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Abstract 

This study uses the Low-Bar Item Draft Ac-
ceptability Tool (LBIDAT) to evaluate au-
tomatically generated 8th grade assessment 
items from three Large Language Models 
and six prompt engineering tiers. Using 
bias-reduced ordinal logistic regression, we 
tested main effects of prompt tier and 
model selection on defect severity across 
8th grade English Language Arts (ELA) 
and Mathematics items; neither signifi-
cantly affected defect severity in either do-
main. Results instead reveal stark cross-do-
main disparities: ELA items consistently 
exhibited poor quality and high defect rates 
across all models and prompt tiers, whereas 
mathematics items achieved high rubric ac-
ceptability by defaulting to familiar tasks 
that exist in broader training data. However, 
even math items generally fell short of de-
sired cognitive targeting.  

1 Introduction & Framework 

Automated item generation (AIG) using LLMs 
holds immense potential for scaling educational as-
sessment, yet automatically generated items often 
fail professional review for quality, alignment, or 
fairness, even when they initially appear properly 
constructed (Kurdi et al., 2020; Tan et al., 2025). 
Ensuring proper alignment to specific content 
standards at appropriate grade levels remains the 
core challenge of item development—whether us-
ing automated or conventional workflows. With 
LLM-based workflows, items frequently fail to 
meet these requirements because they lack accurate 
cognitive architectures that recognize the goal of 
each alignment reference and how those learning 
goals connect learning sequences across levels of 

 
1 Paper presented at the National Council on Meas-
urement in Education’s second Artificial Intelligence 
in Measurement and Education Conference.  

mastery and/or years with modern learning stand-
ards. Therefore, the items produced do not elicit ev-
idence of targeted cognition for typical test takers 
(Wine & Hoffman, 2024; Lane & Marion, 2025).  

The Low-Bar Item Draft Acceptability Tool 
(LBIDAT; Hoffman & Wine, 2025) evaluation 
framework provides a non-compensatory, rubric-
based protocol aimed at identifying item drafts 
with potentially fatal design or execution issues. It 
was designed to evaluate item drafts/starters from 
item writers or automated workflows. It catego-
rizes generated item quality by five primary dimen-
sions, each scored on a 3-point scale. Excessive 
critical issues in any one dimension are disqualify-
ing, regardless of evaluation in other dimensions. 

To test LLM adaptability, prompts were pro-
grammatically structured into progressive tiers 
ranging from just merely standards’ codes and text 
in Tier 2 up to (in Tier 7) comprehensive scaffolds 
incorporating both medium length affirmative and 
exclusionary instructions, and even the full LBI-
DAT rubric guidance itself. Outputs were gener-
ated via Python-based API pipelines across Claude, 
Gemini, and GPT. 

2 Research Questions 

This study addresses three primary research ques-
tions: 

• RQ1: How, if at all, do increasingly detailed 
tiers of zero-shot prompt engineering signifi-
cantly alter the odds of item defect severity 
across individual LBIDAT dimensions? 

• RQ2: How, if at all, does item defect severity 
on individual LBIDAT dimensions signifi-
cantly differ across Large Language Models? 
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David Whitcomb 
Accessible Teaching, Learning and Assessment Systems (ATLAS), University of Kansas 

Marjorie Wine 
Accessible Teaching, Learning and Assessment Systems (ATLAS), University of Kansas 

Alexander Hoffman 
AleDev Research & Consulting  

 

267



 
 

• RQ3: How, if at all, do item defect severity 
patterns and cognitive complexity limits ap-
pear outside the dimensions of the LBIDAT? 

3 Methodology & Statistical Model 

3.1 Item Generation Pipeline & Prompt De-
sign 

To systematically test the limits of LLM-based 
item generation (AIG), item production was struc-
tured using a Python-based pipeline to access three 
LLMs’ (Anthropic claude-opus-4-1-20250805, 
Google gemini-3-pro-preview, OpenAI gpt-5.1) 
APIs directly. Prompts were executed using a zero-
shot prompting framework across two fixed hyper-
parameter configurations (model temperature 
locked at 0.7 and 0.8) to balance structural adher-
ence with some creative variability. The pipeline 
programmatically populated structured JSON pay-
loads enforcing strict output schemas. This com-
pelled models to return explicit JSON keys for the 
item stem, answer options, key rationale, distractor 
rationales, and (for mathematics) LaTeX format-
ting instructions and figure descriptions. Math out-
puts were then rendered to produce a single graphic 
file with stem, answer options, figures and distrac-
tors that could be used for item evaluation.   

Prompts were engineered with persona framing 
into six progressive Prompt Tiers (Tiers 2-7) to 
evaluate whether increasing prompt specificity re-
duces item quality concerns. Tier 1—just a stand-
ard’s code—was removed as effectively duplica-
tive in an earlier phase of this project (Hoffman, et 
al. 2025).  

• Tier 2: Included only the official Common 
Core State Standards (CCSS; NGA/CCSSO, 
2010) code and verbatim standard text 

• Tiers 3 & 4: Added short (50-100 words) or 
medium (100-200 words) standard-specific 
affirmative instructions written by Subject 
Matter Expert (SME) Content Development 
Professionals (CDPs) outlining expected item 
behavior. 

• Tiers 5 & 6 (Exclusionary Constraints): added 
short (50-100 words) or medium (100-200 
words) negative/exclusionary directions 
(what the item must not do)  

• Tier 7: added common standard-specific stu-
dent misconceptions to guide stem and dis-
tractor construction. 

(Each tier included versions that did not (e.g., 
Tier 4a) and did (e.g., Tier 4b) include the LBIDAT 
rubric and full explanation. This had no impact on 
item quality, so these versions were combined at 
each tier.) 

3.2 Sample & Target Standards Selection 

This project purposefully targeted 8th grade 
standards across Mathematics and English Lan-
guage Arts (ELA). This level was selected to rep-
resent moderately advanced content that balanced 
complexity/non-trivial content demand and poten-
tial clarity to non-SMEs. All selected standards 
were taken directly from the Common Core State 
Standards. 

The selected mathematics standards cover statis-
tics, algebra and geometry.  

• 8.F.B.4: Constructing simple linear models 
and understanding rate of change and initial 
value. 

• 8.G.C.9: Knowing and using the formulas for 
the volumes of cones, cylinders, and spheres. 

• 8.SP.A.4: Analyzing simple bivariate categor-
ical data, two-way tables and relative frequen-
cies.  

The selected ELA standards include both infor-
mational and literary reading.   

• RI 8.2: Determining central ideas and analyz-
ing their development over the course of an 
informational text.  

• RL 8.1: Citing strong textual evidence to sup-
port explicit statements and inferences in lit-
erary text.  

• RL 8.4: Determining word/phrase meanings, 
figurative/connotative tone, and literary anal-
ogies 

ELA prompts included designated reading stim-
uli from publicly released 8th grade assessment pas-
sages from six states (MA, MN, NJ, TN, TX, UT). 

 In total, 284 math and 456 ELA items were gen-
erated, from which ~27% overall were randomly 
selected for evaluation (n=110 ELA, n=90 math).  

3.3 Analysis 

Randomly selected items were reviewed by 1-2 
SME CDPs with the generating LLM, temperature, 
and prompt tier obscured. Items were evaluated us-
ing the LBIDAT, a non-compensatory dimensional 
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rubric measuring defect severity across five cate-
gories: Stem & Task, Answer Key, Distractors, 
Stimulus, and Fairness. In each content area, both 
raters independently scored a common set of items. 
Consistent with consensus-based qualitative rating 
traditions, discrepant ratings were treated as mate-
rial for discussion rather than error to be quantified, 
and calibration concluded when raters reached con-
sensus interpretations of each dimension. Remain-
ing items were then divided between raters and 
scored independently. 

Each dimension was scored on a 3-point ordinal 
scale:  

• ✓ No critical issues identified; item draft 
likely usable or easily refinable. 

• ~ Significant execution issues present; item 
draft potentially refinable.  

• !! Severe alignment or validity flaws; item 
draft likely unsalvageable.  

Dimension ratings (✓ > ~ > !!) were modeled 
with ordinal logistic regression—an adjacent-cate-
gories logit with a parallel-odds constraint—as a 
function of LLM engine, prompt tier, and standard. 

ln #
𝑃%𝑌 = 𝑦𝑚+1&
𝑃%𝑌 = 𝑦𝑚&

' = 𝛽!" +𝛽#(LLM$) + 𝛽%(Tier&)

+ 𝛽'(Standard() 
Where: 

• 𝛽$% represents the intercept for each ad-
jacent-category boundary (✓ vs ~; ~ 
vs !!). 

• 𝛽& isolates the main effect of model se-
lection (LLM$: Claude, Gemini, GPT). 

• 𝛽' isolates the main effect of zero-shot 
prompt engineering depth (Tier&: Tiers 2 
through 7). 

• 𝛽( accounts for baseline standard diffi-
culty (Standardₗ).  

 Model parameters were estimated with bias-re-
ducing adjusted score equations (Kosmidis & Firth, 
2021), which yield finite estimates under the 
sparse-cell conditions that produce separation un-
der maximum likelihood, permitting a single esti-
mator across all dimensions and both content do-
mains. Likelihood Ratio Chi-Square (χ²) tests of 
each main effect (prompt tier, df=5; LLM, df=2) 
were conducted at the α=0.05 significance thresh-
old, adjusted for the study's 20 comparisons using 
Bonferroni correction. The parallel-odds constraint 
was assessed for each dimension against boundary-
specific fits; it was rejected only for ELA Stem & 
Task (p < .001), and relaxing the constraint there 
left both main-effect tests non-significant. 

4  Results 

4.1 Research Question 1 (Prompt Tiers): Im-
pact of Prompt Engineering Depth 

Surprisingly, controlling for LLM engine and tar-
get standard, zero-shot prompt engineering depth 
(Prompt Tier) did not produce a statistically signif-
icant main effect on item defect severity across the 
vast majority of LBIDAT dimensions in either con-
tent domain (Table 1).  

English Language Arts (ELA): Prompt tier se-
lection yielded no statistically significant reduction 
in defect odds across any individual dimension. 

 
Figure 1. Fatal Defect Rate (!!) by LBIDAT Dimension and Content Domain 

 

 

269



 
 

Increasing prompt detail from basic standard 
text (Tier 2) to full affirmative and negative guid-
ance, plus common student errors (Tier 7) failed to 
lower the odds of severe item defects. (Stimulus 
defects were rare—3 of 110 items—as ELA stimuli 
were provided from released passages rather than 
generated content.) 

Mathematics: Prompt tier showed no signifi-
cant main effect on any testable dimension. 

The nominal Stimulus result reflects eight defec-
tive items concentrated in specific tiers rather than 
any gradient with tier and does not approach the 
Bonferroni-adjusted threshold. 

4.2  Research Question 2: Model Perfor-
mance Differences 

English Language Arts (ELA): Model choice 
(Claude, Gemini, GPT) exerted no statistically sig-
nificant effect on defect severity for any LBIDAT 
dimension. Comparing engines against the baseline 
(Claude), neither Gemini nor GPT significantly al-
tered the odds of receiving higher defect ratings. 

Mathematics: Model selection produced one 
nominally significant result, which does not sur-
vive the Bonferroni-adjusted threshold (α = .0025). 

The nominal Distractors result reflected greater 
defect severity among Gemini-generated distrac-
tors relative to Claude; given the study's 20 com-
parisons, one nominally small p-value is consistent 
with chance, and we do not interpret it as a model 
effect.  

4.3 Research Question 3: Cross-Domain Di-
vergence  

Over 73% of ELA items received fatal defect (!!) 
ratings in at least one dimension, often driven by 
anchor standard traps—where models generated 
generic, off-grade reading comprehension ques-
tions aligned (at best) to broad anchor concepts 
such as broad, lower-grade reading comprehen-
sion, literal text recall, or basic vocabulary identifi-
cation rather than grade-appropriate 8th -grade 
KSAs. Rather than operationalizing the nuanced 
cognitive demands of grade-specific standards, ex-
panded prompts merely caused the models to ap-
pend superficial, rubric-aligned language onto fun-
damentally off-grade items. Thus, these failed to 
meet even the low bar of the Low-Bar Item Draft 
Acceptability Tool. 

For example, RI 8.2 items often required test tak-
ers to recognize the most accurate plot summary, 
rather than analyze the relationship of a central idea 
to supporting ideas. RL 8.4 items targeted words 
whose in-context meanings were not definitively 
determinable, therefore offering multiple plausible 
readings with a merely arguable key—with other 
items labeling alternative readings as the key! 

A high-score illusion in mathematics is quite 
striking. Over 75% mathematics items across all ti-
ers and models achieved acceptable ratings with 
the LBIDAT’s low bar. Qualitative CDP review re-

Table 1. Likelihood-Ratio Tests of Prompt Tier and LLM Main Effects on Defect Severity, by LBIDAT 
Dimension and Content Domain 

 ELA Mathematics 
Dimension Tier χ²(5) LLM χ²(2) Tier χ²(5) LLM χ²(2) 
Stem & Task 4.21 (.52) 1.16 (.56) 1.28 (.94) 2.06 (.36) 
Answer Key 3.02 (.70) 0.74 (.69) 3.53 (.62) 2.00 (.37) 
Distractors 2.45 (.78) 1.72 (.42) 1.38 (.93) 11.15 (.0038) 
Stimulus 0.00 (>.99) 0.69 (.71) 13.55 (.019) 0.00 (>.99) 
Fairness 0.00 (>.99)ᵃ 0.01 (.99)ᵃ —ᵇ —ᵇ 

Note. Values are likelihood-ratio χ² statistics with p-values in parentheses. No test was significant at the Bonferroni-adjusted 
threshold (α = .05/20 = .0025). 
ᵃ No ELA item received a ~ Fairness rating; the Fairness model reduces to its ✓ vs. !! boundary. 
ᵇ No mathematics item received a non-✓ Fairness rating; no model was fit. 

 

Figure 2. Fatal Defect Rate (!!) by LLM Engine 
and Content Domain 
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vealed that this high acceptability rate masked se-
vere cognitive complexity and proficiency defi-
ciencies. Models consistently defaulted to basic al-
gorithmic procedures and simple formula applica-
tions, completely avoiding the conceptual model-
ing and multi-step problem solving required by 
many 8th-grade standards. While mathematics 
items passed surface rubric checks, they would fail 
to elicit evidence of targeted grade-level cognition. 

For example, bivariate data was always binary, 
despite prompts suggesting that more than two pos-
sible values were also appropriate. Items were so 
conceptually simple that distractors were often the 
product of elementary grade computation mistakes 
rather than grade-level misunderstanding or misap-
plications.  

This evaluative blindness extended to the mod-
els' self-assessments. When prompted tiers in-
cluded the LBIDAT rubric itself (the b-variants), 
models occasionally LBIDAT scores for their own 
drafts—and awarded top marks across every di-
mension, regardless of the item's actual ratings, in-
cluding items human review deemed unsalvagea-
ble. The models applied the rubric's language flu-
ently while detecting none of the defects it defines. 

5 Discussion 

The findings of this study demonstrate that zero-
shot prompt engineering depth—spanning basic 
standard text (Tier 2) to hundreds of words of 
standard-specific expert item writing guidance 
(Tier 7)—failed to reduce the frequency of exces-
sive critical issues in any of the LBIDAT’s five di-
mensions in either English Language Arts (ELA) 
or Mathematics. Prompt expansion did not resolve 
core structural defects in either domain. 

A primary driver of both the ELA anchor stand-
ard traps and overall prompt insensitivity is likely 
the fundamental limitation of the underlying train-
ing corpus. LLM prompt engineering necessarily 
can only leverage embedded training rather than in-
credibly specialized assessment design expertise. 
Because existing web corpora are heavily popu-
lated with general reading comprehension ques-
tions, basic text summaries, and elementary-level 
exercises, LLMs can not help but defer to the long 
history of surface-level reading items. But this was 
not limited to ELA items. Math items also tended 
to be considerably below true grade-level expecta-
tions for proficiency, just targeting the day 2 level 
of a 5-day unit. In Math, surface-level acceptability 

often masked cognitive simplification. ELA’s do-
main model sees such items as below grade level, 
and Mathematics unfortunately accepts them as 
just mediocre—for essentially the same issue.  

Including a handful of examples with the LLM 
prompts is the obvious—and ultimately quite un-
wise—next step. This will only produce the kind of 
templatized predictable items that are incredibly 
subject to inappropriate test prep (Koretz, 2008, 
2017; Linn, 2000). Over-constraining LLMs 
through rigid, highly templated prompt struc-
tures—the direct descendant of item shells and 
item models (Haladyna & Shindoll, 1989; Gierl & 
Lai, 2012)—risks inducing repetitive item formats, 
predictable distractor patterns, and diminished item 
diversity. Templating can constrain a model's gen-
erative scope, producing mechanically sound items 
that lack creative context or authentic problem sce-
narios. This approach entirely undermines assump-
tions of sampling that are absolutely necessary to 
generalize from performance on individual items to 
statements about levels of proficiency regarding 
skills, abilities, understanding and judgments 
(Kane, 2013).  

These corpus limitations point toward fine-tun-
ing rather than deeper prompting—a path we take 
up in the recommendations below. (Consider the 
top marks the LLMs gave their own low-quality 
items in this study: even vetting a fine-tuning cor-
pus cannot yet be automated.) 

6 Limitations 

Several limitations bound these findings. 
Though 740 items were generated, evaluation was 
conducted on random subsamples of 110 ELA and 
90 mathematics items—roughly 15–18 items per 
prompt tier within each domain. Individual tier 
contrasts therefore carry wide confidence intervals, 
and no single test can definitively rule out a mod-
erate effect on any one dimension; nor could the 
design detect tier effects confined to a single 
model, as tier-by-model cells were too small to test 
interactions. That said, the null reading does not 
rest on any single test. Across ten parallel omnibus 
tier tests spanning each domain—each estimated 
on the full domain sample with all three models 
pooled—nine of ten likelihood-ratio statistics fell 
below their expectation under the null, and the one 
exception (mathematics Stimulus) reflected eight 
defective items concentrated in specific tiers rather 
than any gradient, a pattern indicating essentially 
no dose-response relationship in the data rather 
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than an effect straining against limited power. De-
scriptive defect rates remained flat across tiers, 
where any practically meaningful improvement 
would be visible regardless of significance. 

The design's scope was deliberately narrow: one 
grade level, one standards framework, six stand-
ards, and three commercial models at a single point 
in time. Successor models may behave differently, 
though we have argued the underlying corpus lim-
itation is structural rather than a matter of model 
maturity. The study also tested only zero-shot 
prompting; few-shot approaches were excluded on 
the templating grounds discussed above. Finally, 
the two temperature settings (0.7 and 0.8) were 
pooled in analysis; the contrast is narrow and tem-
perature was not modeled as a factor. 

7 Conclusion and Recommendations 

While Large Language Models can rapidly gen-
erate candidate assessment content that appears ad-
equate on the surface, even quick (i.e., <5 minute) 
examination by content experts can make clear that 
the candidates are inappropriate. This study sug-
gests some obvious recommendations. 

7.1 Do Not Be Fooled or Distracted 

First, LLMs naturally excel at producing credible-
seeming…anything. The surface gloss and shallow 
credibility should not be mistaken for substantive 
quality. 

Second, LLM-produced items are less problem-
atic for mathematics than for ELA. No one should 
extrapolate their current abilities with simple pro-
cedural math items to other content areas. AIG re-
searchers should evaluate their outputs across mul-
tiple content areas.  

Third, LLMs’ ability to produce cliché proce-
dural items should not be mistaken for an ability to 
produce items that generate evidence of conceptual 
understanding, let alone the critical KSAs of the 
CCSS’s Standards for Mathematical Practice. Few 
assessments focus on factual recall or trivial exam-
ples of procedural application. AIG researchers 
should be sure to evaluate their outputs across the 
breadth of cognitive demand from a domain model. 

Fourth, there are any number of ways to evaluate 
the products of AIG processes. No one should be 
satisfied with high success rates on shallow criteria, 
even as explicit as the LBIDAT’s five low bars.  

Fifth, efficiency is not a form of validity evi-
dence. The attractions of time or dollar savings 

should not distract from validity-based evaluation. 
That is, validity does not care how much it costs.  

7.2 Build Strong Teams 

Educational measurement and assessment develop-
ment remains a highly multi-disciplinary endeavor 
(Huff et al., 2025; Wine & Hoffman, 2024). While 
automated workflows may seek to shift many con-
tributions to faster AI technologies with lower mar-
ginal costs, the development of such workflows 
clearly requires the wider breadth of contributions. 
That is, research and development teams must in-
clude AI/LLM specialists, psychometricians, test 
designers and content development profession-
als—at the very least. Even if test users are not in-
cluded on these teams, they must include profes-
sionals with the expertise with both the content and 
the cognition that items aim to address—and how 
to elicit evidence of that intersection. 

7.3 Consider the Context 

The available training corpora are almost cer-
tainly dominated by low quality items and assess-
ments. Even professionally developed examples 
are viewed poorly by educators and the public 
(Sireci, 2021). Relying on the most readily availa-
ble corpus is simply not appropriate for highly spe-
cialized work, like content development for large 
scale assessment.  

This makes it difficult to use proprietary frontier 
models for AIG. The low quality examples in their 
training corpora are simply too much to overcome 
through prompt engineering. Rather, some level of 
customization through fine tuning seems to be nec-
essary, which requires open-weight models (or ex-
pensive supervised fine-tuning) and vetting for the 
highest quality items that truly elicit evidence of 
grade level proficiencies—something that cannot 
yet be done in an automated fashion. 

To date, no one has collected truly high quality 
items that meet the highest standards to form the 
fine tuning corpus, for a wide variety of reasons. 
Test development organizations might comb their 
item banks for such items, but it would require 
more stringent examination than the LBIDAT ap-
proach. Falling short of this can only produce more 
of the same items, and we already know how prod-
ucts based upon them are received by the public. 

Furthermore, the widespread use of inappropri-
ate test preparation is a product of predictable 
items. The fact that such test  prep works contrib-
utes to the poor reputation of today’s assessments. 
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This is the context of most large scale assessment, 
and those facts should strongly influence the type 
of tests we use automated workflows to generate.  
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