhibit more within-item model variation in their item parameters than item isomorphs (cf. Bejar 2002; Geerlings et al. 2013; Glas et al. 2016; Glas and van der Linden 2003; Sinharay et al. 2003; Sinharay and Johnson 2008). In the item model approach, radicals are not varied independently of each other. In fact, each item model is characterized by a specific combination of radicals and radical levels, which are hard coded in the item model.



Item models can be constructed in three different ways, which differ in their theoretical foundation. The first two means rely solely on the subject-matter expertise and intuition of the item-model writers and are therefore referred to as the weak theory approach (Drasgow et al. 2006). This is because even experienced subject-matter experts may not always correctly guess what makes a particular test item more or less difficult and what kind of misconceptions test-takers may hold that lead them to select specific distractors (cf. Attali et al. 2014; Bejar 1983; Berenbon and McHugh 2023; Holmes et al. 2018; Impara and Plake 1998; El Masri et al. 2017; Rogausch et al. 2010; Sayın and Bulut 2024; Sayın and Gören 2023; Sydorenko 2011; Wonde et al. 2024).



Within the weak theory approach, item models can be constructed on the basis of one or more operational test items, which are inspected by subject-matter experts to identify commonalities and differences in order to determine item design features that can be systematically combined and manipulated (cf. Bejar 2002; Fu et al. 2022). Alternatively, item models can be constructed from scratch by asking item model writers to define elements that can be systematically varied within each item model and to propose permissible values for these elements based on their subject-matter expertise (cf. Gierl and Lai 2012).



The third alternative is to construct item models based on pre-existing cognitive processing models for a specific item format (cf. Enright et al. 2002; Graf et al. 2005). The main idea here is to replace the subject-matter expertise and intuition of the item-model writers with an empirically validated cognitive processing model that specifies item design features hypothesized to be linked to cognitive processing demands. The main benefit of this method is that it builds on empirically validated theoretical models, which increase the construct validity of the resulting test items provided that these cognitive processes and the item design features linked to them have been shown to explain the item parameters of the test items (cf. Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024; Embretson and Yang 2007). For this reason, the third approach is often referred to as the strong theory approach (Drasgow et al. 2006).



The item model approach focuses heavily on the item model itself as its central building block. Psychometric modeling often boils down to examining the extent to which item isomorphs exhibit invariant item parameters (e.g., Fu et al. 2022) and examining the extent to which variability between item variants can be adequately modeled by means of expected item family functions (cf. Geerlings et al. 2013; Glas et al. 2016; Sinharay et al. 2003; Sinharay and Johnson 2008; Zorowitz et al. 2024). Validating the radicals by means of explanatory item response theory modeling is often not considered mandatory in the item model approach. While proponents of the strong theory approach acknowledge the benefits of explanatory item response theory modeling, proponents of the weak theory approach (e.g., Gierl et al. 2022b) often argue that calibrating the item models and examining their content validity by means of subject-matter expert ratings are sufficient to provide the necessary validity evidence in high-stakes settings.



The main reason for this focus is that the item model approach aims to reduce item construction costs not only by scaling the item construction process itself but also by shifting the focus of item calibration from the individual test items themselves to the item models. That is, instead of calibrating hundreds of test items, test developers merely need to calibrate the item models and model the variation of the item parameters within each item model by means of expected item family functions. Since each item model reflects a unique combination of radical levels, the number of item models is much lower than the number of item instances that can be generated by an item model. If calibrating item models instead of individual test items works, this can result in notable cost savings. Several simulation studies (e.g., Bejar et al. 2002; Colvin et al. 2016; Glas and van der Linden 2003; Someshwar 2024; Tian and Choi 2023) indicated that although using calibrated item families and expected item family functions instead of the actual item parameters of the item instances introduces a small bias in the person parameter estimate, this effect can be offset by administering a few additional test items. Thus, the approach of calibrating item models instead of individual test items seems feasible and can result in notable cost reduction, provided that the within-family variation is low and can be adequately modeled. Unfortunately, this is not always the case (e.g., Fu et al. 2022; Zorowitz et al. 2024).



The item model approach currently is the most popular approach. This has led some researchers (e.g., Circi et al. 2023; Gierl et al. 2022a; von Davier 2018) to equate the item model approach with the entire field of automatic item generation. Embretson and Yang (2007) explained the popularity of the item model approach with two of its features. On the one hand, the item model approach can be used to construct item models with a stronger or weaker theoretical foundation. On the other hand, item models are convenient to implement in programming terms. Thus far, the item model approach has been successfully used by the Educational Testing Service (ETS) in admission testing (cf. Bejar 2002), the construction of test items for the medical licensing exam in Canada (e.g., Gierl et al. 2012), high-stakes pharmacy exams (e.g., Leslie and Gierl 2023), test items measuring misconceptions in physics (e.g., Wancham et al. 2023), Turkish literature knowledge test items (e.g., Sayin and Gierl 2023), and to construct an open-source cognitive test (Ryoo et al. 2022), among various other examples.



Across different practical applications, the number of item models exhibiting a unique combination of radical levels varied from k = 6 (Ryoo et al. 2022) to k ≈ 60 (e.g., Gierl et al. 2012). Given that the number of item models constitutes an upper limit for the number of different item parameters, the number of psychometrically distinct items is limited by the number of item models implemented into the item generator. This affects the feasibility of constructing multiple item pools that can be used for assessment and practice-based training. In particular, constructing psychometrically matched test items may become more difficult with a lower number of item models. This is unfortunate because a combination of isomorphic and psychometrically matched test items is needed to simultaneously construct item pools for assessment and practice-based training to enhance fairness without compromising validity (cf. Section 1.4).



Some authors (e.g., Gierl et al. 2022a; Glas and van der Linden 2003; Yi et al. 2008) also discuss additional measurement and test security challenges associated with the use of item models. For instance, using item models in CATs requires content coding and content exposure control to ensure that isomorphic test items are not administered within the same test administration session. Doing so would lead to a local stochastic dependency of the item responses and a corresponding bias in the person-parameter estimate (cf. Glas and van der Linden 2003; Segall 2004). Furthermore, if an item model has been disclosed or leaked, all items generated by that item-model are compromised. This can lead to biased person-parameter estimates (cf.Yi et al. 2008). Thus, appropriate technical test- or item model security measures have to be taken to protect the item models from disclosure and organized item theft (for an overview, see Foster 2016).



A final concern relates to the number of test items that have to be discarded after the item calibration phase due to insufficient psychometric characteristics (e.g., misfit of the 2PL model or the 1PL Rasch model to the data). In most applications that examined the dimensionality of the automatically generated test items, the percentage of item loss ranged from 10 to 30 percent. In addition, item models constructed using weak theory often require substantial modifications after the expert reviews and calibration phase to reduce the likelihood that item instances include non-functional distractors or other item-writing flaws (e.g., Falcão et al. 2023, 2024; Gierl and Lai 2012; Lai et al. 2016). Similar to item loss, the number of required revision rounds must be taken into account when evaluating potential cost savings (cf. Kosh et al. 2019).




3.2. Cognitive Design System Approach


The cognitive design system approach (cf. Embretson 1998, 2002, 2016; Embretson and Yang 2007; Gorin 2006) extends the item model approaches based on strong theory. It heavily resorts to cognitive science research to provide a more detailed and precise definition of the latent cognitive ability trait in terms of the cognitive processes hypothesized to be involved in solving the test items. In this sense the, cognitive design system approach is similar to the evidence-centered design system approach proposed by Mislevy and associates (cf. Mislevy et al. 2003). Embretson and associates (cf. Embretson 2002, 2005; Embretson and Yang 2007; Gorin 2006) recommend starting the construction of an item generator with such a precise definition, which is referred to as a cognitive item model. Ideally, this cognitive item model has been implemented as a computational model. Computational models are symbolic and/or connectionist computer programs that not only specify the cognitive processes hypothesized to be involved in solving certain test items but also outline the link between these cognitive processing demands and the item design features that affect them. These item design features serve as radicals (Irvine 2002) in item generation. The behavior of computational models can be compared to human problem solvers as a feasibility check on whether the theoretical model may constitute a possible data-generating mechanism (cf. Farrell and Lewandowsky 2010; Fried 2020; Guest and Martin 2021; Klahr and MacWhinney 1997; Smaldino 2020; van der Maas et al. 2021). The main benefit of implementing verbal theories into a computational model is that this process forces the scientists to reason more precisely about the latent traits that they intend to measure (cf. Farrell and Lewandowsky 2010; Fried 2020; Guest and Martin 2021; Smaldino 2020). Thus, test developers using computational models ultimately operate with a more precise definition of the latent trait to be measured.



The drawback of using computational models to deduce radicals is that such models may not exist in all cognitive ability domains. In such cases, Embretson and associates suggest examining test-takers’ solution strategies using eye-movement analyses, verbal protocols, etc., to deduce hypotheses on cognitive processes involved in problem solving and how these cognitive processes are linked to item design features (for an overview, see Embretson 2016). Next, these hypotheses should be tested by means of explanatory item response theory modeling of existing psychometric test data (e.g., Baldonado et al. 2015; Daniel and Embretson 2010; Draheim et al. 2018; Embretson 1998, 2002, 2023; Embretson and Daniel 2008; Embretson and Gorin 2001; Embretson and Kingston 2018; Gorin 2005; Gorin and Embretson 2006; Ivie and Embretson 2010; Kaller et al. 2011; O’Reilly et al. 2018; Svetina et al. 2011). Evaluating the status of radicals and incidentals by means of explanatory item response theory modeling is also highly recommended in cases in which computational cognitive item models are available. The main argument is that the radicals and corresponding cognitive processes should be able to account for a large percentage of the variance in the item parameters if the cognitive item model constitutes a possible data-generating mechanism (cf. Embretson 1998, 2016; Embretson and Yang 2007). The intention behind combining computational cognitive modeling with explanatory item response theory modeling is to maximize the construct-related variance in the item parameters by systematically manipulating item design features linked to cognitive processing demands, which are central to the definition of the latent cognitive ability trait. However, Embretson and associates note that radicals (Irvine 2002) are often confounded in existing psychometric tests. This complicates the interpretation of the research findings due to multi-collinearity (cf. Fischer 1995). Therefore, the next step consists of the construction of an automatic item generator, in which radicals—and combinations thereof—are more systematically varied, and the use of explanatory item response theory modeling (cf. De Boeck and Wilson 2004) to examine the extent to which the item parameters of the automatically generated test items can be predicted by the radicals. In most studies using the cognitive design system approach, the correlation between the empirically estimated item difficulty parameters and those predicted on the basis of the radicals (Irvine 2002) varied from R = 0.70 to R = 0.90. Thus, the radicals accounted for 49 to 80 percent of the variance in the item difficulty parameters of the respective descriptive item response theory model (e.g., 1PL Rasch model or 2PL model).



In a nutshell, the cognitive design system approach shifts the expenses in terms of financial, time, and human resources to the initial test construction phases. This strategy pays off if it increases the psychometric quality of the automatically generated items in terms of their fit to the chosen descriptive item response theory model (e.g., 1PL Rasch model, 2PL model, etc.) and a lack of differential item functioning (DIF), and in terms of the variance in the item parameters explained by the radicals (cf. Kosh et al. 2019). Several simulation studies (e.g., Doebler 2012; Embretson 1999; Freund et al. 2008; Mislevy et al. 1993; Matteucci et al. 2012; Someshwar 2024) indicated that if the variance in the item parameters accounted for by the radicals is sufficiently high (R2 ≥ 0.80), the effect of using predicted item parameters instead of empirically calibrated item parameters on the precision and bias of the person parameter estimate becomes negligible and can be easily offset by the administration of a few additional test items. Interestingly, Someshwar (2024) recently showed that using item parameters predicted by an explanatory item response theory model such as the Linear Logistic Test Model (LLTM; Fischer 1995) is superior to using expected item family functions in terms of the precision and bias in the person parameter estimates. This indicates that the strong focus on theory in the cognitive design system approach not only has the potential to provide additional validity evidence (cf. AERA et al. 2018) but it can also surpass the potential cost savings of the item model approach. In addition, using explanatory item response theory modeling has also been shown to help explain the intended or unintended variance of the item parameters within item models (cf. Cho et al. 2014; Geerlings et al. 2013; Glas et al. 2016; Sinharay et al. 2003; Sinharay and Johnson 2008). This valuable information can be used to either refine the item models or adjust the item parameters of the automatically generated items accordingly.



Thus far, the cognitive design system approach has been successfully used to automatically generate figural matrices (e.g., Embretson 1998, 2002; Freund et al. 2008; Primi 2002, 2014), analogies (e.g., Blum and Holling 2018; Bejar et al. 2012), number series (e.g., Sun et al. 2019), propositional reasoning items (e.g., Gühne et al. 2020), spatial ability test items (e.g., Fehringer 2020; Ivie and Embretson 2010; Shi et al. 2023), mathematical ability test items (e.g., Daniel and Embretson 2010; Embretson and Kingston 2018; Enright et al. 2002; Holling et al. 2009), perceptual speed test items (e.g., Doebler and Holling 2016), and to semi-automatically generate reading comprehension test items (e.g., Förster and Kuhn 2023; Gorin 2005). Most researchers chose to implement radical combinations by constructing item models due to the ease of programming implementation. The number of item models ranged from 30 to 60 across studies. Since researchers chose to use item models, considerations regarding test security for the cognitive design system approach are almost identical to the ones outlined for the item model approach (cf. Section 3.1, seventh paragraph). Thus, the extent to which the cognitive design system approach can deal with the increased test item demands depends on the number of item models, their distribution along the latent ability continuum, and whether it is possible to generate psychometrically matched item models differing in their radical combinations along the entire latent trait continuum. Like the item model approach, researchers using the cognitive design system approach often reported an item loss of 10 to 30 percent after the item calibration phase due to either a misfit to the 2PL model or differential item functioning. This item loss also has to be taken into account when evaluating cost savings (cf. Kosh et al. 2019).




3.3. Automatic Min-Max Approach


To address the issue of item loss after the item calibration phase, Arendasy and associates (cf. Arendasy 2004; Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024) developed the automatic min-max approach. The automatic min-max approach can be seen as a further development of the cognitive design system approach. Like Embretson and associates (cf. Embretson 1998, 2016; Embretson and Yang 2007; Gorin 2006), the automatic min-max approach combines cognitive science research, individual differences research, and explanatory item response theory modeling in constructing and evaluating an item generator. Like the cognitive design system approach, it is heavily rooted in modern validity theory and cognitive science (cf. Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024).



The automatic min-max approach resorts to individual differences research to provide an initial definition of the latent cognitive ability trait and its location within current models of human intelligence. Next, the cognitive processes involved in solving the test items are specified in more detail by resorting to cognitive processing models that ideally have been implemented as computational models. Like the cognitive design system approach, the automatic min-max approach also emphasises the theoretical and practical value of computational models in constructing a cognitve model that serves as the basis for the selection of the radicals (Irvine 2002). However, it deviates from the cognitive design system approach by proposing that researchers should not solely resort to a single computational model. Instead, Arendasy and associates (cf. Arendasy 2004; Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024) recommended using and comparing multiple computational models. This is because most existing computational models have been primarily tested on a particular item set or a particular item format (for a similar argument, see Yang and Kunda 2023; Yang et al. 2022). Thus, using a single computational model makes it more difficult to separate cognitive processes and corresponding item design features that are central to the core of the definition of the latent trait from those that are more specific to either a certain item format or a certain set of test items (cf. Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024). Ideally, hypotheses deduced in this manner should be empirically tested by means of psychometric experiments. To illustrate this point, we will give two examples. Arendasy and Sommer (2012b) examined item design features that have been hypothesized to moderate the size of gender differences in figural matrices despite not being central to the definition of inductive reasoning. Using several established and experimentally designed figural matrices tests in addition to number series, the authors demonstrated that some non-central item design features used in figural matrices increase the likelihood of gender-related differential item functioning. Furthermore, performance differences in psychometric tests using these item design features did not generalize to a higher-order trait reflecting individual differences in inductive reasoning. Based on these results, the authors concluded that these item design features are not central to the definition of inductive reasoning. Similarly, Arendasy and associates (e.g., Arendasy 2000; Arendasy and Sommer 2010; Arendasy et al. 2010; Arendasy et al. 2010) tested the hypothesis that gender differences in complex three-dimensional mental rotation are in part due to differences in the ability to utilize depth cues using psychometric experiments involving 3D shutter glasses. Unlike the figural matrices reasoning example, differences in the use of depth cues are central to the definition of complex three-dimensional mental rotation according to several computational models. However, one may need to constrain the values of this radical to avoid differential item functioning across gender without compromising construct representation (cf. Arendasy and Sommer 2010). These two examples nicely illustrate that the selection of radicals (Irvine 2002) and the choice of an item format should be well founded empirically and theoretically.



Once the radicals have been selected, the cognitive model is applied to the chosen item format. The manipulation of the radicals in this cognitive item model focuses on the systematic manipulation of radicals (Irvine 2002) that affect cognitive processes central to the definition of the latent trait. By contrast, item design features linked to non-central cognitive processing demands are constrained at a certain value to ensure that they neither induce differential item functioning nor affect the item parameters. This is done to maximize the construct-related variance in the item parameters.



If no prior computational cognitive (item) model is available, the automatic min-max approach proposes using studies on test-takers’ solution strategies in combination with explanatory item response theory modeling to deduce hypotheses on potential radicals (Irvine 2002) and to gradually formulate a cognitive (item) model (cf. Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024). This recommendation is identical to the cognitive design system approach. We briefly outline how this can be done using two examples. Sommer et al. (2009) combined cognitive task analysis and explanatory item response theory modeling to deduce a set of radicals (Irvine 2002) from the test items of an existing tachistoscopic traffic perception test to enable the construction of a new item pool. The hypotheses deduced in this earlier stage were subsequently tested using data obtained with the new semi-automatically constructed test items that were analyzed with the Linear Logistic Test Model (LLTM; Fischer 1995). This approach was chosen because, at that time, no computational models of perceptual speed were available for tachistoscopic tests. Similarly, Arendasy et al. (2024) resorted to computational models for the Tower of London (ToL) and supplemented prior research on cognitive processes involved in ToL problem solving with studies using retrospective verbal reports obtained during scheduling problem solving to deduce a set of radicals (Irvine 2002) that can be used to automatically generate items measuring planning ability using scheduling problems as an item format. Thus, the utilization of the automatic min-max approach is not limited to a strong theory approach. However, the authors emphasize that the strength of validity arguments that can be formed differs between a strong and a weak theory approach.



Similar to the cognitive design system approach (cf. Embretson 1998, 2002, 2016; Embretson and Yang 2007; Gorin 2006), validating the radicals by means of explanatory item response theory models (for an overview, see De Boeck and Wilson 2004) is mandatory in the automatic min-max approach. This is because the radicals constitute the basic building blocks of the item generator in the automatic min-max approach (element-based approach). Thus, instead of implementing item models that exhibit a fixed combination of radicals and radical levels, Arendasy and associates suggested implementing radicals and algorithms on how to combine them. This allows test developers to manipulate the radicals (Irvine 2002) independently of each other. Although the element-based approach is more difficult to implement from a programming perspective, it enhances test security by complicating item theft (cf. Arendasy and Sommer 2011). Despite this advantage, the authors also note that, in some cases, a schema-based approach may be more appropriate. This is the case in algebra word problem solving (cf. Arendasy and Sommer 2007; Arendasy et al. 2006). The main reason for a schema-based approach in the case of algebra word problems is that it mimics the cognitive representation of algebra word problems in the minds of the test-takers.



Up to this point, the automatic min-max approach only differs gradually from the cognitive design system approach. The most important difference between these two approaches resides in the use of a separate quality control component. Arendasy and associates (cf. Arendasy 2004; Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024) argued that researchers should explicitly outline cognitive processes involved in solving the test items that are hypothesized to be construct-unrelated but may be triggered by certain item design features. These item design features are referred to as functional constraints (Greeno et al. 1993). The quality control component aims to minimize construct-unrelated variance in the item parameters and to reduce the likelihood of differential item functioning by suppressing the use of functional constraints during item generation. In order to prevent the risk of construct-underrepresentation, functional constraints need to be empirically validated (for examples, see Arendasy 2004; Arendasy and Sommer 2005, 2010, 2012b, 2013b; Arendasy et al. 2012). Arendasy and associates showed that using a quality control component minimizes item loss due to insufficient psychometric characteristics. Across several cognitive ability domains, the authors report an item loss of ≤1 percent despite the use of more restrictive IRT models such as the 1PL Rasch model (for a replication, see Hines 2017). This not only translated into cost savings (cf. Kosh et al. 2019) but also effectively leads to a more precise definition of the latent trait (cf. Farrell and Lewandowsky 2010; Fried 2020; Guest and Martin 2021; Smaldino 2020).



Once the radicals (Irvine 2002) and functional constraints (Greeno et al. 1993) have been implemented into the item generator, large numbers of test items can be automatically generated. Item generators constructed using the automatic min-max approach have been used to generate number series (e.g., Arendasy and Sommer 2012a), figural matrices and analogies (e.g., Arendasy and Sommer 2005, 2012b; Hines 2017), syllogisms (e.g., Arendasy et al. 2020), algebra word problems (e.g., Arendasy and Sommer 2007; Arendasy et al. 2006), arithmetic fluency items (e.g., Arendasy et al. 2007), computational estimation items (e.g., Arendasy et al. 2020), complex three-dimensional mental rotation items (e.g., Arendasy and Sommer 2010; Arendasy et al. 2010; Arendasy et al. 2011), visualization items (e.g., Arendasy et al. 2020), multi-lingual verbal fluency items (e.g., Arendasy et al. 2012), synonym items (e.g., Arendasy et al. 2020), and planning ability items (e.g., Arendasy et al. 2024). In addition, the automatic min-max approach has also been used to semi-automatically construct reading comprehension items (e.g., Arendasy et al. 2020) and perceptual speed items (e.g., Sommer et al. 2009). In all cases, the Linear Logistic Test Model (LLTM; Fischer 1995) has been shown to fit the data obtained with a roughly representative set of k = 120 to k = 320 test items exhibiting unique radical combinations reasonably well. The correlation between the empirically estimated item parameters and the ones predicted on the basis of the LLTM basic parameter estimates of the radicals (Irvine 2002) varied from R = 0.89 to R = 0.96 (for an overview, see Arendasy et al. 2020; Hines 2017). Thus, cognitive processes linked to the radicals account for 72 to 92 percent of the variance in the item- and person parameter estimates. This finding not only provides empirical evidence on the construct validity of the automatically generated test items but it also indicates that cost saving may be possible.



Several simulation studies (e.g., Doebler 2012; Embretson 1999; Freund et al. 2008; Mislevy et al. 1993; Matteucci et al. 2012; Someshwar 2024) indicated that the effect of using predicted item parameters instead of calibrated item parameters on the precision and bias of the person parameter estimate becomes negligible and can be easily offset by the administration of a few additional test items if the predicted and calibrated item parameters are highly correlated (R ≥ 0.90). Based on these results, using predicted item parameters instead of calibrated item parameters would be possible. Doing so would lead to a drastic reduction in the item calibration costs to develop and update multiple item pools that can be used in CATs and practice-based training. The number of items that can be generated with the item generators also seems to be sufficiently large. Furthermore, there is evidence that the item generators are able to construct psychometrically matched test items along large parts of the latent trait continuum (cf. Arendasy and Sommer 2013a). The high correlation between empirically estimated item parameters and those predicted by the LLTM-basic parameter estimates also enables the automatic generation of test items on-the-fly during the administration of a CAT. This has been referred to as either adaptogenic testing (Arendasy 2004) or on-the-fly item generation (Bejar et al. 2002). To our knowledge, this option has only been realized once as a beta version (Arendasy 2004). In addition to technical considerations (e.g., time needed for automatic item generation, implementation of an item generator, etc.), we currently still lack empirical data and theoretical models that would allow us to estimate whether such an approach would be accepted by test-takers and decision-makers (cf. Arendasy 2004).



Based on the research findings outlined above, the automatic min-max approach seems to largely meet the requirements to keep up with the increased item construction demands outlined in Section 1.4. However, the extent to which this is the case varies across item generators. In addition, as discussed above, not all item generators are able to generate test items fully automatically. For instance, the item generator used to construct reading comprehension test items is only semi-automatic (cf. Arendasy et al. 2020). Human intervention, and in some cases a collaboration between human item writers and transformer networks (cf. Section 4.1), was needed to iteratively construct the reading passages from scratch based on content- and linguistic specifications provided by the item generator. Due to its semi-automatic nature, the costs are naturally higher than for item generators in the other cognitive ability domains that are fully automated.





4. Transformer-Based Automatic Item Generation (TB-AIG)


More recently, several researchers (e.g., Attali et al. 2022; Bulut et al. 2024; Hao et al. 2024; Lee et al. 2023b; von Davier 2018, 2019) proposed including large language models in the toolbox of test developers as a subvariant of AIG. The rapid progress in natural language processing due to the introduction of transformer networks (cf. Vaswani et al. 2017) has enabled large language models to handle a variety of natural language processing tasks (e.g., translation, text summarization, question answering, and writing text) at a level similar to humans. This sparked the interest of professionals working in computer science and psychometrics, who started examining the feasibility of transformer networks in item generation (for reviews: Kurdi et al. 2020; Song et al. 2025; Tan et al. 2024). Reviews on TB-AIG noted that most studies examined the feasibility of using transformer networks in the verbal ability domain as well as the domains of medicine and computer science. Furthermore, most studies merely examined whether TB-AIG items are rated similarly to items constructed by human item writers during the item review process. Few studies included results on the calibration of the TB-AIG items. Thus, at present, there is a lack of data that allows us to examine the extent to which TB-AIG can contribute to meeting the increased item construction demands. What we know thus far is that TB-AIG is feasible and that it reduces the time needed to construct the test items.



However, cost savings during the item construction process are smaller compared to AIG. Advocates of TB-AIG (e.g., Attali et al. 2022; Bulut et al. 2024; Hao et al. 2024; von Davier 2019) recommend keeping human subject-matter experts in the loop during the entire item construction process. This implies that item generation has to be semi-automatic. The reason for this recommendation has to do with the perils and pitfalls arising from the architecture of transformer networks and how they are trained prior to their use. In the next section, we will provide a brief description of transformer networks. Next, we will discuss concerns regarding the use of transformer networks in item construction without human oversight (for an overview, see Hao et al. 2024) before discussing how transformer networks have been used in psychological and educational assessment.



4.1. Introduction to Transformer Networks


Transformer networks are the successors of recurrent neural networks (for a brief overview, see Lee et al. 2023b; von Davier 2019). Their main benefit is that they can process information in parallel and can more accurately capture distant semantic relations between words and text. The architecture of transformer networks consists of a combination of encoder- and decoder blocks (cf. Vaswani et al. 2017). The encoder extracts features from the input, while the decoder uses information received from the encoder in conjunction with its learning database to produce an output.



Both encoder and decoder consist of multiple stacks of units organized into layers. Each encoder unit in the first layer receives the input, which has been converted into tokens (numerical representations of words, etc.) and enriched with position coding. The encoder unit converts the input into a vector, which reflects the meaning of the token in a multidimensional space. These vectors are commonly referred to as word embeddings. To ensure that long-distance relations between tokens are adequately captured, the transformer network uses a self-attention mechanism, which pays more attention to tokens that are jointly more relevant to the meaning of the input. The word embedding vectors go through position-wise feed-forward layers for further transformation by being handed over to the units in subsequent layers. This part of the transformer architecture is similar to neural networks. Although the linear transformations from one layer to another are identical, each layer of the feed-forward network uses different parameters that have been optimized in the pre-training phase (cf. Brown et al. 2020; Vaswani et al. 2017; Yang et al. 2024). In a final step, the optimized embedding is handed over to the decoder.



Similar to the encoder, the decoder also consists of multiple layers of decoder units and self-attention mechanisms. The encoder and decoder are connected to each other via a cross-attention mechanism. Based on the input of the encoder, the decoder predicts the next token as an output on the basis of the probability of that token given the input from the encoder and the tokens in the text corpus it has been trained on. The predicted token is included into the sequence of tokens to create an updated vector, which conditions the next token to be generated by the decoder until the task is finished.



Based on this brief description of transformer networks, transformer networks can be seen as probabilistic models that produce output based on the conditional probability of a token given the input, the training data, and all previously generated tokens that surround it (cf. Sobieszek and Price 2022).



The various transformer networks differ in their focus on the encoder side, the decoder side, or the encoder and decoder side. Decoder models and encoder–decoder models have dominated in recent years (Yang et al. 2024). These two types of transformer networks differ regarding how their model parameters have been optimized. Encoder-decoder models use an unsupervised learning paradigm, in which randomly selected parts of the training data are masked, and the transformer network has to predict the mask token. By contrast, the parameters of decoder transformer networks are optimized by means of an unsupervised learning paradigm, in which they have to predict the next token in the training data given all previously encountered tokens (cf. Yang et al. 2024).



Both unsupervised learning paradigms enable the transformer network to learn the conditional probabilities of tokens from large training data sets, which often consist of billions of text data points. However, the specific learning paradigm affects the kind of transfer tasks on which the models can be expected to excel (e.g., Yang et al. 2024). Prominent examples of decoder models include the Generative Pre-trained Transformer 3 (GPT-3: Brown et al. 2020) and its successor GPT-4 (OpenAI 2023) and LLaMA (Touvron et al. 2023). Examples of encoder–decoder models include the Bidirectional Encoder Representations from Transformers (BERT: Devlin et al. 2018) and the Text-to-text Transfer Transformer (T5: Raffel et al. 2020). The four examples above have been chosen because they were frequently used in item generation studies (cf. Kurdi et al. 2020; Song et al. 2025; Tan et al. 2024). Currently available transformer networks also differ regarding the number of parameters that have been optimized, the tokenizers used, and the scope, quality, diversity, distribution, and specific content and language of the training and validation data (Yang et al. 2024). All of these characteristics are known to affect the performance on subsequent transfer tasks (cf. Yang et al. 2024; Zha et al. 2025). Thus, researchers should choose a transformer network with those characteristics in mind. In practical applications, this often comes down to the need to use different transformer networks for specific sub-tasks during item generation.



Once the model parameters have been optimized, the transformer network can be applied to various transfer tasks by either fine-tuning its parameters through training on that specific transfer task or by in-context learning via prompts.



In the former case, the pre-trained transformer network receives additional training on a specific transfer task (e.g., solving math word problems, text classification, etc.) with feedback (supervised learning). This leads to an update of the parameters of the transformer model. The benefit of this approach is that it improves performance on the transfer task. However, fine-tuning requires large annotated high-quality training examples and sufficient computing power—especially when fine-tuning larger transformer models—to update its parameters (Brown et al. 2020).



In-context learning via prompts, on the other hand, does not alter the parameters of the pre-trained transformer network. Instead, the transformer network is presented with a precise task description, possibly in addition to a few selected examples, and explanations (e.g., Ahn and Yin 2025; Al Faraby et al. 2024; Bozkurt and Sharma 2023; Heston and Khun 2023; Lee et al. 2023c; Li and Zhang 2024; Liu et al. 2023a; Reynolds and McDonell 2021; Sahoo et al. 2024; Schulhoff et al. 2024). This approach is referred to as k-shot learning or few-shot learning, where k is the number of examples provided to the transformer network. The main finding from studies examining prompting techniques is that the quality, structure, and clarity of the prompts, as well as the quality, distribution, and representativeness of the examples, affect the quality of the output. Furthermore, even slight paraphrases of a prompt may sometimes yield qualitatively different output.



This effect is due to how transformer networks work. They generate tokens based on the conditional probability given the tokens in the input (here, the prompts of the user) and the tokens in their training data. Thus, different prompts naturally lead to different conditional probabilities for the output. This also explains the finding that an identical prompt may yield different output depending on the specific transformer network used (for an illustrative example, see Säuberli and Clematide 2024). This is because transformer networks may not only differ in the number of parameters and how they have been optimized; they may also differ in the scope, quality, diversity, distribution, and specific content of their training data.



Furthermore, the research cited above indicates that prompts often need to be revised and optimized iteratively. This process is referred to as either prompt engineering or iterative prompting. Prompt engineering can be facilitated by implementing a collaborative platform that enables human item writers to iteratively test, revise, and refine their prompts based on the output generated by the transformer network to ensure that its final output meets their expectations (cf. Reza et al. 2024).



In a nutshell, transformer networks learn subject-matter domain knowledge and linguistic knowledge by inferring regularities and probabilities between tokens (e.g., words, numbers, etc.) in their training data in terms of conditional probabilities given all tokens that surround them (Sobieszek and Price 2022).




4.2. Perils of Using Transformer-Based Automatic Item Generation in a Fully Automated Manner


Proponents of TB-AIG propose a semi-automatic item generation approach that keeps human subject-matter experts in the loop during the entire test item construction process (e.g., Attali et al. 2022; Bulut et al. 2024; Hao et al. 2024; von Davier 2018, 2019). The main reasons for this proposal are linked to how transformer networks work.



The first concern regarding the use of TB-AIG without human oversight concerns the factual correctness of the output (cf. Bulut et al. 2024; Hao et al. 2024). In constructing cognitive ability test items, it is important that the response(s) scored as the correct answer(s) are indeed factually correct. Research indicates that transformer networks sometimes have difficulties identifying the factually correct answer(s). Two recent meta-analyses (Liu et al. 2024; Waldock et al. 2024) examined whether transformer networks such as GPT and BERT are able to solve United States Medical Licensing Exam (USMLE) items. Liu et al. (2024) summarized k = 45 studies using GPT to solve USMLE items conducted between January 2022 and May 2024. The authors report an overall accuracy rate of 81% [CI: 78%; 84%] for GPT-4 and 58% [CI: 53%; 63%] for GPT-3.5. Waldock et al. (2024) conducted a meta-analysis of k = 32 studies published until September 2023. They report an overall accuracy rate of 51% [CI: 46%; 56%] for GPT-2 and GPT-3 and 64% [CI: 60%; 67%] for ChatCPT (GPT-3.5). Based on these results, newer versions of GPT outperform their precursors. This finding is attributable both to an increase in the number of model parameters and the size of the training data and to the use of previous prompt data in training the successor transformer networks. Furthermore, these meta-analyses indicate that the accuracy of picking the correct answer decreases as the test items become more difficult. However, fine-tuned prompting generally improves accuracy across all difficulty levels. In addition, transformer models have been shown to be inconsistent in their selections of the correct answer alternative when prompted to do so multiple times using the same prompt. This problem was more apparent in older versions than in newer versions of the same transformer network. However, even the more recent version of the transformer networks chose the correct answer consistently in ≤80% of the cases. The above-cited meta-analytic findings were replicated in subsequent studies on USMLE items and in studies using items from other medical or nursing licensing exams (e.g., Bhayana et al. 2023; Funk et al. 2024; Riedel et al. 2023; Su et al. 2024). Similar results were obtained for measures of verbal and numerical reasoning commonly used in educational admission testing in the United States (cf. Abu-Haifa et al. 2024; Hickman et al. 2024), math problems (for an overview, see Lu et al. 2022), and natural science and STEM problems (e.g., Chan et al. 2025; Schulze Balhorn et al. 2024). These results are not surprising because transformer networks have been trained to produce probable output given the constraints of the prompts and the training data. Despite being probable, plausible, and in some cases even convincing, the output does not necessarily have to be factually correct (cf. Sobieszek and Price 2022). This implies that human subject-matter experts need to examine the output and fact-check the content of the test items. This conclusion is consistent with recent research evidence indicating that TB-AIG-generated items often exhibit more than one possible correct answer despite using elaborated state-of-the-art prompts. By contrast, items constructed by means of AIG do not exhibit this problem (e.g., Chung and Kim 2024; Emekli and Karahan 2025). However, the two studies cited above also indicate that human item writers sometimes unintentionally construct items with more than one correct answer if the item exceeds their own standing on the latent trait. This may indicate that, in addition to content reviews by human subject-matter experts, a more rule-based approach may be required to ensure that all constructed test items align with their scoring key.



Copyright and ethical issues are an additional concern (cf. Bulut et al. 2024; Hao et al. 2024). In Section 4.1 (third paragraph), we outlined that the parameters of transformer networks have to be optimized in a pre-training phase. This is done by means of different unsupervised learning paradigms (e.g., masked token prediction or next token prediction) using billions of text data scraped from the internet, various corpora, and private sources. The precise content of these data is often not outlined in detail. This makes it difficult to determine whether the training data contained copyrighted data and the extent to which the output is based on it. Various studies (e.g., Lee et al. 2022; McCoy et al. 2023) indicated that the output of transformer models may indeed contain verbatim and/or paraphrased plagiarism of their training data. Although this does not happen often, it cannot be ruled out. Thus, test developers need to check whether the content of the TB-AIG test items violates copyright claims.



The third concern is also linked to the training data of the transformer networks. Data used to optimize the parameters of the transformer network may include stereotypes about different groups of people. This may lead to the presence of a socio-demographic bias in the output of the transformer network. Various studies (e.g., Balestri 2025; Kamruzzaman et al. 2024; Luca et al. 2025; Ranjan et al. 2024; Thakur 2023) indicated that both closed (commercial) and open-source transformer networks have been trained with data that contain stereotypes and biases against selected groups. Thus, fairness and bias reviews by human subject-matter experts are needed to ensure that the final test items are not biased. However, such fairness reviews may require a sufficiently large and diverse team of subject-matter experts. Belzak et al. (2023) recently showed that both TB-AIG test items and human-written items may contain a bias leading to DIF despite extensive fairness reviews by subject-matter experts. One means to deal with this issue is to use explanatory item response theory modeling (for an overview, see De Boeck and Wilson 2004) to examine whether the source of DIF can be traced down to certain radicals or other item design features (e.g., Arendasy and Sommer 2013b; Rajeb et al. 2024; Yu 1994) in addition to fairness reviews. Results from such studies can be used both in subsequent item generation and in the continuous training of subject-matter experts.



Taken together, these findings indicate that TB-AIG items need to be reviewed and refined by subject-matter experts prior to item calibration. Thus, the advice to keep human subject-matter experts in the loop during the entire item construction process is warranted (cf. Bulut et al. 2024; Hao et al. 2024; Sobieszek and Price 2022). As a consequence, TB-AIG is only feasible in a semi-automatic manner.




4.3. Studies Using Transformer-Based Automatic Item Generation in the Cognitive Ability Domain


Despite these limitations, TB-AIG has the potential to considerably reduce the amount of time and effort in item construction. TB-AIG seems particularly useful in cognitive ability domains, where the aforementioned AIG approaches have so far been difficult to implement in a fully automatic manner. Examples include measures of vocabulary and reading comprehension as well as knowledge tests. Several recent reviews (cf. Kurdi et al. 2020; Song et al. 2025; Tan et al. 2024) indicated that most studies using TB-AIG were indeed conducted in these cognitive ability domains. Furthermore, the reviews indicated that in most articles the TB-AIG items were solely validated by means of subject-matter expert ratings. Examinations of the psychometric characteristics of TB-AIG test items have been rare. If psychometric characteristics were reported at all, researchers often utilized classical test theory instead of item response theory modeling. Thus, at present, there is limited data on the extent to which TB-AIG can contribute to meeting the increased item demands outlined in Section 1.4. In addition, some reviews (cf. Song et al. 2025; Tan et al. 2024) also noted a trend toward the use of a weak theory approach. We agree with all these points. In addition, we noticed another important trend. While some authors incorporate ideas of the item model approach (Bejar et al. 2002) into their prompts, others use ideas inspired by an element-based approach (Arendasy and Sommer 2011). In the next sections, we will outline research conducted within both approaches to TB-AIG in the domains of verbal ability and medical clinical reasoning.



4.3.1. Item Model-Based TB-AIG


Proponents of an item model-based approach to TB-AIG argue that item models (Bejar 2002) facilitate TB-AIG item construction. The various studies differ in how item models have been specified and the role of transformer networks in the item generation process.



The most commonly used means to incorporate item models into TB-AIG is using a test item from an operational test as an item model and requesting the transformer network to construct isomorphic test items. This approach is reminiscent of early work within the item model approach. For instance, Shin and Gierl (2022) selected k = 5 passage-based reading comprehension items from an operationally used test in South Korea. Each item differed regarding the kind of inference required to solve the question following a short passage. The authors used ChatGPT with one-shot prompting to construct several isomorphic items for these k = 5 item models. The TB-AIG-constructed items were rated similar to the original items in terms of the perceived naturalness and attractiveness of the passage and in terms of the perceived attractiveness of the distractors by a panel of pre-service and in-service L2 English teachers. Similarly, Bezirhan and von Davier (2023) examined whether GPT-3 can be used to construct reading comprehension passages for informational and fictional text similar to the ones used in large-scale international studies. To this end, the authors used 1-shot prompting with or without additional specifications to construct isomorphic passages. They evaluated the similarity of the TB-AIG-constructed passages and the original ones in terms of their coherence, appropriateness, and readability for the target audience. The results indicated that providing additional information led to more isomorphic TB-AIG passages. However, the authors also noted that minor revisions and fact-checks were necessary during the passage generation process. Sayin and Gierl (2024) used a similar approach to enable GPT-3.5 to construct sentence comprehension items. This item type requires test-takers to mark one of five sentences that has a different topic than the other four sentences. The authors first designed a prompt for the four thematically matched sentences and requested the generation of k = 20 item isomorphs. The same procedure was used for the sentence with a different topic. The authors asked a panel of N = 3 subject-matter experts to evaluate the usability of TB-AIG items on a four-point single-item scale. All of the evaluated items were rated as either usable or requiring only minor revision. Sayin and Gierl (2024) administered k = 6 selected items in an operational reading comprehension test. Each of the k = 6 items was located at a fixed slot in the six booklets. They calculated classic item difficulty and item discrimination. Although item difficulty was in a narrow range, item discrimination for the test items hypothesized to have statistically identical item parameters varied considerably.



The second option to incorporate the item model approach into TB-AIG is to examine item design features of an existing operational test and to use cluster analysis to categorize existing items into clusters that subsequently serve as item models. This approach was used by Shin and Gierl (2022) to construct fill-in-the-blank reading comprehension items. The authors analyzed k = 2654 items from an operationally used test in South Korea in terms of their syntactic and semantic features. These data were used to distill k = 3 item models using hierarchical cluster analysis. Next, they analyzed k = 100 new human-made passages and categorized them into one of the three item model clusters. This information was used during prompting to determine the part of the text that should be blanked out and to construct the correct answer in addition to a set of distractors. The items were compared with the original human-made test items in terms of their syntactic and semantic item design features.



Kıyak and associates (Kıyak and Kononowicz 2025; Kıyak et al. 2024, 2025) suggested iteratively constructing item models based on a few sample items in the domain of clinical reasoning in medicine. The authors used GPT-Builder to construct a ChatGPT interface, which guides subject-matter experts through the process of constructing an item model commonly used in item model-based AIG. The process mirrors the one described by Gierl and Lai (2012). First, the expert enters a sample item. ChatGPT asks the subject-matter expert which part of the sample item should be varied and how the information in the variable parts relates to the distractors and the correct answer. Next, ChatGPT provides possible values for each variable element. The subject-matter expert can provide feedback on the factual correctness, which prompts ChatGPT to revise its original suggestions. Once the item model has been constructed, Kryak and associates propose implementing the newly constructed item model into an independent AIG software program, which can be used for item generation. The authors constructed various item models in this manner and generated k = 104 clinical reasoning test items. They randomly selected a set of k = 35 items and asked N = 18 experienced medical doctors to indicate the correct answer. Each item was reviewed by three medical doctors. Kıyak et al. (2025) report that 92.6 percent of all expert decisions corresponded with the scoring key proposed by ChatGPT.



As outlined above, most studies using item model TB-AIG utilized a weak theory approach and often merely resorted to judgements from subject-matter experts to validate the test items. Thus, important information on the dimensionality and psychometric characteristics of the TB-AIG items is missing. Furthermore, there seems to be a focus on the construction of item isomorphs (Bejar 2002) rather than item variants (Bejar 2002). This is in parts at odds with the demands of modern assessment practices, which require the construction of item variants and item isomorphs with either predictable or calibrated (=known) item parameters. Since descriptive and explanatory item response theory models were not fitted to the data, it is at present impossible to evaluate the cost savings that can be obtained with this approach during the item calibration phase and the item pool maintenance phase.




4.3.2. Element-Based TB-AIG


Proponents of element-based TB-AIG manipulated radicals (Irvine 2002) independently of each other. Studies using element-based TB-AIG also often exhibit more variation in the extent to which radicals (Irvine 2002) were chosen on the basis of cognitive processing models.



In this section, we first outline research using a weak theory approach to element-based TB-AIG. For instance, Shultz et al. (2025) used ChatGPT with iterative prompt refinement to construct clinical reasoning items for a pharmacy exam. The authors entirely relied on subject-matter expertise during item construction with little to no reference to cognitive processing models that outline radicals and commonly held misconceptions in pharmacy (weak theory approach). Shultz et al. (2025) noted that about 63 percent of their automatically generated TB-AIG items passed the expert panel review because they either required no or only minor revision. Nonetheless, a notable number of these items had to be discarded in a subsequent calibration phase due to deficits in classical item discrimination (e.g., negative item discrimination). Similar results have been reported by Chauhan et al. (2025), who also resorted to a weak theory approach to element-based TB-AIG. The authors used iterative prompt engineering with explanations to construct clinical reasoning items in physiology using GPT-4 on an item-to-item basis. In line with the aforementioned study, the authors reported a notable item loss after the expert panel review for both TB-AIG items and test items written by human item writers. In addition, TB-AIG items exhibited lower item discrimination and were generally easier than test items written by human item writers. The lower discrimination was due to an increased number of non-functional distractors in the TB-AIG-generated test items. Similarly, Lin and Chen (2024) used iterative zero-shot prompting with ChatGPT to construct passage-based reading comprehension items for two passages taken from an operational high-stakes test in China. They administered k = 18 TB-AIG items together with the original k = 10 items constructed for these two passages by human item writers. The authors report an item loss of ≈26% of the TB-AIG test items due to a misfit of the 2PL model. However, the distribution of the 2PL item parameters of the remaining TB-AIG items was similar to items made by human item writers. In addition, the quality of the remaining TB-AIG items was also judged to be similar to the items made by human item writers in a human subject-matter review process. The authors also examined the excluded TB-AIG items and noticed issues in the TB-AIG-constructed distractors as a possible reason for the misfit. Zu et al. (2023) used fine-tuning and iterative prompt engineering with GPT-2 to construct distractors for an operationally used fill-in-the-blank vocabulary test. They also examined different prompt designs and compared their results in terms of relevant linguistic features to a rule-based distractor construction method and to distractors constructed by human item writers. Their results indicated that more fine-tuned prompts yielded distractors most similar to human item writers.



By contrast, other studies resorted to existing cognitive processing models in selecting the radicals (strong theory approach). For instance, Attali et al. (2022) used iterative few-shot prompts with GPT-3 to construct k = 789 passages and test items measuring predefined levels of reading comprehension. That is, the authors analyzed the initial output of GPT-3 in terms of a set of radicals and refined their prompts to command GPT-3 to revise the initial test items according to their specification. This process was repeated until a human subject-matter expert was content with the result. Next, the TB-AIG items were reviewed by a panel of subject-matter experts. Attali et al. (2022) report that they were able to retain k = 454 (57.54%) items after the expert panel review. TB-AIG items that passed the panel review were administered to a few thousand test-takers. Each test-taker only worked on one of the TB-AIG items, which was administered as the last item in an operational high-stakes practice test. Although the authors were unable to examine the fit of descriptive item response theory models (De Boeck and Wilson 2004), their research design at least enabled them to calculate classic item parameters such as item difficulty and discrimination. Both classic test theoretical item statistics varied considerably. Runge et al. (2024) also used iterative prompt refinement to generate listening comprehension scripts and multiple-choice test items. The authors report that 719 (99%) of the TB-AIG test items passed the final expert panel review and were therefore subjected to the item calibration phase. Test-takers worked on two TB-AIG items administered at the end of an operational practice test. Classic test theoretical statistics (here, item difficulty and discrimination) were calculated. Runge et al. (2024) also tried to predict the item parameters on the basis of a set of radicals using multiple regression analysis. The radicals jointly accounted for R2 = 0.10 (item discrimination) to R2 = 29 (item difficulty) of the variance in the item parameters. Last, but not least, Schroeders and Achaa-Amankwaa (2025) used a combination of human item writing and element-based TB-AIG to construct a vocabulary item pool (k = 110), which required test-takers to identify an actual German word presented together with four pseudo-words. Using an incomplete link design, the item pool was calibrated by means of the 2PL model. In addition, multiple logistic regression analysis was used to predict the item difficulty parameter. The systematically manipulated radicals accounted for 57.4% of the variance in the 2PL item difficulty parameters. Similar to the aforementioned studies, the authors noted that severe prompt tuning and subject-matter reviews were required to get ChatGPT to construct the test items.



Research on element-based TB-AIG seems to resort to item calibration and explanatory item response theory modeling more frequently than item model-based TB-AIG. In addition, the authors resort more often to theoretical models to select radicals (Irvine 2002). However, there seems to be considerable variation in the extent to which this is the case. Furthermore, even strong(er)-theory element-based TB-AIG utilized cognitive processing models and/or computational models to a lesser extent than either the cognitive design system approach or the automatic min-max approach. This is unfortunate, since a more theory-based selection of radicals (Irvine 2002) seems to lead to a higher correlation between empirically estimated and predicted item parameters even in the verbal ability domain (cf. Arendasy et al. 2020; Kapoor et al. 2025). Thus, a stronger theoretical focus of the TB-AIG item construction process may be a fruitful area of further research. This may also include further refining the prompts to incorporate sketches, for example, story plots—like the ones commonly used by professional writers and game developers—to systematically manipulate reading comprehension inference demands. Recent research in computer science indicates that such an approach is in principle technically feasible (cf. Wang et al. 2024). Last, but not least, a stronger focus on descriptive and explanatory item response theory modeling (cf. De Boeck and Wilson 2004) and exploring the feasibility of including ideas similar to a quality control component would be desirable to build even stronger validity arguments for TB-AIG-constructed test items.






5. Discussion


The initial phase of switching from fixed-item linear paper-pencil tests to CATs and MSTs was associated with the hope that this would lead to a more flexible diagnostic process in addition to a reduction in costs (Luecht 2005). However, the hoped-for cost reduction has not been fulfilled. Practitioners and researchers soon realized that testing on demand, providing multiple retest opportunities, and equilizing individual differences in test preparation by means of providing cost-free practice-based training come at a cost. To ensure that these practices do not compromise the psychometric characteristics of the cognitive ability test, test developers need to be able to construct large pools of test items that have to be constantly monitored and updated (e.g., Ariel et al. 2006; Lang 2011; Liu et al. 2019; Segall 2004; Sinharay 2017; van der Linden and Glas 2010). Human item writing thus soon turned out to be a critical bottleneck in psychological and educational assessment (cf. Drasgow et al. 2006; Hornke and Habon 1986; Kosh et al. 2019; Luecht 2005; Wainer 2002; Zwick 2002) and has often been blamed for the fact that the hoped-for cost reductions were not achieved (cf. Luecht 2005).



5.1. Capacity of Item Generations Methods to Deal with the Specific Item Construction Demands


Research (e.g., He and Reckase 2014; Reckase 2010; Reckase et al. 2019; Veldkamp and van der Linden 2010) indicates that the distribution of the item parameters of an item pool should mimic the distribution of the person parameters of the target population. Furthermore, the item pool should only contain item variants (Bejar 2002). This is because item isomorphs (Bejar 2002) may introduce local dependencies, which lead to biased person parameter estimates (cf. Segall 2004; Glas and van der Linden 2003). To support item- and content-exposure control (cf. Georgiadou et al. 2007; Gierl et al. 2022a; Lim and Choi 2024), each item pool should contain a fair amount of psychometrically matched instances (Arendasy and Sommer 2013a) that are evenly distributed across the entire continuum of the latent trait. Psychometrically matched instances are test items that are (almost) identical to another test item in terms of their item parameters despite exhibiting a different combination of radicals. Despite the success of this approach in preventing item disclosure and reducing retest effects (e.g., Guo et al. 2009; Arendasy and Sommer 2017), the item construction demands are rather severe. To determine the extent to which the various item construction methods are able to keep pace with these demands, we need to determine how many different item variants and psychometrically matched instances each method is able to produce.



In the item model approach (e.g., Bejar 2002; Choi and Zhang 2019; Gierl et al. 2022b; LaDuca et al. 1986) and the cognitive design model approach (cf. Embretson 1998, 2002, 2016; Embretson and Yang 2007; Gorin 2006), the number of item variants is restricted by the number of item models. As outlined in Section 3.1 and Section 3.2, the number of item models varies considerably, but rarely exceeds 60 item models. Taking into account that, based on their expected item family function, some item models were intended to construct item variants, we would obtain an upper bound of ≤180 item variants in most practical applications. Unfortunately, there is to date little information on the extent to which these two approaches are capable of generating psychometrically matched item instances along the entire latent trait continuum. Given its importance to support the use of item- and content-exposure control algorithms, and to continuously update an existing item pool, this would be a fruitful field for further scientific research. By contrast, research using the automatic min-max approach (cf. Arendasy 2004; Arendasy and Sommer 2011, 2012a; Arendasy et al. 2020; Arendasy et al. 2024) often reports a number of item variants ranging from k = 120 to k = 320. However, the authors stress that these numbers may not be exhaustive but represent a rather representative selection of the number of item variants that can be generated. In addition, Arendasy and Sommer (2013a) report that most item generators were able to construct psychometrically matched instances. However, the number of psychometrically matched instances varied along various points of the latent trait continuum. Regarding TB-AIG, the low number of empirical studies using item calibration to evaluate the TB-AIG items prevents an evaluation of the extent to which this item construction method is able to meet the rather specific item demands in constructing and maintaining an initial item pool. As outlined in Section 4.3, more research on the psychometric characteristics of TB-AIG test items is needed before their contribution can be evaluated.



In addition to item variants (Bejar 2002), item isomorphs (Bejar 2002) also contribute to increasing test security. More specifically, item isomorphs could be used to construct multiple rotating item pools, which have been shown to reduce item exposure and enhance test security (cf. Ariel et al. 2006; Zhang et al. 2012). The various approaches to automatic item generation (AIG) do not seem to differ much in the extent to which they enable the construction of item isomorphs. However, the practical implementation of constructing item isomorphs seems to be more convenient in the case of the item model approach compared to the element-based approach. Tentative evidence indicates that TB-AIG also seems to be capable of constructing item isomorphs. However, more studies are needed in which TB-AIG items are calibrated to determine the extent to which isomorphic test items indeed exhibit (almost) statistically identical item parameters (cf. Section 4.3).




5.2. Capacity of Item Generation Methods to Provide Cost-Free Practice-Based Training


Based on evidence that both practice-based training and test coaching have been shown to be effective at increasing test-takers’ test scores, several researchers (e.g., AERA et al. 2018; Arendasy et al. 2016; Campion et al. 2019; Hermes et al. 2019; Lee et al. 2023a; Sommer et al. 2025) proposed providing cost-free practice-based training in order to equalize individual differences in access to commercial test preparation methods. The standards for educational and psychological assessment (AERA et al. 2018) propose that sample-test items used in practice-based training and test coaching should be representative of the actual test items. However, the practice-based training items should not be identical to operationally used test items in terms of their radical combinations. Furthermore, if sample-test items include feedback and tutorials, they should cover all difficulty levels of the operationally used test items (cf. Arendasy et al. 2016; Krautter et al. 2021; Sommer et al. 2025). However, providing effective feedback requires that test-takers’ cognitive processes and misconceptions are sufficiently well understood, and that reasons for incorrect responses can be inferred from their item responses. Thus, test item construction and sample-test item construction should ideally be based on validated cognitive processing models developed by cognitive scientists and professionals working in the domain of subject-matter didactics. In sum, the above-mentioned requirements for the construction of sample-test items used in practice-based training imply that sample-test item pools should ideally consist of item variants constructed by means of strong(er) theory. The main argument against the use of item isomorphs in practice-based training is that item isomorphs have sometimes been shown to lead to local dependencies between isomorphic items, and more pronounced score gains (cf. Arendasy and Sommer 2013a, 2017; Matton et al. 2011; Morley et al. 2004). Both effects induce a bias in the person parameter estimates, which calls the validity and fairness of the psychometric test into question. Since shorter time intervals between practice-based training and test-taking are common in high-stakes test preparation (cf. Powers 2012), the use of item isomorphs should be avoided. Instead, a separate item pool consisting of item variants (Bejar 2002) and psychometrically matched intances (Arendasy and Sommer 2013a) should be constructed for use in cost-free practice-based training. Unfortunately, this extends the item construction demands beyond the initial construction and maintenance of multiple item pool used for assessment proposes to the simultaneous construction of item pools used for assessment and an additional item pool used in practice-based training (cf. Arendasy et al. 2016; Hermes et al. 2019; Lee et al. 2023a; Sommer et al. 2025). Given that the specifications based on the empirical evidence outlined in Section 1.3 are identical to those outlined in Section 5.1, the evaluation of the extent to which current methods of automatic item generation (AIG) and transformer-based automatic item generation (TB-AIG) are able to meet these requirements is also identical.




5.3. Potential Cost Savings During the Actual Item Construction Phase


Despite differences in the various methods of automatic item generation (AIG)—including transformer-based automatic item generation (TB-AIG)—in terms of how radicals are deduced and manipulated (e.g., weak vs. strong theory approach, schema-based vs. element-based approach), all methods aim to make the item construction process more scalable and cost-efficient. Cost savings during the item construction process itself heavily depend on the degree of automatization that is possible. In our discussion of TB-AIG, we outlined the reasons for the recommendations to keep humans in the loop during the entire item construction process (cf. Attali et al. 2022; Bulut et al. 2024; Hao et al. 2024; von Davier 2019). This implies that semi-automatic TB-AIG requires more resources in terms of time and human manpower compared to fully automatic item generation. Thus, the cost saving in fully automatic AIG is naturally higher than in TB-AIG and semi-automatic AIG. Nevertheless, both semi-automatic item generation and TB-AIG seem to outperform human item writing in terms of the time needed to construct the test items, even when considering that 1 to 43 percent of the TB-AIG items were discarded after the final expert panel review (cf. Attali et al. 2022; Runge et al. 2024).




5.4. Potential Cost Savings in the Item Calibration Phase and the Item Pool Maintenance Phase


The various methods of automatic item generation (AIG) and transformer-based automatic item generation (TB-AIG) also differ in the extent to which they lead to cost savings in the item calibration phase and the item pool maintenance phase. Most studies conducted within the item model approach (e.g., Bejar 2002; Choi and Zhang 2019; Gierl et al. 2022b; LaDuca et al. 1986) and the cognitive design model approach (cf. Embretson 1998, 2002, 2016; Embretson and Yang 2007; Gorin 2006) utilizes the 2PL model to calibrate the test items. This also holds for the few studies using TB-AIG that use item response theory to calibrate the semi-automatically constructed TB-AIG items (e.g., Lin and Chen 2024; Schroeders and Achaa-Amankwaa 2025). By contrast, proponents of the automatic min-max approach (cf. Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024) utilized the 1PL Rasch model for item calibration (cf. Section 3.3). These two descriptive item response theory models differ in the number of item parameters that need to be estimated. While the 2PL model estimates an item difficulty parameter and an item discrimination parameter for each individual test item, the 1PL Rasch model restricts the item discrimination parameters to be equal across all test items (assumption of essential tau equivalent measurement). As a consequence, the item discrimination parameters do not need to be estimated. Several simulation studies (e.g., Belzak 2019; Sahin and Anil 2017; Schroeders and Gnambs 2025; Zimmer et al. 2024; Zwick et al. 1995) indicate that—all other things being equal—the 2PL Rasch model requires larger sample sizes to obtain reliable item parameter estimates and to conduct DIF analyses, than the 1PL Rasch model. Given that sample size is a major cost factor, cost savings may be achieved by automatically generating test items whose data have a higher chance to fit the 1PL Rasch model no worse than the 2PL model without running the risk of construct underrepresentation. To this end, Arendasy and associates (cf. Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024; Hines 2017) proposed conducting psychometric experiments to examine possible reasons for item-specific differences in the empirically estimated item discrimination parameters and to evaluate whether these reasons are linked to cognitive processes deemed to be central to the latent cognitive ability trait (for examples, see Arendasy and Sommer 2005, 2010, 2012b, 2013b; Arendasy et al. 2012).



A similar argument can be made with regard to cost savings in DIF analyses. Several studies (e.g., Kara and Dogan 2022; Sahin Kursad and Yalcin 2024; Piromsombat 2014) indicate that ignoring DIF in CAT and MST leads to biased person parameter estimates. Thus, DIF analyses should be mandatory. The various approaches to automatic item generation (AIG)—including transformer-based automatic item generation (TB-AIG)—also differ regarding the way in which DIF items and items exhibiting a misfit to the chosen descriptive item response theory model (here: 1PL model vs. 2PL model) are handled. Within the item model approach (e.g., Bejar 2002; Choi and Zhang 2019; Gierl et al. 2022b; LaDuca et al. 1986), the cognitive design model approach (cf. Embretson 1998, 2002, 2016; Embretson and Yang 2007; Gorin 2006), and TB-AIG (e.g., Lin and Chen 2024; Schroeders and Achaa-Amankwaa 2025), items are often excluded based on technical item selection criteria. This has been reported to lead to an item loss of ≤30 percent during the item calibration phase. By contrast, the automatic min-max approach proposes to either model sources of the misfit and/or DIF in terms of radicals or functional constraints (e.g., Arendasy and Sommer 2013b; Rajeb et al. 2024; Yu 1994), or to conduct psychometric experiments with precise hypotheses on possible causes for an item misfit or DIF deduced from cognitive processing models (cf. Arendasy and Sommer 2005, 2010, 2012b, 2013b; Arendasy et al. 2012; Hines 2017). The results are subsequently used in the construction and evaluation of the quality control component, which aims to minimize the likelihood of DIF due to construct-unrelated cognitive processes. This process has been reported to lead to an item loss of ≤1 percent (for a replication of this finding, see Arendasy et al. 2020; Hines 2017). This indicates that resorting to a strong(er) theory approach may not only lead to an improvement in validity but also to cost savings during the calibration of the initial item pool.



In addition, automatic item generation (AIG) also enables cost savings during the item pool maintenance phase. While traditional human item writing requires that all items need to be calibrated individually, AIG proposes either to calibrate item models or individual radicals as the basic building blocks of the item generators (cf. Section 3.1, Section 3.2 and Section 3.3). Since most studies in TB-AIG did not model the item parameters in terms of their radicals (for an exception, see Runge et al. 2024; Schroeders and Achaa-Amankwaa 2025), the extent to which TB-AIG may lead to cost savings in the item pool maintenance phase remains unclear. Several simulation studies (e.g., Bejar et al. 2002; Colvin et al. 2016; Glas and van der Linden 2003; Someshwar 2024; Tian and Choi 2023) indicate that—provided that predicted and calibrated item parameters are highly correlated (R ≥ 0.90)—using expected item family functions instead of the actually calibrated test item parameters is feasible and only leads to a negligible bias in the person parameter estimates that can be offset by a slight increase in the number of items administered during CAT. Almost identical results have been reported for the use of item parameters predicted on the basis of the radicals themselves (e.g., Doebler 2012; Embretson 1999; Freund et al. 2008; Mislevy et al. 1993; Matteucci et al. 2012; Someshwar 2024). Provided that studies using the cognitive design system approach (R = 0.70 to R = 0.90) and the automatic min-max approach (R = 0.89 to R = 0.96) often yielded a high correlation between predicted and empirically estimated item parameters, the results indicate that cost savings in the item pool maintenance phase may be possible by skipping the item calibration phase and using predicted item parameters instead of actually calibrated item parameters (for details, see Section 3.2 and Section 3.3). Interestingly, strong(er) theory item model approaches, which aim to model the variance of the item parameters within an item model in terms of radicals (cf. Cho et al. 2014; Geerlings et al. 2013; Glas et al. 2016), tend to perform better in this regard than weak(er) theory item model approaches. Thus, resorting to cognitive processing models and computational models in choosing radicals (Irvine 2002) not only provides valuable validity evidence in terms of cognitive processes involved in test item solving (for a review, see AERA et al. 2018) but also leads to cost savings in the item pool maintenance phase. The beneficial effect of strong(er)-theory approaches is also evident in human item writing (cf. Section 2). The more human item writers know about construct-related cognitive processes and how they are triggered by certain item design features, the better they are able to tailor their item writing to the demands of the specifications of the blueprint for an ideal item pool. This recurring finding across different item construction methods points to the potential benefit of a closer cooperation between theoretical psychologists, who are concerned with the development and evaluation of cognitive processing models and computational models, and applied psychometricians, who aim to develop valid and fair cognitive ability tests (for a similar argument, see Smaldino 2020).




5.5. Differences in Test Security Concerns


Without a doubt, the item model approach (e.g., Bejar 2002; Choi and Zhang 2019; LaDuca et al. 1986) is the most popular approach to AIG to date. This has led some researchers (e.g., Circi et al. 2023; Gierl et al. 2022a; von Davier 2018) to incorrectly equate the item model approach with the entire field of AIG. The main reason for this is that item models can be constructed using both weak and strong theoretical foundations (Drasgow et al. 2006). In addition, item models are convenient to implement in programming terms (Embretson and Yang 2007). Furthermore, usability studies indicate that item models are easier to handle for subject-matter experts, who often need to review and revise the item models without having a background in programming (cf. Falcão et al. 2023, 2024; Choi and Zhang 2019; Gierl and Lai 2012; Lai et al. 2016). The ease in handling item models—also partly due to their often hierarchical structure and finite number of item models—surely contributes to the cost savings reported during the actual item construction process and the development of the item generator (cf. Falcão et al. 2023, 2024; Choi and Zhang 2019; Gierl and Lai 2012; Gierl et al. 2022a). However, these benefits also come at a cost. Using item models in CAT and MST requires both content coding and item exposure control at the item- and item model level (cf. Gierl et al. 2022a). This is necessary to ensure that isomorphic test items (Bejar 2002) are not administered within the same test session to prevent a bias in the person parameter estimates (cf. Glas and van der Linden 2003; Segall 2004). Furthermore, the ease of use and the often hierarchical structure of item models make them more vulnerable to organized item theft. Research (cf. Yi et al. 2008) indicates that item theft detrimentally affects the person parameter estimates and, consequentially, the validity and fairness of the psychometric test. If an entire item model has been disclosed or leaked, all items generated by that item model are compromised and need to be removed from operational use. By contrast, in the element-based approach, radicals (Irvine 2002) are manipulated independently of each other. While this may complicate the ease of use of the item generator by non-experts, it also enhances test security. This is because item theft can only occur on an item-to-item basis instead of at the level of item models or item model families. Thus, using item models requires additional technical test- or item-model security measures to protect the item models from item disclosure and organized item theft (for an overview, see Foster 2016). A related argument can be made with regard to the use of open and commercial transformer models in item generation (cf. Bulut et al. 2024; Hao et al. 2024; Section 4.2).





6. Concluding Remarks


Thus, different methods of automatic item generation (AIG; Arendasy 2004; Arendasy and Sommer 2011, 2012a; Arendasy et al. 2024; Embretson and Yang 2007; Irvine and Kyllonen 2002), including transformer-based automatic item generation (TB-AIG: Attali et al. 2022; von Davier 2019), come with unique costs and benefits at various stages of the construction and maintenance phase of multiple item pools needed in assessment as well as cost-free practice-based training. Unfortunately, current cost-benefit studies neither take differences between methods in the costs associated with the construction and maintenance of multiple item pools into account nor do they factor in differences in the costs associated with varying levels of risk of item disclosure and organized item theft (cf. Kosh et al. 2019). An update of such cost-benefit analyses that takes these aspects into account would help test developers choose a particular approach to automatic (including transformer-based automatic) item generation that is more tailored to their current situational constraints and their short-term and long-term needs.
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