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Abstract

This study explores the application of GPT-3.5-turbo for item generation and translation
in non-cognitive educational assessments, specifically focusing on the University Belonging
Questionnaire (UBQ). The UBQ, designed to measure university students’ sense of belong-
ing across three dimensions, was expanded to include a new dimension on peer relationships,
and translated into Chinese using GPT-3.5-turbo. A total of 25 new items, including those
for the new dimension were generated and translated into Chinese, out of which 14 items
passed the expert review. Psychometric analyses of the expanded and translated UBQ
were conducted to evaluate reliability, internal structure, and external validity. The results
demonstrate that the UBQ, with its new and translated items, maintains strong reliability
and satisfactory internal structure, although the new items introduced some noise. Correla-
tion analyses with the general belongingness scale revealed moderate associations with the
acceptance dimension but weak associations with the overall scale. The study highlights
GPT’s potential in efficiently expanding and translating non-cognitive assessment tools.
This work addresses crucial needs in educational assessments and provides a foundation for
future advancements in item development and translation.

Keywords: Item Generation, Item Translation, University Belonging Questionnaire, Non-
Cognitive Assessment, Large Language Model

1. Introduction

The growing integration of large foundation models, such as GPT-3.5, into educational
assessment offers significant potential to streamline traditionally labor-intensive tasks like
item generation and translation (Brown, 2020; Devlin, 2018; Wilson, 2023). While these
models have been extensively studied for cognitive assessments, their application to non-
cognitive measures remains relatively unexplored (Gierl and Haladyna, 2013; Kurdi et al.,
2020). This gap is particularly important as non-cognitive factors, such as students’ sense of
belonging, are critical for predicting academic success and well-being (Slaten et al., 2018),
and also non-cognitive factors are by nature less well defined as compared to cognitive
factors thus posing more challenges on creating a sound measurement tool(Humphries and
Kosse, 2017).

This paper investigates the use of GPT-3.5-turbo in automating the generation and
translation of items for the University Belonging Questionnaire (UBQ), a tool designed to
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measure students’ sense of belonging within an academic institution (Slaten et al., 2018).
We evaluate the model’s effectiveness in generating new items, translating English items
into Chinese, and focus on the evaluation from the psychometric perspective. Using the
processes illustrated in Figure 1, the key research questions for this work are:

• RQ1: Do non-cognitive assessment items generated by GPT preserve satisfactory
psychometric properties(i.e., reliability and validity) as established in the original
UBQ tool?

• RQ2: Do non-cognitive assessment items translated by GPT have cultural adaptabil-
ity, and if so, to what extent?

2. Related Work

2.1. University Belonging Questionnaire

Belongingness, recognized as a fundamental human need, is regarded as a deeply ingrained
motivation for individuals (Allen et al., 2022). In educational settings, a sense of belonging
has been shown to play a crucial role as a non-cognitive construct that positively contributes
to students’ success (Vargas-Madriz and Konishi, 2021). The UBQ was developed to mea-
sure university students’ sense of belonging, providing a standardized tool for use across
studies and disciplines in higher education (Slaten et al., 2018). The UBQ employs a four-
point Likert scale ranging from strongly disagree to strongly agree and consists of 24 items,
as detailed in Appendix A. Analyzed by explanatory factor analysis, the questionnaire
can be divided into three dimensions: university affiliation (12 items), university support
and acceptance (8 items), and faculty and staff relations (4 items). The total UBQ had
an internal consistency of α = 0.94, the three subscales had α = 0.92 for university affili-
ation, 0.85 for university support and acceptance, and 0.88 for faculty and staff relations.
Three subscales showed small to moderate correlations: university affiliation with univer-
sity support and acceptance (r=0.65), university affiliation with faculty and staff relations
(r=0.47), and university support and acceptance with faculty and staff relations (r=0.48)
(Slaten et al., 2018).

The UBQ is selected for this study for several reasons: (1) the sense of belonging is
an essential non-cognitive factor in educational environments, making the UBQ a widely
used tool (Ahn and Davis, 2023); (2) there is a strong need for further item development,
particularly regarding the faculty and staff relations dimension; (3) the absence of a dimen-
sion addressing peer relationships, which are critical in shaping students’ sense of belonging
(Gowing, 2019); and (4) the UBQ, originally developed in English, requires translation into
other languages (e.g., Chinese) to extend its applicability to broader populations.

2.2. Automatic item generation

Items form the backbone of educational assessments, playing a pivotal role in evaluating
knowledge and skills. Practitioners increasingly face pressure to expand item banks to en-
sure test security, accommodate diverse respondent populations, and keep pace with social
and technological changes (Kaat et al., 2019; Xie et al., 2014). However, item develop-
ment remains a costly, time-intensive, and labor-heavy process (Wilson, 2023; Lane et al.,
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2016). Consequently, automatic item generation (AIG) has emerged as a promising solution
for scaling item production (Gierl and Haladyna, 2013). Common AIG methods include
syntactic and semantic approaches, rule-based systems, templates, and statistical methods
(Gierl and Haladyna, 2013; Yao et al., 2012). Template-based AIG, for example, may keep
the core structure of an item while altering key terms related to the measured construct.

As a natural language processing (NLP) task, AIG has seen the increasing application
of large language models (LLMs) in educational assessments, yielding promising results in
generating items, particularly for cognitive assessments (Laverghetta Jr and Licato, 2023;
Attali et al., 2022; Lee et al., 2023; Bhandari et al., 2024). The majority of this research
focuses on generating cognitive items, while the generation of items for non-cognitive con-
structs, such as social-emotional skills and attitudes (e.g., sense of belonging), remains
underexplored (Farruggia et al., 2018). Yet constructing a non-cognitive assessment might
be a harder problem since there is usually no clear structure and standardization for the
factors being measured(Humphries and Kosse, 2017). Given the well-documented impact of
non-cognitive factors on students’ future success (Kautz et al., 2014; Carneiro et al., 2007),
there is a pressing need for more research into non-cognitive item generation using LLMs.
Furthermore, examining the psychometric properties of generated items is critical, as valid
measurement depends on the coordination of multiple items or even multiple dimensions.

2.3. Item translation

Item translation is essential for assessments administered to respondents who speak lan-
guages other than the one used during item development. For example, most items for the
Programme for International Student Assessment (PISA) are initially developed in English,
requiring extensive translation efforts to support the international scope of the assessment
(OECD, 2024). While LLMs have demonstrated strong translation capabilities (Radford
et al., 2019), translation for educational assessments demands a higher standard of accuracy
and cultural adaptation.

Traditionally, forward and backward translation has been the gold standard for cross-
cultural item translation (Brislin, 1970). This method involves translating items from the
source language into the target language, followed by a back-translation into the original
language by an independent translator. Comparing the back-translation with the original
text allows for the identification of discrepancies, which can then be resolved through re-
visions. Despite its widespread use, this method is time-consuming and costly, as it often
requires professional translators. Moreover, the quality of translations depends heavily on
the translator’s skill, motivation, and attention to detail (Ozolins et al., 2020). In this con-
text, LLMs offer the potential for efficient, contextually accurate translations, providing a
scalable alternative to traditional methods.

3. Methods

3.1. Item Generation and Translation

We employed GPT-3.5-turbo for both item generation and translation tasks, as it was the
most up-to-date version of GPT at the time of the study. For item generation, we used
the default settings for temperature and Top P. The system component setup, shown in
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Figure 1: The process adopted in this research to expand and translate the UBQ

Figure 2, included specifying the role of GPT, defining of meaning of the four dimensions,
and providing guidelines for item generation. Using the prompt template shown in Figure
3, GPT was instructed to generate five items for each existing dimension and 10 items for
the new peer relationship dimension. The prompt included the 24 existing items to support
few-shot learning and reduce the likelihood of duplicate items. In total, GPT generated 25
new items on four dimensions.

Figure 2: System instruction for GPT as an item generator

After generating the items and conducting an initial expert review, we used GPT to
translate all items into Chinese. For this task, we defined GPT’s role based on the criteria
we use when hiring human translators in prior projects (see Figure 4). To leverage few-
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Figure 3: An item generation prompt template

Figure 4: System instruction for GPT as an item translator

Figure 5: A item translation prompt template
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shot learning, in the prompt (see Figure 5), we provided GPT with example translations
from a similar scale, the General Belongingness Scale (Malone et al., 2012), which had been
translated by human experts and validated in the Chinese context (Hu and Tan, 2024).

3.2. Expert Review

A group of experts with experience in educational assessment and cross-cultural studies in
both the U.S. and China were invited to review the items. They first evaluated whether the
original 24 items fit the Chinese context, resulting in the removal of four items (A01, A06,
A08, and F04). For example, item A01, “I take pride in wearing my university’s colors,”
was removed because most Chinese universities do not have official colors.

Next, the experts evaluated the newly generated items. For the existing dimensions, they
selected the top three items from the five generated by GPT. For the new peer relationship
dimension, they chose five items from the 10 generated. This ensured that each dimension
would contain at least five items for subsequent psychometric analysis. The experts also
reviewed the quality of the translations and provided minor suggestions for improvement,
which were implemented while retaining the majority of the GPT-generated content.

After the expert review, 20 original items and 14 new items were retained, resulting in
a final scale of 34 items in Chinese.(see Appendix B).

3.3. Psychometric Analysis

We followed the Standards for Educational and Psychological Testing (American Educa-
tional Research Association and on Measurement in Education, 2014) to gather evidence
for the psychometric properties of the revised UBQ. This includes reliability, validity evi-
dence related to content, internal structure, and external variables. Content validity was
ensured during the expert review, while the remaining evidence was gathered through psy-
chometric analysis using respondent data.

Data Collection. We collected responses from 318 college students in China using the
expanded and translated UBQ. To assess external validity, we also administered the General
Belongingness Scale (Malone et al., 2012), given its conceptual similarity to the UBQ.

Psychometric Model. The Partial Credit Model (PCM), a polytomous extension of
the Rasch model, was used to assess the psychometric properties of the expanded and trans-
lated UBQ. As shown in Equation (1), the PCM describes the probability of a categorical
response as a function of the respondent’s trait level (i.e., the four dimensions of UBQ in
this study) and the difficulty of the item. Given that the UBQ contains four dimensions,
we employed a four-dimensional PCM.

P (ypi = x|θpd, δi) =
exp[Σx

k=0(θpd − δix)]

Σmi
h=0[expΣ

h
k=0(θpd − δik)]

, x = 0, 1, ...,mi (1)

where p, i, x, and d index respondent, item, category(i.e., the category respondents choose
for the Likert scale item), and dimension, respectively; and y, θ, and δ denote observed
responses, respondents’ latent traits, and item-by-category difficulty, respectively; mi rep-
resents the maximum scores of item i.
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Reliability was quantified using both the Expected A Priori (EAP) reliability coefficient
from the PCM and Cronbach’s α. A Cronbach’s α value of 0.70 or higher is generally
considered acceptable for low-stakes assessments (Tavakol and Dennick, 2011).

The internal structure was assessed using the correlation coefficients among the UBQ
dimensions, item fit statistics, and a Wright map. Correlation coefficients were derived
from the multidimensional PCM, and we expected the new dimensions to show similar
correlations to the existing ones. Item fit was evaluated using information-weighted fit
(infit) statistics, which measure the degree of deviation between observed and expected
scores. An infit of 1.0 is ideal, with values between 0.5 and 1.5 being acceptable. Values
below 0.5 indicate artificially inflated reliability, while values above 1.5 suggest the item
distorts measurement (Linacre, 2002, 2011). At the measurement level, the Wright map
visually aligns respondents’ latent trait estimates with item thresholds, with well-spaced
cut points indicating a strong internal structure.

For external validity, we calculated Pearson correlation coefficients between the latent
trait estimates from the UBQ and the General Belongingness Scale. Given the conceptual
similarities and differences in context, we anticipated moderate correlations between the two
measures. The General Belongingness Scale consists of 12 items on a 7-point Likert scale.
We calculated the scores for each dimension and total scores after reversing the rejection
items.

4. Results

4.1. Reliability

As shown in Table 1, the expanded and translated UBQ, generated with the assistance of
GPT, demonstrated satisfactory reliability across the entire scale as well as within each
individual dimension. While the reliability of the newly added dimension(0.90), Peer Re-
lationship, is slightly lower than that of the original dimensions, it still meets acceptable
standards. Moreover, the GPT expanded and translated scale, improved the reliability
of the original scale(α = 0.94, adjusted α = 0.96, while corrected by Spearman-Brown
formula) to 0.98.

Table 1: Reliability of the new UBQ

Dimensions Cronbach’s α EAP reliability

UBQ 0.98 0.96
University affiliation 0.94 0.91
University support and acceptance 0.94 0.88
Faculty and staff relations 0.91 0.83
Peer relationship 0.90 0.80

4.2. Evidence Related to Internal Structure

Correlation among Dimensions. The correlation matrix presented in Table 2 shows
moderate correlations(i.e., 0.81-0.87) between the four dimensions, reflecting both shared

7



Xue Liu Xiong

characteristics in measuring university belonging and the specific focus of each dimension.
This indicates a reasonable internal structure, with the dimensions complementing one
another while assessing distinct aspects of belonging.

Table 2: Correlation coefficients among the dimensions within the UBQ expanded and
translated by GPT

University
affiliation University support
and acceptance Faculty and staff
relations Peer
relationship

University affiliation 1
University support and acceptance 0.86 1
Faculty and staff relations 0.87 0.86 1
Peer relationship 0.87 0.85 0.81 1

Figure 6: Infit statistics for the 34 UBQ items
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Infit. The item fit statistics, presented in Figure 6, show that all 34 UBQ items fall
within the acceptable range of infit values (0.5 to 1.5), indicating good item fit overall. How-
ever, it is noteworthy that the infit statistics for many items, particularly the new items
generated by GPT, are generally lower than 1.0. This suggests that while GPT can effec-
tively generate and translate UBQ items, the model tends to introduce some measurement
noise, leading to slightly inflated internal consistency.

Wright Map. The Wright map, shown in Figure 7, provides a visual representation of
the item distribution and latent trait levels of the respondents. Clear cut points are evident
for most items, supporting the internal structure of the scale. However, two items, A09
from the original UBQ item pool and P05n generated by GPT, deviate from the expected
pattern, suggesting potential issues in their measurement alignment. Overall, the Wright
map demonstrates a satisfactory internal structure, even for the items generated by GPT.

Figure 7: The Wright map
Dim1 : University affiliation; Dim2 : University support and acceptance;

Dim3 : Faculty and staff relations; Dim4 : Peer relationship

4.3. Evidence Related to External Variables.

As shown in Table 3, the four dimensions of the UBQ exhibit moderate correlations with
the acceptance dimension of the General Belongingness Scale, indicating a meaningful re-
lationship between the two constructs. Interestingly, there is also a slight, yet notable,
correlation between the UBQ dimensions and the rejection dimension of the General Be-
longingness Scale. This result was unexpected but could be explained by the overlap in the
social-emotional skills required to navigate both belonging and rejection experiences in uni-
versity settings (Allen et al., 2021). In other words, students with strong social-emotional
skills are likely to be sensitive to both feelings of belonging and rejection in their academic
environment.
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The UBQ dimensions also show a weak association with the total score of the General
Belongingness Scale, though this correlation(i.e., range between 0.27 and 0.34) is lower
than anticipated. This might suggest that while both scales assess related constructs, the
contexts in which they operate (general versus university-specific belonging) may account
for the weaker overall correlation.

Table 3: Correlation coefficents between the UBQ and the General Belongingness Scale

University
affiliation University support
and acceptance Faculty and staff
relations Peer
relationship

Acceptance 0.74 0.76 0.70 0.77
Rejection 0.15 0.12 0.14 0.09
General Belongingness 0.28 0.32 0.27 0.34

5. Conclusions

Using the UBQ as a case study, we demonstrated GPT’s potential in expanding and translat-
ing items for non-cognitive assessments, including the introduction of new dimensions. Psy-
chometric analyses confirmed the sound properties of these items, showcasing the model’s
utility in addressing two critical NLP tasks: item development and translation in non-
cognitive assessments. This is particularly significant as the demand for diverse, tailored
assessments continues to grow. Finally, it is important to note that item generation and
translation are the first few steps of the development of non-cognitive assessments, and field
tests and psychometric analyses are needed to guarantee the qualities before broader usage.

However, while the expansion and translation of the UBQ were driven by practical needs,
this study is limited by focusing on a single example. Future research could extend this
work by applying GPT across a broader range of non-cognitive educational assessments.
Additionally, incorporating techniques such as chain-of-thought prompting and comparing
GPT’s performance with other large language models would provide valuable insights for
practitioners in the field of educational assessment.
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Appendix A. 24 Items of the Original UBQ

As shown in Figure 8, there are 24 items in the original UBQ. 12 items assess the university
affiliation; eight items assess university support and acceptance; four items are about faculty
and staff relations.

Figure 8: The Original UBQ items in English
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Appendix B. 34 Items of the UBQ expanded and translated by GPT

As shown in Figure 9, after item generation and expert review, A01, A06, A08, and F04 were
removed to better accommodate the Chinese context. Item names ending with n indicate
the new ones generated by GPT. Chinese translation by GPT is listed in the last column.

Figure 9: UBQ items expanded and translated by GPT
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Appendix C. Survey instruction

Figure 10: Survey instruction in Chinese
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Figure 11: Survey instruction in Enligsh
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