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Abstract

Retrieval practice supports learning but re-
quires educators to build large item banks. We
compared LLM-generated and human-written
retrieval practice items in an introductory psy-
chology course to test whether LLM items
match instructor-written ones in quality. LLM
items exhibited overall weaker psychometric
properties, suggesting that human supervision
may remain necessary during item generation
for retrieval practice.

1 Introduction

Retrieval practice (RP) is a well-established peda-
gogical strategy that helps students learn through
repeated memory retrieval (Roediger and Butler,
2011). Its efficacy in supporting long-term reten-
tion, particularly when learners must apply new
knowledge, has been supported by decades of
research in the learning sciences (Karpicke and
Roediger III, 2008; Roediger and Butler, 2011;
Rowland, 2014; Butler et al., 2017; inter-alia). Typ-
ically, instructors integrate RP into their courses
by administering repeated, timed, multiple-choice
quizzes (MCQs) that require retrieving course-
relevant information from memory (Lyle and Craw-
ford, 2011; Roediger III et al., 2011). Yet doing
so requires creating large banks of items, which
remains a difficult and time-intensive bottleneck.

Large language models (LLMs) have become
a prominent tool for the automatic generation
of test items (AIG). LLM-generated items have
demonstrated strong validity and reliability evi-
dence across educational and psychological con-
structs (Lee et al., 2026; Martin Kowal et al., 2025;
Russell-Lasalandra et al., 2024; Laverghetta et al.,
2024; Laverghetta Jr. and Licato, 2023). Indeed,
LLM-generated items may be just as psychomet-
rically valid as their human-written counterparts,
providing support for using LLMs to reduce the of-
ten significant effort required to develop new items.

Yet, to our knowledge, there has been little empiri-
cal work examining the psychometric properties of
LLM-generated retrieval practice items, leaving it
unclear how well LLMs can generate items for this
use case.

In this paper, we investigate the validity evidence
of LLM-generated retrieval practice items used in a
university introductory psychology course, specif-
ically examining whether items generated from
LLMs under both zero-shot and few-shot prompt-
ing conditions can match the quality of those de-
veloped by a course instructor. Rather than the
best commercial LLMs, we use models that we
believe better represent what is the most accessi-
ble to instructors. We generate 30 items for one
topic taught in the course, and administer them us-
ing an adaptive assessment platform to a sample
of more than 700 students. We find that, while
LLM-generated items are structurally similar to
human-written items, they have overall weaker psy-
chometric properties and are not fully equivalent
to items developed by instructors. Our findings
offer important insights into the feasibility of de-
ploying LLM-generated items for retrieval practice
and emphasize the need for continual supervision
by human item writers whenever LLMs are used to
generate items.

2 Related Work

2.1 Retrieval Practice in Education

The effectiveness of retrieval practice in education
has been documented extensively in prior work
(Roediger III and Karpicke, 2006; Roediger and
Butler, 2011). This literature has demonstrated
that active retrieval of learned concepts from mem-
ory enhances long-term retention (Roediger III and
Karpicke, 2006), and does so more effectively than
passive studying activities (Karpicke and Blunt,
2011). This effect has been demonstrated in both
empirical studies (Roediger III and Karpicke, 2006;
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Karpicke and Roediger III, 2008; Karpicke and
Blunt, 2011) and through meta-analysis of exist-
ing work (Rowland, 2014; Adesope et al., 2017).
Retrieval practice has thus emerged as a powerful
teaching strategy (Dunlosky et al., 2013), whose
adoption has consistently been urged (Pashler et al.,
2007). However, the integration of retrieval prac-
tice into pedagogy has been stymied by the need
to develop large-scale RP item banks, which the
present work helps address.

2.2 Automated Item Generation
The earliest approaches for automatically gen-
erating test items were based on simple text-
replacement algorithms that could swap differ-
ent item stems to create content variations (Bejar
et al., 2002; Wolfe, 1977). While effective, this
approach suffered from methodological shortcom-
ings, such as a limited ability to create semanti-
cally diverse item content and the need to write all
stem variations by hand. Advances in generative
AI spurred interest in using deep learning mod-
els to create test items (von Davier, 2018; Kurdi
et al., 2020). Extensive prior work has investigated
LLM-based AIG for educational and psychological
assessments. Evidence from these studies indicates
that LLM-generated items are often comparable
to human-written items, and may even exceed hu-
man items in quality in some contexts (Maertens
et al., 2024; Hernandez and Nie, 2023; Laverghetta
et al., 2024; Laverghetta Jr. and Licato, 2023),
though other studies have reported more mixed re-
sults (Law et al., 2025; Martin Kowal et al., 2025).
Major testing companies have integrated LLM-
generated items into high-stakes assessments, with
the Duolingo English Test being a prominent ex-
ample (von Davier et al., 2024; Naismith et al.,
2025).

Despite the substantial body of work on AIG, we
know of only two studies specifically focusing on
retrieval practice using LLM-generated items. Yu-
sof (2025) implemented RP with LLM-generated
items in a measurement and evaluation course (n
= 64 students). They found that, compared to a
control group that did not use RP, students given
LLM RP items had significantly higher final exam
performance. An et al. (2025) studied the efficacy
of LLM RP items across two college-level data
science courses (n = 120). While they found that
students who were given RP items performed bet-
ter than those who were given no retrieval practice,
they also cautioned that the quality of the LLM-

generated items can vary and still require instruc-
tor validation. These studies, while an important
foundation for our work, suffer from a key method-
ological shortcoming: neither included a condition
that used human-authored items for RP, and instead
only compared RP with LLM-generated items to
using no RP at all. This leaves a crucial ques-
tion unanswered: are LLM items more effective
for retrieval practice than instructor-authored
items? We directly address this limitation by com-
paring the use of LLM-generated to human-written
items, while also using a much larger student sam-
ple size to ensure that our findings are robust.

3 Methods

All code and the final set of generated items is
available on OSF.1

3.1 Participants

Retrieval practice items were administered to two
cohorts of students enrolled in the same undergrad-
uate introductory psychology course during the
Spring 2026 term at a U.S. liberal arts university.
The first cohort consisted of undergraduate students
(n = 59, 54.2% male), while the second consisted
of high school students completing the course for
college credit (n = 732, 33.1% male). To ensure our
sample size would be adequate for analysis, and
given the small gap in age between the samples, we
pooled the data from both cohorts together, result-
ing in a total n = 791. Both cohorts completed the
class in-person, and received the same curriculum.
Students completed retrieval practice quizzes each
week as part of their normal course activities, and
were not made aware that some items given to them
were generated by LLMs. The study was approved
by the local institutional review board.

3.2 Retrieval Practice Procedure

Students completed RP quizzes via an adaptive as-
sessment platform, which delivered them multiple-
choice RP items related to the course’s topics.2

Each RP quiz was personalized to the student, with
items drawn from both new and previously intro-
duced material. Items answered incorrectly reap-
peared in later sessions until the student correctly
answered the item, after which they did not ap-
pear again. During each quiz, students had a max-
imum of 10 minutes to complete as many items

1https://osf.io/5yrq2/overview
2https://rippl.online/
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as possible, with the quiz taking place either at
the beginning or end of the class period. Students
were required not to consult external sources dur-
ing each quiz. To detect potential cheating, the
platform flagged students who navigated to another
tab while completing the quiz, and we dropped
any responses that had this flag set. The platform
collected students’ responses to each item, times-
tamps, total number of items attempted, and ac-
curacy rates. Retrieval practice began in the first
week of the course. However, quizzes did not in-
clude LLM-generated items until the second half
of the semester, with a total of six quiz weeks con-
taining LLM items. Unless otherwise noted, we
only analyze item responses that come from this pe-
riod. Using a within-subjects design, students were
given a mix of human and LLM items for each of
these weeks. We chose not to divide students into
human-only or LLM-only item conditions to elimi-
nate variability caused by individual differences in
item performance.

3.3 Item Generation

We used GPT-oss-20b (OpenAI et al., 2025),
Qwen3-Next-80B-A3B-Instruct (Yang et al.,
2025), and GPT-5-mini (Singh et al., 2026) to
generate RP items. These models were chosen
based on their relatively low cost and our abil-
ity to run them on our computing infrastructure,
which we reasoned would make them broadly ac-
cessible to instructors. GPT-5-mini was queried
via the OpenAI API.3 We used transformers (Wolf
et al., 2020) to access all other models, and used
an NVIDIA RTX Pro 6000 Blackwell GPU for
generation. We prompted models to generate 10-
20 multiple-choice RP items for a specific topic
taught in the course (e.g., sensation and perception).
The model was provided with the topic to generate
items for, and was instructed to ensure items tested
deeper conceptual understanding (rather than mem-
orization) and that items had high discrimination.
We instructed models to output items as a JSON
object that included the item content, response op-
tions, and the correct answer choice. We provide
the text generation hyperparameters used in Ap-
pendix A and our exact prompt in Appendix B. We
used both zero-shot and few-shot item generation.
In the few-shot condition, we included items au-
thored by the course instructor as context for the
LLM, using items from the same topic as what the

3https://openai.com/api/

model was prompted to generate.
We dropped all items that did not match the tar-

get output schema, including items missing a JSON
key or that were missing answer options. To mit-
igate potential bias, the platform randomized the
correct answer position for all items. While we gen-
erated items for all topics taught in the course, we
ultimately only used items from the “treatment”
topic, which covers concepts related to mental
health (further details are in Appendix C). This
was based on a preliminary review of the items by
the course instructor, who found that items from
other topics were generally either too similar to
existing human items or contained flaws in their
design. We therefore chose to analyze only this
topic. In total, we generated 93 treatment items
that passed preliminary validity checks.

3.4 Item Content Review

Following best practices (An et al., 2025;
Laverghetta Jr. and Licato, 2023; Rust and Golom-
bok, 2014), we performed a content review on the
generated items to select the ones to use in the
study. One of the authors (the course instructor)
reviewed the items to select which ones to include.
Items were flagged for the following issues: in-
cluding concepts not covered in the course (“not
covered”), requiring simple memorization to an-
swer (“memorization”), or having one or more item
writing flaws, such as using jargon unsuitable for
the course level, or having multiple plausible in-
terpretations (“poor item”). From this process, we
identified 30 LLM-generated treatment items for
inclusion in the study. These items were matched
against 30 instructor-authored items covering the
same topic, which were taken from prior adminis-
trations of the course. Table 1 lists how many items
came from each model and prompting condition.4

4 Results

Model Zero-shot Few-shot Total
gpt-oss-20b 4 5 9
GPT-5 mini 3 4 7
Qwen3-Next-80B 5 9 14
Human-written – – 30

Table 1: Summary of LLM items passing content re-
view, broken down by model and prompt type. The total
number of human-written items is included for compar-
ison.

4Due to budget constraints, we could not recruit multiple
experts to perform the content review.
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Figure 1: Left: Distribution of median length (number of characters) for human and LLM items. Right: Distribution
of median Flesch Reading Ease for human and LLM items. Lower scores indicate items generated under that
condition are more difficult to read. Error bars are 95% confidence intervals.

We compare human and LLM items in terms
of their structure (item length and readability, Sec-
tion 4.1), psychometric properties (difficulty and
discrimination, Section 4.2), cognitive processing
effort (response latency, Section 4.3), and crite-
rion validity (correlation with final exam scores;
Section 4.4). Our goal is to determine whether
LLM-generated RP items function similarly to their
human-written counterparts.

4.1 Item Length and Readability

We first examined whether human and LLM items
were similar in structure. Figure 1 compares the
median length — measured by number of charac-
ters — of the human-written and LLM-generated
items. In general, LLM items have a similar length
to human-written ones, and there was no significant
difference in median length between human and
LLM items (Mann-Whitney U = 483, p = 0.63).
We also compared items based on their readability
using Flesch Reading Ease (Flesch, 1948), with the
results also in Figure 1. LLM items appear to be
more difficult to read than human items. Across all
conditions, LLM items had a median readability
score of 26.97, compared to 41.48 for human items.
This difference did not reach statistical significance
(U = 576.5, p = 0.06), though this may be due to
the small sample size. Collectively, our results indi-
cate some potential structural differences between
human and LLM items, though these differences
were not significant.

4.2 Item Parameters

We compared the item parameters of the human and
LLM items. Specifically, we used a Bayesian hier-
archical longitudinal 3-parameter logistic item re-
sponse theory model (BHL-3PL; Hans et al., 2023;

Proust-Lima et al., 2022). BHL-3PL provides a
framework for modeling learning as it unfolds dur-
ing repeated practice, and extends the traditional
3PL model by allowing a learner’s latent ability to
change as a function of practice opportunity (Wang
and Nydick, 2020). This makes a BHL-3PL model
suitable for the present analysis.

We fit the model using the cmdstanr package
(version 0.8.0; Gabry et al., 2025) in R (version
4.5.1; R Core Team, 2025). We dropped any re-
sponses flagged for being kicked out of the quiz,
and dropped all students and items with 0 variance
in scores. We use the data from each student’s first
exposure to each item to fit the model, giving us
estimates of how difficult and discriminating items
were when students initially attempted them. All
parameters were initialized randomly using either
normal or uniform distributions; further informa-
tion is provided in Appendix D. To ensure models
consistently converged, we fit four BHL-IRT mod-
els with different random seeds. Each model used
four parallel chains, a maximum tree depth of 12,
and an adapt_delta of 0.9 to reduce the risk of
divergent transitions. To evaluate model conver-
gence stability, we examined the run-to-run stabil-
ity of posterior predictive check (PPC) for model
accuracy and posterior mean parameter estimates.
We found that all models converged to a similar
predicted mean score, with parameter estimates
across runs correlating at above 0.99, indicating
good cross-run stability. All models overestimated
the true mean scores by less than 0.001, indicat-
ing good mean recovery. We then checked item-
level convergence for human and LLM treatment
item parameters using the R̂ statistic, using the
bayesplot package (version 1.15.0; Gabry et al.,
2019). R̂ measures the ratio of the average variance
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draws within each BHL-3PL chain to the variance
of the pooled draws across chains. If chains have
not converged to a common distribution, R̂ will be
greater than one (Gelman et al., 1995). We follow
the package’s recommended ratio of below 1.05.
All item parameters obtained a R̂ ≤ 1.01, indicat-
ing good item-level convergence. We extracted the
item parameters from the first model run, for just
the treatment topic, using both human and LLM
items, and used this data as the basis for our param-
eter analysis.

We make comparisons between human and LLM
item parameters in Figure 2. LLM items are both
easier and less discriminating than human-written
items. Mean differences in parameter values were
−0.19 for discrimination and −1.01 for difficulty
when comparing LLM parameters to human ones.
We also calculated the posterior probability that
LLM items have lower mean parameter values than
human items, with this probability being 0.94 for
discrimination and approximately 1 for difficulty.
These lower parameter values suggest that the LLM
items did not function as well for retrieval practice,
given that they were both less discriminating and
that easier items are less likely to require effortful
retrieval.

Figure 2: Comparison of difficulty and discrimination
parameters for human and LLM items.

4.3 Response Latency
We compared response latencies for treatment
items. As response time is often used to index
cognitive processing difficulty (Pyc and Rawson,
2009), we reasoned that it would be desirable for
the response time for LLM items to be similar to
that of human items, to motivate their use as drop-in
replacements. We fit a linear mixed effects model
to predict log-transformed response time (log-RT),
with this transform applied to account for heavy
skew in the data. The full model predicted log-RT
as a function of the item source (human or LLM)

and whether the response was correct, to account
for differences between items answered correctly
and incorrectly. We include the student and item
IDs as random effects to control for differences in
baseline response latency. Additionally, we fit a
simpler model that does not include item source,
and we compare the full and reduced models using
a likelihood ratio test. We removed responses that
were less than 1 second or greater than 500 seconds
long.

Item source was found to have a very small effect
on log-RT (Cohen’s d = 0.05, standardized effect
estimate), with LLM item responses being 1.8%
faster to 10.1% slower than human item responses.
The full model did not significantly improve fit
over the reduced model (χ2(1) = 1.83, p = 0.18).
Figure 3 graphs the observed response times for
correct responses (successful retrieval). The distri-
butions appear similar to each other. In summary,
our results suggest that, while LLM items may have
a very modest increase in response latency com-
pared to human items, this difference is quite small
and did not reach statistical significance.

Figure 3: Per-student median response time, broken
down by item type, and including only correct answers.

4.4 Criterion Validity
For our final analysis, we examined whether LLM
items predicted student final exam performance as
well as human items. Given that LLM items had
weaker discrimination and may have also had a
restricted score range by virtue of their lower diffi-
culty, we expected that they would not be as strong
a predictor of cumulative performance as human-
written items. We computed each student’s overall
accuracy (proportion correct) on the retrieval prac-
tice, doing so separately for human and LLM treat-
ment items. We then computed the Pearson corre-
lation between 1) final exam scores and LLM RP
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scores, 2) final exam scores and human RP scores,
and 3) LLM RP scores and human RP scores. The
results are in Figure 4. Both human and LLM
RP performance were significant but comparably
weak predictors of final exam performance (human
r = 0.20, p = 0.003, LLM r = 0.15, p = 0.03),
and the difference in these correlations was not sta-
tistically significant (Steiger’s z = 0.76, p = 0.45).
Human RP scores also correlated with LLM RP
scores (r = 0.41, p << 0.001), providing evi-
dence of convergent validity. In summary, LLM
RP item performance predicted final exam perfor-
mance, but did not do so as strongly as human RP
items, though this difference did not reach statisti-
cal significance.

Figure 4: Pearson correlations among human RP scores,
LLM RP scores, and final exam scores.

5 Conclusion

In this paper, we analyzed the functioning of LLM-
generated retrieval practice items for an introduc-
tory psychology course. Unlike prior studies (Yu-
sof, 2025; An et al., 2025), we make a direct com-
parison between LLM items and those developed
by a human instructor for retrieval practice, thus
performing a more rigorous assessment of LLM
capabilities. Collectively, our results suggest that
items generated by models that are more readily
accessible to instructors do not yet match the qual-
ity of human-written items, though this may not
be true for better performing models. LLM items
were found to be structurally similar and produce
similar behavioral outcomes to human ones, with
no significant differences in length or response la-
tency. However, LLM items were not found to be
equivalent to human-written items in terms of their
psychometric properties, with LLM items having
lower discrimination and much lower difficulty.

The patterns observed between item parameters

and response latency warrant closer attention. LLM
items were found to be substantially easier than hu-
man items, implying that students might answer
them more quickly. Yet response latency was simi-
lar for both item types. Prior work has found that
LLM items often suffer from minor syntactic issues
or contain flaws in their design (Meissner et al.,
2024; Olney, 2023), which may make the item con-
tent more difficult to understand, even if what is
being asked is not challenging. This is also con-
sistent with prior work on retrieval practice using
LLMs, which noted that many LLM items remain
unsuitable for use without modifications by instruc-
tors (Yusof, 2025). It is likely that there remained
structural issues in the LLM items that were not
caught during the content review and which did not
affect structural characteristics like length or read-
ability, though we cannot be certain of this without
conducting a more detailed analysis.

We note that our study has several limitations
that should be kept in mind. Our item generation
pipeline relied on simple zero-shot and few-shot
learning, which likely doesn’t surface a model’s
full generative capabilities. Similarly, we relied on
a limited selection of models, none of which were
as capable as the best models maintained by lead-
ing providers. We chose these models because we
believed their smaller size would make them more
accessible to instructors, and hence that it would be
more informative to examine them rather than lead-
ing commercial models. Nevertheless, future work
should examine more recent and better performing
generations of models to determine if our findings
hold. The small item pool used, which covers only
one course topic, makes it difficult to draw broad
conclusions on how our findings may generalize
to other domains. This also attenuated the maxi-
mum correlation we expected to observe for the
criterion validity analysis, as the exam covered all
course topics, not just the treatment topic. Due to
how the retrieval practice was set up, the resulting
dataset for the LLM items was very sparse, which
limited the types of analyses we could run. Future
work should conduct additional analyses, including
checking for differential item functioning, to deter-
mine if LLM items have similar fairness evidence
as human ones. Finally, our content review relied
on evaluations from only one expert, which may
have biased the item selection process.

Retrieval practice is an important tool for en-
hancing learning and education, yet instructors
frequently do not have the time to develop the
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item banks necessary to incorporate it into their
courses. Although LLMs have the potential to
greatly streamline the development of RP items,
many questions remain about the efficacy of LLM-
generated items in this context, and how they com-
pare to items developed by human experts. By
directly comparing LLM items to those developed
by instructors, our study advances research at the
intersection of retrieval practice and generative AI,
and provides an important foundation for the future
development of LLM-powered systems for retrieval
practice.
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A Hyperparameters Used for Models

Table 2 lists the hyperparameters used for gener-
ation. Hyperparameters were manually tuned to
generate items that did not violate the instructions
(e.g., using an incorrect number of options) and
which, based on manual inspection, appeared rel-
evant to the course content. Any hyperparameters
not listed below were left at their defaults.

Model Hyperparameters
gpt-oss-20b {’max_new_tokens’: 4096,

’temperature’: 0.7,
’top_p’: 0.9, ’top_k’:
50, ’repetition_penalty’:
1.1, ’do_sample’: True}

Qwen3-Next-80B-A3B-Instruct {’max_new_tokens’: 4096,
’do_sample’: False}

GPT-5-mini {’max_output_tokens’:
4096}

Table 2: Hyperparameters used for text generation.

B Prompt Used for Generation

We list our exact prompt for generating items below.
The zero-shot variant of the prompt simply omits
the section with example items.

You are an expert educational
assessment designer specializing in
creating high-quality multiple
choice questions for college
students for an introductory
psychology college class. Your
questions should test understanding
of concepts rather than simple
memorization, where the test is a
form of retrieval practice.

Make sure the items generated have
item discrimination, meaning each
question helps differentiate between
students who truly understand the
topic and those who do not.

The topic for generation is
**{lesson}**.

Generate **10-20 multiple choice
questions**. Each question should
have either **2 or 4 response
options, 2 if True/False question, 4
otherwise**, with **exactly one
correct answer**. Make sure
incorrect options (distractors) are
plausible but clearly wrong to
someone who understands the concept.

Make sure that not all the questions
have the same correct response
options and that there are indeed 4
response options provided if the
item generated is supposed to have 4
response options. Do not only
produce True/False questions, there
must be 4 response options items.

Your output must be **valid JSON**,
and **must not contain any text,
explanation, commentary, or notes
outside the JSON object.**

Output only this JSON structure and
nothing else:

{
"questions": [
{
"question": "Clear,
well-written question text
here",
"responses": {
"A": "First option",
"B": "Second option",
"C": "Third option",
"D": "Fourth option"

},
"correct": "A",
"lesson": "",
"unit": "",
"topic": "",
"difficulty": "medium",
"subject": ""

}
]

}

Field definitions:
- "question": The main question text
(clear, unambiguous, college-level)
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- "responses": Object with all
possible options
- "correct": The correct answer
- "lesson": Leave empty for now ("")
- "unit": Leave empty for now ("")
- "topic": Leave empty for now ("")
- "difficulty": Use "easy",
"medium", or "hard"
- "subject": Leave empty for now
("")

Here are some examples for different
difficulty levels:
{examples}

IMPORTANT:
- Do **not** include any
explanations, reasoning, or text
before or after the JSON.
- Do **not** include code fences or
markdown.
- Output **only** a single valid
JSON object as shown above.
- Make sure to output 10-20 multiple
choice questions, even if there are
no examples of all different
difficulty levels. Make sure to
still output questions, do **not**
rely on examples.
- Validate that the JSON output is
in valid JSON format after
generation, and make sure to
implement fixes to the JSON format
if not.
- Make sure that not all the items
have the same correct response
option, and that not all the items
generated are True/False questions,
there must be 4 response option
items.

If your answer includes any non-JSON
text, delete it before outputting.
Output exactly one valid JSON object
and nothing else.

C Definition of the Treatment Topic

We used LLM-generated items from the “treatment”
topic for analysis. This topic provides a broad sur-
vey of mental health treatment across five areas: (1)
the history of mental health care, from early asy-
lums through deinstitutionalization; (2) major psy-

chotherapy approaches, including psychodynamic,
humanistic/client-centered, behavioral, cognitive,
and cognitive-behavioral therapy (CBT), mindful-
ness, and group formats; (3) methods for evaluat-
ing treatment efficacy, including randomized con-
trolled trials, placebo controls, manualized therapy,
and meta-analysis; (4) biomedical treatments, in-
cluding antipsychotic medications, antidepressants
(MAO inhibitors, tricyclics, SSRIs), mood stabiliz-
ers, anxiolytics, and brain stimulation techniques
such as ECT and rTMS; and (5) barriers to treat-
ment access, including insurance, cultural and eth-
nic disparities, and stigma.

D BHL-IRT Parameter Initializations

Table 3 lists the distributions each BHL-IRT param-
eter was sampled from. Starting distributions were
selected based on plausible values to position the
parameters near the center of the parameter space.

Parameter Distribution Minimum Maximum
theta0 normal 0 0.5

learning rate uniform 0.01 0.08
a (discrimination) uniform 0.5 1.5

b (difficulty) normal 0 1
c (guessing) uniform 0.05 0.25

Table 3: BHL-IRT model parameter initializations.
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