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Abstract

Various aspects of the Elicited Imitation Test
(EIT), a sentence repetition task for language
assessment, can be automated, for example in
terms of test administration or automatic scor-
ing. It is potentially also possible to gener-
ate test items with Large Language Models
(LLMs). This study investigates the potential
of GPT-4o for item creation in the context of
EIT, creating a parallel form to two popular and
validated tests. We analysed the tests in terms
of their linguistic and psychometric properties.
While the items created by the LLM show some
difference in grammatical structures when com-
pared to human-written items, linguistic com-
plexity results did not differ significantly be-
tween tests. Psychometric properties showed
only minor differences. These findings lend
support to the potential of Automatic Item Gen-
eration with LLMs in the context of sentence
repetition tasks and might support the process
of standardisation in SLA research and testing
by enabling parallel test creation.

1 Introduction

Creating items for language tests places a particu-
lar kind of strain on the test developer: it requires
resources such as personnel and time as well as
expertise, making it a complex and labourious pro-
cess. In the realm of language assessment, recent
advancements have made possible the automation
of this task. For example, Settles et al. (2020)
used machine learning techniques for the automatic
creation of proficiency assessments for adaptive
testing. Likewise, Attali et al. (2022) utilised a
transformers-based approach for generating read-
ing comprehension assessments. As these exam-
ples make apparent, generating items automatically
can accelerate the process of test creation and re-
duce the amount of labour typically associated

with this task. Indeed, Automatic Item Generation
(AIG) can be found in many contexts nowadays,
from generating reading comprehension questions
(Huang and He, 2016; Sayin and Gierl, 2024) to
multiple choice items (Gierl et al., 2012). Another
test format that lends itself well to automation and
therefore AIG is the Elicited Imitation Test (EIT).
While AIG is a promising and efficient approach,
questions remain about construct representation
and validity.

Traditionally, item creation for the EIT has been
manual, relying on test creators for writing their
own items and tests. Since EIT is a sentence rep-
etition task, the sentences need to be carefully
controlled in terms of length and linguistic com-
plexity. Automating this process would reduce
the amount of work related to item creation and
increase the possibility of adaptive testing in the
context of EIT. Furthermore, AIG has the potential
to tackle another problem: the lack of standardis-
ation in EITs and in language research generally
(Isbell and Son, 2022), which becomes problematic
when researchers want to compare a construct, e.g.
language proficiency, across studies or when the
need for repeated assessment arises. Parallel and
comparable forms are a solution to this issue, pro-
vided they demonstrate comparable psychometric
properties.

As suggested in recent literature, pre-trained
LLMs and prompting are increasingly used for en-
gineering test items (Song et al., 2025). One clear
advantage of this approach is that using pre-trained
LLMs is an accessible option for most people with-
out a strong computational background that is oth-
erwise needed to engineer systems for automatic
item generation. However, questions remain about
the quality and linguistic properties of these gener-
ated items, particularly in the context of validity in
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(language) testing.

The aims of this study are to (1) investigate
the linguistic properties of automatically generated
items with LLMs in the context of a parallel form
of an EIT, and (2) to examine if these test items
display validity evidence in order to support the
development of standardised and comparable EIT
forms.

2 Theoretical background

2.1 Elicited Imitation

The Elicited Imitation Test (EIT) is a sentence repe-
tition task, commonly used as a measure of general
language proficiency. The test is also used in Sec-
ond Language Acquisition (SLA) research, for ex-
ample, to measure implicit grammatical knowledge
of a second language (Erlam, 2006). Furthermore,
the EIT can also be used as a placement test (Yan
et al., 2020) or as a diagnostic tool for language
acquisition in children (Klem et al., 2015).

The procedure of an EIT is as follows: The test
taker hears sentences one by one, which they have
to repeat verbatim. There is usually a short pause
between the stimulus and the repetition to avoid
over-reliance on working memory. The rationale
behind sentence repetition is that the test taker re-
constructs the meaning of the sentence based on
their own grammatical knowledge.

Various design implementations can be em-
ployed when designing an EIT, for example using
sentences of varying length (Ortega et al., 2002),
including a distractor instead of a pause (Erlam,
2006), including ungrammatical sentences, or in-
cluding only items that target a specific construct
such as the passive-form (Spada et al., 2015).

So far, most of the test creation in the context
of the EIT has been manual. Items have been writ-
ten by researchers or test developers, which is a
labour-intensive and complex task. Furthermore,
it makes scaling of the test for parallel testing or
testing on a larger scale difficult. This can cause
problems as comparable testing and standardisation
are two things that are currently lacking in SLA re-
search (Isbell and Son, 2022). This difficulty could
be tackled by automating EI test generation and
administration to increase its scalability.

Research efforts have concentrated on automat-
ing the EIT using various technologies (McGuire
and Larson-Hall, 2025; Isbell et al., 2023; Kim
et al., 2024). For instance, Isbell et al. (2023) used
Automatic Speech Recognition (ASR) and string

matching to automate the scoring of the Korean
EIT, achieving very high correlations (> .90) be-
tween human and automated scores. Automatic
scoring has also been implemented for written EITs
(Chifligarov et al., 2025). Furthermore, the EIT can
be digitised and taken on the web, yielding results
highly similar to lab-based approaches (Kim et al.,
2024). In addition to these two areas, researchers
have also investigated item creation for EITs (Chris-
tensen et al., 2010). Unlike delivery and scoring,
EIT item creation has largely been manual.

2.2 Item Creation Approaches in EIT

Items used in existing EITs have traditionally been
hand-crafted. For example, the most well-known
EIT by Ortega et al. (2002) used hand-crafted items,
as do the parallel forms in several languages. In
order to create parallel English versions for compa-
rability, Wu et al. (2022) also hand-crafted items
based on the original Ortega EIT. Using appropri-
ate items in the context of EIT is important, since
the purpose of the test can vary from testing ad-
vanced learners (Solon et al., 2019) by including
more complex items to testing specific grammati-
cal target structures, e.g., passives, (Godfroid and
Kim, 2021; Spada et al., 2015) to see if learners
have acquired those structures.

To our knowledge, the first study using a corpus-
based item bank in the context of EIT was carried
out by Christensen et al. (2010). In this study, the
authors used an annotated corpus for flexible item
selection and then compared an existing EIT, us-
ing human-written items, with an EIT created with
their automatic item selection tool. Interestingly,
the automatically created version of their EIT had
even higher correlation scores with an external mea-
surement used in their study, the Spoken Language
Achievement Test (SLAT), than the manually cre-
ated EIT. While this is promising for the generation
of items, the finding might also hint at different be-
haviour or validity characteristics of the two forms.

Using a corpus in the context of creating EIT
items holds advantages: sentences from a corpus
can be more authentic than items written for EIT
use and, additionally, choosing sentences from a
corpus is also less work than hand-crafting EIT
items. However, this approach can also introduce a
substantial amount of noise and effort: sentences
can be out of context or inappropriate. Further-
more, items might be too long or overly compli-
cated and require manual adaptation. A corpus
might also be limited to a specific domain only,
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which might be unfamiliar to some population of
learners. Another difficulty is having control over
potential target structures in the corpus sentences,
which requires additional annotation of the corpus.
A corpus-based item bank in the context of EIT
therefore also places demands on test creators and
does not entirely simplify the item creation process.

In summary, previous approaches in EIT relied
on manual creation or corpus-based retrieval of
items. Corpus-based methods are a step towards
automation, however, they only offer a partial solu-
tion to the problems of scalability, effort, structural
control and standardisation. These limitations en-
courage the exploration of alternative approaches,
such as Automatic Item Generation (AIG).

2.3 Automatic Item Generation

AIG refers to the creation of (test) items using au-
tomated approaches such as machine learning and
carries several advantages, among them more time-
and resource-efficient item creation (Circi et al.,
2023).

This approach finds application in several fields
and contexts, for example, the creation of multi-
ple choice items in a medical context (Gierl et al.,
2012) or for generating reading comprehension
questions (Huang and He, 2016; Sayin and Gierl,
2024). For generating items, cognitive models
are employed, which model the domain knowl-
edge, content, or skills needed to develop items
(Gierl et al., 2012). Recent advancements in Large
Language Models (LLMs) have created new ap-
proaches in AIG. While AIG usually involves the
complex task of incorporating cognitive models in
item creation, LLMs have enabled a less techni-
cally complex approach, involving few- or zero-
shot prompting (Attali et al., 2022) and allowing
for more flexibility and fewer constraints in the
item creation process, for example by allowing the
creation of a variety of item types in various sub-
ject domains (Tan et al., 2024). Generally, using
prompt engineering with pre-trained models is a
growing trend in the field (Song et al., 2025) and is
additionally a feasible method for automatic item
creation for people without a computational back-
ground, for example teachers and educators.

Beyond the generation of items, an equally im-
portant aspect in AIG is the evaluation and vali-
dation of test items. In the context of AIG with
LLMs, item and measurement properties are often
not reported or evaluated (Tan et al., 2024). Espe-
cially in the context of high-stakes tests, validation

and testing of items is crucial to make sure that the
test actually tests what it is supposed to test. This is
also important in the case of the EIT, as generated
items may differ in linguistic structures or lengths
when compared to established test items, poten-
tially altering cognitive load for the participant and
item difficulty.

Tests are often evaluated in terms of validity.
Broadly speaking, validity can be defined as the
"meaning of test scores" (Messick, 1995, p. 5), re-
ferring to the overall concept as describing whether
a test measures what it intends to measure. Validity
can be measured in several ways. An example is
construct validity, an aspect of validity that tests
if a test indeed measures the underlying construct
it is trying to measure, or criterion validity, that
measures how related test results are to another test
(El-Hamamsy et al., 2022).

For the evaluation of AIG items, recent work
has focused on automated approaches, but using
a human-in-the-loop evaluation of items, for ex-
ample, on the rating of the quality of generated
items (Kim et al., 2025; Ma et al., 2025). Another
possibility for assessing the suitability of items are
psychometric methods such as Item Response The-
ory (IRT), which can inform about validity and
quality in the context of AIG (Falcdo et al., 2023).

Using AIG in the context of Elicited Imitation
Tests certainly holds potential: it enables parallel
testing, the generation of a large item bank, and
supports the labour-intensive process of crafting
items. While an earlier approach (Christensen et al.,
2010) used corpora and annotation to find suitable
items, LLMs can simplify this process by respond-
ing flexibly to certain demands, e.g. the presence
of specific constructs or topics. This allows for
more control than a corpus-based setup.

3 Present Study

Taken together, AIG seems to be promising in
the context of EITs, allowing for flexibility and
opening potential for the creation of parallel forms,
which in turn can help with the process of standard-
isation. However, automatically generated items
would need to be validated in order to make claims
about their potential to be used in language assess-
ment. To date, no study has systematically investi-
gated whether LLM-generated items can be used as
valid EIT items. To research this, we use an LLM-
generated EIT, employing GPT-40. We opted for
GPT as it is the most widely adopted tool in ed-
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ucation (Bhullar et al., 2024), accessible through
a web interface and frequently used in AIG (Tan
et al., 2024; Chan et al., 2025), which helps with
comparability of the findings. This way, our find-
ings are directly relevant to educators and students
in practice. For comparability, we will concentrate
on parallel forms in particular. Since grammatical
structures and complexity are of specific interest to
EIT items, we will investigate item properties and
measurement properties in two ways: evaluating
items and tests in terms of their linguistic and psy-
chometric properties. The research questions are
as follows:

1. To what extent do the properties of GPT-
generated test items differ from those of estab-
lished test items? More specifically,

(a) Are they different in terms of linguistic
complexity?

(b) Are they different in terms of grammati-
cal structures used?

2. How do the automatically generated tests com-
pare to established tests in terms of validity?

4 Method

4.1 Materials

Three EITs were used in this study: (1) An estab-
lished EIT by Ortega et al. (2002), (2) the parallel
version by Wu et al. (2022) and (3) an EIT gener-
ated by GPT-4o0. The items of the GPT-generated
EIT can be found in Appendix A.

Our automatic item generation approach was as
follows: we prompted GPT-4o0 to create an EIT
with 30 items, varying in length, starting at 7 syl-
lables. We employed few-shot prompting for auto-
matic item generation, including the items of the
original EIT by Ortega et al. (2002) as well as their
syllable count as examples. The model output, 30
items, was used for the resulting GPT-generated
EIT. The prompt can be found in Appendix C.

The tests were all uploaded to ILAP (Lober et al.,
2024), an assessment platform, where participants
could take the tests on their own devices via a web
browser. All EIT tests used the same procedure:
The participants saw instructions about the test, fol-
lowed by three practice items that were not counted
towards the final score. Then, a notification about
the start of the test followed. The test then began.
After each sentence, there was a beep followed by
a four-second pause. Participants then had eight
seconds to repeat the sentence they had just heard.

Audio stimuli for all items on the three EITs
were created with the Amazon AWS text-to-speech
service, which had been integrated into the plat-
form.

Furthermore, we administered questionnaires
about participants’ demographic background and a
C-Test as a measure for general English language
proficiency taken from Ishihara et al. (2003). The
C-Test was programmed with jsPsych (De Leeuw,
2015) in JavaScript and integrated into the platform
used for EIT data collection. The test consisted of
three text passages with half of every fifth or sixth
word removed. The maximum score on the C-test
was 50 points (15 points for each of the first 2
passages and 20 points for the last passage).

The EITs were scored automatically, using the
ASR and string matching approach by Isbell et al.
(2023). We used accuracy based on Mean Error
Rate (MER) - (100 - MER) - as the scoring met-
ric (McGuire and Larson-Hall, 2025). We then
mapped our continuous scores to ordinal scores
for better comparability with the ordinal scoring
scheme by Ortega et al. (2002), encompassing
scores from 0-4. We followed the approach taken
by Isbell et al. (2023) for mapping the scores,
which can be found below in Table 1. For total
scores, we took the sum of all item scores. The
maximum score on the EITs was 120.

Ordinal score | Continuous score
4 91 -100
3 71-90
2 41 -70
1 21-40
0 20 or below

Table 1: The ordinal scoring scheme, mapping continu-
ous scores to ordinal scores

The C-Test was also automatically scored, as-
signing binary scores (1 or 0) to each gap. This
was done by employing string matching between
the participants’ response to the expected response
for each gap. We then used the sum of all answers
as the total score. The maximum score on the C-
Test was 50.

4.2 Study Design

The study ran for four weeks. Each week, a teacher
administered an EIT to a class in a randomised
order, e.g. class 1 completing EIT 1 in week 1,
EIT 2 in week 2 and EIT 3 in week 3 while class 2
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completed EIT 2 in week 1, EIT 3 in week 2 and
EIT 1 in week 3, etc.

Students created an individual accounts on the
platform used for testing. The EITs were imple-
mented into the platform by the researchers, where
they could be administered to the students with
an access code. Before being able to access any
test, students were shown a consent form where
they could indicate whether they consented or not
to their data being used for study purposes. Fur-
thermore, we also implemented the questionnaire
and C-Test on the platform. These could be taken
by students at any time during the course of the
4-week study.

4.3 Participants

Participants were 73 undergraduate students from
a university in China, majoring in English. 60 of
the students were female and the mean age was
20.1 years (SD = 1.55), ranging from 18 to 25
years of age. All students reported Chinese as their
native language and the majority (72%) reported
English as their second language. Students’ self-
reported English proficiency was intermediate to
upper intermediate.

4.4 Analysis

Data were analysed with R (version 4.5.0), us-
ing the packages stringr (Wickham, 2019), Ime4
(Bates et al., 2015), lavaan (Rosseel, 2012), mirt
(Chalmers, 2012) and koRpus (Michalke et al.,
2021). We also analysed all test items in terms
of the grammatical structures and corresponding
learner levels with the rule-based annotation tool
POLKE (Sagirov and Chen, 2025). POLKE anno-
tates text with grammatical structures and their cor-
responding Common European Framework of Ref-
erences (CEFR) (Council of Europe, 2001) learner
levels (A1-C2) and is based on the English Gram-
mar Profile (O’Keeffe and Mark, 2017). In ad-
dition to the grammatical structures and learner
levels, the tool also supplies super-categories of
structures (e.g. nouns, verbs, adjectives) as well as
sub-categories (e.g. types, linking, phrasal).

In addition, we analysed the EIT items in terms
of their linguistic complexity, using the tool CTAP
(Chen and Meurers, 2016) as well as the stringr
and koRpus packages in R. For measure selection,
we followed Bulté et al. (2025)’s summary of core
and noncore measures of complexity, selecting six
measures. We also analysed word frequency, using
the SUBTLEXus log-10 frequency of all tokens.

The full overview of complexity measures used can
be found in Appendix B.

Furthermore, we employed Item Response The-
ory (IRT) and Confirmatory Factor Analysis (CFA)
as well as correlations to analyse the test properties
of the 3 EITs.

5 Results

5.1 Descriptive Results

Not all participants completed every measure.
Specifically, 68 participants finished the back-
ground questionnaire, 62 the C-Test, 63 EIT 1, 61
EIT 2 and 62 EIT 3, with 53 participants complet-
ing all 3 EITs. We analysed all data available to us,
which meant that for example, the correlation anal-
yses were conducted with only participants who
completed all measures included in the analysis.

The mean score on the C-Test was 38.96 (SD
= 11.01). Mean scores on the EITs were similar:
EIT 1 (59.6, SD = 34.50) and EIT 3 (57.82, SD
= 31.20) displayed highly similar scores, whereas
EIT 2 (51.58, SD = 35.78) showed a slightly lower
mean score. EIT scores showed a high range, 11-
113 for EIT 1, 5-112 for EIT 2 and 5-113 for EIT 3.
The tests themselves displayed high levels of simi-
larity: The mean syllable length was between 10.4
and 10.97 syllables for all three tests and the mean
sentence length was between 14.93 and 15.2 for all
three tests. Descriptive statistics for the scores on
the three tests, including standard deviations (SD),
can be found in Table 2 and 3 below.

Test n | Mean score | SD

Ortega (2002) 63 59.58 | 34.50
Wu et al. (2022) | 61 51.58 | 35.78
GPT-40 62 57.82 | 31.20

Table 2: Number of participants, mean score and stan-
dard deviation (SD) for the three tests.

Test MeanSL | SD | Mean SC | SD
Ortega (2002) 10.83 | 2.59 14.93 | 3.34
Wu et al. (2022) 10.97 | 2.62 15.03 | 3.78
GPT-40 10.40 | 2.62 15.20 | 3.89

Table 3: Descriptive statistics for test properties. SL =
sentence length, SC = syllable count.

5.2 Items

We first analysed the POLKE annotations in terms
of the distribution of super-categories. We excluded
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categories with counts < 5 in order to meet the
assumptions of chi-square tests. These were the
categories future, passives, questions and reported
speech. The distribution of the remaining cate-
gories differed significantly between tests, x2(22) =
39.839, p =0.011. Following this, we inspected the
residuals of the chi-square test. The GPT-generated
tests produced fewer structures belonging to the
adverbs and present category and more structures
belonging to the preposition category than EIT 1
and EIT 2. Figure 1 shows the distribution of super-
categories.

EGP supercategories per test

frequency
60
! %
228 40
30
G
o 20
& 10
«\J’ 0

Tests
Q-
2

o & & & ® e & & & & ®
¥ & F e E RO I
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SR AR P S P & O
© B 3 ¢
FESRRN &

SuperCategory

Figure 1: The distribution of super-categories for all
three tests.

After that, we analysed whether there were dif-
ferences in the distribution of CEFR learner levels
within the POLKE-annotated grammar structures
between the tests. The distribution of learner lev-
els did not significantly differ between the tests,
x2(10) = 9.8922, p = 0.45. Figure 2 shows this
distribution.

We then divided the complexity measures into
sub-measures of syntactic (Table 4) and lexical
complexity (Table 5). The results for each can be
found in the tables below.

Prior to statistical testing, we used Shapiro-Wilk
Tests to check for the distribution of data. If the
tests were significant, we rejected the assumption
of normality and used non-parametric tests. We
first ran Kruskal-Wallis tests on the syntactic com-
plexity measures. Three measures did not differ
significantly between conditions: mean words per
phrase (p = 0.09), mean phrases per clause (p =
0.70) and mean clauses per T-Unit (p = 0.09). One

CEFR Level
At
A2

|
0% B1
|
c1
M

0% -

Wu, Tio & Ortega (2022)
Tests

Percentage of Constructs
o

8

Ortega et al. (2002) LLM-generated test

Figure 2: The distribution of learner levels associated
with grammatical structures for all three tests, in per-
centages.

difference was significant: the normalised rate of
occurrence of dependent clauses differed signifi-
cantly between the tests, H(2) = 6.09, p = 0.048.
We used Dunn’s post hoc test with Bonferroni cor-
rections to assess which groups differed. However,
after adjusting, there was no significant difference
between the Ortega et al. (2002) test and the GPT-
generated form (p = 0.177) or between the Wu
et al. (2022) form and the GPT-generated form (p
=0.062).

For lexical complexity, a Kruskal-Wallis test
showed that the mean word length did not vary
significantly between tests, H(2) = 2.93, p = 0.231.
Word frequency also did not differ significantly
between tests (p = 0.178).

Test MW phrase | MP clause
Ortega (2002) 1.47 4.17
Wu et al. (2022) 1.59 3.98
GPT-40 1.68 4.20
Test MC T-Unit N. ROC
Ortega (2002) 1.73 0.44
Wu et al. (2022) 1.76 0.47
GPT-40 1.42 0.27

Table 4: Syntactic complexity mean scores for all three
tests. MW = mean words, MP = mean phrases, MC =
mean clauses, N. ROC = Normalised rate of occurrence
of dependent clauses.
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Test Mean WL | MATTR | WF
Ortega (2002) 3.95 0.92 | 471
Wu et al. (2022) 4.01 0.91 | 4.60
GPT-40 4.35 0.92 | 4.55

Table 5: Lexical complexity mean scores for the three
tests. MATTR = moving-average type-token ratio, WL
= word length, WF = word frequency.

53  Validity

All three tests displayed very high internal consis-
tency, o = 0.98.

We first calculated Spearman correlations of the
scores between tests. EIT 1 and 3 showed a correla-
tion coefficient of p = 0.80 (shared variance: 0.64),
EIT 1 and 2 showed a correlation coefficient of p
= 0.76 (shared variance: 0.58), and EIT 2 and 3
correlated with a correlation coefficient of p =0.76
(shared variance: 0.58).

Using IRT, we then fitted a 1PL graded response
model to the 3 EITs and used common-person link-
ing to obtain discrimination values for the items.
All items showed acceptable discrimination values
higher than 0.39 (Popham, 2000). We compared the
discrimination values between tests, which differed
significantly, H(2) = 6.61, p = 0.037. Dunn’s post
hoc test with Bonferroni corrections showed that
the discrimination values differed only between
the Wu et al. (2022) and GPT-generated form, p
= 0.038, with the GPT-generated form showing
higher discrimination values, but not between the
Ortega et al. (2002) and GPT-generated form (p
= (0.22) or the Ortega et al. (2002) and Wu et al.
(2022) form (p = 1).

Focusing on the test level next, we employed con-
firmatory factor analysis (CFA) to obtain standard-
ised factor loadings for the tests. We created a one-
factor CFA model, using Full Information Max-
imum Likelihood (FIML) for missing data, with
all three tests loading on the same latent variable,
namely proficiency. The model was just-identified
(df = 0), so we could not assess model fit. We then
compared the standardised factor loadings of the
tests. All tests displayed strong and significant fac-
tor loadings, indicating that they are connected in
a highly similar way to the construct proficiency.
The factor loadings can be found in table 6.

To obtain a measure of criterion validity, we cor-
related participants’ final scores on the EIT with
their final scores on the C-Test using Spearman
correlation. All EITs showed a weak to moderate

Test Factor loadings
Ortega (2002) 0.89
Wu et al. (2022) 0.85
GPT-40 0.93

Table 6: Standardised factor loadings per test.

correlation with the C-Test, p = 0.26 for EIT 1,
p = 0.35 for EIT 2, and p = 0.29 for EIT 3. Us-
ing Fisher’s r-to-z transformation, we tested if the
correlations differed between tests. There was no
significant difference between EIT 1 and EIT 2 (p
=0.55),EIT2and3 (p=0.72) or EIT 1 and 3 (p =
0.81).

5.4 Scores

To find out if participants’ final test scores differed
significantly between tests, we ran a mixed linear
model, modeling participants as random effects to
account for individual differences between users.
The resulting linear mixed model with users as
random effects showed a significant main effect of
test between EIT 1 and EIT 2 scores (p = 0.021),
and no difference between EIT 1 and EIT 3 (p =
0.66). Participants therefore had a significantly
lower score on EIT 2 than on EIT 1.

6 Discussion and Conclusion

In this study, we explored the potential for auto-
matic item generation for parallel forms with GPT-
generated items in the context of Elicited Imitation.
Our results are promising: the GPT-generated test
behaved very similarly to the original Ortega et al.
(2002) form as well as the parallel form (Wu et al.,
2022), displaying highly similar linguistic prop-
erties, high internal reliability as well as similar
factor loadings and construct validity.

There were slight differences between the tests
(human-written vs GPT-generated) when it came
to the grammatical constructs used: The GPT-
generated test displayed a lower number of adverbs
and present (tense) and higher numbers of preposi-
tions than the other two tests. However, there was
no difference between the three tests in the learner
levels associated with the grammatical constructs,
potentially an indicator for the non-significant dif-
ference in the difficulty of items between the tests.
In other words, the differences found in the use of
grammatical structures did not seem to contribute
to the difficulty of the tests. We should also add
that we did not specifically prompt for following
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the grammatical constructs used closely. Interest-
ingly, the different grammatical structures do not
seem to influence item or test difficulty.

The complexity analysis showed that all three
tests score very similarly on all measures. The only
significantly different measure, normalised rate of
occurrence of dependent clauses, turned out to be
non-significant in the post hoc tests.

In summary, the GPT-generated test deviates
from the original EIT and the human-written paral-
lel form on a few grammatical structures and not on
complexity measures, but the deviations on gram-
matical structures do not seem to add to overall
test difficulty of the GPT-generated form or inter-
fere with form equivalence. This finding should
be further investigated in future studies, focusing
on item and test difficulty on EITs. While some
studies have already investigated this topic (Hen-
drickson et al., 2010; Campfield, 2017) and found
effects depending on the sentence length or lexical
complexity, future studies might want to explore
that topic further.

A slightly different picture emerged when look-
ing at our psychometric analysis. While the Or-
tega et al. (2002) and GPT-generated form seem
highly similar, the Wu et al. (2022) form displayed
some deviations from both forms: the IRT analysis
showed lower item discrimination scores than for
the GPT-generated form. In terms of scores, the
parallel form from Wu et al. (2022) showed a lower
mean score. This is in line with the findings from
the parallel forms study (Wu et al., 2022), where
the authors found an 8% score difference between
the parallel form and the Ortega et al. (2002) form.
Between those two tests, we found a score differ-
ence of 14%. Interestingly, the TTS voice used in
our tests was the same across tests, pointing to no
added difficulty introduced by speaker variability
as Wu et al. (2022) suspected as one of the culprits
for enhanced test difficulty. The lower score on this
test must therefore be for reasons beyond speaker
variability and the complexity measures employed
in this study. We also reported less shared variance
between the tests than in Wu et al. (2022). This
finding might be due to the different population
used in this study.

An unexpected finding also emerged from our
data: the correlation of the C-Test with perfor-
mance on the EIT was quite low (weak correla-
tion of p = 0.26 and p = 0.29 on EIT 1 and EIT
3, respectively, and moderate (p = 0.35) on EIT
2), which is contrary to what other studies found

(r = 0.69 in Davis and Norris, 2021, r = 0.50 in
Spada et al., 2015). A C-Test counts as a mea-
sure of holistic proficiency, but due to the nature of
the C-Test, which is more geared towards writing
and reading, it can be argued that the sub-skills of
listening and speaking are not included, which is
what the EIT taps into. These two sub-skills might
have been developed less strongly when compared
to writing and reading for our participants, which
might explain the weak correlation. In our case, the
mean scores on the C-Test and the EITs also point
to C-Tests being easier for our participants than the
EIT.

Taken together, our findings show that an LLM-
generated test holds potential in creating valid EIT
items in a parallel forms context. This finding could
enable the scaling of tests, making it possible to
create more parallel forms with LLM-generated
items. Furthermore, this can potentially help to
tackle the problem of standardisation in language
research (Isbell and Son, 2022), by enabling the
creation — at least in the case of EIT — of compa-
rable forms to existing EITs. For future studies, it
would be interesting to see if our findings would
be applicable across language contexts. While we
only concentrated on English in this study, perfor-
mance of LLMs might be less consistent beyond
that and it is unclear if the performance of GPT
can be carried over to other languages. Since all
the available parallel and comparable EIT forms
across languages are created manually (e.g. Wu
and Ortega, 2013; Bowden, 2016), studies could
shed more light on the performance of automati-
cally generated items across languages.

7 Limitations

A few limitations of this research should be men-
tioned. First of all, the number of participants (n
= 73) was quite low, leading to less generalisable
results. Due to this low number of participants,
we were not able to carry out more sophisticated
analyses, e.g. Differential Item Functioning and
our IRT analysis should be taken as preliminary.
Having more participants at hand, and possibly a
more heterogeneous group of participants, would
undoubtedly shed more light on validity and paral-
lel form equivalence.

Furthermore, due to the nature of our online
experiment, we experienced a number of dropout
cases and missing data from the background ques-
tionnaire.
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As already pointed out in the previous section,
we also did not compare performance across differ-
ent LLMs. GPT is one of the most readily available
options and widely used in the context of education
(Doughty et al., 2024; Vanzo et al., 2025) and is
also relevant to educators, teachers and test cre-
ators. However, the performance of other models
would also be of interest for this strand of research.

We also only tested 30 LLM-generated sen-
tences. While our results seem promising for paral-
lel test creation, future research should test a larger
number of items to evaluate if our findings are gen-
eralisable to different contexts, e.g. repeated or
adaptive testing.

Lastly, we did not take the ability of models
to produce certain grammatical constructs on de-
mand into account. While we found that the GPT-
generated test mostly showed strong similarities
to the two human-written forms in terms of super-
categories, we didn’t explicitly prompt for it. Fur-
ther research could concentrate on this ability of
LLMs, as this is central to some EITs targeting spe-
cific grammatical constructs and can shed light on
large language models’ abilities to produce gram-
matical constructs.
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Appendix A

GPT-generated EIT test items

1

2.

10.
11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

. She is buying a new jacket.

The blue car is parked outside.

. The store closes early on Sundays.

. He usually takes the bus to work.

. I don’t know why she left so suddenly.

We had a great time at the beach yesterday.

The restaurant downtown serves excellent
seafood.

She was excited to finally start her new job.

The dog that lives next door barks all the time.
I hope to visit my grandmother this weekend.
The weather in this city changes very quickly.

She spent the whole afternoon reading a good
book.

My neighbor’s cat always sits by the window
and watches birds.

The teacher gave us an interesting assignment
about history.

The bakery on the corner sells delicious choco-
late cake.

I wish I could have stayed longer at the party
last night.

He told me that he would help me move to my
new apartment.

The little girl with curly hair is playing in the
garden.

We decided to take a road trip through the
mountains next week.

If I had known about the meeting, I would
have arrived earlier.

She was surprised to see her childhood friend
after so many years.

The scientist explained how the new discovery
could change medicine.
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23.

24,

25.

26.

27.

28.

29.

30.

B

He was looking for his wallet but couldn’t
remember where he left it.

The old library downtown has a huge collec-
tion of rare books.

I didn’t expect the movie to be so emotional
and thought-provoking.

The woman who just moved in next door
seems very friendly and kind.

We were planning to go hiking, but the
weather turned out terrible.

The students who studied all night found the
exam easier than expected.

If I had known how difficult this course would
be, I might have chosen another.

The train that was supposed to arrive at noon
has been delayed due to bad weather.

Appendix B

Complexity measures employed in this study

C

Mean word length
MATTR of lemmas
Mean words per phrase
Mean phrases per clause
Mean clauses per T-Unit

Normalised rate of occurrence of dependent
clauses

SUBTLEXus log-10 mean frequency of all
tokens

Appendix C

Could you create an Elicited Imitation Test? Please
create 30 items, varying in length, start with the
shortest one, then gradually generate longer items.
Start at 7 syllables.

Below, you will find an example of an existing
EIT (in brackets are the amount of syllables of the
sentences).

Please only respond with your generated items.

{examples}
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