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Attificial intelligence (Al) is transforming multiple facets of the competitive
business world and education. Despite this, the full potential of Al applications
within education remains unclear because of the lack of a comprehensive framework
on how to use Al in developing assessments across various academic disciplines.
While incorporating Al into assessment design can streamline the integration of
diverse learning components, it is essential to establish clear performance criteria to
ensure the validity of these assessments. In engineering education, the integration of
Al in assessment design poses ethical concerns, accountability issues, and
limitations in capturing diverse learning forms, and therefore careful consideration
is required to ensure fairness and pedagogical value are maintained. This paper aims
to conceptualise effective assessment processes using Al in engineering education
and demonstrate the potential of various validity techniques, providing a
comprehensive framework for leveraging Al to enhance assessment accuracy and
effectiveness in engineering education. The discussion elucidates the key
components necessary for developing effective assessments through the application
of Al capabilities.
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Al and Assessment Design in Engineering Disciplines
Introduction

Artificial intelligence (AI) is driving transformative changes across
many sectors worldwide (Gruetzemacher & Whittlestone, 2022). Higher
education is no exception, and the debate surrounding the benefits of Al
seems far from reaching a conclusion (Moorhouse et al., 2023). Lodge et
al. (2023) argued that the application of Al technologies in educational
practices promises to enhance learning outcomes, streamline
administrative processes and offer innovative approaches to assessment
design.

Recent studies such as Chen et al. (2020) have emphasised that Al-driven
education platforms can offer personalised learning experiences by
leveraging machine learning algorithms and intelligent tutoring systems,
highlighting the shift from traditional computer-based education to
intelligent, adaptive systems that cater to individual student needs.
Similarly, Ciolacu et al. (2018) discussed how early recognition systems,
incorporating Al, can predict student performance, further supporting the
potential for personalised learning paths to enhance student outcomes.

However, the potential benefits of Al in education have not been fully
realised because of the absence of a unified framework spanning diverse
academic disciplines (Rudolph et al., 2023). The absence of such a
framework is particularly evident in interdisciplinary approaches, where
Al technologies such as those explored in multiple intelligence-based
teaching systems could be integrated into curricula to foster creativity
and problem-solving across fields (Lo et al., 2021). As expressed by
Kizilcec et al. (2024), a further consideration is doubts about whether Al-
based assessment is authentic. As highlighted by Ting et al. (2023),
concerns over the authenticity and validity of Al-driven assessments
continue to grow. Although these authors proposed a framework for
automating assessments through natural language processing and
machine learning, they noted the challenges in ensuring these
assessments meet educational standards. Therefore, this study is based
on the research question: How can the application of Al extend the design
creativity in curricula and contribute to a valid assessment?
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As educational institutions and educators explore the use of Al in
education, particularly in the realm of assessment, they encounter the
challenge of establishing robust performance criteria to validate Al-
driven assessments (Swiecki et al., 2022). The lack of a comprehensive
framework complicates efforts to leverage Al effectively and ensure the
validity of assessments generated using Al applications (Memarian &
Doleck, 2024). However, as demonstrated by researchers such as
Fayoumi and Hajjar (2020), who applied artificial neural networks to
forecast academic performance and improve decision-making processes,
higher education frameworks that incorporate advanced learning
analytics and Al technologies can provide deeper insights into student
performance and feedback loops.

To address the lack of a clear framework for how to use Al assessments
in education, this paper conceptualises the process of ensuring effective
assessment using Al. The study explains several validity techniques that
can be applied through Al and proposes an Al-based framework to
ensure assessment accuracy and effectiveness. By providing insights into
the key components necessary for developing Al-driven assessments,
this research offers a structured approach to harnessing AI’s full potential
in education. Through a detailed discussion, the paper illustrates how Al
capabilities can be strategically applied to enhance assessment practices,
ultimately contributing to more effective and reliable educational
outcomes.

Literature Review

Effective Assessment and AI Applications in Engineering

Al refers to computational algorithms that imitate biological mental
processes and can be employed for ‘tasks like learning, understanding,
estimating, problem-solving, suggesting, and decision-making across
various fields, including engineering design’ (Yiiksel et al., 2023, p.1).
Valid assessment is an essential part of evaluating students’ learning,
particularly in engineering education contexts, where assessments often
measure complex problem-solving skills and practical applications
(Almond et al., 2002). The traditional process of creating a well-designed
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assessment product can be time-consuming. This process requires
carefully crafting tasks that map learning items across the learning
context. In this domain, Al technologies provide innovative solutions by
supporting assessment design and automating repetitive tasks, making
the process more efficient (Menekse, 2023).

In the field of engineering, project-based learning and assessment play a
vital role in high-quality education (Palmer & Hall, 2011), and Al
applications can enhance these processes by automating assessment
design tasks. This automation could be partial or full, depending on the
criteria specified for the Al tool (Swiecki et al., 2022). Swiecki et al.
(2022) discussed that some Al applications can generate different types
of assessment tasks (e.g. multiple-choice tests and open-ended question
tests); however, limited research has discussed the validity of such Al-
generated assessments.

Potential Pitfalls in AI Application for Designing Assessments in
Engineering

The application of Al in assessment design within engineering education
presents several potential challenges, including ethical concerns,
accountability issues, and limitations in assessing diverse forms of
learning. One major ethical issue is data privacy, which arises because
AD’s reliance on large-scale data collection can compromise student
confidentiality. Additionally, Al tools, such as learning analytics and
generative Al, may introduce algorithmic biases that could perpetuate
existing inequalities in education and reinforce harmful social
stereotypes (Akgun & Greenhow, 2022).

Another significant challenge is the ‘black box’ nature of Al decision-
making, where the lack of transparency in how Al algorithms generate
outcomes makes it difficult for educators and students to understand or
question assessment results. This could lead to biased assessments
because Al algorithms may embed the biases of the programmers and
designers who develop the algorithms (Hanesworth et al., 2019). This
highlights the need for oversight and accountability mechanisms to
ensure that Al-driven assessments in education remain fair and
transparent.
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Additionally, while Al offers efficiency, it may limit the pedagogical
value of assessments. Traditional assessments are often used by
educators to offer personalised feedback, inspire students and adapt
teaching methods to individual needs. However, Al-driven assessments
tend to standardise evaluations, which can undermine creative, cthical
and innovative aspects of learning—qualities that are essential in
engineering education. The risk is that Al will reinforce a narrow focus
on technical skills and problem-solving, neglecting broader educational
goals such as collaboration, creativity and critical thinking (Swiecki et
al., 2022).

Validity Techniques via AI for Designing Assessment

To ensure the validity of assessment design using Al, assessment
designers and educators should carefully consider the key factors
outlined below.

Item analysis

Item analysis plays a crucial role in refining questions intended for future
tests and eliminating misleading items from current assessments.
Therefore, it is essential for educators to be proficient in testing
techniques to ensure they can accurately and effectively evaluate student
progress (Quaigrain & Arhin, 2017).

Content alignment

Ajjawi et al. (2020) discussed that successful course design requires a
clear definition of meaningful course objectives; the alignment of
relevant learning activities and tasks; and the establishment of
measurable assessments. These authors defined alignment as the extent
to which there is conceptual, procedural and methodological consistency
among the various components of a curriculum system (Barthakur et al.,
2022). Assessment rubrics can effectively contribute to aligning
assessment content with the educational content (Ajjawi et al., 2020).

Construct validity

Construct validity refers to the degree to which an assessment accurately
measures the theoretical construct it claims to assess. In the context of
Al-based assessments, construct validity involves verifying that the Al
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system is evaluating the intended skills or knowledge rather than
extraneous factors. This validation process must integrate multiple
sources of evidence, including content relevance, response processes and
internal consistency. Downing (2003) emphasised that construct validity
encompasses various facets such as the relationship to other variables
and the consequences of the assessment’s use, ensuring that the Al is
truly capturing the intended educational outcomes. Miller and Linn
(2000) highlighted the need for structural and external validation to
assess how well Al-driven assessments generalise across different
contexts and student groups. Ensuring construct validity not only
supports the credibility of Al assessments but also enhances their utility
in educational decision making.

Reliability check

Reliability in assessment design is vital to ensure that student evaluations
are consistent, accurate, and meaningful over time. Reliability focuses
on the consistency of assessment results when applied under similar
conditions across different cohorts or contexts. Effective assessment
frameworks in engineering courses often rely on capstone projects or
senior design experiences, which provide students with opportunities to
demonstrate the skills they have developed throughout their degree
(Damaj & Yousafzai, 2019). These frameworks must be carefully
designed to align with learning outcomes and ensure minimal variability
in evaluation across diverse assessment components. Machine learning
models, such as extreme learning machines, have been introduced to
improve the reliability of assessments by analysing patterns in student
performance data. These models have demonstrated higher predictive
accuracy in engineering courses compared to traditional assessment
methods (Deo et al., 2020).

Bias detection

Bias detection in Al-based educational assessments is essential for
ensuring fairness and accuracy in evaluations. Algorithmic bias can arise
from the data used to train the model or from the model itself, leading to
unequal treatment of certain groups, such as those defined by race,
gender, or socioeconomic status (Baker & Hawn, 2022).
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One key method for detecting bias is statistical analysis. For example,
fairness metrics such as the N-Sigma method enable systematic
identification of biased outputs by comparing Al-generated decisions
across different demographic groups (DeAlcala et al., 2023). Bias in
educational contexts can also result from an algorithm’s reliance on
historical data that embeds societal biases, further complicating AI’s role
in equitable decision-making (Srinivasan & Chander, 2021).

To address these challenges, developing frameworks for the regular
assessment and mitigation of biases is critical. For instance, frameworks
applied to Al decision-making processes for scholarships can serve as a
model to ensure fairness and inclusivity in Al-based assessments (Austin
et al., 2023).

Feedback analysis

Feedback analysis in Al-driven educational assessments plays a vital role
in enhancing student learning by providing timely and personalised
feedback. Al technologies, such as natural language processing and
educational data mining, enable sophisticated feedback systems that
surpass the capabilities of traditional methods (Shishehgarkhaneh et al.,
2024). For example, Al-assisted systems can generate both written and
non-verbal feedback based on student interaction data, improving the
feedback process (Bulut & Wongvorachan, 2022). In higher education,
the integration of Al models enables immediate feedback that can be
tailored to each student’s learning experience, enhancing motivation and
engagement (Hooda et al., 2022). The use of Al to classify and analyse
student feedback via sentiment analysis can help educational institutions
improve teaching practices and identify areas for improvement (Shaik et
al., 2022).

Predictive validity

Predictive validity refers to the extent to which an assessment accurately
predicts future outcomes, such as academic success or job performance.
In Al-driven educational assessments, ensuring predictive validity is
essential to confirm that AI tools can reliably forecast student
performance. Recent research indicates that machine learning models,
such as logistic regression and neural networks, demonstrate high
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predictive accuracy in determining future academic achievement based
on student performance data (Fokkema et al., 2022). However, these
models require careful validation to ensure they perform effectively
across diverse populations and within different educational contexts (Lau
& Yuen, 2009).

Iterative improvement

Iterative improvement is a process of continuously refining educational
assessments by using data from previous iterations to enhance accuracy
and outcomes. In the context of Al-driven educational assessments,
iterative improvement helps to incrementally optimise models and tools,
improving both predictive validity and student engagement over time. Al
techniques, such as iterative learning control, can significantly improve
assessment performance by fine-tuning algorithms based on feedback
from prior assessments, leading to better tracking of student progress and
more accurate predictions (Altin et al., 2017). Moreover, in e-learning
platforms, iterative improvement allows Al to personalise learning
recommendations by continuously adjusting models based on student
performance data, thereby enhancing learning outcomes (Bagunaid et al.,
2022).

Validation report

A validation report is essential to ensure the accuracy, reliability and
credibility of educational assessments, particularly those involving Al-
driven tools. In the realm of Al-based educational assessments,
validation involves collecting evidence to support the interpretations and
decisions made based on assessment outcomes. Key frameworks, such
as Messick’s six facets of construct validity, emphasise the importance
of content, structural, and generalisability aspects in ensuring that
educational assessments are robust and defendable in practice (Miller &
Linn, 2000). Additionally, systematic validation methods, including
model-centred validation, expert opinion and trial-based assessments,
help in continuously refining Al systems by identifying errors and
improving the systems’ predictive capabilities (Myllyaho et al., 2021).
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Discussion and Conclusions

This conceptual paper presents some professional insights from a civil
construction department from an Australian educational provider
delivering vocational education training (VET) and higher education
(HE) courses. Based on Australian guidelines for VET and HE courses,
the practice of wvalidity techniques is mandated for assessment
developers; rather, all the validity schemes discussed in the literature
review and listed in Table 1 must be implemented to ensure an
assessment is valid and effectively measures students' learning.

The findings of this paper highlight a structured approach to developing
valid assessments via Al applications, addressing the critical gap in
comprehensive guidelines for applying Al in the context of engineering
assessment. Al-based assessments leverage various inputs, including
curriculum objectives, student data and industry experiences, to ensure
valid and reliable outcomes. These assessments use multiple validity
techniques such as content alignment, construct validity, reliability
checks, bias detection and feedback analysis to refine the version and
improve it over time. The iterative application of these techniques
ensures that each subsequent assessment version becomes more robust,
addressing overlaps and integrating complementary aspects of the
techniques. The result is a continuously validated assessment tool that
adapts based on predictive validity and iterative improvement.

In the literature review, the rationale for selecting specific validity
techniques has been clearly established by linking them to essential
inputs and expected outputs. These techniques can be automatically
applied in developing a valid assessment, provided they are supported by
the required inputs. Table 1 illustrates the conceptual function of both a
human and Al-based assessments, detailing how specific inputs and
validity techniques contribute to producing a valid and robust assessment
process. This comparative analysis demonstrates that while human-based
assessment processes are often time-intensive and prone to inaccuracies,
Al-based assessments significantly enhance efficiency and precision in
measuring student learning outcomes.
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Table 1. The conceptual function of Al-based assessment

Al-based assessment

Input Validity techniques Output
e  Curriculum and e  Content alignment Valid
learning e  Construct validity assessment
objectives e  Reliability checks
e  Student data e  Bias detection
e  Assessment e  Feedback analysis
design e  Predictive validity
parameters e [terative improvement
¢ Content sources e  Validation reports
e Industry

experience input

When integrating Al into assessment design in engineering education,
several important challenges must be addressed. One is the potential
overreliance on Al, which may narrow the scope of assessments. That is,
Al systems are often optimised to detect patterns within predefined
norms, reinforcing the precedence of traditional assessment criteria that
emphasise technical skills but overlook skills such as creativity,
innovation and teamwork, which are essential in engineering. Another
challenge is algorithmic bias. That is, Al trained on historical data can
perpetuate existing biases in educational settings, resulting in
assessments that favour certain student groups or reinforce outdated
norms, limiting fairness and inclusivity.

Additionally, the black-box nature of Al decision-making raises issues
relating to transparency, making it difficult for educators and students to
understand how specific outcomes are derived. Finally, AI’s limitations
in recognising complex reasoning, ethical considerations or innovative
problem-solving further complicate its role in designing engineering
assessments. While Al can improve efficiency, these challenges
underscore the need for careful, balanced integration of Al in engineering
education assessment design to ensure that it supports, rather than
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restricts, the broader educational objectives of engineering educational
courses.

Designing a valid assessment can be partially or fully automated,
depending on the criteria specified for the Al tool. In the field of
engineering, automating analytical questions that originate from
industry-based scenarios are the most important elements that measure
students’ learning. Generating such tasks requires sufficient input
experience from the designer in determining the criteria of the
assessment and ensuring the Al can include these criteria in the
assessment it creates. Therefore, it is crucial that the selected validity
techniques are aligned with the unique demands of engineering
assessments, and the application of these techniques is explicitly justified
to meet both academic and industry requirements. Also, the success of
any Al tool used to create assessments in engineering education will
depend on the level of academic ability and industry experience of the
designer.
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