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Artifact-based assessment assumes that the quality of a student's work reflects the student's un-
derlying expertise. Large language models (LLMs) break this assumption by decoupling output
quality from user knowledge, which renders artifact-only evaluation diagnostically unreliable.
This shift also exposes a long-standing imbalance in engineering education, in which the pro-
fession has relied on both production and review, yet curricula and grading have emphasized
production far more than the skills that make review effective. In engineering, review is the
disciplined detection and correction of errors that can propagate into unsafe designs, incorrect
calculations, or noncompliant decisions. Historically, teaching review at scale has been con-

strained by the scarcity of high-quality, realistic, and flawed artifacts. LLMs invert this constraint
by generating plausible-but-wrong engineering work on demand, at controllable levels of subtlety
and difficulty. Consequently, we argue that assessment validity can be strengthened by treating
review performance in terms of error detection, diagnosis, and justification as a primary learning
outcome rather than treating artifact production as the primary proxy for competence. We po-
sition review competence as a domain-specific form of critical thinking and evaluative judgment,
anchored in the constraint structures that distinguish engineering verification from generic
critique. Building on this perspective, we present a taxonomy of LLM-generated engineering er-
rors, categorized by error type, severity, and detectability. We also provide templates for prompts
and an accompanying LLM interface for generating on-demand, review-centered instructional
activities.

1. Introduction

Artifact-based assessment in engineering education implies that the quality of a student's work reflects the student's underlying
competence (Moskal et al., 2002). The same assumption has traditionally been reasonable because producing high-quality technical
artifacts required the knowledge and skills that the assessment aimed to measure. For example, a student who submitted a correct
structural analysis had, in the process, demonstrated understanding of load paths and equilibrium conditions. In other words, the
coupling between output quality and producer competence was sufficiently aligned that grading the artifact served as a reliable in-
dicator of the person who created it (Olds et al., 2005).

Large language models (LLMs) disrupt this coupling by enabling the generation of professional-quality technical content without
matching user expertise (Kasneci et al., 2023; Mollick & Mollick, 2023). Students can now obtain polished calculations and plausible
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designs through simple prompting (independent of their own understanding of the underlying engineering principles) (Naser et al.,
2024; Hostetter et al., 2024). The resulting artifacts may exhibit surface characteristics associated with competent work while
reflecting little or no actual learning. Under these conditions, artifact-based assessment loses diagnostic validity because the construct
it purports to measure in terms of student competence is no longer the primary determinant of the measured outcome (Messick, 1995;
Kane, 2013).

Building on this loss of diagnostic validity, the resulting problem is not that students can submit work they did not author, but that
the educational signal embedded in assessment becomes unreliable. As one would expect, in safety- and reliability-critical domains, the
central professional question is rarely whether a document appears technically polished, but rather whether the underlying reasoning
is correct under the stated assumptions, constraints, and code requirements (Mitcham, 2005; Passow, 2007). Subsequently, when
instructional systems continue to reward artifact quality as the primary proxy for competence, they risk training students to optimize
presentation and procedural completeness rather than developing the epistemic habits that prevent unnoticed error propagation. This
is why the LLM disruption should be understood as a validity and competence issue rather than a narrow academic integrity problem.

Extending this principle to curricular design, the imbalance toward production has persisted partly because review competence is
difficult to teach with conventional materials. This is because review requires repeated exposure to realistic, domain-authentic errors
whose causes are interpretable and whose detectability can be deliberately calibrated. Yet, typical coursework rarely offers such
controlled variation. Traditionally, instructor-authored flawed solutions are time-consuming to craft at scale, naturally occurring
student mistakes are heterogeneous and inconsistent in quality, and "toy" errors often fail to resemble the subtle omissions and un-
justified assumptions that characterize real engineering failures. Consequently, the scarcity of high-quality flawed artifacts has made it
hard to provide deliberate practice in verification, critique, and justification, even though these are the very actions that distinguish
competent engineering judgment.

Engineering practice, however, has always comprised producing technical work and verifying it. While LLMs commoditize pro-
duction, they leave verification untouched. In turn, evaluating whether an analysis is correct or identifying where a design fails re-
quires domain knowledge that prompting cannot circumvent. For instance, a student who identifies that a beam analysis neglects
lateral-torsional buckling demonstrates competence through that diagnostic act in a way that submitting a polished report no
longer demonstrates. Thus, review, as used in this paper, refers specifically to the disciplined engineering practice of verifying
technical correctness against governing constraints, detecting errors, diagnosing their causes, and justifying evaluative judgments by
reference to applicable principles, codes, or physical laws. This usage is narrower than generic peer feedback or critique (which may
address communication quality, style, or persuasiveness without anchoring claims to falsifiable technical standards) and broader than
mechanical checking (which may verify arithmetic without engaging the reasoning that produced it). Therefore, assessment becomes
meaningful again when the performance being measured is the performance that matters.

This paper develops this argument and provides a framework for implementation. We present four contributions: 1) a validity
argument for shifting assessment emphasis from production to review, 2) an operational definition of review competence as a
measurable construct, 3) a taxonomy of engineering errors organized by type, severity, and detectability, and 4) implementation
guidance encompassing task design, rubrics, and error-bank governance. Next, we build our argument on prior scholarship in expertise
research, curriculum analysis, and error-based learning, and begin by establishing those conceptual foundations. We note at the outset
that this paper is a conceptual and theoretical design contribution, in which we advance a validity argument, develop a construct
definition and taxonomy, and propose an implementation architecture. Empirical validation of the framework's components consti-
tutes a program of future work that the present paper is designed to enable.

2. Conceptual foundations and prior work

The argument that review should become a primary assessment focus rests on several independent lines of research. This section
synthesizes some of the most relevant work to lay the groundwork for our central argument, which is developed in subsequent sections.

2.1. Expert-novice differences in error detection

Decades of cognitive research have documented systematic differences in how experts and novices perceive, represent, and
evaluate domain-specific problems (Chi et al., 2014). At its core, experts do not simply know more facts, but they organize knowledge
into richly interconnected schemas that support rapid pattern recognition and efficient retrieval. Thus, when an expert engineer ex-
amines a structural calculation, they perceive not isolated numbers but a configuration that either conforms to or violates expectations
built through years of practice. This perceptual fluency enables experts to detect errors that novices overlook since novices are likely to
lack the mental models against which deviations become salient. Experts can catch mistakes through multiple mechanisms, such as
sanity checks (which compare results against order-of-magnitude expectations), constraint checks (which verify boundary conditions
and physical plausibility), and dimensional reasoning (which ensures units propagate correctly through calculations), etc. (Ericsson
et al., 1993). These checks are typically rapid/habitual for experts and often require little conscious effort, whereas novices must
execute them laboriously, if at all.

The above implies that if error detection depends on pattern recognition developed through extensive experience, then students
would benefit from structured opportunities to build those patterns. In parallel, merely producing correct solutions does not guarantee
that students learn to recognize incorrect ones, because production and review engage partially distinct cognitive processes (Dunning
etal., 2003). This means that a student who can solve a problem correctly may still fail to notice when a given solution contains a subtle
flaw, particularly if the solution is superficially plausible. This also means that experts become skilled at detecting errors through
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practice, not simply through practice in producing correct work. Hence, if error detection is a trainable capability, then the key
question becomes whether engineering education explicitly targets it or assumes it emerges as a byproduct of producing artifacts.

2.2. Production vs. review in engineering curricula

As noted earlier, the engineering curricula have historically emphasized the production of technical deliverables (Sheppard et al.,
2008). Accreditation standards reinforce this emphasis by specifying outcomes framed in terms of what students can create (e.g., the
ability to apply engineering design, to formulate and solve problems, to develop and conduct experiments) (ABET, 2022). Then,
assessment follows suit, with grades assigned primarily based on the submitted artifacts rather than on the quality of students'
evaluative or diagnostic judgments. On the other hand, verification, peer review, and checking practices occupy a different status
within this curricular architecture. These activities are often present but implicit, and often treated as elements of professional re-
sponsibility rather than as competencies warranting direct instruction and systematic assessment (Hess & Fore, 2018). For example,
when students are asked to review each other's work, the reviews themselves are rarely graded with the same rigor as the original
submissions (Patchan et al., 2018). When courses include verification steps, those steps may be framed as boxes to check rather than as
opportunities for learning (Luxton-Reilly, 2009; Gibbs & Simpson, 2004). The result is a tacit hierarchy in which production is central,
and review is peripheral.

Unfortunately, this curricular structure stands in tension with professional expectations. This is because practicing engineers spend
substantial time evaluating, auditing, and justifying work produced by others or themselves at earlier stages (Trevelyan, 2010). These
review activities are not ancillary to engineering practice; they are constitutive of it. Simply, errors that escape review can propagate
into constructed systems with consequences ranging from costly rework to catastrophic failure. This misalignment suggests that even
before LLMs, review competence was under-instructed. However, what changes now is not the importance of review, but the feasibility
of teaching and assessing it at scale.

2.3. Error-based learning and productive failure

Educational research has long recognized that errors can serve as powerful learning tools when appropriately structured. The
productive failure paradigm, developed by Kapur and colleagues (Kapur & Bielaczyc, 2012), demonstrates that students who struggle
with problems before receiving instruction often develop a deeper conceptual understanding than students who receive instruction
first. The struggle itself, provided it is followed by consolidation, activates prior knowledge, exposes gaps, and prepares students to
encode new information more meaningfully. Therefore, engagement with flawed work extends this principle. For example, when
students analyze artifacts that contain errors, they must compare the flawed approach with a correct one, articulate why the flaw is
significant, and identify the constraints or principles that were violated. This comparative reasoning enhances conceptual discrimi-
nation and enables students to better distinguish between correct and incorrect applications of a concept (Siegler, 2002).

In fact, the error serves as a boundary marker that clarifies the scope and limitations of the concept. More specifically, mathematics
instruction has utilized the comparison of correct and incorrect worked examples to enhance procedural flexibility (Rittle-Johnson &
Star, 2007). Similarly, physics education has employed erroneous solutions to prompt explanation and repair (Adams et al., 2014).
These applications share the common structure, wherein errors are deliberately introduced, students engage analytically with those
errors, and feedback connects the error to underlying principles. Under these conditions, exposure to errors does not teach students to
be wrong, but teaches them to recognize and reason about wrongness. From this perspective, one may infer that if errors are
instructionally productive, the remaining obstacle has been logistical: producing large numbers of realistic, level-appropriate, flawed
artifacts, an obstacle LLMs sharply reduce.

2.4. Code review pedagogy as a transfer template

Software engineering education offers a mature analog for what review-centered assessment might look like in broader engineering
contexts. In this particular example, code review has become a standard component of professional software development, and
educational adaptations have demonstrated that review skills can be explicitly taught and rigorously assessed (Hundhausen et al.,
2011). Furthermore, the pedagogical infrastructure supporting code review is well-developed (i.e., rubrics specify the dimensions
along which reviews are evaluated, including the accuracy of defect identification, the quality of explanatory comments, and the
appropriateness of suggested fixes) (Wang, 2017). Other activities can accompany code review, such as calibration exercises, which
allow students to compare their reviews against expert benchmarks and receive feedback on missed defects and false positives.
Evidently, research has shown that students improve their code review skills through deliberate practice, and that review performance
correlates with a deeper understanding of programming concepts (Indriasari et al., 2020; Strickroth, 2023).

It is of interest to this work to point out that several structural features of code review pedagogy can transfer readily to engineering
review more broadly. These may include: 1) review tasks designed with known defect inventories (to enable criterion-referenced
assessment), 2) checklists to guide students through systematic examination of common error categories, 3) severity weighting (to
teach students to distinguish critical flaws from minor issues), and 4) false-positive management (to address the problem of over-
flagging) (Porter et al., 1995). These mechanisms, along with others, can help provide a template for developing review-based as-
sessments across various engineering disciplines.
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2.5. Assessment validity and the construct-shift argument

Assessment validity concerns whether an assessment measures what it purports to measure. In the framework advanced by Messick
and elaborated upon by Kane, validity is not a property of a test instrument in isolation, but instead of the interpretations and uses to
which test scores are put (Messick, 1995; Kane, 2013). Thus, an assessment is valid to the extent that evidence and argument support
the inferences drawn from performance. Artifact-based grading in engineering relies on an earlier-mentioned inferential chain, where
the quality of the submitted artifact is taken as evidence of the student's underlying understanding and capability. However, this
inference becomes unwarranted when other factors/tools (e.g., LLMs) can produce the same artifact quality without requiring the same
level of competence (Haladyna & Downing, 2004). Worse, tool-generated artifacts often contain subtle errors that are masked by their
confident presentation. This means that grading such artifacts as evidence of competence produces invalid inferences (Ji et al., 2023;
Borji & Ai, 2023).

To overcome the above issue, one possible solution is to shift the assessed construct toward performances that LLMs cannot
replicate without genuine human understanding. In particular, a review performance requires the reviewer to apply domain knowl-
edge to an artifact produced by someone or something else. The reviewer cannot outsource this judgment to an LLM because the task is
precisely to evaluate what an LLM or similar source might have produced. Assessment of review can therefore restore the coupling
between performance and competence that artifact-based assessment has lost, provided that the review task is designed with features
that make the coupling operative: a bounded artifact with a known-defect inventory, a requirement that the reviewer supply
constraint-based justification (not merely identification), and scoring that accounts for both missed errors and false positives. Under
these conditions, the validity advantage is relative rather than absolute — review-based assessment does not guarantee valid inference,
but it preserves tighter construct relevance than artifact-only production under the same conditions of LLM access.

2.6. Review competence as domain-instantiated critical thinking

The construct of review competence developed here intersects established lines of work on thinking skills. For instance, critical
thinking, as characterized across philosophical and educational psychology traditions, centrally involves evaluating claims against
evidence, identifying unstated assumptions and providing reasoned justification for judgments (Ennis, 1989; Dwyer et al., 2014).
Evaluative judgment, as theorized by Tai et al. (Tai et al., 2018), refers to the ability to assess the quality of one's own and others' work
— a capability the present framework targets directly through structured engagement with flawed artifacts. Then, metacognition
enters through the self-monitoring demands of review, which one can leverage to distinguish genuine errors from unusual-but-correct
choices (the 'confounds' dimension in Section 6) requires the reviewer to calibrate confidence and recognize the limits of their own
knowledge. Feedback literacy, as conceptualized by Carless and Boud (Carless & Boud, 2018), encompasses the ability to interpret,
judge, and act upon evaluative information — processes that review-centered assessment elicits by design. Finally, the error-based
learning tradition discussed in Section 2.3 connects to self-explanation research, wherein explaining why a solution is wrong acti-
vates deeper processing than confirming why a correct solution works (Chi et al., 1994). As one can see, these connections position
review competence not as a narrow professional skill but as a domain-specific instantiation of evaluative reasoning, anchored in the
constraint structures and verification practices that distinguish engineering from generic critical thinking.

3. The cost structure argument

The previous section established that review is a teachable capability, that engineering curricula have historically under-
emphasized it relative to production, and that LLMs disrupt the validity of artifact-based assessment. These foundations converge
on a question of resource allocation; given finite instructional time and assessment capacity, what should educators prioritize? This
section argues that the answer depends on cost structure, specifically on which capabilities are expensive to develop and which ar-
tifacts are expensive to generate. LLMs have inverted the pre-existing cost structure in ways that make review the rational focus for
both instruction and assessment.

3.1. Instructional optimization and scarcity

In general, educational systems tend to optimize around scarcity. In this approach, curricula allocate time to what students cannot
easily acquire elsewhere, and assessments focus on performances that differentiate levels of competence (Wiggins & Jay, 2005; Biggs &
Tang, 2020). For example, when a capability is difficult to develop, instruction targets it, and when an artifact is difficult to produce,
assessment values it. While this optimization is not always conscious or explicit, it shapes curricular priorities over time as programs
adapt to the constraints they face.

Before LLMs (and the rise of generative Al), producing high-quality engineering artifacts was genuinely difficult. Simultaneously,
producing realistic, flawed artifacts for instructional purposes was also difficult because an instructor had to create each flawed
example manually to ensure that errors were plausible, appropriately calibrated to the student level, and varied enough to prevent
pattern matching. One should also keep in mind that any instructor-calibrated examples that are contrived or obviously flawed often
fail pedagogically because they do not prepare students to catch the subtle mistakes that matter in practice (Stark et al., 2011). As one
can see, review-centered pedagogy faced a supply problem under these conditions. Effective review instruction requires a large volume
of artifacts for students to evaluate, and those artifacts must contain errors realistic enough to teach diagnostic reasoning. Generating
such examples at scale, with sufficient variety to prevent memorization and appropriate difficulty progression, exceeded what most
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instructors could practically accomplish.

LLMs invert the identified cost structure. These systems can generate both correct and flawed artifacts with minimal marginal cost
and on demand (Sarsa et al., 2022; Macneil et al., 2023). Such an inversion applies asymmetrically to production and review. As one
can see, LLMs commoditize production by enabling anyone to generate plausible artifacts regardless of their own understanding. Thus,
production skill becomes abundant and therefore less differentiating. Review skill, by contrast, remains scarce because explaining why
the failure/errors matter requires domain knowledge that cannot be outsourced to an LLM. This implies that the reviewer must un-
derstand the principles well enough to recognize when they are violated. By extension, if assessment is meant to differentiate levels of
competence, it should focus on the capability that remains differentiating.

3.2. Following the bottleneck

Building on the above, our cost-structure argument can be summarized as a principle, assessment should follow the bottleneck. In any
system with multiple interdependent capabilities, the bottleneck is the capability that constrains overall performance and cannot be
easily bypassed or outsourced (Goldratt, 1990). Before LLMs, production was a bottleneck because generating quality artifacts
required substantial skill. After LLMs, production no longer becomes a bottleneck because skill requirements can be circumvented.
Thus, review becomes the new bottleneck, the capability that determines whether an engineer can ensure quality in a world where
generating content is trivially easy (see Fig. 1).

Now, if review is the bottleneck, then instruction should allocate a proportionally greater amount of time to developing review
capabilities. This means that students need to practice detecting errors and not avoiding them in their own work. They also need
feedback on their diagnostic judgments, and not only on their productions. Curricula designed around the old cost structure, in which
production was central and review was peripheral, require recalibration to match the new reality. It must be stressed that the cost-
structure argument does not imply that production should be abandoned. Thus, the evidentiary relationship between production
and assessment has changed. Production remains instructionally valuable (but becomes less valid as an assessment mechanism), while
review, previously difficult to assess at scale, becomes both feasible and necessary.

4. Review competence as a technical construct

The previous section identified review as the bottleneck. In practical terms, this means that review competence must be expressible
in observable outputs that can be scored with repeatable rules. Accordingly, the construct must also be anchored to engineered task
conditions (e.g., artifacts with controlled defect sets and specified evaluation criteria) so that performance can be interpreted as ev-
idence of underlying verification knowledge. The construct was developed by triangulating three sources: the expert-novice literature
on verification behaviors documented in Section 2.1, the pedagogical infrastructure of code review in software engineering (Section
2.4), and the author's professional experience conducting engineering review across structural, fire, and forensic engineering contexts.
The resulting operations were organized into a dependency sequence, with each operation requires the output of the preceding one and
refined to satisfy two criteria: each operation must produce a distinct observable trace, and the sequence as a whole must map onto the
assessment-validity requirements established in Section 2.5. This section defines review competence as a structured sequence of
cognitive performances, distinguishes genuine engineering verification from superficial critique, identifies what review measures that
production no longer reliably measures under LLM access, and maps review competence to developmental progressions across course

COST STRUCTURE INVERSION IN ENGINEERING EDUCATION

PRE-LLM POST-LLM

Production G SCARCE c Production @ COMMODITIZED

Review S SUPPLY-LIMITED z Review S BOTTLENECK

Assessment should follow the bottleneck: the capability that constrains overall performance and cannot
be easily bypassed or outsourced.

PRODUCTION REVIEW
Remains instructionally valuable but loses validity as assessment signal Requires domain knowledge that cannot be outsourced. Detecting
artifacts no longer differentiate understanding from prompting skill. errors, explaining failures, and proposing corrections demonstrate

authentic competence

Fig. 1. The cost structure inversion.
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levels (see Fig. 2).

4.1. Operational definition

Review competence, as conceptualized here, comprises five interconnected operations (see Table 1 and Fig. 2). These operations
form a progression in which each step depends on and extends the previous one. Operationally, each step produces a distinct trace that
can be independently assessed: detection identifies locations or stated anomalies; diagnosis determines error classification and
localization; prioritization assesses a severity rating tied to functional consequences; justification articulates observations to violated
principles/constraints/standards; and proposal recommends a corrective action that can be checked for technical adequacy.

To illustrate how the five operations and their scoring interact in practice, consider a structural analysis artifact in which the
designer has applied a live-load reduction factor to a transfer girder that does not qualify for reduction under the applicable code. A
student performing detection correctly flags the load value as inconsistent with the stated tributary configuration (scored as a hit;
failure to flag would be a miss). At the diagnosis stage, the student identifies the error as a constraint/standard misapplication
(specifically, incorrect application of the live-load reduction provision) and locates it in the demand calculation (scored against the
intended error-type label and location). For prioritization, the student rates the error as high severity because the unconservative
reduction directly affects member sizing for a primary gravity element (scored against the instructor key's consequence-weighted
rating). The student's justification cites the specific code section governing live-load reduction eligibility and explains why the trib-
utary configuration does not meet the minimum-area or multiple-occupancy requirement (scored for correct principle invocation and
specificity). Finally, the student's proposal recommends removing the reduction factor and recalculating the demand using the
unreduced live load (scored for whether the correction resolves the root cause). A student who correctly detects and diagnoses but
assigns low severity would receive credit for the first two operations while losing credit on prioritization, demonstrating partial but
incomplete review competence. For example, a student who detects an error but cannot diagnose it has incomplete review competence.
Likewise, a student who diagnoses an error but cannot justify the diagnosis lacks the principled understanding that distinguishes expert
from novice performance. Moreover, the assessment can be designed as criterion-referenced by using artifacts that contain a "known-
defect inventory," where each embedded issue has a defined technical identity (type, location, consequence, and repair). This structure
enables partial credit models that distinguish correct detection from incorrect diagnosis, or correct diagnosis with unsupported
justification.

One must note that not all criticism constitutes legitimate review competence. In measurement terms, the boundary condition is
whether a comment is anchored to a falsifiable claim about correctness. A statement counts as review evidence only when it identifies a
checkable violation because only those claims can be evaluated against an external technical referent. In some instances, students may
offer surface-level observations that do not engage the technical substance of an artifact. For instance, comments such as "this seems
unclear" or "more detail is needed" may be valid feedback on communication, but they do not demonstrate engineering verification.

On the other hand, adequate examples can be seen in: 1) constraint checks (which verify that solutions satisfy boundary conditions,
compatibility requirements, and problem specifications), 2) standards checks (which confirm that calculations follow applicable codes,

REVIEW COMPETENCE AS A TECHNICAL CONSTRUCT

OPERATIONAL DEFINITION: FIVE INTERCONNECTED OPERATIONS

DETECT > DIAGNOSE > PRIORITIZE > JUSTIFY > PROPOSE

Recommend
y and Explain the viola

dentify that Determine wh

pr
something is wrong specifically is v VLJ oF

principle

DEVELOPMENTAL PROGRESSION ACROSS COURSE LEVELS

INTRODUCTORY INTERMEDIATE ADVANCED
Dimensional consistency Assumption validity Edge-case behavior
Sanity checks Constraint formulation Independent validation
Boundary conditions Method applicability Uncertainty propagation
Arithmetic verification Simplification justification Precision warranting
SURFACE CRITIQUE @ ENGINEERING VERIFICATION

ms unclear More detail needed Check formatting Constraint checks - Standards compliance - Unit analysis - Plausibility bounds -
Boundary-case behavior

Fig. 2. Review competence as interconnected cognitive operations.



M.Z. Naser Thinking Skills and Creativity 62 (2026) 102307
Table 1
Summary of operational definitions and assessment methods.

Operation Definition Assessment Method Performance Method Scoring

Detection Identification that something is Present artifacts with Summarized with defensible Should account for where actual
wrong; recognition that an artifact embedded errors and ask metrics. For detection, errors go undetected, and false
deviates from its intended state students to flag anomalies performance can be represented as  positives. A scoring scheme that

a hit/false-alarm profile (flagging counts only hits without penalizing

true defects while avoiding false positives encourages over-

spurious flags) flagging, which does not represent
competent review. Balanced
approaches might weight misses
more heavily than false positives
while still imposing some cost for
incorrect flags, or might use signal
detection metrics that account for
both hit rates and false alarm rates.

Diagnosis Determination of what Require students to specify ~ Represented as localization Requires specifying acceptable
specifically is wrong by locating the nature and location of ~ accuracy and correct error-type characterizations for each embedded
the error and characterizing its each error labeling error and awarding credit based on
nature how closely student responses match

the intended diagnosis. Partial credit
is appropriate when students identify
a related but not precisely correct
characterization.

Prioritization ~ Assessment of how severe the Severity rankings with As agreement with consequence- Expects establishing severity ratings
issue is; distinguishing critical justification weighted severity (e.g., code- for each embedded error and
failures from minor concerns noncompliance or critical errors comparing student ratings against

weighted more than stylistic those benchmarks.
defects)

Justification Articulation of why something is Evaluate whether students ~ With how the student correctly Requires evaluating whether
wrong by explaining the principle,  correctly reference the invokes the governing principle or  students reference the correct
constraint, or standard that the principles, constraints, or standard with sufficient specificity =~ principles/constraints/standards
error violates standards violated to support the claim that the error violates. Rubric

descriptors might distinguish among
justifications that are fully correct
and complete, partially correct,
vaguely relevant, or incorrect.

Proposal Recommendation for how to Evaluate the quality and By whether the recommended A defensible scoring design treats the

address the issue by suggesting a
correction that targets the
underlying problem rather than
masking symptoms

appropriateness of
suggested corrections

correction resolves the underlying
failure mechanism rather than
masking symptoms

proposal as a downstream
remediation dimension that is either
reported separately or gated on
correct diagnosis and justification, so
that students cannot obtain credit for
plausible-sounding fixes that are not
anchored to a correct identification
of what failed and why it failed.

accepted methodologies/conventions), 3) unit checks (which ensure dimensional consistency), 4) plausibility checks (which compare
results against expectations to catch gross errors), and 5) boundary-case (which checks examine whether solutions behave appro-
priately at limiting conditions) (Redish & Kuo, 2015). These verification modes, along with others, correspond to how experts actually
evaluate engineering work, as established in Section 2.1. Assessment of review competence must therefore elicit and evaluate per-
formances that demonstrate domain-specific verification, not generic critique (e.g., the expert engineer reviewing a structural design
does not only ask whether the report is well-written; they also check whether deflections are within code limits, whether load com-
binations are correctly applied, etc.).

Conceptually, the five-operation model is best understood as a domain-specific instantiation of critical thinking and evaluative
judgment rather than a standalone construct. Detection and diagnosis correspond to the analytical identification and characterization
of anomalies — core operations in most critical thinking taxonomies. Prioritization operationalizes evaluative judgment by requiring
discrimination among identified problems based on their consequences. Justification maps onto the warrant-giving that epistemol-
ogists and assessment theorists identify as the hallmark of reasoned evaluation. The proposal bridges evaluative and constructive
reasoning, connecting the model to creative problem-solving by requiring corrections to address root causes rather than surface
symptoms. This positioning clarifies that engineering review competence is not a separate faculty from critical thinking, but rather
critical thinking exercised under the specific constraint structures — codes, physical laws, dimensional requirements — that define
engineering practice.

4.2. What review measures that production does not

To further clarify the validity argument presented in Section 2.5, it is useful to specify what review performance reveals about a
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student that production performance, under conditions of LLM access, may not. Specifically, review tasks can be constructed so that
success depends on domain constraints: the student is given a fixed artifact and a bounded context (problem statement, assumptions,
and standards excerpts, as appropriate), and is required to produce check-based evidence that can be evaluated independently of the
artifact's rhetoric. This format preserves construct relevance because the score is driven by verified correctness judgments (what failed,
why it failed, and what correction resolves it), not by the superficial plausibility that LLMs can readily supply.

In essence, review performance requires the student to bring independent knowledge to bear on an external artifact. The artifact
may have been produced by another student, the instructor, or an LLM. However, in each case, the reviewer must evaluate it without
access to the reasoning process that generated it. So, a student cannot prompt an LLM to "detect the error in this calculation" with any
reliability, because the LLM may have produced the error in the first place and lacks the metacognitive capacity to recognize its own
failures (Stechly et al., 2025). This does not mean that students cannot use LLMs at all during review (they may still generate candidate
critiques, surface potentially relevant code provisions, or draft justification language). The key issue is that review competence is not
merely the ability to generate candidate critiques, but rather the ability to adjudicate correctness under specific constraints.
Accordingly, the validity advantage of review-based assessment is not absolute imperviousness to tool use, but rather that
well-designed review tasks — those requiring constraint-based justification and independent verification — preserve a tighter coupling
between performance and competence than artifact-only production tasks under the same conditions of LLM access. The assessment,
therefore, requires the student to supply the constraint-based warrant for each claim, which is exactly the component that cannot be
credited when it is echoed from a tool rather than generated from understanding.

Review performance also externalizes reasoning in ways that production may not. When a student produces an artifact, the
reasoning behind it remains largely internal and unobservable. In contrast, when a student reviews an artifact, the reasoning is ex-
pected to be articulated. This articulation makes the student's understanding visible and assessable. In a way, the misconceptions that
might remain hidden in production become exposed in review because the student must reason explicitly about correctness.

It can then be inferred that review competence develops along a trajectory that corresponds to increasing sophistication. This
developmental mapping allows review competence to be taught and assessed progressively. At its basic level, the review is expected to
focus on foundational checks that require essential knowledge, where students learn to verify dimensional consistency and to catch
errors in which units do not propagate correctly. Students can also perform sanity checks by comparing numerical results with intuitive
expectations to confirm that the execution is correct. These checks are accessible to novices because they rely on principles established
early in the curriculum, yet they catch a significant class of errors that frequently appear in practice (Litzinger et al., 2011).

Then, at the intermediate level, review expands to encompass assumptions, constraints, and methodological appropriateness. Here,
students evaluate whether the assumptions underlying a solution are satisfied by the problem context, whether constraints are
correctly formulated, and whether the solution method is applicable to the problem class. The students assess whether the simplifi-
cations introduced into the analysis are justified or compromise validity. At this level, checks require a deeper understanding of
domain knowledge because students must not only know how to apply a method but also when it is applicable.

At the advanced level, review grows in complexity to address edge cases, validation, and uncertainty. For example, students may
examine whether solutions behave appropriately at limiting conditions where methods may break down. They may also consider
whether results have been validated against independent checks, experimental data, or alternative analyses. The students are also
expected to evaluate how uncertainty propagates and whether the reported precision is warranted. These checks approach the
evaluative sophistication expected of practicing professionals and prepare students for the independent judgment that professional
practice demands (Atman et al., 2007).

A THREE-DIMENSIONAL TAXONOMY OF ENGINEERING ERRORS

TYPE SEVERITY DETECTABILITY

What kind of failure occurred? What consequences follow if undetected? What resources are required to catch it?

FIVE ERROR TYPES NATIVE TO ENGINEERING PRACTICE

Assumption & Modeling Constraint & Standard Unit & Propagation Physical Nonsense Omission

ncies or

SEVERITY CONTINUUM DETECTABILITY LEVELS

B Critical ntegrity, functionalit Surface nspection without reasoning
Significant Performance, efficiel ance . Reasoning Thinking through the problem
Minor Small deviations within tolerance . Verification ndependent calculation or test

Fig. 3. Three-dimensional taxonomy for classifying engineering errors.
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5. A taxonomy of engineering errors

The established definition of review competence in Section 4 requires a corresponding specification of the error space against
which review is exercised. Thus, a taxonomy provides the structure needed to ensure coverage and design assessment tasks that target
specific competencies. This section presents a three-dimensional taxonomy that classifies engineering errors by type (specifies what
kind of failure occurred), severity (what consequences follow if the failure goes undetected), and detectability (what cognitive and
procedural resources are required to catch it) — see Fig. 3. This taxonomy was synthesized from three established frameworks: Reason's
latent-failure classification in human factors (Redish & Kuo, 2015), which supplies the conceptual distinction between error types and
their systemic consequences; engineering code-compliance structures, which inherently separate the nature of a violation from its
severity; and cognitive-load considerations from the expertise literature (Section 2.1), which motivate detectability as a dimension
capturing the procedural and cognitive resources required for detection. The five error-type categories were abstracted from recurring
failure patterns in structural, environmental, and general civil engineering practice, and cross-checked against forensic engineering
case literature (Blockley, 2013) and common student misconceptions documented by the first author over multiple course iterations.
This section also elaborates on five type categories native to engineering practice and provides illustrative examples demonstrating
what competent review looks like across the taxonomy.

5.1. The three dimensions

The type dimension answers the question of what went wrong at a technical level. This builds on the fact that different error types
violate different principles and require different domain knowledge to recognize. For example, a unit error involves dimensional
inconsistency, whereas an assumption error involves a mismatch between model and reality. Thus, classifying errors by type enables
targeted instruction, wherein students can practice detecting specific error classes until they develop reliable recognition patterns,
then progress to mixed sets that require differentiation among types.

The severity dimension addresses the question of how significant a particular error is (since not all errors carry equal consequences).
For instance, at the low end, minor errors result in slight deviations that do not affect the fitness for purpose. At the moderate level,
significant errors compromise performance, efficiency, or compliance without creating immediate danger. Then, at the high end,
critical errors threaten safety, structural integrity, or fundamental functionality. The classification is context-dependent, as an error
that is minor in a preliminary feasibility study may be critical in final construction documents. Therefore, severity classification aligns
with risk-based thinking prevalent in engineering practice, in which verification resources are allocated according to consequence
(Blockley, 2013). One should note that teaching students to prioritize errors by severity prepares them to exercise professional
judgment about where to focus verification effort when time and resources are constrained.

The detectability dimension answers the question of how hard the error is to catch. Some errors announce themselves through
obvious cues, e.g., a result reported in wrong units, a negative value for an inherently positive quantity, or a magnitude grossly
inconsistent with expectations. Other errors hide beneath plausible surfaces that require deep reasoning or independent verification to
uncover (Reason, 1993). As one can see, detectability can be partitioned into three levels: 1) surface-detectable errors can be caught
through inspection of the artifact itself (e.g., obvious unit mismatches, or values that violate common sense on their face), 2)
reasoning-detectable errors necessitate the reviewer to think through the problem to check whether assumptions/constraints hold, or
the solution method applies, and 3) verification-detectable errors, which require the reviewer to perform independent calculations,
consult external references, or conduct tests to determine whether the result is correct. This progression corresponds roughly to an
increase in cognitive and procedural costs, and can help inform both task design and rubric calibration.

It should be noted that the three dimensions and their levels are proposed as an analytically useful organizing structure, not as an
empirically validated classification system. Validation would require structured procedures (e.g., independent expert classification of
sample artifacts to assess inter-rater reliability, comparison with established error typologies in adjacent fields, and classroom piloting
to test whether the categories produce consistent and instructionally meaningful distinctions). These steps constitute a necessary
program of future work that the present framework is designed to support.

5.2. Error types native to engineering practice

Engineering errors often cluster in five types, namely 1) assumption and modeling errors, 2) constraint and standard misappli-
cation, 3) unit and propagation errors, 4) physical nonsense and sanity violations, and 5) omission errors. Each corresponds to distinct
failure modes that practicing engineers encounter and that engineering education should prepare students to recognize.

Assumption and modeling errors occur when the mathematical or computational model fails to represent the physical situation it is
meant to capture. These errors arise at the interface between reality and idealization. For example, a structural analysis that treats a
connection as pinned when it actually provides moment resistance contains an assumption error. Another example can be seen in the
case of a thermal analysis that neglects convective losses to ambient air. Herein, detecting assumption errors requires the reviewer to
understand both the model's internal logic and the physical context to which it is applied, then to assess whether the mapping between
them is valid (Oreskes et al., 1994). In addition, the reviewer considers whether the method's unstated assumptions are appropriate
and assesses whether simplifications introduce acceptable or unacceptable deviations from reality. For example, a reviewer examining
a beam analysis should verify that the support conditions match the idealized boundary conditions and that the loading is accurately
represented.

Constraint and standard misapplication errors occur when applicable rules, codes, or logical requirements are incorrectly applied
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(or entirely overlooked). Errors in this category include using outdated code provisions, applying factors incorrectly, misinterpreting
compliance thresholds, and violating logical constraints inherent in the problem formulation. For instance, a water treatment
calculation that compares effluent concentration to the wrong regulatory limit misapplies a constraint. Overcoming these errors re-
quires familiarity with applicable standards and the ability to verify that the artifact conforms to them. To mitigate this type of error,
the reviewer verifies that the correct version of the code is referenced and applied as specified, and that compliance demonstrations
address the relevant criteria. This review mode is particularly amenable to checklist-based approaches, as noted in Section 2.4, in the
context of code review pedagogy.

Unit and propagation errors occur when dimensional inconsistencies arise or when quantitative values are incorrectly carried
through calculations. Despite their elementary nature, these errors are remarkably common and can yield results that are orders of
magnitude off (Redish & Kuo, 2015). A competent review of unit and propagation errors involves a systematic tracing, where the
reviewer follows the dimensional analysis through each step and/or spot-check intermediate values to verify that inputs propagate as
expected. The reviewer may also apply order-of-magnitude estimation to confirm that the final results are plausible given the inputs.
Such checks are foundational and correspond to the introductory level in the developmental progression described in Section 4.4.

Physical nonsense and sanity violations occur when results contradict basic physical principles or common-sense expectations.
Some examples that belong to this family of errors include: a structural analysis that reports tensile stress in a material subjected only to
compression (i.e., which contains physical nonsense), and a traffic model that predicts negative vehicle counts (which violates an
obvious constraint). These errors are often highly detectable because they produce results that a knowledgeable reviewer recognizes as
impossible, yet they can escape notice when reviewers focus narrowly on procedural correctness without stepping back to assess
plausibility. In response, a capable reviewer is expected to maintain awareness of what answers should look like by asking whether the
result makes physical sense.

Finally, omission errors occur when the artifact fails to address something it should have addressed. Unlike the previous types,
which involve incorrect content, omission errors involve missing content. For example, a structural design that checks strength but
neglects serviceability criteria contains an omission. Similarly, a risk assessment that considers primary hazards but ignores secondary
or cascading effects leaves critical scenarios unexamined. It can be inferred that omission errors are particularly insidious because the
artifact may appear complete and correct within its stated scope while failing to address considerations that a competent engineer
would recognize as essential. Tackling this type of error can be cognitively demanding since it requires generating expectations rather
than evaluating what is given (i.e., the reviewer must ask not only "Is what is here correct?" but also "Is everything that should be here
actually here?™).

A classification principle is needed for boundary cases where an error could plausibly belong to more than one type category. For
example, the omission of a required assumption check could be classified as an assumption/modeling error (because the underlying
issue is model-reality mismatch) or as an omission error (because the artifact fails to address a required consideration). Similarly, a
misapplied standard may interact with a modeling choice when the standard's applicability depends on assumptions about the
structural system. In such cases, we recommend classifying by the primary cognitive operation the reviewer must perform to detect the
error: if detection requires recognizing that a stated assumption is inappropriate, the error is an assumption/modeling error regardless
of whether it also involves a missing check; if detection requires generating an expectation about what should have been addressed, the
error is an omission. These categories are thus best understood as analytically useful partitions organized around distinct verification
demands, not as mutually exclusive natural kinds, and instructors should expect that some items will involve reasoned judgment about

Table 2
Examples of error types.

Classification

Error type

What it is & competent review checks

Micro-examples

Assumption &
modeling

Constraint &
standard
misapplication

Unit & propagation

Physical nonsense &
sanity violations

Omission

Model-reality mismatch; reviewer validates boundary
conditions, mechanisms included/omitted, and
whether parameters/assumptions actually apply in
the physical context (including unstated
assumptions).

Incorrect/omitted regulatory thresholds, or logical
constraints; reviewer confirms correct code version/
provision selection, and correct compliance target
(often checklist-friendly).

Dimensional inconsistency or incorrect carry-through
of quantities; reviewer traces units, spot-checks
intermediate values, and uses order-of-magnitude
estimates to confirm plausibility.

Output contradicts physical principles or common-
sense constraints; reviewer steps back from procedure
to ask whether sign, magnitude, direction, and
qualitative behavior are plausible.

Missing required checks/considerations (not "wrong
content” but absent content); reviewer must generate
expectations, including secondary requirements and
separate compliance categories.

Foundation design adopts soil bearing capacity from
an adjacent-site geotech report, but the subject site
contains fill absent at the reference location; artifact
is internally consistent, but applicability is wrong.

Seismic design utilizes a response modification factor
for the incorrect structural system, which reduces
design forces below code requirements. Detection
requires verifying that the factor selection aligns with
code tables and system classification.

Dosage calculation reports milligrams when the input
was in grams, creating a 1000 error; a dimensional
check catches it immediately.

Cost estimate totals to —$50,000 for a residential
renovation; the sign error is obvious once the
reviewer interprets what the number implies.

Stormwater plan addresses peak flow attenuation but
omits mandated water-quality treatment; detection
requires knowing water quality is a separate
ordinance requirement and noticing it is unaddressed.

Severity: Moderate
Detectability:
Reasoning-level

Severity: High
Detectability:
Verification-level

Severity: High
Detectability: Surface-
level

Severity: Low
Detectability: Surface-
level

Severity: Moderate
Detectability:
Reasoning-level
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primary classification. For completeness, Table 2 lists additional examples to further clarify each of the discussed error types.
6. Building and governing a scalable error bank

The taxonomy presented in Section 5 provides a classification system; however, instructors require a supply of engineering work
products that contain embedded errors, suitable for student evaluation. This section identifies sources of error, articulates principles to
ensure that flawed artifacts remain realistic, describes calibration mechanisms to control difficulty, and specifies ethical guardrails to
prevent instructional materials from enabling harm.

6.1. Plausibility and sources for error identification

Errors in instructional artifacts must be plausible in the sense that a reasonable author could have made them without obvious
carelessness. Consequently, errors should be embedded in otherwise correct, professional-quality work, ideally as a few well-placed
defects rather than a scatter of apparent problems. This structure mirrors practice, where review occurs against a background of
mostly competent work, and it increases instructional value by forcing students to separate local failure from global competence rather
than treating the artifact as a "gotcha" document (Grofe & Renkl, 2007). In addition, errors should be consistent with a coherent
knowledge state, wherein a misapplied formula should reflect a recognizable misconception (or a plausible confusion between similar
provisions) so that the artifact "makes sense" even in its incorrectness.

Plausible errors can be drawn from contexts where such mistakes actually occur to anchor the authenticity of the error bank in real
failure modes. Some easily accessible sources may include professional standards and codes, which often provide commentary
explaining the misuse a provision is meant to prevent; design guides frequently warn against specific misapplications; and published
errata or addenda documents that document mistakes that survived formal review. In parallel, textbooks and instructional materials
often include worked examples, and older solutions manuals may contain errors that are later corrected. Additionally, instructors'
accumulated knowledge of recurring student misconceptions can be translated into coherent, plausible error patterns (Brown, 2014).
Furthermore, practice-facing artifacts help ensure that the bank accurately reflects how engineering reviews are actually performed.
For example, practitioner checklists and quality-control protocols reveal what experienced engineers actively inspect, and by doing so,
effectively define which error families matter enough to institutionalize. Forensic engineering literature then supplies failure mech-
anisms tied to identifiable errors in design, analysis, or construction, which can be abstracted into instructionally manageable sce-
narios without recreating full case histories (Delatte, 2015).

A scalable error bank should support calibrated difficulty to remain comparable across assessment instances. One control
dimension is subtlety, defined herein as the degree to which the error announces itself directly. A second dimension is density, as a
single isolated defect is generally easier to diagnose than multiple interacting errors whose effects compound or obscure one another. A
third dimension is confounds, where an artifact includes unusual but correct choices that can be mistaken for mistakes, thereby raising
difficulty by penalizing indiscriminate over-flagging and rewarding discriminating judgment. Thus, errors and artifacts can be tagged
with difficulty attributes (subtlety, density, confounds, and error type), and assessment forms can be assembled by sampling to match
targeted profiles.

6.2. Ethics and safety guardrails

Errors should be situated in benign or generic contexts that preserve pedagogical value without producing realistic templates for
misuse. For example, a generic beam check can teach the same review habit as a critical infrastructure example, but with lower
downstream risk if the document circulates. In addition, error types should be screened for reversibility risk since, in some domains,
even an intentionally incorrect procedure can function as a partial recipe that becomes actionable once "fixed," so such topics should be
avoided or handled only under exceptional controls. Building on this risk framing, standard measures (e.g., restricted access to
authorized instructors, item rotation, etc.) should be applied to error banks in the same way they are applied to conventional test banks
(Lane et al., 2016).

7. LLM-assisted authoring workflow for scalable error-bank generation

The central technical objective is to use commonly available LLMs to generate professional-format artifacts at high throughput
while ensuring that 1) each artifact contains a known and bounded set of embedded errors aligned to the Section 5 taxonomy, 2) the
error is calibrated on the dimensions of severity and detectability, and 3) the instructor retains verifiable control over ground truth
through independent checks and an instructor-only key.

It should be acknowledged that this objective shifts, rather than eliminates, the authoring challenge: whereas the prior bottleneck
was the manual effort of crafting realistic flaws, the new challenge is ensuring that LLM-generated errors are precisely bounded. The
two-stage architecture described below addresses this shift directly by separating correct-artifact generation from controlled defect
injection, so that the model is never asked to 'fail' in an unconstrained way. A typical workflow begins with the structured specification
of artifacts. The workflow presented below is a design contribution: it specifies the architectural logic, constraint structure, and
verification requirements for scalable error-bank generation, and provides implementation materials (prompt templates, notebook,
and interface) to support adoption. Systematic empirical validation, including faculty plausibility review of generated artifacts, defect-
control audits confirming single-error boundaries, and classroom feasibility trials, constitutes a necessary next stage that the present
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design is intended to enable.

Faculty first define an "item spec" that specifies the domain, scope, and permissible methods, then request an artifact with the same
surface features that students would encounter in practice (e.g., units, code references where appropriate). This spec should also define
what must be correct (the surrounding work) and what may be wrong (the injected defect). Accordingly, the model is not asked to "make
mistakes" in an unconstrained way, but is asked to produce a correct baseline artifact that is later modified in a controlled injection
step. This two-stage structure reduces the likelihood of multi-error documents and improves plausibility, which better aligns with the
empirical structure of real review tasks (see Fig. 4).

The next stage is error injection with constraint satisfaction. Here, instead of letting the model introduce arbitrary flaws, faculty are
expected to explicitly request an error of a specified type (assumption/modeling, constraint/standard misapplication, unit/propa-
gation, sanity violation, omission), paired with a target severity and detectability level. The injection prompt should impose hard
constraints: "introduce exactly one primary error," "do not change formatting," "do not create secondary inconsistencies," and "ensure
internal coherence so the artifact remains plausible." This is the stage where subtlety and density can be controlled. We suggest that, in
most instructional settings, the default should be one primary error per artifact, with occasional higher-density items reserved for
advanced cohorts. Importantly, an injection should preserve narrative continuity, with a modeling error that reads like a coherent
modeling choice, and an omission that reads like a professional report that simply fails to address a required check, rather than an
obviously incomplete draft.

The pipeline must include verification gates that are external to the model's logic. A practical design is to require two independent
checks: 1) an instructor (or TA) reproduces the relevant computation pathway or verifies the cited provision and selection logic, and 2)
an automated consistency check is applied where feasible (e.g., dimensional analysis scripts and unit tests that recompute key values

START
Goal: realistic artifacts with known, bounded defects
and instructor-controlled ground truth

!
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1) Write item spec (scope + allowed methods + must-be-correct vs may-be-wrong) -
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Fig. 4. Flowchart for a typical LLM-assisted authoring pipeline (Note: see prompt templates).
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from stated inputs). Even when automation is minimal, a lightweight "calculation replay" step, where the instructor recomputes the
critical segment using the shown numbers, can catch unintended defects. Building on these checks, the instructor then generates an
instructor-only key that identifies the intended defect, its location, its classification tags, and the minimum evidence a competent
reviewer should cite to justify the diagnosis.

Finally, once a validated "parent" item exists, faculty can generate families of variants by changing surface context and numeric
parameters while holding the conceptual defect invariant. Technically, this is best done by 1) freezing the item spec, 2) regenerating
only the parameter block (i.e., inputs, loads, dimensions, regulatory thresholds), and 3) re-running the injection and verification gates.
We recommend that each item in the bank include provenance fields (model name/version, prompt version, generation date, and
verifier identity) and calibration fields (error type, severity, detectability, confounds, and expected time-on-task). With these fields, an
instructor can assemble equivalent forms by sampling matched difficulty profiles rather than relying on informal judgment.

Below are some readily available prompts that accompany our flowchart, and interested readers might use or extend to their course
material:

Prompt no 1 Item specification prompt (baseline artifact: "mostly correct")

ROLE: You are generating a professional engineering work product for instructional review.
TASK: Produce a baseline artifact that is technically correct and professionally formatted.
DOMAIN: [e.g., structural / environmental / transportation]

ARTIFACT TYPE: [calc package | design memo | short technical report | spreadsheet-style calc narrative]
AUDIENCE: [junior engineer | plan reviewer | project manager]

STUDENT LEVEL: [sophomore | senior | graduate]

SCOPE (INCLUDE): [list what must be addressed]

SCOPE (EXCLUDE): [list what must NOT be addressed]

GIVEN DATA: [inputs with units]

REQUIRED OUTPUTS: [what results must be reported]

ALLOWED METHODS: [methods, formulas, code references allowed]

FORBIDDEN METHODS: [methods not allowed]

FORMAT REQUIREMENTS: Use sections and numbered equations where appropriate.

- Keep units explicit at every step.

- Use professional tone and realistic headings.

- Do NOT include any intentional errors.

OUTPUT RULES: Output only the artifact (no commentary, no rubric, no explanation).
Prompt no 2 Controlled error injection prompt to introduce exactly one defect

ROLE: You are modifying an existing engineering artifact to embed a single targeted error.
INPUT: The baseline artifact appears below.

TARGET ERROR TYPE (from taxonomy):

1) Assumption/modeling

2) Constraint/standard misapplication

3) Unit/propagation

4) Physical nonsense/sanity violation

5) Omission

TARGET SETTINGS: Primary error type: [choose one]

- Severity: [low | moderate | high]

- Detectability: [surface | verification | reasoning]

- Density: EXACTLY ONE primary error (no secondary errors)

CONSTRAINTS: Preserve formatting, structure, and professional tone.

- Keep everything else correct.

- Ensure the artifact remains plausible and internally coherent.

- Do NOT insert hints like "this is wrong" or "check this."

OUTPUT RULES: Output only the revised artifact.

- Do not describe the error.

BASELINE ARTIFACT:

<<<PASTE BASELINE HERE>>>

Prompt no 3 Instructor key + metadata prompt (kept private)

ROLE: You are producing an instructor-only key for a review-based assessment item.
INPUT: The flawed artifact appears below.

OUTPUT REQUIREMENTS (structured):

1) Error synopsis (1-2 sentences)

2) Error location (section/page/equation/line reference using the artifact's headings)

3) Taxonomy label (error type)

4) Severity justification (why low/moderate/high, grounded in consequences)

5) Detectability justification (surface/verification/reasoning, grounded in what is required to detect)

13
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6) Minimal competent evidence: what a good student must cite or compute to prove the diagnosis
7) Expected correction (what should be changed)

8) Common false positives (two likely over-flags and why they are not errors)

9) Time-on-task estimate (minutes) for a prepared student

OUTPUT RULES: Produce the key only (do not rewrite the artifact).

- Be specific and verifiable.

FLAWED ARTIFACT:

<<<PASTE FLAWED HERE>>>

Prompt no 4 Variant generation prompt (parallel forms with matched difficulty)

ROLE: You are generating parallel variants of an existing validated assessment item.
GOAL: Create N variants that preserve the same conceptual structure and the same primary error type,
while changing surface context and numeric inputs.

INVARIANTS (must remain the same): Primary error type: [e.g., constraint misapplication]
- Severity level: [e.g., high]

- Detectability level: [e.g., verification]

- Artifact structure (section headings and steps)

- Skill being assessed (what the reviewer must do)

VARIABLES (may change): Numeric values (within realistic ranges)

- Names/locations (fictional)

- Non-essential context details

OUTPUT: Provide N complete flawed artifacts, labeled Variant A, B, C...

- For each variant, provide an instructor-only metadata block (NOT visible to students):
{error_type, severity, detectability, expected_time, confounds_flag}

BASE VALIDATED ITEM:

<<<PASTE VALIDATED FLAWED ARTIFACT HERE>>>

Prompt no 5 Red-team sanity check prompt (catch unintended extra errors)

ROLE: You are auditing a flawed assessment artifact for unintended issues.

TASK: Identify any additional defects, ambiguities, or grading hazards beyond the intended primary error.
OUTPUT: List any secondary errors (if present) with location and why they matter.

- List ambiguities that could produce grading disputes.

- List places where students might reasonably interpret two valid methods.

- Provide a PASS/FAIL verdict: "Safe to deploy as a single-error item" or "Revise required."
FLAWED ARTIFACT:

<<<PASTE FLAWED ARTIFACT HERE>>>

It is worth noting that expert faculty in programming can also operationalize this workflow through a LLM's Application Pro-
gramming Interface (API), rather than through ad hoc prompt-and-paste interactions to significantly enable reproducibility, audit-
ability, and scalability. In an API-based pipeline, each item becomes the output of a version-controlled "item compiler" that takes a
structured specification (e.g., JSON fields for domain, student level, scope constraints, etc.) and produces artifacts through staged calls.
This approach supports deterministic regeneration (by storing seeds and prompt versions), automated variant generation (parameter
sweeps within bounded ranges), and automated screening (unit consistency scripts, range checks, and red-team audit calls that flag
unintended secondary errors or ambiguities). Thus, the resulting bank is not only a collection of documents but also a reproducible
build system, in which faculty can recompile items when code changes, rebalance difficulty distributions by sampling metadata tags,
and maintain assessment security by rotating variants generated from the same specification while preserving equivalence.

Looking ahead, the staged pipeline described above is also compatible with agentic Al architectures, in which a generator agent
produces the artifact, a verifier agent audits it against taxonomy constraints and dimensional-consistency checks, and a reflection loop
iterates until all specifications are satisfied — an approach that could further reduce instructor time while maintaining quality
assurance. Such a system would treat each item specification as a goal state, with the reflection pattern enabling automated self-
correction of unintended secondary errors or plausibility failures before the item reaches the human verification gate. While prom-
ising, this extension does not eliminate the need for instructor review at the final stage, particularly for high-stakes items, because the
verifier agent itself may share failure modes with the generator. As multi-agent orchestration and tool-use capabilities mature,
however, this architecture offers a natural path toward greater automation of error-bank maintenance.

We provide an accompanying Jupyter notebook (LLM_ErrorBank_Pipeline.ipynb) to operationalize this paper's error-bank gener-
ation workflow by turning a structured item specification (domain, artifact type, scope, given data, and required outputs) and
taxonomy-aligned error tags (primary error type, severity level, and detectability level) into a paired assessment item with a tech-
nically correct baseline artifact and a visually comparable "flawed" artifact created by injecting exactly one targeted defect while
preserving professional formatting. The notebook then produces an instructor-only key as structured JSON, which records the defect
synopsis, where it appears, the expected correction, grading anchors, and likely false positives. It also optionally supports an audit step
to check for unintended secondary errors or ambiguity, as well as variant generation for parallel forms. For classroom deployment and
sharing, the pipeline exports the artifacts to browser-ready HTML with MathJax-enabled equation rendering and embedded generation
metadata (e.g., timestamped headers) to support traceability and reproducibility. This notebook will be published alongside this paper.
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The interface of the developed notebook can be seen in Fig. 5. At the moment, this interface is designed to support OpenAl LLMs, but it
can be extended to cover any LLM provider. The notebook can be downloaded from the author's website.

8. Objections and limitations
This section addresses three primary objections and acknowledges the limitations of the proposed approach.
8.1. Objections and mitigations

The first objection holds that review itself can be gamed, especially once students learn that assessment has shifted to review; they
may seek ways to memorize common error patterns, apply heuristics, or use LLMs to generate review responses. A possible response
may build on drawing assessment items from a sufficiently large and varied error bank to prevent memorization from substituting for
understanding (because students cannot anticipate which specific errors they will encounter). In addition, requiring justification
makes it challenging to succeed through pattern matching alone, since justification demands articulation of principles that rote
recognition does not provide. Thus, including verification requirements, where students must demonstrate independent calculations or
reference checks that confirm their diagnoses, can ground assessment in performances that cannot be faked. While no assessment is
immune to gaming, these mitigations raise the bar substantially (Koretz, 2017).

The second objection holds that production still matters and should not be displaced. This objection is correct because engineers
must know how to produce (not only how to review). Our discussion does not propose eliminating production, but rather repositioning
it in relation to review. What changes is the evidentiary role of production in assessment. Under conditions of LLM access, production
artifacts may still be assigned but should be weighted less heavily or assessed in controlled environments where LLM use is restricted.
Review becomes the primary evidence of competence because it retains the validity that production-based evidence has lost. Pro-
duction and review are thus complementary rather than competing, with each serving distinct purposes in a coherent curricular
architecture.

The third objection concerns feasibility/practicality since implementing review-based assessment requires substantial effort to
develop error banks and train graders. Instructors already face competing demands, and adding a new assessment paradigm may be
impractical. This objection is serious but does not undermine the value of our argument. For example, adoption can be incremental,
with the minimal viable implementation involving the incorporation of occasional review exercises using flawed artifacts generated ad
hoc or sourced from the categories identified in Section 6.1. As instructors accumulate materials, these can be organized into structured
error banks. Sharing across institutions reduces duplication of effort, and the framework's domain-general architecture enables the
transfer of task formats, scoring logic, and error taxonomies, even when the defect instances themselves remain domain-specific. One
might keep in mind that the workload objection is also context-dependent, as LLMs increasingly compromise the validity of traditional
assessment, the cost of not adapting may exceed the cost of adaptation.

8.2. Limitations

The proposed framework is not intended to replace all forms of engineering assessment since several outcome classes may not be
validly measured through review. For example, psychomotor and embodied competencies (e.g., laboratory techniques, instrument
use) require observation of physical execution and cannot be inferred from a student's critique of an artifact. Likewise, advanced open-
ended design competence requires synthesis, trade-off reasoning, and creative generation of viable solutions. Although review can
measure a student's ability to detect and justify flaws in a provided design, it does not directly measure the ability to originate an
effective design under constraints. More broadly, there is a pedagogical risk that privileging review could narrow instruction toward
fault-finding at the expense of the generative, integrative, and creative capacities that engineering and design education must also
develop. Review competence and production competence serve complementary developmental functions: review builds evaluative
discrimination and principled justification, while production builds synthesis, trade-off reasoning, and the capacity to generate viable
solutions under open-ended constraints. A curriculum that shifts too far toward review may produce students who are skilled at
identifying what is wrong but underprepared for the constructive demands of professional practice. The framework proposed here
should therefore be understood as advocating a rebalancing of assessment emphasis, not a wholesale replacement of production with
review. In addition, implementation is inherently domain-specific: the taxonomy and five-operation sequence can generalize as
organizing structures, but the instantiated error types, defect inventories, acceptance criteria, and justification standards must be
defined within each discipline's governing principles and codes.

9. Conclusions

Large language models have broken the inferential link between artifact quality and student competence that traditional engi-
neering assessment presumed. This disruption, while challenging, also resolves a long-standing constraint with regard to the difficulty
of mass-producing realistically flawed artifacts. This paper argues that assessment validity can be strengthened by shifting the
emphasis from production to review. The shift we propose corrects that imbalance by aligning assessment with professional reality
because engineers must be able to catch errors, not only avoid making them. Our presented argument treats LLM disruption not as a
problem to manage but as an opportunity to assess what engineering education has not historically prioritized. The cost structure
inversion makes review the scarce and differentiating capability (i.e., while anyone can generate, students with stronger domain
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understanding are better positioned to verify). From this lens, we formalized review competence as a five-operation construct, namely
detect, diagnose, prioritize, justify, and propose correction, which can be taught and assessed at progressive levels of sophistication. In
addition, we presented a three-dimensional taxonomy of engineering errors, classified by type, severity, and detectability, which
provides the structured error space needed for systematic assessment. Finally, we present prompts and a LLM-based interface for
generating review materials on-demand.
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