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Abstract: This exploratory study investigates bias in multiple-choice biology items generated by ChatGPT-
40, focusing on how a user’s query history influences item content. Specifically, it addresses three research
questions: (1) How well does ChatGPT generate introductory biology items? (2) How does it interpret a
request for culturally relevant content? and (3) How do outputs vary across three distinct user profiles? Using
a standardized series of prompts, 100 items were generated per condition. All items were analyzed for factual
accuracy, content representation, and patterns in correct answer distribution. Qualitative analyses evaluated
the depth of culturally responsive framing across the users. While ChatGPT produced largely accurate items
across conditions, there were biases that emerged. Culturally responsive prompts often yielded tokenized
cultural statements rather than contextually rich items. Correct answers were non-randomly distributed,
posing threats to test validity. Crucially, user query history influenced representation of content topics and
what is considered “culture” within the generated items. These findings have implications for test developers
at any level considering genAl tools that preserve a user’s query history in assessment design, emphasizing
the need for careful consideration of both prompt engineering as well as user history.
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Introduction

The assessment landscape is undergoing a profound shift, driven both by evolving social expectations
around equity and inclusion and by rapid advancements in generative artificial intelligence (genAl). While
test development has traditionally been time-consuming, labor-intensive, and costly, the need for
assessments that are both psychometrically sound and culturally responsive has increasingly been the center
of discussion. Historically, standardized test items have reflected the cultural assumptions of the test
developers: a traditionally white and male-dominated field. As the demographics of classrooms shift, the
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need to create instruments that are valid across cultural contexts is not only ethical but psychometric. The
field is moving toward frameworks that embed students’ identities and lived experiences into the assessment
process, as emphasized by scholars like Walker et al. (2023), who advocate for design principles that
emphasize shared power, cultural relevance, and asset-based perspectives.

Simultaneously, genAl technologies—particularly large language models such as ChatGPT—are being
examined for their potential to streamline the test development process. These tools are also increasingly
used by users with varying levels of experience with genAl, often in informal or exploratory ways (e.g., “write
10 test questions about...”), and sometimes without awareness that outputs may be shaped by default
settings or by the uset’s prior query history. While genAl tools promise to reduce development costs and
increase speed, their outputs are only as culturally attuned as the data they were trained on. Indeed, while
genAl has shown early promise in generating technically sound multiple-choice items (Kiyak et al., 2024), its
capacity to produce culturally responsive content remains underexplored. Furthermore, issues of algorithmic
bias and factual hallucinations persist, raising concerns about the reliability and representativeness of genAlI-
generated items (Bender et al., 2021; Cao et al., 2023).

This paper explores whether genAl can be part of a more culturally responsive approach to assessment
or whether its use risks reproducing the very inequities that culturally responsive frameworks seek to
dismantle. Unlike studies that examine carefully engineered prompts under controlled conditions, our focus
is on how item generation unfolds when users interact with genAl in their own personalized chat
environments. Because large language models adapt their responses based on prior query history, two users
entering the same prompt may not receive the same items, raising new questions about equity,
reproducibility, and control in item development.

Importantly, this paper does not approach this question in the context of a trained psychometrician
performing deliberate prompt engineering to optimize item quality. Rather, it evaluates outputs produced
under routine usage conditions—where users generate item pools in personalized chat environments without
structured prompt optimization—to explore how prior query history and personalization effects may shape
the results. In short, we examine how genAl interprets baseline, non-engineered prompts and how this
behavior influences the quality and content of test items it produces. Because concerns about cultural
relevance, equity, and historical patterns of exclusion are deeply rooted in the test development literature, it
is essential to situate genAl within these longstanding debates. The following review summarizes the
foundations of culturally responsive assessment and the challenges it seeks to address before turning to the
emerging role of genAl

Literature Review

Many everyday users turn to genAl precisely because they lack the time, resources, or psychometric
expertise required for high-quality test development. In reality, creating a well-designed assessment (let alone
a culturally responsive one) demands a level of labor, training, and financial investment far beyond what
most instructors, staff, or small programs can sustain. However, even when these resources are available,
traditional test development practices have long struggled to produce items that are equitable across diverse
cultural groups. The test development process is not cheap in terms of time, effort, or absolute cost. For a
“simple” multiple choice test, developers must consult with subject matter experts, create questions that
follow a series of best practices, and ensure the instrument adequately covers the construct being assessed
(e.g., early English literature, introductory chemistry, or the antebellum period; Cobb, 1998; Haladyna et al.,
2002).

Despite this investment, items designed to be “neutral” or “objective” often reflect the cultural
assumptions of those who develop them: typically individuals from middle- to upper-class white, Western
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backgrounds (Randall, 2021). As a result, students from historically marginalized communities may not see
their cultures, histories, or lived experiences represented in the assessments they encounter. This highlights
an interesting contrast of traditional test development: assessments are expensive and time-intensive to
create, yet the resulting instruments still frequently fall short of producing fair, valid scores for all groups.
These exact challenges and discussions have fueled a growing movement and conversation toward culturally
responsive assessment.

Culturally Responsive Assessment

Culturally responsive assessments aim to allow the increasingly diverse students of today to bring and
see their cultural backgrounds and identities in the assessments they take. Randall (2021) pointed out that
our students are not neutral. This begs the question: if our students are not neutral, why do our assessments
try to be?

Cultural responsiveness is not a new idea, having taken several names over the years. Ladson-Billings
(1995) referred to “culturally relevant pedagogy” with “culturally responsive assessment” arriving in the
vernacular at nearly the same time (Hood, 1998). Evans (2021) illustrated the relationship between “culturally
sensitive”, “culturally relevant”, “culturally responsive”, and “culturally sustaining.” She asserted that each
builds on the other: an assessment cannot be culturally responsive without first being culturally relevant and
culturally sensitive. In this paper, we consider the key difference between those two terms as the degree of
integration of culture into the curriculum. Thus, while a set of items in isolation may be evaluated for cultural

relevancy, once they enter into a broader curriculum they may be part of a culturally responsive classroom.

However, the question remains about how to translate the concept of cultural responsiveness into item
and test development (Hood & Hopson, 2008; Montenegro & Jankowski, 2020; Stake, 1975).
Acknowledging that “assessment is not an apolitical process” (Montenegro & Jankowski, 2020, p. 7) is crucial
to using new tools and technologies to develop assessment instruments. These instruments have too often
put minoritized examinees at a disadvantage due solely to their cultural background (Hood, 1998). As Sireci
(2020) further pointed out, the rigidity imposed by standardized assessment leads to those not represented
in the dominant culture being excluded. Using an example of students who do not speak English as their
first language, Sireci raised the question of if a test is designed for native English speakers, how can we
assume it will work the same way for students who are not native English speakers? Taking this a step
further, what information is then lost about these students?

Highlighting the reason why culturally relevant and responsive assessments are so important, we turn to
the seminal work by Geneva Gay (2002, 2010). Gay (2002) stated that “when academic knowledge and skills
are situated within the lived experiences and frames of reference of students, they are more personally
meaningful, have higher interest appeal, and are learned more easily and thoroughly.” (p. 106) In other
words, when students see themselves in the materials and assessments, the content is more easily learned.
However, the majority of assessments students encounter, in particular standardized tests, are constructed
under a white racial frame which centers the beliefs and cultural references of the dominant white culture
(Russell, 2024).

Randall et al. (2021) described a culturally responsive assessment as one that allows students to draw on
their cultural knowledge, connects with their lives, is embedded in a culturally sustaining curriculum, and
enables them to demonstrate their skills, knowledge, and understanding in a variety of ways. Walker et al.
(2023) went on to lay out five design principles for culturally responsive assessment (abridged below):

Culturally responsive assessments. ..

1. ... require a process that shares power across all concerned parties at all stages of the assessment
process.
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2. ...should be designed to foster academic engagement and belonging in academic environments.
3. ...should reflect the expectation that all students have the potential to perform at high levels.
4. ...should be designed to maximize flexibility to account for individual differences in culture,

interests, and identities of all learners.

5. ...are designed to reflect asset-based perspectives that measure what students know and can do and
disrupt traditional deficit-narratives. (p. 4)

As is evident, creating a culturally responsive assessment is not an act done in isolation by a single person
(or genAl engine). Creating the test items is just one aspect of building a culturally responsive assessment.
Shared power needs to be considered from the beginning: How are all stakeholders being given a voice in
the process? How is flexibility being incorporated? Is this assessment being embedded in a curriculum that
celebrates cultural diversity?

Tension surrounding the incorporation of diverse identities in education is not a new phenomenon. In
the post-Reconstruction and Jim Crow era, Black students were forbidden from attending white institutions
in the South, and segregation was enforced by law in public schools and universities (Civil Rights History
Project, 2011; Equal Justice Initiative, 2014). Segregation denied Black students access to equitable curricula
and education altogether. Even after desegregation was mandated by Brown v. Board of Education (1954),
resistance and efforts to resegregate schools at the state and local level have continued up to the present day
(Orfield & Lee, 2007). Beyond racial segregation, controlling the content of instruction also has a history of
control and censorship. For example, in the early- and mid-1900s, history textbooks omitted or whitewashed
the experiences of Black and Indigenous people, a debate that continues today (Gershon, 2015; Rosso, 2022;
Zimmerman, 2004). Another example can be found in the Kanawha County textbook controversy in 1974,
when intense backlash to multicultural and identity-sensitive textbooks led to efforts to reassert control over
what was taught in schools (Cowan, 1974).

Unfortunately, in today’s current political climate, incorporating diverse cultural identities into education
and assessment continues to be divisive and politically charged. Universities have come under intense
scrutiny for having DEI (diversity, equity, and inclusion) offices or practices (Office for Civil Rights, 2025),
AP classes on African American history are not allowed to be taught (Kim, 2023) or count towards
graduation (Cline, 2025), and books containing LGBTQ+ and black stories are being banned in libraries
across the United States (American Library Association, 2025). This divisiveness can affect both changes in
law and the way items are developed and assessed. With culturally responsive assessment already facing
political resistance, the rapid adoption of generative Al presents both an opportunity and a risk for how
assessments are designed, interpreted, and implemented.

Generative Artificial Intelligence

GenAT has quickly come to the forefront of discussions about how assessments are designed and scored,
raising questions about whether these tools can alleviate existing challenges or introduce new forms of
inequity. These conversations range from students using genAl to do their work for them, faculty using
genAl to aid in grading, and psychometricians evaluating if genAl can help make their job easier, cheaper,
faster, or more representative (Attali et al., 2022; Kiyak et al., 2024; Micheletti et al., 2024). A large question
of interest in the assessment field is how genAl can be leveraged to create and/or grade large-scale
assessments. One use of Al in educational assessments has been in automated essay scoring - using machine
learning and natural language processing to score essays written by examinees (Attali et al., 2008; Hussein et
al., 2019; Ramesh & Sanampudi, 2022). This has shown promise in reducing the time and human-hours
needed to score these assessments. Another area of interest is the potential for generative Al to create
multiple-choice items. That is, can it help reduce the cost per item?
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Generative AI’s Role in Assessment

ChatGPT has been shown to be able to successfully generate multiple choice items (Kiyak et. al., 2024),
though in this instance it was only evaluated for correctness and acceptable psychometric properties. In
another study, Attali and colleagues (2022) used a transformer-based language model to create both reading
passages and items. To review the artifacts for correctness and bias, the authors employed a human-in-the-
loop method, where humans reviewed the items and passages generated by the genAl model. Keeping
humans closely involved in item and/or passage generation is the primaty way to counteract some of the
concerns that still exist around using genAl. Even given the need for continued human involvement, using
genAl to produce test materials could save time and money in the test development process.

However, since model responses are wholly dependent on the material they were trained on, the risk
then arises that stereotypes and social biases can be reinforced or amplified (Bender et al., 2021). Currently,
there is limited work showing the ability of ChatGPT or other genAl engines to create test items that could
be considered culturally responsive. However, in other work, it has been shown that ChatGPT is limited in
adapting to diverse cultural concepts, particularly those outside of American cultural norms (Cao et al., 2023).
While there is some promise around carefully engineered prompts being able to generate more culturally
diverse content, there still remain challenges around subcultural nuances (Nyaaba et al., 2024).

As mentioned, while genAl can save time and money, there is still the need to keep humans closely
involved to counteract some of the persistent drawbacks and concerns around using genAl for test
development. The two main areas of concern are bias and hallucination. Bias in this instance is similar to yet
different from test bias. Specifically, test bias refers to the case when a test does not have the same predictive
utility for all examinee groups (AERA et al., 2014). Algorithmic bias, on the other hand, occurs when genAl
models preferentially generate content based on imbalanced training data, producing output that is skewed
towards particular topics or cultural perspectives. Hallucination is when the output is factually inaccurate —
and often very confidently so! A third area to be aware of with ChatGPT in particular is how a uset’s query
history influences future output and responses. Personalization can lead to variability between users, even
when the same prompt is used. This will be relevant to any engine that requires a log-in and saves queries in
a memory.

Bias. Content generated by genAl can vary in its accuracy and bias. As with instruments designed
exclusively by humans, if impact and equity are not considered from the beginning, they will always be an
afterthought, and dominant assumptions, knowledge, and culture will be at the forefront (Randall et al.,
2023). Generative Al has been shown to perpetuate both gender and racial biases, as well as allowing women
to be increasingly targeted by defamatory deepfakes (Kuck, 2023). Taking this into a literature perspective,
Lucy and Bamman (2021) showed that stories generated by GPT-3, a prior model of ChatGPT, included
more male characters than female characters. Additionally, GPT-3 would follow social stereotypes based on
the character’s gender. This has the potential to transfer to short reading passages for testing — if ChatGPT
is used to rapidly generate a wide range of passages, the risk is that stereotypes around gender and/or race
will be present as well. Further, items written by genAl may unintentionally perpetuate existing biases if not
caught by humans.

Careful prompt engineering can be used to try and counteract bias, but it is not always a guarantee (Lucy
& Bamman, 2021). Researchers using DALL-E, an image-generating AI model, found that simple prompts
produced images containing harmful stereotypes on a variety of demographic characteristics. Further, they
found that even when trying to lessen these stereotypic images through careful prompt construction, the
stereotypes persisted in the images (Bianchi et al., 2023). What is becoming increasingly evident is that
prompt terms matter with genAl and bias can be minimized or exacerbated with a biased prompt (Snyder,
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2023). Considering this from an instrument development perspective, if items are to be generated using
genAl, humans still need to be involved to ameliorate bias in the items.

Hallucination. Another noted concern with ChatGPT, and genAl in general, is that these engines can
produce hallucinations, or output that is factually incorrect, illogical, or entirely fabricated. This can be
attributed to the fact that genAl is a computer algorithm that is generating text using a probabilistic language
model. GenAl is not evaluating factual accuracy, but rather the likelihood of one word following another
(Nananukul & Kejriwal, 2024). Additionally, the performance of any language model will depend on the
training data used (Mohammed et al., 2025; Sakib, 2024). If not enough data (i.e., not enough variety of
textual examples) was used, or if that data was biased, the model may be more likely to fabricate responses.

As with most technology, as improvements are made, ChatGPT and other genAl models become more
accurate and reliable. Moving from ChatGPT-3.5 to ChatGPT-4 has decreased the frequency of
hallucinations (i.e. factual or contextual), though not eliminating them (Mohammed et al., 2025). Generated
text should still be examined to ensure scientific facts, historical evidence, or other “factual” events presented
are, in fact, accurate. Other areas where ChatGPT has been shown to struggle are controversial topics and
topics lacking a clear scientific consensus (Mclntosh et al., 2024). While much of the content for this study
(introductory biology) is not controversial, some topics have been contentious and are becoming contentious
again (e.g., evolution, gender, sex markers).

Query History. A user’s query history with a particular model can impact future responses — an aspect
of genAl that can be both useful and a hidden source of bias. The history of past queries can be used to
build a user history, or profile, which will allow future responses to be tailored to the interests and
preferences of the user (Ge et al., 2018). This history can also allow for a better contextual “understanding”
of a current query for the genAl engine, particularly when there is significant back-and-forth between the
user and genAl (Fu et al., 2020). From a more commercial standpoint, a genAl model's ability to personalize
responses based on a user’s query history can lead to greater user engagement and satisfaction (Wang et al.,
2024). While it may be convenient for ChatGPT and other genAl models to remember a user’s preferences
or frequently used coding software, it also raises concerns such as: “What zs 7 the genAl model telling the
user?” or “Is this just what the genAl model has predicted the user wants to hear?” Important for an
assessment context, the impact of a uset’s query history may result in different responses to similar queries
between two individuals. If, for example, one user has a heavy history of STEM topics while another user
has a very scant STEM topic history, their responses to requests for STEM items may result in items of
different rigor or depth. Another example may be in how personal beliefs come through in query history. If
a uset’s political or religious beliefs heavily color their query history, future output will take that into account.

Purpose of Current Study

The purpose of this exploratory study is to examine how generative Al functions when used to create
test items under the kinds of real-world conditions faced by individuals who may lack specialized
psychometric training, dedicated staff, or substantial budgets for assessment development. As described in
the literature, culturally responsive assessment requires intentional, resource-intensive design, while
generative Al promises a faster and more accessible alternative. Yet concerns about accuracy, cultural
relevance, bias, and personalization raise important questions about how genAl performs when used by
everyday practitioners rather than expert developers.

The primary motivating factor for this work was envisioning how someone tasked with generating test
items may use genAl in practice, particularly those working without extensive institutional support or
technical expertise. Thus, the study focuses on two key aims: (1) evaluating whether ChatGPT can generate
culturally relevant test items, and (2) determining how differences in user query history influence the
accuracy, content, and framing of those items. Findings from this work may inform guidance for educators
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and assessment practitioners seeking to integrate commercially available genAl tools into item development
processes. Specifically, this study addresses the following research questions:

1. How accurately does ChatGPT generate multiple-choice items?
2. How does ChatGPT interpret an explicit request for culturally relevant items?

3. How do generated items vary across three different ChatGPT query histories?

Method

This research served as an exploratory foray into the capabilities of genAl in creating culturally
responsive STEM multiple-choice items as well as evaluating the impact of various user histories. To reduce
the number of variables, a single genAl engine was used, the free version of ChatGPT-40 (OpenAl, 2024).
Given that this was the free version, there was a limited number of prompts that each account could ask in
a given time frame using the 4o engine. A series of prompts was used to request a total of 100 multiple-
choice items suitable for an undergraduate introductory biology course cumulative final exam. A specific
course (i.e., BIO101) was not requested, nor were specific curricular topics.

Biology was chosen as the content area because the first author teaches courses on biology and
biotechnology at the undergraduate level and possesses an advanced degree in the field. Recognizing that
individual instructors may approach their class differently, most introductory biology courses will follow the
same general topics. The open source Biology 2e (Clark et al., 2018) was used as a curriculum guide for this
paper to allow for a consistent determination of fit. This book contains topics such as the chemical
foundation of life, biological macromolecules, cells, genetics and evolution, plant and animal structure and
function, and ecology. The breadth of content in this book is often spread across two semesters of
instruction. However, the concept of “introductory biology” would cover content from the entire book (i.e.,
both semesters of instruction). Therefore, the curriculum of introductory biology was treated as the full
content of Biolggy Ze (Clark et al., 2018).

Prompts

Two separate prompts were used for this study (see Appendix 1). The initial prompt asked for a total of
100 multiple-choice items suitable for a comprehensive final exam in an introductory undergraduate biology
course. The second prompt followed the same guidelines as the first and further specified that the 100 items
needed to be culturally responsive. Specific prompt guidelines included stating that the questions should be
multiple-choice with four answer options, targeting more than just memorization (i.e., beyond simple term
identification). The prompt also stated that the correct answer needed to be indicated to allow the author to
verify accuracy. Finally, ChatGPT was asked to provide a brief rationale behind each question.

A single-prompt approach (e.g., Goloujeh et al., 2024) was taken, given the focus of this study was not
prompt engineering but rather the baseline impact of user history on generated items.

Query History

These prompts were used with three different “users”: the author’s personal ChatGPT account (“author
user”), a fictitious user (“trained user”), and a second fictitious, totally naive, user with no query history
(“naive user”). These three users enabled the comparison of generated items across different query histories,
similar to what might be found in a cooperative setting. Given the potential complexity of this research
design, Table 1 shows the research design in abbreviated format, highlighting where each research question
is being addressed and what methods are being used.
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The trained user was generated by the first author using a new email address and login credentials to
ChatGPT. To create a user profile with a cleatly polarized and ideologically opposite that of the first author,
the trained user account engaged with news headlines, opinion pieces, and language patterns drawn from
sources classified as far-right by independent media bias rating systems. These sources were identified using

Table 1. Experimental Design

Prompt 1 (100 multiple-choice items)

Prompt 2 (100 culturally responsive
multiple-choice items)

Author User RQI: How accurately does ChatGPT RQ2: How does ChatGPT interpret an
generate multiple-choice biology items? explicit request for culturally relevant items?
Analysis: Content coverage (qualitative); ~ Analysis: Content coverage (qualitative);
distribution of answer options (chi- comparison of content coverage to RQ1
square) (chi-square); cultural responsiveness
(qualitative + quantitative)
Trained User RQ3: How do generated items vary RQ3: How do generated items vary across
across three different ChatGPT query three different ChatGPT query histories?
histories? . o
Analysis: Content coverage (qualitative +
Analysis: Content coverage (qualitative +  quantitative); comparison of content
quantitative); comparison of content coverage across users (chi-square); cultural
coverage across users (chi-square); responsiveness (qualitative + quantitative)
distribution of answer options (chi-
square)
Naive User ~ RQ3: How do generated items vary RQ3: How do generated items vary across

across three different ChatGPT query
histories?

Analysis: Content coverage (qualitative +
quantitative); comparison of content
coverage across users (chi-square);

three different ChatGPT query histories?

Analysis: Content coverage (qualitative +
quantitative); comparison of content

coverage across users (chi-square); cultural
responsiveness (qualitative + quantitative)

distribution of answer options (chi-
square)

publicly available tools such as the Media Bias Chart (Media, 2024) and AllSides (Media Bias, 2021). This
orientation was selected because, in the current U.S. political climate, far-right media frequently features
strongly worded commentary on diversity, equity, inclusion (DEI), and culturally responsive education,
which are topics central to the present study. Using phrasing common to these outlets allowed us to simulate
a real-world scenario in which a user brings a long-term history of interacting with highly opinionated
content relevant to assessment and culture-based debates.

The purpose of this approach was not to evaluate or endorse any political positions, but rather to model
a coherent, strongly skewed interaction history: a factor that may influence how large language models adapt
to user behavior over time. Any prompts that triggered content warnings were immediately discontinued in
accordance with platform guidelines and ethical research standards.

The author’s account history contains topics around R and Python code debugging, questions on
creating data visualizations, navigating GitHub, reducing word count in provided works (e.g., an abstract
needing to be 200 words that is currently 213), meal prep ideas, formatting citations in APA format, and
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requests for editing assistance of a provided work (e.g., acting as a critical reviewer, point out areas of this
manuscript that needs additional clarification). The author has never engaged her ChatGPT account in
discussions of news topics from any news outlet. However, some of the works provided to ChatGPT, either
for a reduction in word count or requests for critical feedback, likely reflected her views that equity should
be central to any discussion on assessment, diversity should be pursued, and systemic barriers still exist for
many people.

Data Analysis

Data analysis specific to each research question is detailed below. As an initial step, all items were
screened for factual accuracy by the first author, focusing specifically on whether the indicated answer was
correct and whether the question stem was adequate. Factually accurate items were then further examined
depending on the generating prompt (more details below). During factual screening, correct answer patterns
were observed to be heavily skewed toward only one or two answer options. After this observation, the
distribution of answer patterns was also tabulated. Following screening by the first author, the items were
independently screened by a second faculty member in her department. This faculty member was provided
the items, answers, and rationales generated by ChatGPT and asked to indicate if the item was factually
correct and appropriate for an introductory biology course. Following this independent rating, the author
and faculty member met to discuss item accuracy. Across all sets of items, agreement of factual accuracy was
at 100%. This is not to say every item was rated as accurate. Rather, the raters agreed on the designation of
accuracy for all items.

RQ1I: How accurately does ChatGPT generate multiple-choice biology items? This research
question was initially examined in the context of the Author user only; examination of the other two users
with respect to this research question occurred in RQ3. Factually accurate items were further analyzed based
on coverage of the curriculum as laid out in Bio/ygy 2e (Clark et al., 2018). The units of study, each containing
multiple chapters, were examined for content. For example, the unit on “The Chemistry of Life” covered
topics such as the scientific method, basic chemistry, water, and biological macromolecules. Items addressing
these topics were mapped to this unit of study. This process was repeated for the remaining units of study
until all items were matched with the most appropriate unit. These counts were used to generate proportions
of items addressing each unit.

As with determining factual accuracy, a second faculty member independently mapped the items to the
units of study in Bio/ogy 2e (Clark et al., 2018). The author and this faculty member then met to compare
mappings. Any items that were mapped differently by the author and the second faculty member were
discussed until agreement reached. This process resulted in 100% agreement between the faculty member
and the author for all items.

After the observation of the skewed answer choice distribution described previously, these counts were
tabulated. A chi-square test was performed to determine if the proportions differed significantly from an
expected 0.25 proportion for each answer choice. All statistical analyses were performed in R version 4.5.1
(R Core Team, 2025).

RQ2: How does ChatGPT interpret an explicit request for culturally relevant items? As in RQ1,
this research question was initially examined in the context of the Author user only; the other users will be
examined in RQ3. For the prompt requesting culturally responsive items, the way in which ChatGPT
interpreted cultural relevance was examined. Given the qualitative nature of these data, a basic qualitative
research approach was taken, where the end product is a summary rather than the development of a theory
(Merriam & Tisdell, 2016). Content analysis was also used to analyze these data. This is designed to describe
patterns and frequencies within gathered data (Merriam & Tisdell, 2016). The decision was made to evaluate
the items as a set (i.e., as a whole test) rather than individually due to the nature of the codes. Any one item
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would be flagged as lacking most codes, while perhaps the test would not. For example, if an item contains
a single scientist in the item stem, that individual would not be described as identifying as all gender
orientations simultaneously.

The set of items were analyzed via a deductive coding approach. Pre-determined codes were created
using a subset of topics contained in the “Culturally Responsive Higher Education Curriculum Assessment
Tool” (McNulty et al., 2024). The presence of these codes across the items as a set was quantified. This
quantification was further enriched by a qualitative description of the presence of the codes in the item set.
The codes can be seen in Appendix 2. Each item set was coded independently by both authors, each of
whom took notes during the process. The raters then met to discuss the presence or absence of codes in
each item set until agreement was reached. Observed patterns within the items were also noted and
discussed.

In addition to evaluating cultural relevance, these items were also examined for content as previously
described. A chi-square test with simulated p-value was performed to determine if the content covered
differed between the two prompts. It was necessary to use a simulated p-value due to multiple cell counts
with values less than five (Hope, 1968). A Fisher’s exact test was not possible due to the size of the table.

RQ3: How do generated items vary across three different ChatGPT query histories? Items
generated by each of the fictitious users (i.e., the trained user and the naive user) were examined as described
in RQ1 and RQ2. In addition to tabulating content coverage and evaluating items for cultural relevancy,
these values were compared across all three users. A chi-square analysis was used to determine if content
coverage differed by user, with a separate analysis performed for each prompt. Recognizing that multiple
tests were being run, a Bonferroni correction was employed to avoid an inflated Type I error rate.

Results

Overall, the results indicated that for an undergraduate introductory biology course, ChatGPT was able
to create factually correct items. However, it struggled more in its interpretation of “culturally relevant,”
creating items that were more tokenizing of cultural context than truly culturally responsive. Finally, this
study underscores the role a user’s query history can play in the responses generated. The specific results
related to each research question are detailed below.

RQ1: How accurately does ChatGPT generate multiple-choice biology items?

Items generated from prompt 1 (100 multiple choice questions for an undergraduate introductory
biology course) by the author’s account were generally factually correct with sound rationale — only two
items were questionable. One of these questions was factually incorrect (attributing activation energy to an
enzyme rather than the reaction). The other question was not factually incorrect as written but was not a
well-written question (what individual would be most likely to express an X-linked recessive trait).

The items covered a range of topics that would be expected for such a course (e.g., reactions, biological
macromolecules, genetics and natural selection, cell division, photosynthesis, ecosystems, etc.). Table 2
contains the broad unit categories from Biology 2e (Clark et al., 2018) and the proportion of items in each
category for each user. The other two users will be examined in the section for research question 3. One
area that was not represented, which the author expected to have at least one question on, was basic
chemistry (i.e., chemical bonds and properties of water). This is a small portion of an introductory biology
course, but it contains important concepts that carry through much of the rest of the course.

One interesting pattern that arose from an overall test evaluation was around the frequencies of correct
answers. Over 50% of the questions had “C” as the correct answer, and another 30% had “B” (Table 3).
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This was a significant deviation from an expected distribution of 25% for each answer choice, ¥*(3, N =
100) = 78.16, p < .0001.

Table 2. Proportion of Items Categorized to Each Unit of Study in Biology 2e.

Author User Trained User Naive User

Prompt1 Prompt2 Promptl Prompt2 Promptl Prompt2

The Chemistry of Life 0.09 0.08 0.06 0.10 0.13 0.01
The Cell 0.29 0.08 0.39 0.07 0.55 0.04
Genetics 0.24 0.09 0.34 0.05 0.18 0.12
Evolutionary Processes 0.08 0.04 0 0.04 0.03 0.04
Biological Diversity 0.02 0.08 0.03 0.09 0.03 0.12
Plant Structure and Function 0.04 0.16 0 0.04 0.01 0.04
Animal Structure and Function  0.11 0.11 0.17 0.55 0.03 0.19
Ecology 0.13 0.36 0.01 0.06 0.04 0.44

Table 3. Percent Representation of Each Answer Choice by User and Prompt

Author User Trained User Naive User
Prompt 1 Prompt 2 Prompt 1 Prompt 2 Prompt 1 Prompt 2
A 9 29 1 4 6 33
B 31 56 30 35 32 50
C 57 12 58 59 59 14
D 3 3 11 2 3 3

Y’'(3) =78.16 ¥*(3)=064.56 ¥’(3)=7544 %’(3)=89.04 x’(3)=82.00 x*3)=5176
Note. All ¥ values were significant at p < .0001.

RQ2: How does ChatGPT interpret an explicit request for culturally relevant items?

The questions generated by the prompt asking explicitly for culturally relevant items by the authot’s
account were again factually correct. Indeed, while three questions had questionable answers, none were
factually incorrect. As an example, one question asked “In rural Ghana, people use neem as a natural
pesticide. Neem works by:”, with the correct answer being “Disrupting insect hormone systems”. This
question is not factually incorrect, but it is more detailed than expected for an undergraduate introductory
biology course. There is a chapter on the endocrine system (i.e., hormones), but the focus is on types of
hormones, human body processes regulated by hormones, and hormone production. It could be argued that
an instructor could cover this specific instance, but it is not part of a general curriculum. Similar to the
questions generated by the initial prompt, the distribution of answer choices was skewed, with 56% of items
having “B” as the correct answer and 29% having “A” (Table 3).
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ChatGPT altered the breadth and scope of the questions compared to the initial prompt. Across all
questions, ChatGPT would use the first sentence of every question stem to situate the question in a particular
context. The second sentence/phrase would then pull out a question from the context. For example:

An Eritrean physician researches sickle cell disease. What evolutionary advantage does the sickle cell trait offer?
A Cambodian biologist preserves wild rice strains. Why is genetic diversity important?

Additionally, the overall themes represented in these questions were predominantly ecology/farming, plant
biology, and food. In the initial prompt, these topics made up 26% of the questions, predominantly from
ecology and population genetics. However, in the prompt asking for culturally responsive items, these topics
now make up 70% of the questions. One aspect that the culturally relevant items address, which the items
from the initial prompt did not, is ethics. The culturally relevant set had three items addressing ethical
considerations or environmental justice topics. None of the items from the initial prompt addressed these
topics. Alternatively, topics on genetics, reactions, and enzymes were very lightly covered, with no examples
considering alleles and/or Punnett squares, even though the initial prompt included five items on these
topics. These topics are commonly covered in an introductory biology course, including in the Biology Ze
textbook used as the curriculum guide for this paper (e.g., Chapters 2, 6, and 12; Clark et al., 2018).

After independent coding and prior to reconciliation, the two raters had a 96% agreement rate.
Reconciliation resulted in 100% agreement. Qualitative evaluation of the items as a set showed that some
codes were more represented than others. For example, the items had racial representation of individuals,
LGBTQ+ individuals, and non-Christian religions. However, there was no representation of persons with
disabilities, persons impacted by the legal system, or diverse relationships and family structures. Some items
were culturally-affirming while others could be considered to be stereotyping. There was discussion between
the raters on this code in particular, deciding if the presence of stereotyping items would negate the presence
of culturally-affirming items (i.e., would the harm of the stereotype outweigh the benefit of cultural
affirmation). This set of items did connect to a variety of social and environmental issues that could affect
students on an individual or societal level as well as presented examples of service, volunteerism, and
activism. As a single test, these items did not ensure accessibility for students, a definite area for
improvement.

Looking at the topics, cultures, and contexts provided in the question stem, there were instances of
stereotypes potentially being reinforced (e.g., “A Chinese herbalist studies ginseng’s effects on metabolism.
What organelle is directly involved in energy production?” or “A Pakistani village experiences frequent
cousin marriages. What genetic concept becomes more relevantr”). In many cases, the “cultural” aspect
appeared to be an afterthought added to the question stem. For example: “A Palestinian engineer designs
green roofs to reduce city heat. What plant structure reduces water loss?” The cultural context is tenuously
related to the question portion.

RQ3: How do generated items vary across three different ChatGPT query histories?

The three different “users” of ChatGPT all generated both sets of questions. The two sets of questions
generated by both prompts for the author were discussed in the context of research questions 1 and 2 above.
This was to address a key aspect of RQ3, and the overall purpose of this paper. If a test developer is turning
to genAl to generate test items, they will likely turn to their personal account without much consideration.
This research question addresses how different user query histories may change the distributions seen in
RQ1 and RQ2. Both of those research questions will now be discussed in the context of the other users
below.

Prompt 1: 100 biology items. For Prompt 1, the most notable difference was in the trained user. There
were four items on sex, sex chromosomes, or gender for the trained user. For all these items, the stem
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and/or the answer choices were maintaining a very strict gender binary (e.g., “Which statement about
biological sex is correct? Answer: It is genetically fixed at conception.”). None of the items from the authot’s
account had this strict binary; indeed, there was only one question on sex chromosomes with the focus being
X-linked recessive disorders. The authot’s items included more questions involving alleles and/or Punnett
squares (see above), whereas neither the trained user nor the naive user generated items on these topics.

Another notable difference is the absence of items addressing natural selection, evolution, or population
genetics in the trained user. Both the author’s items and the naive user’s items had multiple questions on
those topics (Table 2). The trained user was also missing items on plant structure and function that the
author user and naive user were not. A chi-square test with simulated p-value evaluating if there was a
difference in content representation between the three users was significant, y* = 135.86, p < .0001.

There were no marked differences in the number of factually incorrect items (one or two per user). As
previously noted, each user had a disproportionate number of correct responses in a single category (Table
3). This falls under a test design problem that could be corrected with human oversight or perhaps better
prompt engineering.

Prompt 2: 100 culturally relevant biology items. The items generated from the second prompt follow
a similar pattern to the first prompt: the author’s items and the naive user’s items were similar, while the
trained user’s items follow a different pattern. As discussed above, the culturally relevant items for the naive
user followed the same pattern of introducing a cultural context as a one-sentence introduction to the
question stem.

The trained user, however, did not incorporate cultural diversity in the question stem. As an example,
“A Christian farmer rotates crops to protect soil health. Which benefit does this practice offer?” or “A
homesteading family stores meat in a freezer. Why does freezing preserve food?” There is still a one-sentence
contextualization of the question, but the diversity seen in the other users is not as apparent. With the trained
user, there is a much more overt focus on religion and patriotism than was seen in the prior two queries.
Specifically, 25% of the items mentioned “Christian”, “God”, “missionary”, or “church” while another 8%
mentioned “patriot” or “soldier”. In items where an individual was doing work or going to school, that
individual was always described as male.

While these items were qualitatively evaluated using the same codes as the other two users, the
conclusion was that these items are not culturally responsive. The only code that could be said to be
represented was that this set of items did not present non-dominate cultures as alien or exotic. This was
because there were no non-dominate cultures represented in the items.

A chi-square test with simulated p-values was run to determine if the content representation differed
between the three users for this prompt. A significant difference was again found, x* = 139.76, p < .0001.

Implications for Practice

Reflecting back to the context of this study, we intentionally adopted the perspective of typical users
integrating genAl into assessment workflows rather than that of a psychometrician deliberately optimizing
prompts. Such users may be classroom instructors, program-level assessment coordinators, or even test
developers or item writers. The implications of this study are of particular importance in this context.

The findings of this study highlight several important considerations for practitioners who may rely on
generative Al to support item development, particularly those working without extensive psychometric
training or institutional resources. While genAl can rapidly create large numbers of multiple-choice items
that are often factually accurate, human oversight remains critical for ensuring quality, fairness, and
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representational accuracy. GenAl item generation may provide a starting point, but careful review and
iterative refinement are necessary to ensure that items are accurate, high quality, and culturally sensitive.

One implication concerns foundational aspects of test design. The uneven distribution of correct answer
choices across many genAl-generated items illustrates how baseline output may inadvertently introduce
patterns that test-wise students can take advantage of. From a wvalidity perspective, such structural
irregularities raise concerns about evidence based on internal structure and response processes, as described
in the Standards for Educational and Psychological Testing (AERA et al., 2014). Even when items are factually
correct, further refinement is necessary to ensure they align with intended constructs and do not introduce
construct-irrelevant variance. Therefore, genAl outputs would be best considered as drafts rather than fully
developed items.

Another implication relates to cultural representation. Across the user profiles examined, item content
varied in both topic selection and cultural contextualization based on the model’s interpretation of each
uset’s prior interactions. Although culturally relevant prompts elicited some attempts at contextualization,
these additions were often brief, inconsistently integrated, or not meaningfully connected to the underlying
content. Therefore, reliance on genAl alone is unlikely to produce culturally relevant items without
substantial human involvement. However, it is important to keep in mind that culturally responsive
assessment frameworks, such as those put forward by Walker et al. (2023) and Randall et al. (2021),
emphasize the importance of flexibility in demonstrating knowledge, alignment with students’ lived
experiences, and asset-based representation. Thus, a single multiple-choice format, particularly when
generated without intentional cultural design, cannot fully meet these expectations. While culturally relevant
prompts may encourage some contextualization, the results of this study suggest that authentic alignment
with these frameworks requires collaboration among instructors, students, and relevant stakeholders.
Generative Al cannot substitute for these essential practices.

Within the unified validity framework put forth by Messick (1989), these concerns extend beyond surface
representation to the consequential basis of validity. Shifts in contextual framing has the potential to
influence whose knowledge is centered and how constructs are interpreted. If item contextualization varies
across diverse item-generation environments, the meaning and social implications of the resulting scores
may also shift. Cultural responsiveness, then, is not outside the discussion of validity. Rather, it is embedded
within the interpretive arguments that support score use.

A further implication concerns the influence of user query history on item generation. Differences
between user profiles were most apparent when culturally relevant items were requested, indicating that
perceived values or viewpoints subtly shaped topic emphasis and contextual framing. This pattern may
reflect a combination of interaction history effects and model sycophancy, whereby genAl systems tend to
align with user beliefs to maintain conversational flow (Sharma et al., 2024). Practitioners using personal
accounts to draft test items may therefore introduce unintended forms of bias linked to their prior
interactions with the model. Given these findings, a practical recommendation for educators and assessment
developers is to use a dedicated or new account when generating initial item drafts with commercially
available genAl systems. Doing so reduces the influence of prior interactions and supports more consistent,
neutral output. This practice may be especially valuable for individuals or programs without access to
specialized assessment personnel, as it provides a straightforward way to limit additional sources of bias
beyond the model’s existing training data.

Extending the impact of query history on output to Kane’s (2006, 2013) argument-based validity
perspective, the “personalization” of output to a user introduces a potential vulnerability. Considering that
within this framework, observed scores are thought to generalize to a defined universe of items, different
query histories that lead to different item pools is problematic. However, when item generation depends on
user query history, the sampling of that universe may shift across different test developers. The question
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then becomes whether the item pool reflects the intended construct or if it is reflects a construct that was
filtered through the lens of user query history. Therefore, if item content and/or features depend on user
query history, the interpretive argument for score meaning must account for this additional source of
variability.

To summarize, while genAl may reduce the time needed to produce an initial item pool, its integration
into item development introduces validity concerns extending beyond efficiency. The effect of user query
history, structural irregularities, and variability in cultural context highlights the need to examine not only
item quality but also the stability of construct representation and the consequences of score interpretation.
Within contemporary validity frameworks, these findings further emphasize that genAl has the potential to
reshape the evidence that interpretive arguments are built on. Therefore, human oversight is not only
necessary for accuracy, representational appropriateness, and alignment with cultural responsiveness
frameworks but also to ensure defensible validity arguments can be made. Effective prompt engineering
may improve the quality of initial output, but a human-in-the-loop process remains necessary to ensure that
items are both psychometrically sound and culturally responsive. Ultimately, genAl may offer efficiency
benefits, but it does not eliminate the expertise and care required in assessment design.

Limitations

From the start, this was an exploratory study. The purpose of this paper was to take a first look at this
avenue of research and important questions. We encourage researchers to build on what we have here.
Second, our intended audience was a casual genAl user who may not be trained on prompt engineering.
Therefore, this study was looking at the behavior of ChatGPT “out of the box”. Findings in this study may
be able to be overcome with careful prompt engineering, or avoided entirely by using a custom-built engine.
Methodologically, one major limitation to this study is that only one “user” of each type was queried. The
distributions may look different if averaged over a number of unique users of each type. Additionally, all
these questions were for an introductory undergraduate biology course. The ability of ChatGPT to generate
accurate questions for an upper-level molecular biology course, for example, may not be as strong. Other
topic areas and types of questions remain to be examined.
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Appendix 1
Prompt 1:

I am an instructor for an undergraduate introductory biology course. Please write 25* multiple-choice
items suitable for a cumulative final exam for this course. These items should go beyond basic
memorization of facts and include higher orders of thinking. For each item, indicate the correct answer
and provide a brief rationale.

*A request for 100 was too large for the free version. Follow-up prompts were:

Please provide 25 additional unique items, following the same guidelines as before. (x3)

Prompt 2:

I'am an instructor for an undergraduate introductory biology course. Please write 25* culturally responsive
multiple-choice items suitable for a cumulative final exam for this course. These items should go beyond
basic memorization of facts and include higher orders of thinking. For each item, indicate the correct
answer and provide a brief rationale.

*A request for 100 was too large for the free version. Follow-up prompts were:

Please provide 25 additional unique items, following the same guidelines as before. (x3)
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Appendix 2
Qualitative codes

These codes are a modification of the rubrics presented in the Cwulturally Responsive Higher Education
Curriculum Assessment Tool (McNulty et al., 2024).

e Racial representation of individuals: Latinx/Hispanic, Black/African, Native American,
Asian/Pacific Islander, Middle Eastern, White/Caucasian, Multi-Racial

e Representation of LGBTQ+ individuals

e Representation of persons with disabilities

e Representation of non-Christian religions

e DPortrayal of diverse cultures, ethnicities, histories, and nationalities without stereotypes,
generalizations, and assumptions

e Culturally-affirming references to different ethnic and cultural traditions, languages, beliefs, names,
and dress

e EBxamines diverse relationships and family structures
e Highlights individuals with disabilities, honors their achievements, and values their contributions

e Does NOT present minoritized populations as having low economic wealth or low educational
attainment

e  Does NOT present non-dominate cultures as alien or exotic

e Highlights non-dominate populations, their strengths, and assets

e Acknowledges obstacles generated by systemic oppression and discrimination

e Acknowledges that individuals impacted by the legal system can turn their lives around

e Tocuses on the dignity and contributions of diverse races, classes, genders, abilities, and sexual
orientations

e Recognizes the value and integrity of diverse faiths and other belief systems

e Connects to social, political, or environmental issues that affect students on an individual or
societal level

e Ensures accessibility for students by addressing multiple learning styles, types of disabilities, and
intelligences

e Torges connections to the broader community by presenting examples of service, volunteerism,
and activism

e Places value on a pluralistic, diverse, multicultural, and equitable society
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