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Abstract

This work proposes automated generation and
psychometric scoring of Maze comprehen-
sion assessments using large language models
(LLMs) and a multilevel item response theory
(multilevel IRT) framework. Findings show
reliable ability estimates across passages and
items, offering scalable, curriculum-aligned for-
mative assessment that reduces teacher work-
load and supports targeted reading instruction.

1 Introduction

Maze comprehension tests have a long history of
use in elementary school education. It was popular-
ized as part of the Curriculum-Based Measurement
(CBM) (Deno, 1985) framework, which is a stan-
dardized testing process that has been widely used
in schools to evaluate student achievement. CBM
testing in reading can include a maze comprehen-
sion test and an oral reading fluency test. Maze
is also part of the DIBELS assessment, which is
widely used. Traditional paper-and-pencil imple-
mentations of the Maze tests, such as those in CBM
administration and DIBELS, are standardized read-
ing passages where every 7" word has been deleted
and replaced by three choices. These choices are
one word that is the correct one for the passage and
two distractors.

There have been many studies providing valid-
ity evidence for different versions of standardized
Maze tests. For example, Shin and McMaster
(2019) conducted a meta-analysis showing that the
correlation between the CBM Maze and state tests
of reading comprehension was 0.6. However, the
use of standardized passages are of limited use
for formative assessment of reading comprehen-
sion, because they are challenging to produce. A
teacher can take any passage from a reading cur-
riculum and generate a Maze comprehension test
manually, but it is time-consuming. An automated
Maze generator provides an opportunity to reduce

teacher burden in creating these assessments. Exist-
ing Maze passage generators (Intervention Central)
randomly draw distractors from a list of common
English words or randomly sample words from the
passage. This simple approach misses the opportu-
nity to make Maze tests into formative assessments
that simultaneously inform the teacher about the
student’s current level of reading comprehension
and provide an opportunity for the student to prac-
tice specific decoding skills.

Large language models allow selection of dis-
tractors with fine-tuned characteristics that enable
practice in addition of assessment. For example,
distractors can be selected to form word chains
with the correct answer, engaging students in a
more complex reading activity. This approach has
similarities with the concept of stealth assessment
(Rahimi and Shute, 2024), because it combines
practice with measurement. Furthermore, genera-
tive Al allows the automated generation of Maze
tests that adapt to each lesson of a reading cur-
riculum. For example, distractors can be selected
containing the specific phonetic patterns a teacher
is working on with the students during the week
that the Maze is administered. Having a Maze that
aligns with lessons of a reading curriculum would
allow more precise evaluation of student reading
comprehension, and would provide an opportunity
to reinforce concepts taught in the classroom.

In the current study, we propose multiple meth-
ods to automatically create Maze tests that allow
them to serve as opportunities for formative as-
sessment and practice while reducing preparation
burden on teachers. In addition, we propose a psy-
chometric model based on the concept of explana-
tory item response theory to provide student ability
estimates accounting for random variation in word
difficulty and passage characteristics.
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2 Related Literature

2.1 Automated Item Generation

Automated Item Generation (AIG) has become in-
creasingly important, as assessments require large
pools of high-quality items. Early AIG research
focused on structured item models that specify
content, cognitive demands, and constraints to
guide systematic item creation (Gierl and Hala-
dyna, 2012; Gierl et al., 2012). These rule-based
approaches showed that item variants could be gen-
erated efficiently while maintaining the alignment
of the construct. With the advances in computa-
tional methods, AIG has incorporated machine-
learning and natural-language approaches, generat-
ing more linguistically diverse and contextually
coherent items (Circi et al., 2023; Attali et al.,
2022). Recent studies indicate that transformer-
based models can generate reading passages, stems,
and distractors that are more fluent and contextu-
ally appropriate, but quality varies based on the
prompt and model (Sommer and Arendasy, 2025).
For example, Bulut and Yildirim-Erbasli (2022)
demonstrated that fine-tuned transformer models
such as GPT-2 and T5 could automatically generate
both reading passages and comprehension items for
elementary students. However, the generated con-
tent still required human review before classroom
use(Bulut and Yildirim-Erbasli, 2022).

Large language models (LLMs) have further ad-
vanced AIG by enabling learning from only a small
number of examples, maintaining a consistent writ-
ing style, and flexibly adapting to new item formats
(Brown et al., 2020) . Research on LLM-generated
educational materials shows that these models can
produce coherent passages and reading compre-
hension items, though challenges such as semantic
drift, inconsistent difficulty, and distractor qual-
ity remain concerns (Xiao et al., 2023; Tan et al.,
2025). Linguistic analyses of LLM-generated texts
indicate that readability, syntactic complexity, co-
hesion, and lexical diversity affect text difficulty,
indicating that these features should be monitored
when using LLMs for assessment (Palma and Soto,
2025; Zhang, 2025).

2.2 Maze Comprehension Tests

Maze reading assessments have long been used
within CBM frameworks to efficiently and reli-
ably monitor students’ comprehension skills (Deno,
1985). Research shows Maze performance strongly
correlates with standardized reading comprehen-
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sion measures and sensitively indicates both level
and growth (Shin et al., 2000; Shin and McMas-
ter, 2019). Traditional Maze assessments use fixed
passages, limiting content diversity and potentially
introducing practice effects with repeated admin-
istrations. Recent efforts to automate Maze con-
struction have used algorithmic distractor selection
and text processing rules to expand item pools, but
these often depend on surface-level linguistic fea-
tures and do not fully capture natural variation in
text complexity (Attali et al., 2022; Boyce et al.,
2020; Conoyer et al., 2016). As a result, the lin-
guistic characteristics of passages such as syntac-
tic structure, cohesion, and semantic density may
influence item difficulty in ways that are not sys-
tematically controlled. This issue becomes more
pronounced with LLM-generated passages, which
can introduce subtle but meaningful differences
in readability and discourse structure. These ob-
servations raise a central psychometric question
about whether student ability can be estimated in-
dependently of item difficulty and passage-level
linguistic variation when passages differ across ad-
ministrations.

2.3 Explanatory Item Response Theory

To address this issue, psychometric approaches
that incorporate observable predictors into item
difficulty provide a useful foundation. Early Ex-
planatory Item Response Theory (EIRT) research
showed that item difficulty can be modeled as
a function of measurable features rather than as
a fixed parameter (Zwinderman, 1991). Kamata
(2001) extended this idea to a multilevel IRT formu-
lation modeling item responses nested within pas-
sages and within students, which is very similar to
the structure of Maze assessments. This framework
is especially relevant when passages vary across
administrations or are generated by large language
models, because students may encounter different
linguistic conditions. By modeling passage-level
variability directly, multilevel IRT enables separa-
tion of student ability from text-driven differences
in item difficulty. Using this framework, the cur-
rent research investigates whether ability estimates
derived from Al-generated Maze passages are in-
dependent of random item difficulty and passage-
level linguistic characteristics. Recent extensions
of this framework have examined nonlinear interac-
tions between person and item covariates in EIRMs.
Cho et al. (2024) demonstrated that assuming lin-
earity in these relationships may obscure mean-



ingful variation, and proposed the use of smooth
functions to model nonlinear effects in reading ed-
ucation contexts.

3 Methods
3.1 Sample

The dataset for this study was obtained from Stor-
iza, a digital literacy platform that supports reading
development by enabling children to craft and il-
lustrate their own stories (Leite et al., 2025). The
platform uses a large language model to generate
individualized passages that align with the instruc-
tional goals of a phonics curriculum widely used in
elementary schools in the United States (Lane and
Contesse, 2022). On the platform, students select
the settings for their story, including grade level,
instructional topic, lesson, word count, and a brief
idea. Then the platform creates a unique passage
based on these selections.

The analytic sample included 129 students in
Grades 1 through 3 who completed at least one
Maze test. After excluding missing values, the
dataset included 4,999 item-level responses across
461 automatically generated Maze tests. These data
formed a three-level structure, with Maze items
nested within stories and stories nested within stu-
dents.

3.2 Automated Maze Generation

To test reading comprehension, the platform turns
these stories into Maze tasks by replacing approx-
imately every seventh word with a blank, exclud-
ing stop words and proper nouns. Each blank is
accompanied by three choices that contain one cor-
rect answer and two distractors. Students complete
the Maze by choosing one option for every blank
throughout the passage.

We used four different strategies for automatic
generation of the Maze comprehension test. In the
phoneme-aligned strategy, distractor selection pri-
oritized words with the same phonemes and num-
ber of syllables of the correct word. In the word-
ladder strategy, distractor selection used words that
were different from the correct word by one letter.
In the lesson-aligned strategy, the words containing
phonemes that were aligned with a specific lesson
of the phonics curriculum were prioritized for se-
lection. Therefore, the distance between words se-
lected was more varied than the other strategies.
Also, in the lesson-aligned strategy, distractors
were selected from words containing the phonemes

targeted in the lesson. In the traditional strategy,
distractors were selected from common English
words. Examples of partial Maze tests showing
each strategy are presented in the appendix.

All four strategies were implemented algorith-
mically within the platform. In the phoneme-
aligned strategy, a large language model (LLM)
was prompted to generate distractors that shared
as many phonemes and syllables as possible with
the correct word, matched its part of speech, and
were not semantically related to it. In the word
ladder strategy, the LLM was prompted to generate
distractors differing from the correct word by ex-
actly one letter substitution, keeping the same word
length and part of speech; a lexicon-based neighbor
search was used as a fallback when the LLM did
not produce valid candidates. In the lesson-aligned
strategy, target words were selected by matching
a grapheme pattern from the student’s assigned
phonics lesson (e.g., ff, Il, ss, zz for lesson 42 of
the phonics curriculum), with a spacing constraint
of six to nine words between blanks enforced to
maintain consistent assessment density. Distractors
were also required to follow the same phonics pat-
tern, so that all three choices in each blank shared
the lesson grapheme, targeting phonics decoding
rather than semantic inference. In the traditional
strategy, distractors were selected algorithmically
from a frequency-filtered pool of common English
words matched by part of speech and similar word
length, without LLM involvement.

Students engaged with the digital literacy plat-
form by generating individualized passages and
completing the corresponding Maze tasks. The sys-
tem automatically converted each passage into a
Maze using one of four Maze generation strategies,
which were randomly selected each time a Maze
was created. The lesson-aligned strategy was intro-
duced later in the data collection period, resulting
in a smaller number of administrations relative to
the other three strategies. When students completed
a Maze test, the platform recorded item responses,
completion time, and the Maze generation strat-
egy used for each item. After data collection, we
merged item, story, and student-level information
into a single analytic dataset and assigned d-ELP
difficulty values to the correct target words. We
also checked the data for missing values, limited
variability, and outliers, and standardized continu-
ous predictors to ensure comparability across scales
prior to model estimation. Table 1 presents descrip-
tive statistics for each Maze generation strategy.
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3.3 Variables

The main outcome variable represented whether
a student responded correctly to each Maze item.
Since the response was dichotomous, we estimated
all models using a logistic link function. At the
item level, we examined several predictors reflect-
ing features of the Maze task. Differently than
traditional IRT models for dichotomous items (Em-
bretson and Reise, 2000), which estimate item dif-
ficulty as one of the model parameters, we treated
item difficulty as known and included it as a pre-
dictor in the model. More specifically, for each
word selected as the correct option for a Maze item,
we obtained a lexical difficulty from the Develop-
mental English Lexicon Project (Compton et al.,
2025). This public dataset provides IRT-based dif-
ficulty estimates for high-frequency English words.
For target words not found in the d-ELP database,
we estimated difficulty using phonemic similarity.
Specifically, we retrieved the CMU Pronouncing
Dictionary pronunciation for each missing word
and computed the Levenshtein distance between
its phoneme sequence and those of all words in
the d-ELP database. We then averaged the d-ELP
difficulty values of the phonemically closest words
and assigned that average as the difficulty estimate
for the missing word.

We also included three dummy-coded indica-
tors of the Maze generation strategy used by the
platform. Completion time was recorded once per
story, so all items within the same story shared the
same value, although it varied across stories and
students. We standardized this variable prior to
analysis to reduce scale differences across predic-
tors and improve model stability and interpretabil-
ity.

At the story level, we examined linguistic and
textual characteristics of the Al-generated passages.
We initially reviewed twelve metrics representing
syntactic, lexical, semantic, and safety dimensions
for redundancy and limited variability. After ex-
amining correlations and distributions, we retained
seven features: Flesch Reading Ease, lexical di-
versity, syntactic complexity, coherence, semantic
drift, text novelty, and factual hint. For complete-
ness, we also included the item-level difficulty vari-
able in the preliminary correlation analysis to en-
sure that it did not introduce multicollinearity with
the story-level features. All story-level variables
were standardized to ensure a comparable scale.

At the student level, we included a grade indica-

tor. To create a stable student-level measure, we
identified the grade level each student selected most
frequently across all their stories. This modal grade
served to create dummy-coded Grade 2 and Grade
3 predictors, with Grade 1 serving as the reference
category.

3.4 Analysis

We predicted item-level accuracy using a three-
level multilevel logistic regression model (Kamata,
2001), with items nested within stories and stories
nested within students. The model is expressed as:

logit(pijx) = Bojk + B1Dijik
M c
+ ) BmSie+ Y BCiji (1)
m=1 c=1

Bojk = Yook + Uojk )
Yook = 0000 + Vook (€))

where p; ;i denotes the probability that student &
answers item ¢ in story j correctly. Item-level dif-
ficulty is represented by D, story-level linguis-
tic features by S;i, and student- and assessment
level control variables (e.g., grade level, Maze ver-
sion, completion time) by Cj;,. The term Sy,
is the story-specific intercept for student k, and
Yoot represents the student-specific mean perfor-
mance level. The story-level random effect ujy
captures deviations of individual stories from each
student’s expected performance. The parameter
do0o denotes the overall mean log-odds of a cor-
rect response across all students, stories, and items,
and the student-level random effect vy captures
each student’s deviation from this population mean
and therefore represents the model-based ability
estimate.

This approach addressed the non-independence
of observations and partitioned variance at the story
and student levels, similar to a testlet IRT model.
Given the binary outcome variable, we used a logis-
tic link function and included random intercepts for
both stories and students to allow baseline accuracy
to vary across groups.

Our model-fitting strategy followed a sequen-
tial model-building approach. Model 1 was an
intercept-only model (i.e., unconditional model),
which we used to estimate variance components
and intra-class correlations (ICCs) (Snijders and
Bosker, 2012). ICCs quantified the proportion of
variance attributable to story and student levels,
which justified the use of a multilevel framework
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over a single-level logistic regression model. We
then added sets of predictors in successive models
to evaluate how each group of variables improved
the explanation of item-level accuracy.

Model 2 included control variables such as three
dummy-indicators of the four Maze generation
strategies described earlier, completion time, and
student grade level to account for differences in
assessment format, test-taking speed, and differ-
ences across grade levels. Model 3 added seven
linguistic features of the Al-generated stories to
determine whether text characteristics explained
additional variance beyond the control variables.
Model 4 incorporated item-level difficulty, the only
Level 1 substantive predictor, to assess its unique
contribution after accounting for story and student
factors.

We compared nested models using likelihood ra-
tio tests to assess whether each block of predictors
improved model fit. All analyses were conducted
in R using the Ime4 package (Bates et al., 2015),
and random intercepts for stories and students were
retained across all models.

In this multilevel logistic regression model, stu-
dent ability is represented by the student-level ran-
dom intercept. Specifically, the term vgg; mea-
sures each student’s deviation from the overall
mean log-odds of a correct response after account-
ing for item difficulty, story-level linguistic fea-
tures, and control variables. Because v reflects
student-specific differences in performance across
all items and stories, it functions as a model-based
ability parameter similar to @ in traditional IRT
models. These random intercepts were obtained
directly from the fitted multilevel model and pro-
vide a student-level measure of reading ability that
accounts for the nested structure of the data.

4 Results

As shown in Table 2, Model comparisons indicated
that some predictors improved overall fit, while
others did not. In the null model, substantial vari-
ance at both the story and student levels supported
the use of multilevel framework: ICCs showed that
29.0% of the variance in student responses was at-
tributable to differences between students, 24.2%
to differences between stories within students, and
46.8% to item-level variation.

Adding the control variables in Model 2 did
not significantly improve model fit (x> = 9.32,
df = 6, p = .156), indicating that Maze version,

completion time, and grade level explained little
variance when considered together. In contrast, the
addition of the seven story-level linguistic features
in Model 3 resulted in a significant improvement
over Model 2 (x? = 15.09, df = 7, p = .035).
This finding suggests that characteristics of the
Al-generated passages contributed meaningfully
to item-level accuracy. The largest improvement
was observed when item difficulty was introduced
in Model 4 (x> = 31.45,df = 1, p < .001),
which demonstrated that difficulty accounted for
substantial additional variance beyond all previ-
ously included predictors. A targeted comparison
between Model 2 and Model 4 further confirmed
this pattern (xy? = 46.54, df = 8, p < .001). This
comparison showed that item difficulty provided
unique explanatory value and that ability estimates
were not independent of difficulty unless it was
explicitly modeled.

Fixed-effect estimates from the full model
showed that item difficulty was the strongest predic-
tor of accuracy (y = —0.24, SE = 0.04, p < .001;
Table 3). Because lower values represent easier
items, the negative coefficient indicates that accu-
racy decreased as items became more difficult. A
one-unit increase in difficulty reduced the odds of a
correct response by 22% (OR = (0.78), highlighting
the central role of difficulty in Maze performance.
Among control variables, only the indicator for the
lesson-aligned strategy was significantly associated
with accuracy (y = —0.95, SE = 0.45, p = .035),
indicating lower odds of correct responses com-
pared to the traditional strategy. Grade level and
completion time were not meaningfully related to
item-level accuracy.

Of the story-level linguistic features, only Flesch
Reading Ease was statistically significant (7 =
—0.68, SE = 0.23, p = .003). Flesch Reading
Ease is scaled from O to 100 with higher values
indicating an easier passage to read. This nega-
tive association indicates that easier to read stories
were associated with lower item response accuracy.
This negative association may also reflect the fact
that Al-generated passages can appear superficially
simple while still containing distractors or seman-
tic structures that increase difficulty. Coherence
was not statistically significant but was close to the
threshold (p = .055). The other linguistic features,
including lexical diversity, syntactic complexity,
semantic drift, text novelty, and factual hint, did
not significantly predict accuracy after accounting
for other variables.
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Random-effect estimates indicated lower vari-
ance at both the student and story levels after in-
cluding all predictors (student variance = 1.67;
story variance = 1.57). The ICC from Model 4 in-
dicated that 25.5% of the variance was attributable
to differences between students, 24.1% to differ-
ences between stories within students, and 50.4%
to item-level variation (see Figure 1). The per-
sistence of variance at higher levels suggests that
additional unmeasured factors may influence Maze
performance even after accounting for difficulty,
linguistic features, and control variables.

Supplemental validity analyses further supported
the model-based ability estimates. The correlation
between estimated ability (f) and observed accu-
racy was strong (r = 0.82; Figure 2), indicating
that the model captured meaningful individual dif-
ferences in reading comprehension. Among stu-
dents with perfect accuracy on a given story, ability
estimates were positively correlated with the av-
erage difficulty of items encountered (r = 0.39;
Figure 3), showing that higher-ability students suc-
ceeded on more challenging stories. These findings
confirm that the multilevel model effectively cap-
tured variation in both item characteristics and stu-
dent performance, and that estimated ability scores
aligned with theoretical expectations for reading
comprehension.

5 Discussion

The findings indicate that item difficulty is the main
factor influencing Maze accuracy in passages gen-
erated by LLMs. Difficulty showed the strongest
fixed effect and led to the greatest improvement
in model fit, demonstrating that students’ perfor-
mance is highly sensitive to the lexical characteris-
tics of target words. This result is consistent with
Multilevel IRT, which predicts that item-level fea-
tures have a substantial impact when passages dif-
fer across administrations.

Story-level linguistic features had a modest ef-
fect on accuracy, with only Flesch Reading Ease
reaching statistical significance. Notably, higher
readability scores were linked to lower accuracy,
suggesting that seemingly simple Al-generated pas-
sages may still include distractors or discourse
structures that increase cognitive load. Other fea-
tures, such as coherence and semantic drift, did not
significantly predict accuracy once difficulty was
included, indicating that item-level variation may
reduce their unique contribution.

Among the control variables, only the lesson-
aligned strategy of the Maze generation strategy
was linked to lower accuracy compared to the ref-
erence strategy (i.e., the traditional strategy). This
finding suggests that distractor selection methods
can significantly affect student performance, even
when accounting for item difficulty and passage
characteristics. Completion time and grade level
were not meaningfully associated with accuracy,
indicating that the observed effects were not due to
differences in test-taking speed or grade level.

6 Conclusion

This study provides preliminary validity evidence
(American Educational Research Association et al.,
2014) for the use of automated Maze generation
and scoring in formative assessments of reading
comprehension for early readers. More specifically,
our finding that item difficulty is the main factor
influencing performance on Al-generated Maze as-
sessments is evidence of adequacy with respect to
internal structure. The multilevel IRT framework
effectively distinguishes student ability from item
and passage characteristics, and the strong corre-
lation between model-based ability estimates and
observed accuracy is also internal structure evi-
dence. Our results underscore the importance of
explicitly modeling item difficulty. We also found
that, once difficulty is accounted for, story-level
linguistic features and most control variables have
minimal impact, which is validity evidence with
respect to content.

Limitations of the current study include lack
of distractor-level information, because the digi-
tal literacy platform did not log the distractors se-
lected. This information would allow examining
how distractor properties affect item difficulty and
ability estimates. Future research should include
distractor-level metrics and additional linguistic
features to further strengthen the validity evidence
for the scores of the automated Maze assessments.
Furthermore, future research should examine valid-
ity evidence with respect to response process, par-
ticularly regarding how students interact with the
four strategies for Maze generation and whether the
response process varies across grades. There could
also be interactions between linguistic features of
the passage and the Maze generation strategy. The
results of the current study show that the automated
Maze is a promising formative assessment for use
in digital literacy platforms.
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7 Tables and Figures e
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Table 1: Descriptive Statistics by Maze Generation Strat- §”“
5
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Strategy N Items Prop. Correct 2o
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Phoneme-Aligned 162 11.22 7.48 941 235
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Word-Ladder 149 979 531 923 267 Student story Unexplained
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Figure 1: Proportion of Variance at Each Level in the
Table 2: Model comparison: Fit indices, variance com-  Null and Full Models.
ponents, and likelihood ratio tests.

Model 1 Model 2 Model 3 Model 4

(Null) (Controls) (Linguistic) (Full) 1.00
Variance
Student var. (72) 2.043 1.912 1.596 1.667
Story var. (o) 1.703 1.630 1.528 1.571 075
ICCs g
Student (Level 3) 0.290 0.280 0.249 0.255 g
Story (Level 2) 0.242 0.240 0.238 0.241 8 s
Unexplained 0.468 0.482 0.513 0.504 s
Fit Indices g
AIC 1988.0 1990.7 1989.6 1960.2 .
BIC 2007.6 2049.4 2093.9 2071.0
—2LL 1982.0 1972.7 1957.6 1926.2
LRT
x? — 9.32 15.09 31.45 000
gf — o l656 0375* . 0011 s * Estimated Abilty (Theta) '

g’ote- Fit indices include AIC’hBlc,;r;d *i I%g-likelihgod- Figure 2: Relationship Between Model-Based Ability
equential LRTs compare each model with the preceding :
model. *p < .05, **¥p < 001, Estimates () and Observed Accuracy.

Table 3: Fixed Effects Estimates from the Full Model 2. Pearson Coreiaten (r)oo'w
o
(Model 4) E
3,
Predictor v SE z p OR é
(Intercept) 3438 0393 8751 <.001*** 31.12 3 .
Control Variables £°
Phoneme-aligned -0.202  0.299 -0.673 0.501 0.82 z
Word ladder -0.559 0295 -1.897 0.058 0.57 é Y
Lesson-aligned -0.954 0451 -2.114 .035% 0.33 2
Grade 2 (vs. Grade 1) 0.012 0389 0.030 0.976 1.10 g ° °
Grade 3 (vs. Grade 1) 0.361  0.693 0.521 0.602 1.44 %,5
Comp. Time (scaled) -0.049 0.120 -0.408 0.683 0.95 ] °
Item-Level Predictor < 0.00 0.25 0.50 075 1.00 125
Difficulty -0.243  0.044  -5.537 <.001*** 078 Estimated Ability (Theta)
Lil‘lglliStiC Featlll‘es Subset: Students with Proportion Correct = 1.0
Flesch (scaled) -0.681 0230 -2.968 .003** 0.51
Lex. Diversity (scaled) 0.072  0.170  0.427 0.670 1.07 . . : . :
Syntactic Comp. (scaled)  0.065 0.141 0463  0.644  1.07 Figure 3: Relationship Between Item Difficulty and
Coherence (scaled) -0.194 0101 -1915 0055 082 Ability Estimates for Students With Perfect Accuracy.
Semantic Drift (scaled) 0.137  0.198  0.691 0.489 1.15
Text Novelty (scaled) -0.206  0.187 -1.103 0.270 0.81
Factual Hint (scaled) -0.065 0.222  -0.294 0.779 0.94

Note. The traditional strategy for Maze generation served References
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A Appendix - Example of Maze tests for a
lesson focused on graphemes oi and oy
making the sound /oi/

A.1 Phoneme-aligned strategy

Once upon a time, there was a princess named Joy.

Joy loved to (play / clay / pray) with her toys in
the royal garden. One day, she (found / bound /
sound) a shiny coin in the soil. She picked it up
and (smiled / styled / filed) with joy. Joy decided to
(show / glow / snow) the coin to her friend, a boy
named Roy. Roy was (coy / toy / soy) but kind.

A.2 Word ladder strategy

Once upon a time, there was a princess named Joy.

Joy loved to (play / clay / ploy) with her toys in
the royal garden. One day, she (found / sound /
round) a shiny coin in the soil. She picked it up
and (smiled / tiled / piled) with joy. Joy decided to
(show / slow / snow) the coin to her friend, a boy
named Roy. Roy was (coy / boy / soy) but kind.

A.3 Lesson-aligned strategy

Once upon a time, there was a princess named (Joy
/ Boy / Toy). Joy loved to play with her (toys / boys
/ joys) in the royal garden. One day, she found a
shiny (coin / join / loin) in the soil. She picked it
up and smiled with (joy / soy / coy). Joy decided
to show the (coin / loin / join) to her friend, a boy
named Roy. Roy was (coy / soy / joy) but kind.

A.4 Traditional strategy: common English
words

Once upon a time, there was a princess named Joy.

Joy loved to (play / work / sing) with her toys in the
royal garden. One day, she (found / made / lost) a
shiny coin in the soil. She picked it up and (smiled
/ cried / ran) with joy. Joy decided to show the coin
to her friend, a boy named Roy. Roy was (coy /
mad / big) but kind.
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