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Abstract

Al-generated outputs are frequently perceived as highly creative, but also tend to be more similar
to each other (homogenized) than human ideas. Does the human heterogeneity that extends
beyond Al reflect valuable thinking that Al misses? Alternatively, is greater human
heterogeneity driven by lower-quality ideas and less effective thinking that Al avoids? We
developed Expansion of Divergent Generative Expression (EDGE) to map AI’s semantic “blind
spots” by assessing how strongly/weakly individual human ideas were represented in a task-
matched Al semantic comparison set. Specifically, we compared human-generated vs. Al-
generated ideas across three open-ended tasks: college admissions essays, alternative uses for
everyday objects, and interpersonal advice. Across all three tasks, human responses extended
into semantic regions sparsely covered by Al outputs. These distinctively human responses
showed no meaningful deficits in creativity, quality, or effectiveness, were associated with
equal-or-better academic performance, and with credibly superior ratings and achievement for
some outcomes. These ideas were thus not merely poor-performing variation; they performed as
well as or better than ideas that overlapped more strongly with Al ideas. More distinctive human
ideas tended to receive higher creativity ratings, but this relationship was weak or reversed for Al
ideas. Taken together, these results suggest that differentiation among human-generated ideas
does not reflect poor thinking that Al can safely omit, and instead may afford both individual and

population-level advantages.
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Thinking Outside the Bots:

Human Ideas in AI’s Semantic Blind Spots Are Not Inferior

Across creative writing, ideation, and brainstorming, LLM-generated or LLM-assisted
responses are often more similar to one another and cover a narrower range of ideas than
comparable human responses (Anderson et al., 2024; Doshi & Hauser, 2024; Meincke et al.,
2025; Moon et al., 2025, 2026; Padmakumar & He, 2024; Sourati et al., 2026). This pattern is
not limited to a single model: Different LLMs often converge on similar responses to the same
open-ended prompts (Jiang et al., 2025; Wenger & Kenett, 2025), and convergence appears to be
increasing among more recently released models (Patel et al., 2026). Researchers have therefore
described reduced diversity as a risk or loss for individual and collective creativity (Doshi &
Hauser, 2024; Moon et al., 2025; Padmakumar & He, 2024; Sourati et al., 2026). However, the
question of whether and to what extent Al poses this risk to creativity appears to hinge on
resolving two competing alternatives: does Al homogenization relative to human diversity reflect

limitations on the range of good ideas or a reduction in the generation of bad ideas?

One possibility is that Al homogenization underrepresents valuable human ideas. By
learning to predict the next token from statistical distributions in language, LLMs may favor
common linguistic and conceptual patterns, leaving less typical ideas underrepresented (Resnik,
2025; Sourati et al., 2026). Imbalances in web-based training data can privilege some
perspectives over others (Bender et al., 2021), while supervised fine-tuning and preference-based
alignment can further concentrate generation around a narrower set of responses (Kirk et al.,
2024; Klypa & Cherednichenko, 2026; Murthy et al., 2025). Such convergence may already be

present before alignment, with evidence from base models suggesting that pretraining may



contribute to output homogeneity (Fortier et al., 2026). On this account, LLMs may leave out an

idea because it is uncommon, not because it lacks value.

A second possibility is that human ideas are more heterogeneous than Al-generated ideas
because humans generate many low-value ideas that Al avoids. Human variation can include
noise, idiosyncratic responses, or weak fits to task demands. Consistent with this possibility,
human-only responses can be collectively more diverse than Al-assisted responses yet receive
lower ratings on measures of creativity or writing quality (Doshi & Hauser, 2024; Holzner et al.,
2025; Luchini, Pronchick, et al., 2025; Meincke et al., 2025). These comparisons do not
establish, however, whether the human responses that LLMs leave weakly represented are

themselves of lower quality.

Distinguishing between these possibilities requires examining whether human responses
weakly represented in LLM outputs nevertheless retain value. Prior studies have documented
reduced collective diversity by comparing collections of human, Al-generated, or Al-assisted
responses using aggregate measures of semantic diversity (Anderson et al., 2024; Patel et al.,
2026; Wenger & Kenett, 2025) and variation in linguistic features (Alvero et al., 2024). Even
measures that capture individual contributions to collective diversity (Luchini, Pronchick, et al.,
2025) do not, by themselves, establish whether human responses weakly represented in LLM
outputs retain value. Prior research has therefore demonstrated reduced diversity, but not whether
the ideas beyond the narrower range of LLM outputs represent a meaningful loss. Addressing
this gap requires identifying human responses that LLMs weakly represent and evaluating their
task-relevant outcomes independently of the models. We call the regions occupied by these
responses Al semantic blind spots: regions of task-relevant semantic possibility that fall outside

the effective reach of LLM generation.



To address this question, we introduce Expansion of Divergent Generative Expression
(EDGE), a measure designed to identify responses that occupy less well-represented parts of a
semantic space. EDGE gives each response a score based on how isolated it is from dense groups
of responses and how weakly it aligns with any single group. Higher EDGE scores indicate that
similar responses are relatively uncommon in the comparison set. Using EDGE, we addressed
two primary questions. First, were human responses more likely than matched LLM responses to
occupy semantically sparse regions of their shared response space? Second, among human
responses, was weaker representation by matched LLM outputs associated with meaningfully
poorer task-relevant outcomes? If Al semantic blind spots consist primarily of noise,
idiosyncratic variation, or poor fits to task demands, then human responses weakly represented
by matched LLM outputs should perform meaningfully worse than responses more strongly
represented by those outputs. Instead, we predicted that human responses in Al blind spots would
not be inferior, i.e., that their outcomes would be as good as or better than outcomes for ideas

that are more similar to Al.

Method

Study Overview

We analyzed matched human and LLM-generated responses across three open-ended
generative tasks: college admissions essays, alternative uses for everyday objects, and advice on
an interpersonal problem. These tasks span consequential writing, brief idea generation, and
everyday problem solving, allowing us to address our research questions across diverse forms of
idea generation. The analyses asked whether matched LLM responses left task-specific semantic
blind spots occupied by heterogeneous human responses and whether, among human responses,

occupying those blind spots came without a substantively meaningful cost to task-relevant



outcomes. We addressed the first question through a Coverage Analysis, which scored human
and LLM responses together in repeated task-matched samples and compared their mean EDGE
scores. We addressed the second question through an Outcome Noninferiority Analysis, which
examined how task-relevant outcomes changed as human responses became less well
represented by matched LLM outputs and whether any decline was large enough to constitute a

substantively meaningful cost.

Datasets and Response Sources

Admissions Essays

We analyzed 1,600 admissions essays written by college applicants from three U.S.
institutions: an elite private university, a regional private university, and a selective liberal-arts
college. We focused on essays written by matriculated students so that the essays represented
successful applications at each institution and could be linked to post-enrollment academic
performance. To minimize the possibility that the human-authored essays were influenced by
generative Al assistance, we restricted the sample to application cohorts from 2022 or earlier,

before ChatGPT became publicly available.

Admissions essays were written in response to specific prompts, which substantially
shaped their content. Because institution and prompt were not fully crossed, each observed
institution—prompt combination constituted a distinct matched response context. We therefore
treated each combination as a sampling stratum and retained eight strata containing at least 200
essays from the 2018-2022 matriculated sample: one at the elite private university, four at the
regional private university, and three at the selective liberal-arts college. To balance sample sizes

across institution-prompt strata and limit the computational demands of EDGE estimation, we



randomly sampled 200 essays without replacement from each stratum, yielding a human sample

of 1,600 essays.

Three prompts were shared by the regional private university and the selective liberal-arts
college, so the eight essay sampling strata represented five distinct prompts. For each of these
five prompts, GPT-5-mini generated 200 essay responses, yielding a matched Al response pool
of 1,000 essays. Each human or Al essay was treated as one response-level unit. See

Supplemental Method, “Admissions Essays,” and Tables S1a—S1b for further details.

Alternative Uses Task

The Alternative Uses Task (AUT) is a widely used measure of divergent thinking in
which participants generate unusual uses for everyday objects. Performance on the AUT task has
been shown to be associated with creative activities and achievements in everyday life, including
in the arts and sciences (Beaty et al., 2018). We analyzed AUT responses from Patterson et al.
(2023) for two object prompts: brick and knife. Human responses from 241 participants yielded
481 participant—object bundles: 240 brick bundles (» = 1,739 individual uses) and 241 knife
bundles (n = 1,686 individual uses). Each bundle preserved the participant’s set of responses for
a given object as the analysis unit, rather than treating individual uses as independent
observations. Of the 241 participants, 240 contributed bundles for both objects, whereas one
contributed only a knife bundle. The matched Al response pool comprised 481 GPT-5-mini
pseudo-participant bundles generated for the same brick and knife prompts, with one Al bundle
corresponding to each human bundle and containing the same number of individual uses. See

Supplemental Method, “Alternative Uses Task,” for generation and matching procedures.



Creative Problem-Solving Task

For the Creative Problem-Solving Task (CPS), we used the Becky’s Problem responses
from the CPS data reported by Luchini, Maliakkal, et al. (2025). In the CPS, participants read an
ill-defined, everyday problem scenario centered on a named character and generate a written
solution. Specifically, Becky’s Problem asks participants to advise a college student whose
roommate is stealing food from the pizzeria where they both work. She is hesitant to tell their
employer because her roommate is a close friend and she depends on his income to cover his
share of their rent (Reiter-Palmon et al., 1998). The human sample consisted of 1,018
undergraduate-written responses across the Becky datasets, and the Al reference set consisted of
1,018 GPT-5-mini responses generated for the same Becky’s Problem prompt. To approximate
the mean length of the human responses (53.77 words and 2.58 sentences), we instructed the
model to aim for approximately 54 words in about three sentences. Each participant contributed
one complete response, and each complete human or Al solution was treated as one response-
level unit. See Supplemental Method, “Creative Problem-Solving Task,” for the scenario and

generation instructions.

Outcome Measures

External person-level outcomes for admissions essay authors included SAT and
cumulative college grade point average (GPA), obtained from university records. ACT
composite scores were converted to SAT equivalents using the official 2018 ACT/SAT
concordance (ACT, Inc. & College Board, 2018). When both SAT and ACT scores were

available, we retained the higher SAT-scale score.



Human-rated response outcomes were available only for human-authored AUT and CPS
responses. For the AUT, the original dataset provided an originality score for each use,
calculated as the mean of three human ratings on a 1-5 scale (Patterson et al., 2023). For the
present analyses, we summarized originality at the participant—object level by averaging these
use-level scores. For the CPS, the original dataset provided originality and quality scores for

each solution, based on ratings from separate panels of two to four trained raters using 5-point

scales (Luchini, Maliakkal, et al., 2025).

To enable direct comparisons between response sources, we applied the same automatic
assessment within each task to both human and matched Al-generated responses. Admissions
essays were scored using a GPT-4.1-mini evaluator fine-tuned to predict creativity judgments
provided by 22 creativity researchers (Moon et al., 2026). The evaluator was developed from
ratings of 370 pre-ChatGPT admissions essays, each evaluated by at least three experts. It
produced percentile-scaled creativity scores ranging from 0 to 1 and achieved a correlation of .82
with mean expert ratings in a held-out set of 111 essays. AUT and CPS responses were scored
using Penn State’s Creativity Assessment Platform (CAP; Patterson et al., 2025), which provides
language models trained to approximate human creativity judgments. For the AUT, Cross-
Lingual Alternate Uses Scoring (CLAUS), an XLM-RoBERTa model trained to predict human
originality ratings, scored each individual use. We averaged these predictions across uses within
each participant—object bundle. For the CPS, CPS-AI was developed using human ratings of
solutions produced by 3,243 participants across 10 studies and was validated for both originality
and solution quality (i.e., effectiveness), including on previously unseen problem prompts

(Luchini, Maliakkal, et al., 2025). We used CPS-AI to evaluate the originality and effectiveness



of each complete CPS response. Additional scoring details are provided in Supplemental

Method, “Outcome Measures.”

Ethical Compliance

The analysis of admissions essays and associated academic records was approved by the
Institutional Review Board of [redacted for peer review] (protocol no. [redacted for peer
review]). The AUT and CPS analyses used existing datasets reported by Patterson et al. (2023)

and Luchini, Maliakkal, et al. (2025), respectively.

EDGE Measure

EDGE quantifies how weakly a response is represented within a specified, task-matched
comparison set. A response receives a higher EDGE score when it lies apart from dense
concentrations of comparable responses (i.e., outlyingness), does not align clearly with any
single shared semantic pattern (i.e., cluster-membership ambiguity), or both. EDGE is therefore
relative to the responses included in the comparison set. Because its calculation uses only their
semantic positions, it does not directly measure originality, creativity, quality, or effectiveness;

whether EDGE is associated with these attributes is an empirical question.

As outlined in Figure 1, we first represented responses using three open-source sentence-
embedding models: Nolnstruct-small (Solatorio, 2024b), Sentence-Transformers MPNet
(Reimers & Gurevych, 2019; Song et al., 2020), and GIST-Embedding-v0 (Solatorio, 2024a).
Using three embedding models reduced dependence on any single representation of semantic
similarity. Admissions essays and CPS responses were segmented into sentences, and each
sentence was embedded separately. Individual AUT uses were likewise embedded separately.

EDGE components were computed across the resulting task-specific embedding rows and then

10



averaged within each analytic unit: across sentences for each admissions essay and CPS

response, and across uses for each AUT participant—object bundle.

Within each embedding space, EDGE combined two unsupervised components. First, the
Global-Local Outlier Score from Hierarchies (GLOSH), derived from HDBSCAN’s hierarchical
density structure, measured how far a response lay from local and global concentrations of
responses (Campello et al., 2015). Second, fuzzy c-means cluster-membership ambiguity
measured how weakly a response aligned with any single semantic cluster (Bezdek et al., 1984).
Membership ambiguity was calculated as one minus the response’s highest cluster-membership
value. The two components were computed separately in each of the three embedding spaces,
producing six component scores for every analytic unit. These components were standardized
within the analysis-specific scoring set and averaged to produce the final EDGE score. Higher
scores indicate weaker representation in the corresponding comparison set through greater
outlyingness, greater cluster-membership ambiguity, or both. Figure 2 shows what the two

components look like in a two-dimensional display space.
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Figure 1

Overview of the EDGE Computation Procedure

Coverage analysis Noninferiority analysis
STEP 1 . . N D [
ElEEER IIII or +
Select Human Human target Shared Al panel
responses | |
Sentences (Essay, CPS) / Uses (AUT)
A 6 41 14 9 1 99
Sentence 1 Sentence 2 Use 1 eee
Embed
sentences /
uses r l
v

Nolnstruct-small MPNet GIST-Embedding-v0

, v '
EENEEE
Il
ll 5

[J:=.-:I [~:=.-:I

STEP 3
Compute
components
0 Outlyingness - GLOSH
A Membershlp amblguny Fuzzy c-means

STEP 4 Average within each response
Average B B gD
within
responses o A o A o A
| I I I I I 1
Standardize each component
STEP 5

Standardize l
and combine Mean — EDGE

12



Figure 2

Visual Explanation of the Two EDGE Components

Admissions Essays AUT Brick CPS Becky

A. Point-level cluster ambiguity
| T | | T | | T |
lower mid higher lower mid higher lower mid higher

GPT Human GPT GPT

B. Point-level semantic sparsity
I [—
lower mid higher

Note. Each point represents a sentence for Admissions Essays, an individual use for AUT Brick, or a
sentence for CPS Becky. Equal numbers of GPT and human response units were selected within each task. Because
these response units could contain different numbers of sentences or uses, the GPT and human panels could contain
different numbers of points. Row A visualizes fuzzy c-means cluster membership ambiguity. Row B visualizes
semantic sparsity, which serves as a display space analogue of the hierarchical outlyingness captured by GLOSH.
Colors indicate displayed values, as shown by the color scales, and larger points in Row B mark the pooled top 15%
within each task. The two-dimensional coordinates and visual encodings were used only for visualization. The
reported analyses used the original high-dimensional embeddings and EDGE scores aggregated to the response

level. Implementation details are provided in Supplemental Method, “EDGE Computation.”
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Analytic Strategy

We conducted two primary analyses followed by an analysis designed to clarify what
EDGE captures in human and Al responses. Because EDGE is comparison-dependent, each
analysis used the comparison set appropriate to its question. The Coverage Analysis compared
human and Al responses within a shared semantic space. The Outcome Noninferiority Analysis
instead calculated EDGE separately for each human response using a comparison set comprising
that response and a task-matched Al reference set, thereby defining weak representation

specifically relative to matched Al outputs.

Coverage Analysis

The Coverage Analysis tested whether human responses were more likely than matched
Al responses to occupy sparsely represented regions of their shared semantic space. Human and
Al responses were scored together within repeated task-matched draws. Each draw sampled 120
human response units and 120 matched Al response units without replacement. Sentences and
individual uses retained the same positions in each model’s embedding space across draws, but
the clustering structure and EDGE scores were recomputed for each sampled set. This allowed us
to assess how the human—AlI contrast varied with the composition of the comparison set. We
defined the coverage contrast as the mean EDGE score among human responses minus the mean
EDGE score among Al responses within the same draw. Positive values indicated that human

responses, on average, occupied more sparsely represented regions of the shared response space.

We generated 1,000 draws for each retained essay sampling stratum, AUT object, and
CPS scenario. Within each draw index, task-level contrasts were calculated by equally averaging

the eight institution—prompt contrasts for admissions essays and the two object-specific contrasts
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for the AUT; CPS required no aggregation across groups. The distribution of draw-level
contrasts represented variation across sampled comparison sets. For each task, we summarized
this distribution using its median and the shortest empirical interval containing 95% of the draw-
level contrasts (95% resampling interval). A 95% resampling interval entirely above zero
supported the prediction that human responses had higher mean EDGE than matched Al

responsces.

Bayesian Outcome Noninferiority Analysis

The Bayesian Outcome Noninferiority Analysis tested whether human responses less
well represented by matched Al outputs showed meaningfully poorer task-relevant outcomes. In
the pooled comparison sets used for the Coverage Analysis, other human responses could make
an idea appear well represented even when similar Al responses were rare. We therefore scored
each human response separately with a panel of matched Al responses, excluding all other
human responses. For each calculation, we combined the target response’s sentences or uses with
those of the Al panel and refitted the clustering. We refer to the resulting scores as Al-reference

EDGE.

For admissions essays, we sampled 120 Al responses without replacement separately for
each prompt. For the AUT, we sampled 120 Al responses separately for each object, and for the
CPS, we sampled 120 Al responses to Becky’s Problem. Each sampled set was held fixed and
used to recalculate EDGE for all human responses matched to it. For each reference set, EDGE
scores were standardized within the corresponding essay sampling stratum, AUT object, or CPS
problem. Outcomes were standardized once within the same matched response groups. We
repeated this procedure 10 times, drawing a new Al reference set each time to account for

variation in reference-set composition.
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Across matched response groups, the estimated consistency of the 10-panel mean ranged

from .975 to .999 (Table S6; Supplemental Results, “Stability Across Al-Reference Panels”).

To incorporate variation across the 10 reference sets, we summarized each human
response’s standardized EDGE scores by their mean and the standard error of that mean. We
then entered the mean EDGE score and its standard error as a measurement-error predictor in
Bayesian regression models estimated with brms (Blirkner, 2017). This approach incorporated
uncertainty arising from reference-set composition while retaining one task-relevant outcome per
human response. The resulting EDGE coefficient represented the expected change in the
outcome, in standard-deviation units, associated with a one-standard-deviation increase in Al-
reference EDGE. We estimated a separate Bayesian measurement-error model for each outcome.
Each target’s EDGE score was represented as a latent predictor informed by its mean and

standard error across the 10 Al reference sets, using a centered parameterization.

When an analysis included multiple matched response groups, the model allowed the
mean of latent EDGE to vary across groups and estimated a separate outcome intercept and
EDGE slope for each group. The matched response groups were the eight institution—prompt
sampling strata for admissions essays and the brick and knife object groups for the AUT. In each
posterior draw, the task-level coefficient was defined as the arithmetic mean of the eligible
group-specific slopes. Because all but one AUT participant contributed responses to both objects,
the AUT outcome models additionally included a participant random intercept. CPS involved a
single problem and therefore required one latent-EDGE intercept, one outcome intercept, and
one EDGE slope. All models used the default brms priors and sampler settings except that we
ran three Markov chain Monte Carlo chains of 10,000 iterations each, including 5,000 warm-up

iterations. See Supplemental Method, “Bayesian Outcome Noninferiority Analysis,” for
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implementation details and Table S3 for diagnostics. All models showed satisfactory

convergence and no divergent transitions.

Effect-size benchmarks commonly characterize correlations or standardized regression
coefficients with an absolute magnitude of approximately .10 as small (Gignac & Szodorai,
2016; Nieminen, 2022), and we therefore treated f = —.10 as the smallest negative association
considered substantively meaningful. Because the analysis asked whether higher Al-reference
EDGE was associated with meaningfully poorer outcomes, we used a one-sided noninferiority
criterion rather than testing two-sided equivalence (Lakens et al., 2018). Following an HDI-
based posterior decision rule (Kruschke, 2018), we concluded that an association was noninferior
when the lower bound of the 95% HDI exceeded —.10. For each outcome, we report the posterior
median, 95% HDI, and P(p > —.10). A noninferior result therefore indicates that higher Al-

reference EDGE was not associated with a meaningfully poorer outcome.

EDGE and Assessments of Originality and Creativity

The human ratings and automatic scores used in this study were designed to evaluate how
original or creative a response was judged to be. EDGE, by contrast, quantifies how weakly a
response is represented within a specified comparison distribution. It therefore describes a
response’s distributional semantic position rather than directly evaluating its originality or
creativity. This distinction is especially important in relation to Al. A response may be judged
highly original even when similar responses are common among Al outputs. Conversely, a
response may occupy a semantic region rarely reached by Al without being judged especially
original. The relationship between EDGE and these assessments is therefore empirical rather

than definitional.
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Drawing on the semantic-disjunction hypothesis (Moon et al., 2026), we expected this
relationship to differ between human and Al responses. Among human responses, creativity
should increase as EDGE scores increase (i.e., responses occupy semantic positions more weakly
represented in the shared response space). Among Al responses, however, high originality or
creativity scores need not correspond to weak semantic representation, as automatic assessments
may assign high scores to responses located in regions densely occupied by Al outputs. We
therefore expected a positive relationship between EDGE and originality or creativity among
human responses, but a weaker relationship among Al responses. A systematically weaker or
reversed relationship among Al responses would be inconsistent with treating EDGE as
interchangeable with assessments designed to evaluate originality or creativity. We tested this
prediction using the joint human-Al resampling draws from the Coverage Analysis. Because the
comparison required source-comparable evaluations, we included only automatic assessments
produced by the same evaluator for human and Al responses. Within each resampling draw, we
estimated an EDGE X source interaction to quantify the difference between human and Al
responses in the relationship between EDGE and the task-relevant outcomes. Across draws, we
summarized the task-level human coefficient, Al coefficient, and their paired difference using
medians and the shortest empirical intervals containing 95% of the resampled estimates (95%
resampling intervals). See Supplemental Method, “EDGE and Assessments of Originality and

Creativity,” for model specifications.

Results

Coverage Analysis

Across all three tasks, human responses fell, on average, in semantically sparser regions

of the pooled human—AlI response corpus than matched Al responses. We quantified this
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coverage difference within each resampling draw as mean human EDGE minus mean AI EDGE.
Figure 3 shows the resampling distributions of these human-minus-Al contrasts. Median
contrasts were 0.991 (95% resampling interval [0.931, 1.048]) for admissions essays, 1.295 (95%
resampling interval [1.126, 1.426]) for AUT, and 1.141 (95% resampling interval [.993, 1.278])
for CPS. Median contrasts were also positive in all eight strata in the admissions essay sample

(range = 0.419—1.655) and in both AUT objects (brick = 1.226; knife = 1.375; see Table S2).

Figure 3

Distributions of Human—AI Differences in Mean EDGE Across Tasks
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Note. Ridges show the empirical resampling distributions of differences in mean EDGE between human and
matched Al response groups, calculated as human minus Al. Vertical lines indicate task-specific medians. Labels
report the median, 95% resampling interval, and P(A > 0), the proportion of 1,000 resampled comparisons in which

mean human EDGE exceeded mean Al EDGE (A = human — Al). The dashed vertical line at zero indicates no
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difference between the human and matched Al response groups. AUT = Alternative Uses Task; CPS = Creative

Problem-Solving Task.

Outcome Noninferiority Analysis

We examined nine outcomes: essay creativity, SAT, and college GPA for admissions
essays; human-rated and automatically assessed originality for AUT; and human-rated originality
and quality plus automatically assessed originality and effectiveness for CPS. Across all nine
outcomes, higher Al-reference EDGE was not associated with meaningfully poorer performance:
Every 95% HDI had a lower bound above the —.10 noninferiority margin (Figure 4; Table S4).
Four associations were credibly positive beyond noninferiority, whereas the remaining five were

compatible with no association but not with a meaningfully negative one.

The clearest positive associations emerged in admissions essays. Al-reference EDGE was
most strongly associated with essay creativity as evaluated by an expert-tuned model (median 3
=.35, 95% HDI [.31, .40], P(p > —.10) = 1.000) and, more modestly, with SAT (median = .11,
95% HDI [.04, .18], P(p > —.10) = 1.000). Its association with college GPA was centered near
zero but remained above the noninferiority margin (median 3 = .03, 95% HDI [-.02, .08], P( >

—.10) = 1.000).

For AUT, the 95% HDISs included zero for both human-rated originality (median § = .03,
95% HDI [-.06, .12], P(B > —.10) = .997) and CLAUS originality (median = .01, 95% HDI
[-.09, .10], P(B > —.10) = .987), but their lower bounds remained above the noninferiority

margin.

For CPS, Al-reference EDGE was positively associated with both human-rated
originality (median § = .20, 95% HDI [.13, .26], P( > —.10) = 1.000) and CPS-AI originality

(median B =.17,95% HDI [.11, .23], P( > —.10) = 1.000). Its associations with human-rated
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quality (median B = .02, 95% HDI [-.05, .08], P( > —.10) > .999) and CPS-AI effectiveness
(median B = .04, 95% HDI [-.02, .11], P(B > —.10) > .999) were centered near zero but remained

within the noninferiority range.

Figure 4

Posterior Distributions of the EDGE—Qutcome Association

Essays
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Note. Ridges show the posterior distributions of the standardized Al-reference EDGE coefficients. The shaded
portion of each ridge indicates the 95% highest density interval (HDI), thin horizontal lines show the range of

retained posterior draws, and vertical lines indicate posterior medians. Labels report the posterior median, 95% HDI,
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and P(B > —.10). The dashed line marks the prespecified noninferiority margin of —.10; the light-gray background
indicates values at or below this margin, and the dotted line marks zero. Parenthetical labels identify the assessment
source or scorer. AUT = Alternative Uses Task; CPS = Creative Problem-Solving Task; CLAUS = automatic

originality scorer for the AUT; CPS-Al = automatic scorer for the CPS.

EDGE and Assessments of Originality and Creativity

Across all three tasks, higher EDGE was consistently associated with higher originality
or creativity scores among human responses (Figure 5; Table S5). Median standardized slopes
were .67 (95% resampling interval [.60, .75]) for essay creativity, .45 (95% resampling interval
[.29, .61]) for AUT CLAUS originality, and .54 (95% resampling interval [.25, .80]) for CPS-AI
originality. By contrast, the corresponding association among Al responses was small and
positive for essay creativity, median 3 = .05 (95% resampling interval [.02, .08]); negative for
AUT CLAUS originality, median § = —.11 (95% resampling interval [—.18, —.02]); and positive
but substantially smaller than the human slope for CPS-AlI originality, median B = .11 (95%
resampling interval [.01, .22]). Median human—AI differences in the standardized EDGE
coefficients were AB = .62 (95% resampling interval [.55, .71]) for essays, AR = .56 (95%
resampling interval [.37, .75]) for AUT, and AP = .43 (95% resampling interval [.14, .74]) for
CPS. Using an absolute standardized coefficient of .10 as a small-effect benchmark, the 95%
resampling intervals for the standardized EDGE coefficients among human responses and for the

human—AlI differences in these coefficients lay entirely above .10.
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Figure 5

EDGE—Assessment Associations Within Human and Al Responses

A B
== Al B Human
Essays 0.05[0.02, 0.08] :
| /|\ 0.67 [0.60, 0.75] l 0.62[0.55, 0.71], P(AB > 0) = 1.000
Creativity ‘ A ! A
AUT : |
-0.11(-0.18, -0.02 0.451[0.29, 0.61] | 0.56 [0.37, 0.75], P(AB > 0) = 1.000
' . .29, 0. ! . .37, 0.75], >0)=1.
Originality A I E——— ' T
cPs ! |
' 0.54 [0.25, 0.80] !
0.11[0.01,0.22] | 0.43[0.14, 0.74], P(AB > 0) = 1.000
Originality /I\ T : .
0.0 04 08 0.0 04 08
Standardized EDGE coefficient () Difference in slope: Human - Al (AB)

Note. Ridges show the empirical resampling distributions of standardized EDGE coefficients. Panel A shows the
coefficients separately for human and Al responses; Panel B shows their differences, calculated as human minus Al
Vertical lines indicate medians, shaded regions indicate 95% resampling intervals, and thin horizontal lines show the
realized ranges. Labels report medians and 95% resampling intervals. Panel B additionally reports P(Ap > 0), the
proportion of 1,000 resampled comparisons in which the human coefficient exceeded the Al coefficient. The dashed
lines in Panels A and B mark zero. Within each resampling draw and matched response group, EDGE and
assessment scores were standardized across the combined human and Al responses. Positive values in Panel B
indicate stronger EDGE—assessment associations among human responses. AUT = Alternative Uses Task; CPS =
Creative Problem-Solving Task; CLAUS = automatic originality scorer for AUT; CPS-AI = automatic originality
scorer for CPS. See Figure S1 in the Supplemental Materials for descriptive scatterplots of response-level mean

EDGE scores and automatic assessment scores.
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Discussion

This study tested whether human ideas that diverge from Al homogenization reflect
valuable thinking. Across large samples of admissions essays from applicants to three
institutions and two independent creativity tasks, a computational method developed to identify
ideas that expand a semantic idea space (EDGE) showed that human responses consistently
reached regions sparsely covered by matched Al outputs (Al semantic blind spots). Human ideas
in those blind spots were as good as or better than human ideas more similar to Al with respect
to task-relevant outcomes. The findings were consistent across diverse forms of idea generation,

indicating that the idea diversity that distinguishes humans from Al may be advantageous.

EDGE scores sensitively distinguished human and Al content on the basis of
heterogeneity across all datasets, tasks, and prompts. In every essay sampling stratum, for both
Alternative Uses Task (AUT) objects, and for the Creative Problem-Solving Task (CPS)
scenario, human responses occupied, on average, sparser regions of the shared semantic space
than matched Al responses. To assess whether this heterogeneity reflected valuable thinking, we
examined associations between Al-reference EDGE scores and task-relevant evaluations. In
essays, ideas that fell further outside the space of Al-generated responses—those “outside the
bots”—received higher creativity evaluations. In CPS, these ideas received higher originality
ratings from both humans and Al evaluators. Associations with originality in the AUT and with
quality and effectiveness in CPS also met the noninferiority criterion, although none was
credibly positive. These findings suggest that AI’s semantic blind spots encompass valuable

differences in human thinking, rather than simply responses poorly suited to the task.

Extending EDGE analysis from ideas to their authors, we found evidence that ideas in

ATI’s semantic blind spots may reflect their authors’ academic strengths. Specifically, college
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applicants whose essays extended further into these blind spots scored higher on the SAT. The
association with college GPA was nominally positive and met the noninferiority criterion,
although it was not credibly positive. The significance of human heterogeneity therefore extends
beyond evaluations of the writing itself: differences less well represented by Al were also
associated with academic capability in the people who generated those ideas. That this
connection emerged in the high-stakes context of college admissions reinforces the ecological
validity and real-world implications of the findings. Human ideas that depart from typical Al
responses may express meaningful strengths of their producers even in settings where the way

people present themselves can have substantial consequences.

Human ideas that diverge from Al may thus confer advantages at two levels. At the
individual level, occupying an Al semantic blind spot was associated with better and not worse
outcomes. At the population level, a broader range of good ideas raises the collective likelihood
of advances. Creative breakthroughs in science, industry, the arts, and elsewhere arise from
variation followed by selection (Campbell, 1960), and the number of high-impact contributions
rises with the total number of contributions generated (Simonton, 1997). Innovation likewise
proceeds by generating many candidate ideas in parallel and selecting few for development
(Kornish & Ulrich, 2011), and the quality of the best idea in a pool depends on the number and
variability of the ideas considered (Girotra et al., 2010). More variable search produces more
breakthroughs (Fleming, 2001), atypical combinations of prior work predict the highest-impact
science (Uzzi et al., 2013), and groups of diverse problem solvers can outperform groups of
uniformly high-ability ones (Hong & Page, 2004). More ideas improve the odds of progress
when the added ideas are good, and the present results indicate that the human ideas

underrepresented by Al meet that condition. The contraction of collective idea diversity
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documented here and across a substantial extant body of research (Anderson et al., 2024; Doshi
& Hauser, 2024; Meincke et al., 2025; Moon et al., 2025, 2026; Padmakumar & He, 2024;
Sourati et al., 2026; Wenger & Kenett, 2025) would therefore prune the pool of candidate
solutions without a compensating gain in quality, a collective cost that is not revealed by ratings

of individual responses (Burton et al., 2024).

Concerns that Al threatens innovation have arisen because Al-generated ideas often
appear creative but actually narrow the idea space (Doshi & Hauser, 2024; Meincke et al., 2025;
Moon et al., 2026). EDGE demonstrated the ability to detect such ideas. Although EDGE scores
were strongly and positively associated with originality and creativity assessments among human
responses in all three tasks, the corresponding association among Al responses was small for
essays and the CPS and reversed in direction for the AUT: Higher originality ratings did not
consistently correspond to greater semantic sparsity among Al responses across tasks. In
contrast, the most creative human ideas were those that expanded the idea space. This
dissociation is consistent with recent findings of Al “semantic disjunction” (Moon et al., 2026),
showing that essays produced after the widespread availability of Al, and essays known to be
generated by and with Al, used more varied words but expressed a narrower range of underlying
ideas. Human and Al raters judged the Al-influenced text as more creative because of its varied
wording. The association between word-level and idea-level diversity was positive in human
writing but weakened or reversed in GPT writing. Here, the disjunction between creativity
ratings and semantic distinctness was evident with EDGE, which considers not only differences
between individual responses but also the density and collective structure of ideas. These
findings and those of Moon et al. (2026) caution against treating high creativity ratings of Al

outputs as evidence that those outputs broaden a collective idea space. Evaluative assessments
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and EDGE capture different properties of a response, and both appear necessary for

understanding what Al adds to, and subtracts from, the range of available ideas.

To assess the value of human idea heterogeneity, we compared ideas produced entirely
by humans against those generated by Al. This approach (i.e., only using human-authored essays
from 2022 or earlier) minimized ambiguity about the source of the ideas being compared. We
anticipate that the capacity of EDGE to identify ideas that expand the space will have
applicability to questions concerning not only human-only and Al-only idea spaces, but also
human—AlI hybrid creativity. Comparisons of competing Al models and progressive model
versions, as well as measurement of efforts to mitigate tradeoffs in Al creativity and diversity,
may be fruitful directions. In general, increasing temperature and other parameter-based levers to
increase Al heterogeneity (e.g., top_p) have been found to result in decreased coherence, so Al
ideas that expand idea space the most may be of lower value (Peeperkorn et al., 2024; Schaeffer
et al., 2025), although prompting- and training-based approaches may fare better (Ismayilzada et
al., 2025; Lanchantin et al., 2025; Meincke et al., 2024). EDGE offers a response-level measure

for testing whether such interventions extend a model’s semantic reach without sacrificing value.

Taken together, our findings suggest that human ideas beyond AI’s homogenized clusters
are not simply inferior ideas that Al can safely omit. Across three tasks, humans produced
valuable ideas in regions that Al rarely reached. This has potentially broad implications for
innovation because progress depends not only on selecting the best ideas from an existing set,
but also on generating ideas beyond that set. In our data, humans—not Al—expanded the
available idea space. If Al increasingly shapes the ideas people produce, the pool of ideas
available to science, business, and society may grow only when people think beyond what Al

generates.
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Supplemental Method

Datasets and Response Sources

Admissions Essays

Human Responses and Matching. We analyzed 1,600 admissions essays written by
college applicants from three U.S. institutions: an elite private university, a regional private
university, and a selective liberal-arts college. We retained eight strata containing at least 200
essays from the 2018-2022 matriculated sample: one at the elite private university, four at the
regional private university, and three at the selective liberal-arts college. We randomly sampled
200 essays without replacement from each stratum, yielding a human sample of 1,600 essays that
was balanced across strata. Three prompts were shared by the regional private university and the
selective liberal-arts college, so the eight essay sampling strata represented five distinct prompts.
Matriculation was operationalized by the availability of a finite cumulative college GPA. For
prompts shared across institutions, the same prompt-specific Al pool supplied the corresponding

institution—prompt comparisons; human essays remained grouped by institution and prompt.

Al Response Generation. Al essays were generated using GPT-5-mini (gpt-5-mini-
2025-08-07). The Al sample comprised 200 essays for each of the five prompts, yielding 1,000
essays in total. Target lengths were based on the median word count of human essays for each
prompt: 639 words for personal growth, 616 for an engaging topic, 637 for a challenge or failure,
646 for the personal or creative essay, and 639 for background or identity. The generation code
capped output at three times the requested word count in tokens and otherwise left sampling

settings at their API defaults.
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Generation Instructions. The generation instruction was: “You are an excellent college
admissions essay writer. Write a compelling, personal essay of about {target words} words. Be
creative, authentic, reflective, and specific.” The user message supplied the corresponding essay

prompt, preceded by “Essay prompt:”.
Admissions Essay Prompts. The five admissions essay prompts were as follows.

Personal or creative essay: As [institution name] is a diverse community, the Admissions
Committee would like to know more about you in your own words. Please submit a brief

essay, either personal or creative, which you feel best describes you.

Personal growth: Discuss an accomplishment, event, or realization that sparked a period

of personal growth and a new understanding of yourself or others.

Engaging topic: Describe a topic, idea, or concept you find so engaging that it makes you
lose all track of time. Why does it captivate you? What or who do you turn to when you

want to learn more?

Challenge or failure: The lessons we take from obstacles we encounter can be
fundamental to later success. Recount a time when you faced a challenge, setback, or

failure. How did it affect you, and what did you learn from the experience?

Background or identity: Some students have a background, identity, interest, or talent
that is so meaningful they believe their application would be incomplete without it. If this

sounds like you, then please share your story.

The institution name in the personal or creative essay prompt is replaced here with a bracketed

label. The generation request used the institution name in the original prompt.
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Alternative Uses Task

Human Responses and Matching. We analyzed Alternative Uses Task (AUT)
responses from Patterson et al. (2023) for two object prompts: brick and knife. The matched Al
response pool comprised 481 GPT-5-mini pseudo-participant bundles generated for the same
brick and knife prompts, with one Al bundle corresponding to each human bundle and
containing the same number of individual uses. The retained 3,425 human uses formed the 481
bundles analyzed here. Individual uses remained together within their human or Al participant—

object bundle throughout response sampling and analysis.

Al Response Generation. Al response bundles were generated using GPT-5-mini (gpt-
5-mini-2025-08-07). The Al sample comprised 481 bundles, with one bundle corresponding to
each human participant—object bundle and containing the same number of individual uses. Each
Al bundle was generated in a separate request through the Responses API, without overriding
temperature or other sampling settings. Returned responses were parsed as an array, leading and
trailing whitespace was removed, and internal whitespace was normalized. An output was
accepted only when the array contained the requested number of nonempty uses and no case-

insensitive duplicate uses.

Generation Instructions. For each request, {response count} was the number of uses in
the matched human bundle, and {object name} was either brick or knife. The instruction was:
“You are completing an Alternative Uses Task. Return only JSON with a key named responses
whose value is an array of strings. The array must contain exactly {response count} distinct,

concise alternate uses. Avoid numbering, explanations, markdown, or ordinary/default uses.”
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The user prompt was: “Object: {object_name}

Task: Give exactly {response_count} creative alternate uses for this object.”

Creative Problem-Solving Task

Human Responses and Matching. For the Creative Problem-Solving Task (CPS), we
used the Becky’s Problem responses from the CPS data reported by Luchini et al. (2025).
Becky’s Problem focuses on an interpersonal dilemma with competing practical and relational
concerns (Reiter-Palmon et al., 1998). The human sample consisted of 1,018 undergraduate-
written responses across the Becky datasets, and the Al reference set consisted of 1,018 GPT-5-
mini responses generated for the same Becky’s Problem prompt. Each participant contributed
one complete response, and each complete human or Al solution was treated as one response-

level unit.

Al Response Generation. Al solutions were generated using GPT-5-mini (gpt-5-mini-
2025-08-07). The Al sample comprised 1,018 responses to Becky’s Problem, generated in
separate requests submitted through the Batch API on October 10, 2026. To approximate the
mean length of the human responses (53.77 words and 2.58 sentences), each request asked for a
single creative solution of approximately 54 words in about three sentences. Reasoning effort
was set to medium, and max_completion_tokens was set to 8,192, including reasoning tokens.
Temperature, top_p, and seed were not specified. The instruction targeted the human mean

length rather than the variability of human response lengths.

Generation Instructions. The generation instructions were as follows.

System instruction: Follow all instructions carefully. Follow all steps of the step by step

instructions. This is for academic research purposes only.
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User instruction: Your task is generate a single creative solution to the following prompt:
Becky is a college student who works part-time at Mark's Pizzeria. Mark, the owner of
the restaurant, has treated Becky very well. He gave her a job that she needs to help pay
her rent when no other business would employ her because she was arrested for
shoplifting three years ago. Mark also lets Becky work around her school schedule, and
has asked if she wants to be a shift manager in the summers. Becky ‘s roommate Jim also
works at the pizzeria, but Jim has been causing a lot of problems at work. He always
avoids doing his job, treats customers rudely, and makes a lot of mistakes with orders.
Jim recently began stealing food from the pizzeria. Two days ago the pizzeria was short-
staffed, so Jim and Becky were the only employees left at closing time. Jim made 10 extra
pizzas and took them home to a party he was hosting without paying for them. Becky feels
like she needs to do something about Jim's behavior. However, Becky is hesitant to tell
Mark about Jim because Jim is a good friend to Becky. Becky also needs Jim to have a
job so he can pay his portion of their rent. Becky does not know what to do.

Aim for approximately 54 words in about 3 sentences.

Don’t output any additional conversational text. Do not label the single creative solution
with any text, number, or any label at all.

1t is very important you follow all instructions!

Table S1a summarizes sample composition. Table S1b reports response length means and

standard deviations.
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Table Sla

Sample Composition and Matched Response Groups

Task Human sample or unit Prompt or object Human n Al pool n
Essays Elite private Personal or creative essay 200 200
Essays Regional private Personal growth 200 200
Essays Regional private Engaging topic 200 200
Essays Regional private Challenge or failure 200 200
Essays Regional private Background or identity 200 200
Essays Selective liberal-arts Personal growth 200 200
Essays Selective liberal-arts Challenge or failure 200 200
Essays Selective liberal-arts Background or identity 200 200

AUT Participant—object bundles Brick 240 240

AUT Participant—object bundles Knife 241 241

CPS Complete responses Becky’s Problem 1,018 1,018

Note. Admissions essays comprised 1,600 human essays and 1,000 unique Al essays. Three prompts were shared
across two institutions, and the corresponding Al pools were reused across institution—prompt comparisons; Al pool
counts in those rows must not be summed as unique essays. AUT comprised 481 human and 481 Al bundles, each
source containing 3,425 individual uses. The 481 human bundles came from 241 participants. CPS comprised 1,018
human and 1,018 Al responses. Each Coverage draw used 120 human and 120 Al response units within a matched

group. AUT = Alternative Uses Task; CPS = Creative Problem-Solving Task.
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Table S1b

Response Length by Matched Response Group

Human Al
Human Al Sent y Sent y
Sample Prompt or object Words Words rZ:pZi(;zss rZ:pZi(;zss
M (SD) M (SD) M (SD) M (SD)
. . . 641.70 662.52 32.38 31.79
Elite private Personal or creative essay (89.24) (66.54) (7.48) (4.28)
. . 609.75 687.11 31.45 39.00
Regional private Personal growth (118.85) (109.93) (7.89) (6.76)
. . . . 577.16 566.11 28.65 27.04
Regional private Engaging topic (148.21) (148.44) (10.25) (7.54)
Regional private Challenge or failure (igjg ;) (69594'180(; (iggi) (3694390)
Regional private Background or identity (?;Zgg) (?zzg% (iggg) (3726992)
Selective liberal-arts Personal growth (65109246) (??); ;;) (3724207) (369-7060)
Selective liberal-arts Challenge or failure (65149'3026) (69594'180(; (384 ;‘398) (3694390)
Selective liberal-arts Background or identity (651 68;1359) (?zzg% (362'9686) (3726992)
. 27.78 79.50 7.25 7.25
AUT Brick
U e (16.02) (30.29) (3.08) (3.08)
. 25.65 66.63 7.00 7.00
AUT Kanifi
U ife (14.61) 21.62) (3.33) (3.33)
, 53.77 53.94 2.58 3.00
CPS Becky’s Problem (37.94) (1.23) (1.74) (0.04)

Note. Values are means (sample standard deviations) per essay, AUT participant—object bundle, or complete CPS

response, using the full pools listed in Table S1a. The sentence/response columns report sentence counts for

admissions essays and CPS, and response counts for AUT. For AUT, each response is an individual use (idea), and

counts indicate the number of ideas within each participant—object bundle. AUT word counts are summed across

those ideas. AUT = Alternative Uses Task; CPS = Creative Problem-Solving Task.
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Outcome Measures

External Person-Level Outcomes

External person-level outcomes for admissions essay authors included SAT and
cumulative college grade point average (GPA), obtained from university records. ACT
composite scores were converted to SAT equivalents using the official 2018 ACT/SAT
concordance (ACT, Inc. & College Board, 2018). When both SAT and ACT scores were
available, we retained the higher SAT-scale score. The SAT analysis excluded the regional
private university because SAT availability was sparse in that sample. It included 794 essay
authors with available SAT-scale scores from the elite private university and selective liberal-arts

college. Cumulative GPA was available for all 1,600 essay authors.

Human-Rated Response Qutcomes

Human-rated response outcomes were available only for human-authored AUT and CPS
responses. For the AUT, we summarized originality at the participant—object level by averaging
the use-level scores (Patterson et al., 2023). CPS originality and quality were complete-solution
ratings (Luchini et al., 2025). Human-rated originality was available for all 481 AUT bundles.
CPS human-rated originality and quality were available for 1,017 of the 1,018 human responses.
These outcome-specific counts were used in the corresponding models; the full response pool

remained available for the Coverage Analysis.

Automatic Assessments of Creativity, Originality, and Effectiveness

To enable direct comparisons between response sources, we applied the same automatic
assessment within each task to both human and matched Al-generated responses. Admissions

essays were scored using a GPT-4.1-mini evaluator fine-tuned to predict creativity judgments
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provided by 22 creativity researchers (Moon et al., 2026). AUT and CPS responses were scored
using Penn State’s Creativity Assessment Platform (CAP; Patterson et al., 2025). For the AUT,
Cross-Lingual Alternate Uses Scoring (CLAUS) assessed the originality of each AUT use, and
we averaged these scores within each participant—object bundle. For the CPS, we used CPS-Al to

evaluate the originality and effectiveness of each complete response (Luchini et al., 2025).

The same evaluator scored all 1,600 human admissions essays and all 1,000 matched Al
essays. Each essay was submitted as a complete text, and the evaluator returned a single numeric
creativity score on a 0—1 scale. For the AUT, CLAUS evaluated all 6,850 individual uses across
the human and Al pools. CLAUS received the object name and each individual use and returned
an originality score on a 0—1 scale, and the resulting use-level scores were averaged within
bundles to obtain 962 bundle-level scores. For CPS, CPS-AI evaluated all 2,036 complete human
and Al responses. The evaluator received the full Becky’s Problem scenario and each complete
solution and returned originality and effectiveness predictions. CPS-Al analyses used the raw
predictions without clipping. Although the documented nominal scale ranged from —2 to 2, 22
human originality predictions and 28 human effectiveness predictions exceeded the upper bound.
Two human responses exceeded the upper bound on both outcomes, yielding 48 distinct human
responses with out-of-range predictions. No predictions for Al responses fell outside the nominal

range.

EDGE Computation

Text Representation

To implement the text representation procedure described in the main text, we used

avsolatorio/Nolnstruct-small-Embedding-v0 (Solatorio, 2024b), sentence-transformers/all-
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mpnet-base-v2 (Reimers & Gurevych, 2019; Song et al., 2020), and avsolatorio/GIST-
Embedding-v0 (Solatorio, 2024a). Before sentence segmentation, leading and trailing whitespace
was removed and consecutive whitespace characters were collapsed. Admissions essays and CPS
responses were segmented into sentences before embedding. Each model used its corresponding
tokenizer, with padding within batches and truncation at 512 tokens. Representations were
extracted from the first token of the final hidden layer with the model in evaluation mode. These
vectors entered clustering directly, without additional length normalization or dimensionality

reduction.

Clustering Parameter Selection

Clustering parameters were selected independently for each of the three embedding
models and reselected whenever the scoring corpus changed, using outcome-blind criteria. For
HDBSCAN, minPts controls the neighborhood size used to estimate local density. We evaluated
minPts = {3, 5, 8, 11, 14, 17} and selected the value minimizing mean GLOSH across embedded
rows. For fuzzy c-means, k specifies the number of clusters, and m controls the fuzziness of
cluster membership, with larger values allowing responses to have more evenly distributed
membership across clusters. We evaluated all 12 combinations of k= {3, 4, 5,6, 7, 8} and m =
{1.05, 1.10}, selecting the combination maximizing the range of cluster-membership ambiguity.
Neither human—Al coverage contrasts nor outcome scores informed selection. Both algorithms
used Euclidean distances. Each fuzzy c-means parameter combination was run once from a
randomized starting configuration. The algorithm repeatedly updated cluster centers and
membership values until convergence or a maximum of 100 iterations. Candidates were
evaluated in ascending order of minPts or, for fuzzy c-means, k followed by m; exact ties were

resolved in favor of the first candidate.

47



Aggregation and Standardization

EDGE components were computed across the resulting task-specific embedding rows and
then averaged within each analytic unit: across sentences for each admissions essay and CPS
response, and across uses for each AUT participant—object bundle. The two components were
computed separately in each of the three embedding spaces, producing six component scores for
every analytic unit. Each embedded row contributed equally to its unit’s component mean. Units
could contribute different numbers of sentences or uses to the clustering corpus; AUT bundles

contained 1-23 uses (M =7.1).

Each of the six unit-level components was standardized within the analysis-specific
scoring set. The final EDGE score was the arithmetic mean of these six standardized
components. For the Coverage Analysis, standardization used all 240 human and Al units within
a matched response group and draw. For Al-reference scoring, component standardization used
the human target units sharing a prompt, object, or problem and reference panel. Before outcome
modeling, the resulting EDGE scores were standardized again within each institution—prompt

sampling stratum, AUT object, or CPS problem, separately for each panel.

Bayesian Outcome Noninferiority Analysis

Al-Reference EDGE

For each human response and Al reference panel, we combined the human response’s
embedded sentences or uses with those of the Al reference responses. Both clustering methods
and their parameter searches were applied to this combined corpus. Only the human response’s
component scores were retained and averaged across its sentences or uses. Other human

responses did not enter this calculation. Thus, human responses shared matched Al reference
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panels but were scored through separate clustering calculations. Different reference panels could

contain some of the same Al responses.

Model Specification

A separate model was fitted for each continuous outcome using the default Gaussian
family in brms. To account for uncertainty arising from Al reference-panel composition, we
explicitly supplied the standard error of each response’s mean EDGE across panels as its
measurement-error standard deviation. The observed mean EDGE was modeled as normally
distributed around a latent EDGE value. The latent-EDGE submodel estimated residual variation
among responses, distinct from measurement error, following the standard Gaussian
specification. We explicitly fixed residual correlations between the latent-EDGE and outcome
submodels to zero, so that no additional residual association was estimated beyond the modeled

EDGE—-outcome relationship.

Outcomes were standardized within matched response groups using the observations
eligible for each outcome model. Missing outcome values were not imputed. Task-level
coefficients averaged slopes across eight institution—prompt strata for essay creativity and GPA,
four eligible strata for SAT, two objects for the AUT, and the single CPS problem. Model

convergence and sampling diagnostics are reported in Table S3.

EDGE and Assessments of Originality and Creativity

Within each matched response group and draw, we regressed the standardized automatic
assessment on standardized EDGE, response source, and their interaction. Source was coded as 0

for Al responses and 1 for human responses. The EDGE coefficient therefore represented the Al
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slope, and adding the interaction coefficient yielded the human slope. The interaction coefficient

represented the human-minus-Al slope difference.

Task-level human slopes, Al slopes, and their differences were calculated within each
draw by equally averaging the corresponding estimates across the eight admissions essay strata
or the two AUT objects. CPS involved a single problem and required no further aggregation. The
number of positive interactions across draws summarized the directional consistency of the

source difference.

Visual Explanation of the Two EDGE Components

The visualization used 75 human and 75 Al admissions essays, 240 human and 240 Al
AUT Brick bundles, and 300 human and 300 GPT-5-mini CPS responses. Two-dimensional
coordinates were obtained using PACMAP (Wang et al., 2021), with human and Al responses
sharing a display space within each task. To make the underlying concepts visually clear, display
coordinates were rescaled, with additional systematic transformations of radial spread and
proximity to cluster centers for AUT and CPS to clarify the spatial patterns used to illustrate the
two components. Cluster-membership ambiguity illustrated responses that did not align strongly
with a single semantic cluster. The outlyingness component captured by GLOSH was illustrated
through sparsity in the display space, highlighting responses located away from dense
concentrations of ideas. These illustrative outlyingness values were converted to percentile ranks
across the pooled human and Al points within each task, with shared color scales supporting
comparison between sources. The visualization provided a conceptual illustration of the two
EDGE components; the reported analyses calculated these components in the original high-

dimensional embedding spaces.
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Supplemental Results

Coverage Analysis

Table S2 reports the human-minus-Al contrasts separately for all eight admissions essay

strata, both AUT objects, and the CPS scenario, together with the task-level aggregates.

Table S2

Human—AI Differences in Mean EDGE by Matched Response Group

Sample Prompt or aggregation Median 95%i;f2f\211)hng Pg:;ize
Elite private Personal or creative essay 1.655 [1.521, 1.708] 1,000
Regional private Personal growth 0.419 [0.219, 0.625] 1,000
Regional private Engaging topic 1.080 [0.962, 1.199] 1,000
Regional private Challenge or failure 0.443 [0.251, 0.645] 998
Regional private Background or identity 1.034 [0.876, 1.191] 1,000
Selective liberal-arts Personal growth 0.988 [0.826, 1.131] 1,000
Selective liberal-arts Challenge or failure 1.040 [0.882, 1.222] 1,000
Selective liberal-arts Background or identity 1.294 [1.193, 1.428] 1,000
AUT Brick 1.226 [1.064, 1.355] 1,000
AUT Knife 1.375 [1.068, 1.582] 1,000
CPS Becky’s Problem 1.141 [0.993, 1.278] 1,000
Admissions essays, Task aggregate 0.991 [0.931, 1.048] 1,000
stratum-equal
AUT, object-equal Task aggregate 1.295 [1.126, 1.426] 1,000
CPS Task aggregate 1.141 [0.993, 1.278] 1,000
Admissions essays, Sensitivity 1.165 [1.106, 1.214] 1,000

institution-equal

Note. Contrasts are mean human EDGE minus mean Al EDGE. Intervals are the shortest empirical intervals
containing 95% of 1,000 draw-level contrasts. Positive draws are counts out of 1,000, not p-values or posterior
probabilities. Primary task aggregates equally weight eight admissions strata, two AUT objects, or the single CPS
scenario. The admissions sensitivity first averages within institution and then equally weights the three institutions.
EDGE = expansion of divergent generative expression. AUT = Alternative Uses Task; CPS = Creative Problem-
Solving Task.
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All 11 matched response groups had positive medians and 95% resampling intervals
entirely above zero. The contrast was positive in 1,000 of 1,000 draws for ten groups and in 998

of 1,000 draws for the regional private university’s challenge-or-failure prompt.

As a sensitivity analysis, we first averaged contrasts across prompts within each
institution and then weighted the three institutions equally. The institution-equal admissions
contrast was 1.165 (95% resampling interval [1.106, 1.214]), positive in 1,000 of 1,000 draws.
Thus, the direction of the admissions coverage result was unchanged when institutions, rather

than institution—prompt strata, received equal weight.

52



Outcome Noninferiority Analysis

All models showed satisfactory convergence and no divergent transitions. Across the nine
models, the largest fit-wide R-hat was 1.00133; the smallest bulk and tail effective sample sizes
were 3,101.79 and 5,306.25, respectively. No model reached the maximum tree depth. Table S3

reports diagnostics for each model.

Table S3

Bayesian Model Convergence and Sampling Diagnostics

5 Minbulk  Min tail . Tree-depth  Min E-
Task Outcome Max R ESS ESS Divergences hits BEMI
Essays SAT 1.00082 4,425 5,306 0 0 0.993
Essays Essay creativity 1.00133 5,013 5,589 0 0 0.981
Essays Cumulative GPA 1.00082 5,530 7,103 0 0 1.021
AUT Human-rated 1.00124 3314 6,376 0 0 0.737
originality
AUT CLAUS originality  1.00133 3,102 5,437 0 0 0.725
CPS Human-rated 1.00066 4,620 6,517 0 0 0.993
originality
CPS CPS-Al originality ~ 1.00082 4,781 6,652 0 0 0.994
CPS Human-rated quality 1.00039 5,119 7,005 0 0 0.997
CPS CP.S_AI 1.00060 4,797 6,183 0 0 0.977
effectiveness

Note. All models used three chains of 10,000 iterations, including 5,000 warm-up iterations per chain, yielding
15,000 retained posterior draws per outcome. R and effective sample sizes (ESS) summarize the full fitted model;
minima and maxima are taken across model parameters as indicated. Tree-depth hits count transitions reaching the
sampler’s maximum tree depth. E-BFMI = energy Bayesian fraction of missing information; the minimum is across
chains. AUT = Alternative Uses Task; CPS = Creative Problem-Solving Task. GPA = grade point average. CLAUS

= Cross-Lingual Alternate Uses Scoring; CPS-AI = automatic scorer for Creative Problem Solving.
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Every 95% HDI had a lower bound above the —.10 noninferiority margin (Table S4).

Table S4

Posterior Associations of AlI-Reference EDGE with Task-Relevant Outcomes

Task Outcome n Median 95% HDI P(B>-0.10) Conclusion
Essays SAT 794 0.109 [0.039, 0.179] 1.000 Positive
Essays Essay creativity 1,600  0.354 [0.307, 0.401] 1.000 Positive

(expert-tuned model)
Essays College GPA 1,600 0.026 [-0.024, 0.075] 1.000 Noninferior

AUT Human-rated 481 0.033 [-0.062, 0.125] 997 Noninferior

originality

AUT CLAUS originality 481 0.007 [-0.087, 0.104] 987 Noninferior

CPS Human-rated 1,017 0.200 [0.135, 0.262] 1.000 Positive

originality

CPS CPS-Al originality 1,018  0.170 [0.107, 0.234] 1.000 Positive

CPS Human-rated quality 1,017 0.016 [-0.049, 0.080] > 999 Noninferior

CPS CPS-AI effectiveness 1,018 0.042 [-0.018, 0.108] > 999 Noninferior

Note. B values are posterior medians, and all coefficients are standardized. Noninferiority was supported when the

lower bound of the 95% HDI exceeded —0.10. “Positive” indicates that the entire 95% HDI was above zero;

“Noninferior” indicates that the 95% HDI included zero but excluded values at or below —0.10. Essay creativity was

evaluated by an expert-tuned model. Estimates are reported to three decimals. HDI = highest density interval; GPA

= grade point average. EDGE = expansion of divergent generative expression. AUT = Alternative Uses Task; CPS =

Creative Problem-Solving Task. CLAUS = Cross-Lingual Alternate Uses Scoring; CPS-AI = automatic scorer for

Creative Problem Solving.
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EDGE and Assessments of Originality and Creativity

Table S5 reports the human and Al coefficients and their paired differences. Each task-

level human—AlI difference was positive in 1,000 of 1,000 draws.

Table S5

Associations Between EDGE and Originality or Creativity Assessments Among Human and Al

Responses
Human 8 Al B Human-AI AB
Task Assessment [95% interval] [95% interval] [95% interval]
Essays Essay creativit 0.668 0.047 0.622
Y Y Y [0.604, 0.753] [0.022, 0.077] [0.548, 0.706]
L 0.450 -0.105 0.561
AUT CLAUS originality [0.292, 0.614] [-0.182, -0.018] [0.367, 0.752]
L 0.541 0.112 0.430
CPS CPS-Al originality [0.247, 0.800] [0.006, 0.224] [0.135, 0.743]

Note. Entries are medians with 95% resampling intervals from the distributions of task-level standardized
coefficients across resampling iterations. Within each iteration, the corresponding human and Al coefficient
estimates were paired, and Human—AI AP was calculated as Bruman — Bar. The reported AP and its 95% resampling
interval therefore summarize the distribution of these paired differences, rather than differences between the
reported medians or interval bounds. Positive A values indicate a stronger EDGE—-assessment association among
human responses. Estimates are reported to three decimals. EDGE = expansion of divergent generative expression.
AUT = Alternative Uses Task; CPS = Creative Problem-Solving Task. CLAUS = Cross-Lingual Alternate Uses

Scoring; CPS-AI = automatic scorer for Creative Problem Solving.
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Stability Across AI-Reference Panels

We evaluated the stability of Al-reference EDGE across the 10 reference panels using
two-way consistency intraclass correlation coefficients (ICCs). Scores were standardized
separately within each panel and matched response group, as in the Outcome Noninferiority
Analysis. We calculated ICC(C,1) for a single panel and ICC(C,10) for the mean of 10 panels,
with F-based 95% confidence intervals. Analyses were conducted separately for each institution-
prompt stratum, AUT object, and CPS problem. Consistency was the relevant criterion because
the analysis concerns relative differences among human responses after within-panel

standardization.

Across the eight admissions essay strata, single-panel ICCs ranged from .945 to .987 and
mean-of-10-panel ICCs ranged from .994 to .999. For AUT, the corresponding ICCs were .797
and .975 for brick and .793 and .975 for knife. For CPS, they were .909 and .990, respectively
(Table S6). Thus, averaging across the 10 panels yielded stable relative EDGE scores under the

current reference-sampling procedure.
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Table S6
Consistency of AI-Reference EDGE Across Reference Panels

Sample Prompt or object n ICC(C,1) [95% CI] ICC(C,10) [95% CT]
Elite private P ersonfsgz;reative 200 987 [.984, .990] 1999 [.998, .999]
Regional private Personal growth 200 963 [.956, .970] 996 [.995, .997]
Regional private Engaging topic 200 945 [.934, .955] 994 [.993, .995]
Regional private Challenge or failure 200 958 [.949, .966] 996 [.995, .996]
Regional private ~ Background or identity 200 982 [.978, .985] 998 [.998, .999]
Selective liberal-arts Personal growth 200 965 [.957, .972] 996 [.996, .997]
Selective liberal-arts ~ Challenge or failure 200 957 [.948, .965] 996 [.995, .996]
Selective liberal-arts Background or identity 200 987 [.984, .990] 999 [.998, .999]
AUT Brick 240 797 [.765, .827] 975 [.970, .980]
AUT Knife 241 793 [.760, .824] 975 [.969, .979]
CPS Becky’s Problem 1,018 909 [.901, .916] 990 [.989, .991]

Note. ICC(C,1) estimates the consistency reliability of EDGE scores computed using a single reference panel;
ICC(C,10) estimates the consistency reliability of EDGE scores averaged across 10 reference panels. Both
coefficients are estimated using scores from all 10 panels. Each panel contained 120 matched Al responses. EDGE
was standardized separately within each panel and matched response group. Confidence intervals are model-based F

intervals. The n column counts essays, participant—object bundles, or complete CPS responses.
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Descriptive Associations

Figure S1 displays descriptive associations between EDGE and four automatic

assessments: essay creativity, CLAUS originality, CPS-AlI originality, and CPS-AI effectiveness.

Figure S1
Descriptive Associations Between EDGE and Originality, Creativity, or Effectiveness
Assessments Among Human and Al Responses
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o
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Note. Each point represents one human or Al response unit. EDGE scores were standardized across human and Al
responses within each matched group and draw, then averaged for each response across the draws in which it
appeared. Assessment scores were standardized across human and Al responses within each panel. Regression lines
were fitted separately for human and Al responses using these response-level mean EDGE scores; labels report the
resulting slopes () and sample sizes. AUT = Alternative Uses Task; CPS = Creative Problem-Solving Task;

CLAUS = Cross-Lingual Alternate Uses Scoring; CPS-AI = automatic scorer for creative problem solving.
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