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Abstract

We study how people form expectations about the performance of artificial intelli-
gence (Al) and consequences for Al adoption. Our main hypothesis is that people
rely on human-relevant task features when evaluating Al, treating Al failures on
human-easy tasks, and successes on human-difficult tasks, as highly informative
of its overall performance. In lab experiments, we show that projection of human
difficulty onto Al predictably distorts subjects” beliefs and can lead to suboptimal
adoption, as failing human-easy tasks need not imply poor overall performance for
Al We find evidence for projection in a field experiment with an Al giving parenting
advice. Potential users strongly infer from answers that are equally uninformative
but less humanly-similar to expected answers, significantly reducing trust and future
engagement. Our results suggest Al “anthropomorphism” can backfire by increasing
projection and de-aligning people’s expectations and Al performance.
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The main lesson of thirty-five years of Al research is that the

hard problems are easy and the easy problems are hard.

Steven Pinker, The Language Instinct

1 Introduction
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Recent Al systems are remarkably versatile, but their performance is often “jagged”:
they can excel on some tasks while failing on closely related ones (Gans, 2026). Misjudg-
ing where Al is reliable has important economic consequences: highly trained consul-
tants incur net productivity losses when they trust Al on tasks outside its competence
(Dell’Acqua et al., 2023), and incorrect clinical recommendations can steer radiologists
toward erroneous diagnoses or follow-up decisions (Bernstein et al., 2023; Yu et al., 2024).

But we increasingly encounter this jagged technology in anthropomorphic form: user-
facing Als are named “assistants” that converse in the first person, use human turn-
taking cues, and add human modalities like voice and personalization.1 If we encounter
a jagged technology through a human interface, are we likely to evaluate its performance
with human yardsticks—and to be systematically misled?

This paper studies a simple hypothesis: people evaluate Al using the same inferential
shortcuts they use for humans—a phenomenon we call Human Projection (HP). They take
as informative for Al the cues that diagnose human competence, such as task difficulty
or whether a mistake appears reasonable to humans. They use these cues to infer an
overall notion of “ability” from sparse feedback and generalize their assessment across
tasks, shaping adoption choices. This structure is powerful but becomes misspecified
when what is hard, easy, or reasonable differs between humans and machines.

We develop a formal framework for HP that yields sharp predictions for priors and

belief updating. We then embed HP in a Berk-Nash adoption model in which delegation

!Examples of new anthropomorphic features include OpenAls ChatGPT voice and “personalities”, An-
thropic’s Claude voice and personalization, xAl's Grok companions, Microsoft’s Copilot personalization,
or Google’s Gemini personal intelligence.


https://help.openai.com/en/articles/9260256-chatgpt-capabilities-overview
https://help.openai.com/en/articles/8400625-voice-mode-faq
https://help.openai.com/en/articles/11899719-customizing-your-chatgpt-personality
https://support.claude.com/en/articles/11101966-using-voice-mode-on-claude-mobile-apps
https://support.claude.com/en/articles/10185728-understanding-claude-s-personalization-features
https://supergrok.online/grok-companions-overview/
https://learn.microsoft.com/en-us/copilot/microsoft-365/copilot-personalization-memory
https://gemini.google/overview/personal-intelligence/

choices select which performance signals are observed. We show HP induces all-or-
nothing adoption in equilibrium. Partial adoption is not sustained even when Al is only
superior on some tasks, because feedback in one task shifts beliefs about all other tasks.
As a result, the same projection mechanism can generate both over- and under-adoption
relative to the task-by-task optimum.

We test these predictions in a series of pre-registered experiments. In a lab study
on beliefs in performance, we find strong projection of human task difficulty: priors fall
steeply with difficulty, and updating is stronger after easy failures and hard successes.
Because difficulty is only weakly informative about Al performance in our setting, this
yields systematic miscalibration—overestimating Al on human-easy tasks and under-
estimating it on human-hard tasks. In a repeated-delegation experiment mirroring the
adoption model, we vary HP by stripping human-like cues and presenting the same Al
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as a “black box.” Over-adoption falls sharply, consistent with weaker projection of a
single-index ability, limiting generalizations across tasks. In a framed field experiment
with a parenting-advice chatbot, we find that conditional on observing a (rare) mistake, con-
tinued engagement drops sharply when the mistake is less humanly “reasonable”—i.e.,
less similar to a helpful reply. This pattern, consistent with the projection of human

similarity onto Al outputs, leads users to disengage from an otherwise helpful tool.

Human Projection framework. We begin in Section 2 by formalizing Human Pro-
jection in a setting where a principal forecasts an agent’s binary performance across a
domain of tasks and learns from perfectly observed feedback. Human Projection has
two components. Feature projection means treating human-relevant task features as in-
formative for Al performance—namely, projecting human difficulty onto Al difficulty.
Ability—Model projection means interpreting outcomes through a human “ability model”:
success is increasing in a unidimensional latent ability and decreasing in difficulty, and
signals satisfy a diagnosticity property (MLRP) so that hard successes and easy failures
are especially informative about ability. HP is not a bias per se, but rather a disciplined
way to map features into priors and to extrapolate from limited feedback. It yields sys-
tematic misspecification when either projection component is misguided—when human

difficulty is weakly informative for Al, or when Al performance is “jagged” such that it
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does not admit the same single-index ability structure that people implicitly apply. The
framework yields two testable predictions for beliefs when people project human diffi-
culty onto Al First, prior beliefs in success should decline with human difficulty, even
for Al Second, because outcomes are interpreted through the Ability-Model, “hard suc-
cesses” and “easy failures” are more informative of a respectively high and low ability

level, moving beliefs more.

Effects on beliefs. We test these predictions in a pre-registered beliefs experiment
(n =911 for Al n = 222 for humans; Section 4) on a new domain of 414 multiple-choice
math items drawn from international standardized assessments. We first obtain an item-
level population benchmark of human difficulty as the share correct in an incentivized
online test with around 41 answers per item. We then evaluate ChatGPT 3.5 on the same
items and find that item-level difficulty is only weakly informative about Al success
(slope —0.07, s.e. 0.08, R? = 0.002). We document similarly weak human-AI difficulty
alignment across frontier models and prompt variants (Section 3), consistent with recent
findings on Al's “jagged” capability patterns (Xie et al., 2024; Li et al., 2025).

Yet, our experiment finds subjects’ beliefs are strongly anthropomorphic. Priors
about Al exhibit a steep human-difficulty gradient (OLS slope —0.31, s.e. 0.01, R?> = 0.12;
about half the human slope). Updating is significantly stronger after easy failures (vs.
hard failures) and hard successes (vs. easy successes), and this effect increases with the
subject’s difficulty projection. Beliefs are systematically misspecified in our setting, over-
stating Al performance on human-easy tasks while understating it on human-hard tasks

despite the model’s jagged, non-human performance gradient.

Consequences for user field engagement. In Section 5 we take Human Projection to
a field setting and study its behavioral consequences for engagement with a parenting-
advice chatbot. Because “correctness” and “difficulty” are inherently subjective in ad-
vice settings, we focus on a human-relevant feature of failures: the reasonableness of a
misunderstanding—whether the useless answer is a plausible, human-like miss (similar
to what a helpful answer would have said) or an implausible one. We adapt the Human

Projection framework to this setting by treating reasonableness (human similarity to a



useful answer) as the projected feature, yielding an analogue of “easy” versus “hard”
failures: conditional on a failure (useless answer), less reasonable misunderstandings
should trigger more negative updating and lower engagement. In a framed field ex-
periment (n = 905) built from real conversations, we use matched failure pairs that are
equally unhelpful and differ only in reasonableness. Among a sample of potential users,
less reasonable failures generate substantially larger drops in beliefs and trust (about
80% and 75% larger, respectively). This maps into reduced subsequent engagement,
measured both by a revealed-preference link choice (9.4 p.p. drop, p = 0.005) and by
actual follow-through in chatbot logs (2.0 p.p. drop, p = 0.045). Interpreting these pat-
terns through the lens of HP, users appear to treat the human reasonableness of its (rare)
misunderstandings as highly diagnostic of overall performance, reducing engagement

with an otherwise useful tool.

Effects on equilibrium adoption. We end in Section 6 by studying Al adoption in
equilibrium, when Al signals are endogenous to delegation decisions. We model a prin-
cipal observing feedback only on tasks they choose to delegate to Al, and interpreting
it through the HP model. Projecting a single-index ability leads to a coarse conclusion:
the principal infers that Al is either “better” or “worse” than humans in the domain,
leading to all-or-nothing adoption in Berk—Nash equilibrium (Esponda and Pouzo, 2016).
In this benchmark result, partial adoption is not sustained even when optimal under
task-by-task evaluation. HP can thus generate distortions towards under-adoption (no
adoption despite Al being superior on some tasks) or over-adoption (full adoption de-
spite Al being inferior on some tasks). Because human-like cues are known to induce
anthropomorphic reasoning (Chugunova and Sele, 2022), we predict that removing these
cues weakens Human Projection and reduces all-or-nothing adoption—shifting choices
toward partial adoption when Al’s advantage is task-specific.

We test this prediction in an adoption experiment presented in Section 6. We con-
struct two pools of problems, drawn from our domain of math items, such that humans
outperform Al on the human-easy pool while Al outperforms humans on the human-
hard pool. Thus, partial adoption (Al only on the hard pool) is optimal under task-by-

task evaluation. Participants repeatedly delegate 30 problems from each pool to a human
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or to Al, observing only the realized outcome of their chosen agent. They then make a
one-shot, high-stakes adoption decision. We randomize whether the same underlying
technology is framed anthropomorphically (a named assistant with a human-like icon,
n = 208) or as a non-anthropomorphic “black box” (n = 218). The black-box framing
significantly reduces the share of all-or-nothing adoption, primarily by reducing over-
adoption (A = —0.146, p = 0.001). Mechanism evidence points to weaker Ability—-Model
projection: across several proxies of cross-task generalization, the Black Box framing
sharply reduces the coupling of Al beliefs across pools (e.g., easy-hard belief comove-
ment falls from 0.69 to 0.32, p < 0.001), while effects on difficulty projection are small
and less stable. Subjects appear to rely less on a single-index ability to extrapolate across

task types and to treat performance as pool-specific.

Taken together, we formalize and document Human Projection: a tractable inference
rule that maps sparse performance feedback and salient task features into broad general-
izations about an agents competence. This heuristic becomes systematically misleading
when the projected features are weakly informative for the target agent. Al is a natural
setting: models are jagged and context-dependent, yet are presented in human-like ways
that invite human yardsticks. Our framework clarifies when such cues distort beliefs and

learning, and how those distortions translate into delegation and adoption.

Related literature. A growing behavioral-economics literature studies mental mod-
els as simplified—and often misspecified—representations that discipline inference and
choice. Models, even when wrong, tend to persist as they shape data acquisition and in-
terpretation (Gagnon-Bartsch et al., 2023; Fudenberg et al., 2024). Berk-Nash equilibrium
(Esponda and Pouzo, 2016) provides a natural solution concept when decision makers
optimize within a restricted—and potentially misspecified—model class (Lanzani, 2025;
Samuelson and Steiner, 2025), consistent with evidence that people often apply simple
models over richer but more complex ones (Kendall and Oprea, 2024). Important chan-
nels of misspecification include biased recall (Bordalo et al., 2023; Bohren et al., 2025),
selective attention (Graeber, 2023; Bastianello and Imas, 2026), or improper coarsening

(Graeber et al., 2025). They help rationalize under- and over-reaction to signals (Fan et



al., 2025; Augenblick et al., 2025; Bai et al., 2025) and understand persistent errors in
settings such as risky forecasting (Esponda et al., 2024), financial decisions (Andre et al.,
2024; Enke et al., 2024), or as technology adoption (Hanna et al., 2014). We add to this
agenda by showing how a simple mental model—drawing on IRT principles (Lord and
Novick, 2008)—affects beliefs and usage of new technology. Among mental models are
“projection” heuristics, which distort perceptions of oneself (Loewenstein et al., 2003)
and of others, shaping social and market learning (Gagnon-Bartsch and Rosato, 2024)
and strategic behavior through second-order beliefs (Madarasz et al., 2023). We bring
projection to technology and show direct links to adoption and usage choices. Closest to
our study is evidence that people generalize across tasks using human intuitions rather
than true capability structure (Vafa et al., 2024), and systematically overstate the degree
of alignment with human behavior (He et al., 2025).

Al’s productivity effects have been found to be heterogeneous and context-dependent
(Noy and Zhang, 2023; Brynjolfsson et al., 2025). A central reason is that effective adop-
tion hinges on users’ beliefs about task-specific capability. When performance is jagged
across tasks, users misperceive where Al is reliable, generating misreliance and fore-
gone gains in both lab settings (Chevrier et al.,, 2024) and high-stakes deployments
(Dell’Acqua et al., 2023; Bernstein et al., 2023; Yu et al., 2024). Who benetfits also de-
pends on behavioral features of the user such as self-assessments of competence (Caplin
et al., 2024), motivating designs that account for predictable biases and offer tailored
assistance (Dreyfuss and Hoong, 2025). We offer a unified mechanism for misreliance
and for the coexistence of algorithm aversion (Dietvorst et al., 2015; Dietvorst and Bharti,
2020) and appreciation (Logg et al., 2019): HP can induce either under- or over-adoption,
depending on how Al’s comparative advantage differs from what users project.

Finally, we connect to work on machine anthropomorphism (Reeves and Nass, 1996;
Chugunova and Sele, 2022). One strand studies determinants: human-like design cues
(e.g., voice, first-person language) increase anthropomorphic inferences and perceived
competence (Cohn et al., 2024) and system trust (De Visser et al., 2016), with context-
dependent effects (Schimmelpfennig et al., 2025). A second strand studies consequences:

treating systems as social agents can raise customer spending (Igarashi et al., 2026),



human-like interaction (Schanke et al., 2021), and offset trust costs of Al disclosure (Xu
et al., 2024), but also backfire via inflated expectations or anger (Crolic et al., 2022). We
contribute by providing a simple structure to clarify how human-like cues may affect

user behavior through systematic distortions in beliefs and inferences.

2 A Theoretical Framework for Human Learning

In this section we develop the Human Projection (HP) framework: a structure for human
inferences on performance within a domain of tasks, projected on potentially non-human
agents. HP decomposes into two distinct, complementary components: Ability—-Model
projection, in which the DM summarizes outcomes with a unidimensional latent ability,
and difficulty projection, where they project the human-difficulty of tasks onto the agent.
Resulting beliefs may be misspecified misspecified either because the projected human
partition mismatches Als performance-relevant partition, or because projected and true

Al difficulty differ. Appendix A provides the full formal exposition.

2.1 Setup

We consider a principal trying to assess the performance of an agent i within a domain
T = {t1,...tx} composed of K tasks or problems. Performance is stochastic: for each
task t; € T, the agent has a success rate s, € [0,1]. Overall performance is represented
by the vector s = (s1,...,sx) € [0, 1]X, which is unknown to the principal.

We assume that the principal entertains the following mental model: the agent has
a unidimensional type denoted 6 € ® C IR, unknown to the principal. This type 6 rep-
resents a latent variable of ability within the domain. Each task has a level of difficulty
denoted by § € A C R, which is known to the principal for humans. We denote the (hu-
man) difficulty of task t by 5" (t), and the (true) Al difficulty by 6(t); these may differ
(a human-difficult task need not be Al-difficult). A task with difficulty J is denoted by
t2. Unless specified otherwise, “difficulty” refers to human difficulty 5. The probabil-
ity that agent i € {H, A} with ability 0 succeeds in solving a given task t° is given by



p' 1 ®x A — (0,1). Assumption 1 imposes structure on the mapping from ability and

difficulty to success rates:

Assumption 1 (Ability—Model Projection). For each agent i € {H, A}, p'(6,0) satisfies:
1. Ability: If0' > 0, then p'(0',6) > p'(6,6).
2. Difficulty: If &' > 6, then p'(8,6) > p'(6,5").

. TF 0 / P < pi(e.s) 1-p'(0'0')
3. MLRP: If 0" > 0 and &' > ¢ then 7(0.5) = p(00) and T p0s) =

The first two parts significantly reduce the complexity of the principal’s updating
problem by placing all features on a unidimensional scale: agents are ordered by ability,
and tasks are ordered by difficulty. For MLRP, consider two agents of unequal ability
levels, and take the ratio (high over low) of their success rates on tasks. This ratio
increases with task difficulty under MLRP: as tasks become harder, both success rates
decrease, but that of the high-ability agent decreases slower, thereby increasing the ratio.
Conversely for failure rates: as difficulty increases, they increase for both agents, but
slower for the high-ability one, thereby reducing the ratio. Intuitively, MLRP implies
that a success on a hard task is more “diagnostic” of high ability than a success on an
easier task, while a failure on an easy task is more diagnostic of low ability than a failure

on a harder task.

These restrictions constitute the “Ability Model:” a mental model used to assess
human performance within a domain. It is inspired by Item Response Theory (Lord
and Novick, 2008), used to estimate students’ proficiency on the basis of standardized
test performance. Most modern tests, including TIMSS (source of our mathematical
tasks in Section 3), estimate student proficiency using models which satisfy the above

assumptions.?

The principal is trying to learn about agent ability ', where agent i € {H, A} can be
a human or an Al They receive binary signals of agent performance on tasks—successes

or failures—within domain 77, and update their prior G’ according to Bayes’ rule. When

2In Item Response Theory, commonly used logistic and ogive functions, mapping ability and difficulty
to a probability of a correct answer, satisfy all parts of Assumption 1. For an example see the TIMSS
Technical Report.


https://timssandpirls.bc.edu/timss2019/methods/pdf/T19_MP_Ch11-scaling-methodology.pdf
https://timssandpirls.bc.edu/timss2019/methods/pdf/T19_MP_Ch11-scaling-methodology.pdf

evaluating Al, we assume the principal interprets Al outcomes through the same human-
relevant domain structure and the associated unidimensional A-M within 7. We refer
to this as Ability—Model projection. It is misspecified when Al performance within 7 is
not well summarized by a single latent ability, or when the human task partition is a
poor approximation to the Al-relevant partition.

We now introduce difficulty projection, a source of belief misspecification about Al
We assume the principal perfectly observes human difficulty 57 but only imperfectly

perceives Al difficulty:

Assumption 2 (Difficulty Projection). For a given problem t € T, the perceived Al difficulty
is given by 54 (t) = ASH(t) + (1 — A)64(t), where A € [0,1] is the degree of projection.

This assumption states that people evaluate Al difficulty based on human difficulty.
We micro-found it in Appendix A with a simple cognitive imprecision model following
Woodford (2020), where the principal receives a noisy signal of (true) Al difficulty, which
they combine with their prior anchored around (true) human difficulty, leading to this

“shrinkage” formula.

Human Projection. Together, Assumptions 1 and 2 constitute what we call Human Pro-
jection (HP): relying on human-relevant structure when forming beliefs about Al perfor-
mance. HP has two components. Ability—Model projection applies the human A-M (and
the human-relevant task partition) to Al within 7. Difficulty projection anchors perceived
Al difficulty on 69, as captured by A > 0. Misspecification can arise through either
component, and is increasing in the mismatch between the projected human structure
and Al’s true performance structure.

The Ability Model in itself is not particularly restrictive: it assumes that instead of
updating on success rates task by task, the principal updates on a single variable of
ability, which influences all success rates. When the domain contains many tasks that
are perceived as similar, this assumption is relatively weak. For example, it is natural
to think of a single “math ability” that shapes performance across a broad set of math
problems, from arithmetic to algebra. Within the model, both the mappings (p” and p™)

and priors over ability (G and G) are allowed to be agent-specific. Priors may differ if
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e.g., one has higher uncertainty about Als, or thinks machines are generally better than

humans in the relevant domain.

2.2 Experimental Predictions

We provide the heuristic statements of two predictions (one for priors and one for belief
updating) which we experimentally test in Section 4.1. Formal statements and proofs

are in Appendix A.

Prediction 1. Under difficulty projection (A > 0), expected success rates are decreasing in

human difficulty for both humans and Al

In other words, prior beliefs in both human and AI performance are expected to
be “sloping down” with the human difficulty of tasks. Prediction 1 follows directly
from the assumptions that p'(.,.) is decreasing everywhere with difficulty, and that 54 is

increasing in 5",

Prediction 2. Consider any two tasks, one human-easier and one human-harder: 5£Sy < (5{;”.
The principal observes performance on one of these tasks and forms beliefs about performance on
other tasks. Under Human Projection, for any prior G and prediction task t:
(i) After observing a failure, posterior beliefs in performance are higher if the failure occurred
on the human-harder task (relative to a failure on the human-easier task)
(ii) After observing a success, posterior beliefs in performance are higher if the success occurred

on the human-harder task (relative to a success on the human-easier task)

Prediction 2 states that after observing one binary signal of performance, the mean
posterior success rate is larger if the task on which performance was observed was harder.
To help build intuition for this result, consider first the case of an observed failure. The
principal lowers their posterior on agent ability and this decrease is larger in the case of
an “easy failure,” because for easy tasks a failure is more diagnostic of a low ability level
(compared to failures on hard tasks). Lower ability then reduces perceived success rates
on all tasks within the domain: the principal’s expectations of performance after an easy

tailure are relatively lower than after a hard failure. The same logic applies for successes:
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succeeding on the harder task is more diagnostic of a high ability level than succeeding
on an easy task, therefore further increases posterior beliefs. In Section 4.1 we test this
hypothesis in terms of belief movement: (i) after a failure, beliefs in performance decrease
less if the signal task was harder; (ii) after a success, beliefs in performance increase more

if the signal task was harder.

3 Human vs GenAl Difficulty in Mathematics

Human Projection generates belief misspecification precisely when actual GenAl perfor-
mance departs from the human-relevant structure that people use to form expectations.
In this section, we document such departures in the domain of mathematics. We first
introduce a benchmark of standardized tasks and a high-precision measure of human
difficulty. We then present a case study (ChatGPT 3.5) where Al performance is un-
correlated with human difficulty in our domain, contrasting with the anthropomorphic
expectations we document in our experiments (Sections 4 and 6). Finally, we discuss
the generality of the human-Al difficulty misalighment, using evidence from more re-
cent models on our benchmark and from the difficulty-alignment literature. Appendix B

provides details on benchmark construction and performance data.

3.1 Benchmark of Tasks and Human Difficulty

We collect and manually re-transcribe released items from the Trends in International
Mathematics and Science Study (TIMSS). These international standardized tests assess
student proficiency at the 4™-grade, 8™-grade, and High School level. We focus on
multiple-choice items, which have either 4 or 5 possible answers (A-E), yielding a bi-
nary and objectively graded outcome. We obtain a final dataset of 414 items (29% from
4t grade, 58% from 8" grade, and 13% from High School) spanning the usual range of
mathematical topics.

This benchmark is well-suited for comparing human difficulty to Al performance.

First, items are designed to measure mathematical proficiency using test-scaling method-
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ologies consistent with the Ability Model. Second, question format is stable across items,
and tasks span a broad range of topics and human difficulty. Third, many items are not
easily accessible online and were obtained through direct request to the IEA, reducing

the risk of benchmark contamination.

3.2 A Case Study: ChatGPT and the Human Difficulty Gradient

Human performance data and difficulty measure. We collect incentivized human per-
formance data on our benchmark using adult participants from Prolific. The data come
from two samples collected under highly similar test-like conditions (October 2023 and
December 2023), which we pool. Participants are instructed to approach the questions
as they would a real math test and to remain time-conscious.

We obtain high-precision item-level human performance: the average item is an-
swered 41.5 times allowing us to measure “human difficulty” with low sampling noise at
the item level. Following the standardized testing literature (Bachman, 1990), we define
human task difficulty by the share incorrect: Difficulty, = 100 x (1 — ShareCorrect;),
reported in percentage points. Hereafter, “difficulty” refers to this empirical measure
of human difficulty. The average item difficulty is 30.3 and the median is 24; the most
difficult item has difficulty 92, and the easiest has difficulty 0 (7 items).

ChatGPT performance. The GenAl performance used in our experiments comes from
ChatGPT (3.5, August 2023 version), evaluated on all items under zero-shot text prompt-
ing. We classify an answer as correct if the model selects the correct answer key, and as
incorrect otherwise. Figure 1 reports ChatGPT accuracy by deciles of human difficulty.
Unlike human performance, which decreases sharply with difficulty by construction,
ChatGPT accuracy is approximately flat across the human difficulty gradient: errors oc-
cur throughout the distribution rather than concentrating on items humans find hard.
Human difficulty has negligible predictive power for ChatGPT correctness. Regressing
the scaled indicator for a correct answer (scaled by 100) on the 0-100 human-difficulty
index yields an estimated slope of —0.07 (s.e. 0.08, p = 0.37, R> = 0.002). This finding

is robust to a more recent API-base replication (May 2025), which yields an even flatter
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Figure 1: ChatGPT Performance by Human Difficulty Deciles
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Notes: The figure plots ChatGPT (3.5) share of correct answers within each decile of human difficulty. Each
decile contains between 40 and 42 items. Numbers under each bar report the average human success rate
in the corresponding decile. Human difficulty is computed from an average of 41.5 answers per item.

mapping (slope —0.03, s.e. 0.09, p = 0.73, R* = 0.0003), with slightly lower average

accuracy; Appendix Figure 8 reports the corresponding decile-accuracy plot.

3.3 Broader Evidence on Human-AlI Difficulty Misalignment

Two complementary bodies of evidence suggest that the difficulty mismatch we doc-
ument is not an idiosyncrasy of our setting: even highly capable models can exhibit

difficulty and error patterns that are only weakly aligned with humans.

Evidence from our benchmark across models. We evaluate multiple advanced models
on the same TIMSS item set and quantify “human-likeness” using item-level measures
of difficulty alignment and answer-choice overlap (Appendix B, Table 5). The central
pattern is stable across model families and prompt variants: high mean accuracy does not
imply a human-like difficulty ordering. Rank and linear associations between human item
easiness and model correctness are typically small, and human difficulty explains little
of the item-level variation in model success (low R?). At the same time, answer-choice
overlap is substantial in the aggregate (models often select the human modal option), but
it is much less consistent on mistakes: conditional on error, models do not reliably con-

centrate their probability mass on the same distractors that humans choose. Moreover,
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“human-likeness” is sensitive to presentation and instructions: suppressing chain-of-
thought (Wei et al., 2022) or switching from text to image prompts significantly affects
both accuracy and the mapping between human and model success across items, imply-
ing that difficulty alignment is context-dependent rather than a monotone consequence

of model capability.

External evidence of systematic misalignment. Recent computer-science work reaches
similar conclusions through different approaches. One theme is non-monotonicity and in-
consistency: LLMs can solve questions that appear complex while failing nearby variants
that humans find straightforward, and scaling does not necessarily yield more consistent
performance across related questions (Yang et al., 2024). Complementary benchmarks
document substantial failure modes on tasks that are “easy” by human linguistic and rea-
soning standards across multiple domains beyond mathematics (Williams and Huckle,
2024). A second theme is brittle generalizations: changes to problems that appear trivial
to humans (e.g., reversals) can sharply affect model correctness, and mitigating these ef-
fects is not straightforward (Berglund et al., 2023; Wang and Sun, 2025). A third theme is
difficulty miscalibration and inverse scaling: stronger models can underperform on specific
task classes (McKenzie et al., 2023), and large-scale, multi-domain evidence shows that
(i) machine and human difficulty rankings are only weakly correlated and (ii) models’
explicit difficulty judgments are largely decoupled from their realized correctness, in-
dicating a lack of “self-awareness” (Li et al., 2025). Related gaps also appear in agentic
benchmarks, where tasks that are intuitive for humans can be challenging for agents and

vice versa (Mialon et al., 2023; Xie et al., 2024).

Takeaways. Taken together, our results and related evidence imply that human diffi-
culty is an imperfect indicator for GenAl performance: models can be highly accurate
on average while exhibiting weak and context-sensitive alignment with the human dif-
ficulty gradient and with human error modes. When users nonetheless rely on human
difficulty as informative towards Al ability, as HP predicts, their beliefs can be systemat-
ically misspecified, with consequences for when and how they delegate to or trust these

systems—we study this in the next sections.
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4 Documenting Human Projection: Beliefs in Performance

We design an experiment to elicit beliefs in performance over the domain of mathe-
matical tasks presented in Section 3. We test whether beliefs are consistent with the
predictions of our Human Projection framework (Section 2), i.e., whether people see

human task difficulty as a relevant feature in predicting Al performance.

4.1 Experimental Design

Overview and randomization. Participants predict an agent’s performance on math
items sampled from our task domain. We randomize the identity of the agent between
subjects: in Human, beliefs concern a randomly selected participant from our initial hu-
man benchmark; in Al, beliefs concern ChatGPT (GPT-3.5). To minimize demand effects,
we never reference “difficulty” in the task instructions, and each treatment describes
only the relevant agent (Al is not mentioned in Human, and human test-takers are not
mentioned in AI). The experiment has two stages: (i) elicitation of prior beliefs across
a set of items spanning the difficulty distribution, and (ii) a belief-updating task where
respondents update beliefs about performance on one hard prediction item after observ-
ing performance on a separate signal item. Within each agent treatment, we additionally
randomize the updating signal condition between subjects: Easy Fail, Hard Fail, Easy
Success, or Hard Success. Overall, each respondent reports 11 prior beliefs (10 in Stage 1

and 1 in Stage 2) and 1 posterior belief (Stage 2).

Introducing the agent. We begin by providing brief background information about the
agent to increase realism and reduce noise in elicited beliefs. In Al, we introduce large
language models and illustrate ChatGPT responding to a small set of generic prompts
unrelated to the math items. In Human, we describe the human benchmark sample and
testing conditions from the initial data collection, and provide basic aggregate demo-

graphics of the test-taker pool.

Stage 1: prior beliefs. Each participant is shown 10 items on the same page and

provides two incentivized responses for each item: (i) their own answer, and (ii) a prob-
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abilistic belief about whether the agent answered correctly. Beliefs are elicited with the
same wording across treatments except for the agent label: “What do you think is the
% chance that [a random participant / ChatGPT] answered correctly?” Item draws are
stratified to expose each respondent to a broad range of difficulties: 2 items are sampled
from the high-school (HS) pool (excluding the subset reserved for the updating stage),
and 8 items are sampled from the combined 4th- and 8th-grade pool. Eliciting respon-
dents” own answers before beliefs provides them with a private signal of task difficulty
and generates additional performance data that we use to refine the human-difficulty

index.

Stage 2: belief updating. The updating stage elicits one prior and one posterior belief
for a single (hard) prediction item. First, respondents draw one prediction item from
a set of 10 High-School items reserved for this stage, answer it, and report their prior
belief that the agent answered it correctly. Second, respondents observe the agent’s
performance on a separate signal item (distinct from the prediction item) drawn from
one of four pools corresponding to the randomized condition (easy vs. hard x success
vs. failure). “Easy” and “Hard” signal pools are defined using the human-difficulty
index (lowest and highest deciles), and success/failure is implemented by drawing from
pools where the agent’s realized answer is respectively correct or incorrect. Respondents
see the signal item, the agent’s answer, and whether that answer is correct. Third, the
prediction item is shown again and respondents report their posterior belief: “Given
what you saw, what do you think is the % chance that [the same participant / ChatGPT]
answered this question correctly?” We define belief movement as posterior minus prior
for the prediction item, and test Prediction 2 by comparing movement across signal-

difficulty conditions within successes and within failures.

Incentives and logistics. Correct answers to math items are rewarded at $0.05 each. We
keep those stakes low to be comparable to the initial benchmark and to limit incentives to
use outside help. Belief elicitation is incentivized using a binarized scoring rule (Hossain
and Okui, 2013), described in intuitive terms; respondents can earn up to $0.10 per prior

belief report (10 reports) and up to $0.30 for the updating belief report. The study was
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Figure 2: Prior Beliefs in Performance and Implied Difficulty Projection
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Notes: Panel (a) presents binned scatter plots of prior beliefs about human and ChatGPT performance.
The sample excludes subjects who failed the comprehension question related to performance prediction.
n = 2442 for humans, and n = 10021 for ChatGPT. Dashed lines represent actual human and Al perfor-
mance. We report coefficients from the basic OLS regression with standard errors clustered at the subject
level. Panel (b) plots the distribution of subject-specific slopes from regressing ChatGPT-belief on human
difficulty (11 elicitation items per subject); vertical lines denote the true ChatGPT performance slope, the
pooled ChatGPT-belief slope, and the pooled human-belief slope.

implemented in Qualtrics and run on Prolific in December 2023, following an initial hu-
man benchmark collection in October 2023. We recruited 244 subjects in Human and 971
in Al after excluding subjects who fail attention checks and stage-specific comprehen-
sion questions, the analysis samples are 222 (Human) and 911 (AI) for the priors stage,
and 232 (Human) and 824 (AI) for the updating stage.> As stated in the IRB submission
and instructions, the experiment does not rely on deception: beliefs are incentivized,

and performance signals are generated using real human or model answers.

4.2 Results

Interpretive baseline. Predictions 1-2 concern how beliefs vary with human task diffi-
culty. For beliefs about humans, this index is relevant by construction. For beliefs about

Al however, there is no strong a priori reason for the human-defined difficulty ranking to

3We include separate comprehension questions for each stage which can yield different sample sizes
across stages and conditions. In Al, failure conditions for updating exhibited higher check-failure rates,
and we recruited additional participants to maintain cell sizes.
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Table 1: Correlations of Beliefs in Performance with Item Difficulty

Beliefs in Human Perf. Beliefs in AI Perf.

(1) (2) 3) 4) (5) (6)
Task difficulty -0.668"* -0.665"* -0.664** -0.313"* -0.314** -0.317**
(0.020)  (0.021)  (0.022)  (0.010)  (0.010)  (0.011)

Controls v v v v
Subject FE v v
R-squared 0.391 0.389 0.602 0.116 0.123 0.440

Observations 2541 2497 2497 10340 10153 10153

Notes: The table reports OLS coefficients for task difficulty. Controls include demographics of
age, gender, income, education, and prior Al familiarity (for AI). Standard errors clustered at the
subject level in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01

be equally informative. As evidence in Section 3 shows, models can differ from humans
in which items they find easy or hard, and this misalignment can vary across model
families and over time. We thus treat the dependence of Al beliefs on human difficulty

as an empirical object, directly testing Human Projection.

Result 1: difficulty gradients in prior beliefs. Consistent with Prediction 1, prior beliefs
decline sharply with human difficulty for both humans and Al (Figure 2; Table 1). The
Al gradient is about half as steep as the human gradient: the pooled OLS slopes in
Figure 2 imply a reduced-form A = pAl/BH ~ (—0.313)/(—0.668) = 0.47, and this ratio
is similar when adding covariates and estimating both slopes in a pooled interaction
specification.* Beliefs are also higher on average for Al (mean 80%) than for humans
(mean 64%). Overall, subjects treat the human difficulty index as highly informative for
Al success probabilities—consistent with difficulty projection (difficulty alone explains
about 12% of the variation in Al priors; Table 1).

In our GPT-3.5 case study, this induces systematic misspecification: relative to real-
ized performance, subjects overestimate Al success on easier items and underestimate it
on harder items (solid vs. dashed lines in Figure 2, panel A), and elicited beliefs have

very limited predictive power for correctness across items (bivariate R? ~ 0.002). Con-

“Implied projection is not systematically related to self-reported Al familiarity (joint test of familiarity
dummies: p = 0.98), but appears lower among older respondents.
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Figure 3: Belief Updating after Exogenous Signals of Performance
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Notes: The figure shows jittered dot plots of belief movement (posterior minus prior), winsorized at the
2.5th and 97.5th percentiles. Sample sizes from left to right are n = 221, n = 216, n = 59, n = 56,
n =192, n =195 n = 60, n = 57. Colored horizontal lines denote condition means; reported A are
mean differences (hard vs easy) within failures and within successes, with p-values from two-sided tests
of equality.

sistent with this aggregate pattern, the distribution of subject-specific Al belief slopes
is centered above the true Al slope, so a majority of subjects impose an overly steep

difficulty gradient (Figure 2, panel B).

Result 2: difficulty affects belief updating. Consistent with Prediction 2, the same
performance outcome is interpreted differently depending on the signal task’s difficulty.
After a success, posterior beliefs increase more when the success occurs on a harder task;
after a failure, posterior beliefs decrease less when the failure occurs on a harder task
(Figure 3). Table 2 corroborates this pattern using a continuous difficulty measure and
remains qualitatively unchanged across specifications with fixed effects and controls.
Across both agents, the difficulty effect is larger after successes than after failures, a

pattern that holds for both humans and Al (Figure 3; Table 2).°

5One mechanical contributor is that the realized separation in difficulty between the “easy” and “hard”
signal pools is smaller for failures than for successes: using the refined difficulty index, the hard—easy gap
is 77.0 — 9.1 = 67.9 for failures versus 87.3 — 7.1 = 80.2 for successes. This discrepancy arises because
pools were constructed using preliminary performance data, while the difficulty measure is refined using
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Table 2: Belief Updating - Effect of Signal Difficulty on Beliefs

Belief change after a success Belief change after a failure
Human Al Human Al
1) 2) €) (4) (5) (6) (7) (8)
Task difficulty 0.222%* (0.218*** 0.157*** 0.162*** 0.158** 0.164** 0.067** 0.076**
(0.046)  (0.050) (0.025) (0.026)  (0.046) (0.047) (0.030) (0.031)
Controls v v v v
Prediction task FE v v v v v v v v
R-squared 0.221 0.240 0.110 0.123 0.148 0.162  0.060 0.074
Observations 117 113 387 371 115 110 437 425

Notes: The table reports OLS estimates of the effect of the signal task’s human difficulty on belief movement (posterior
minus prior), estimated separately for successes and failures and separately by agent. All specifications include
prediction-task fixed effects and (in the indicated columns) respondent controls; robust standard errors in parentheses.
*p <0.1,% p <005, p <001

Additional results. We next separate two reasons why Al priors may differ from hu-
man priors: (i) different levels due to different perceived average ability, and (ii) different
gradients due to weaker difficulty projection.® As a simple diagnostic, we compare Al
beliefs to beliefs about humans among respondents with high average beliefs about hu-
man performance (top decile). This restricted sample yields a human belief curve close
in level and slope to the Al curve (Figure 11, Appendix C). Interpreted descriptively, the
human-AlI gap in priors appears to partly reflect higher baseline beliefs about Al ability,
not only differences in the difficulty gradient.

Then, Prediction 2 also implies that respondents with stronger difficulty projection

should exhibit a larger effect (within failures and within successes) of signal difficulty

on updating. Consistent with this implication, when we split respondents by their es-
timated degree of difficulty projection, the hard—easy updating gap is systematically
larger among high-projection subjects (Appendix C, Figure 12). Here as well the effect
is more pronounced after successes: the hard-easy gap rises from about 5pp among
low-projection subjects to about 21pp among high-projection subjects, with smaller but

directionally similar differences after failures.

Takeaways. Taken together, the results support Human Projection in two distinct senses.

the larger beliefs-experiment sample (see Section 4.1).
®Because we elicit probabilistic beliefs rather than the subjective difficulty-performance mappings, dif-
ferences in average beliefs can reflect differences in perceived ability even assuming the same mappings.
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First, Al priors inherit a human-difficulty gradient (Prediction 1), consistent with diffi-
culty projection alone. Second, subjects generalize from one observed outcome to other
tasks in a way that depends on signal difficulty (Prediction 2), consistent with combining
difficulty projection with Ability—Model projection—i.e., interpreting outcomes as informa-
tive about a latent, cross-task ability. In our GPT-3.5 case study, this anthropomorphic

structure yields systematically misspecified Al beliefs.

We now turn from diagnosing Human Projection in beliefs to its behavioral conse-
quences for Al adoption, in two distinct contexts: (i) continued engagement in the field
with an advice chatbot (Section 5), and (ii) delegation decisions in a controlled environ-

ment with endogenous Al signals (Section 6).

5 Consequences of HP for Engagement with AI Chatbots

In this section we examine a concrete implication of Human Projection for real-world en-
gagement with Al advice chatbots. While our earlier analysis uses objective task difficulty
as the projected feature, the same logic applies to other human-relevant cues in deployed
systems; here the key feature is the reasonableness of a (wrong) answer. Conditional on
being wrong (defined as unhelpful), some answers look like plausible human misunder-
standings (“close” to what a reasonable person might have said), while others appear less
reasonable; such differences often affect inferences about human competence. HP may
lead users to apply the same logic to Al failures, potentially leading them to disengage
after rare but un-human-like mistakes. We vary the human reasonableness of Al failures

in a framed field experiment, and measure resulting beliefs, trust, and engagement.

5.1 Theoretical Framework in Context

We adapt the framework to the ParentData chatbot setting, a context in which “dif-
ficulty” and correctness are significantly more subjective than for mathematics. The
chatbot only returns human-vetted, high-quality answers, but it can “fail” by misunder-

standing the query and returning an answer that is useful for a different question, but
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useless for the user’s question. We summarize the setup and the key prediction here

and relegate formal details to Appendix A.

Setup. A principal (a user) cares about whether an agent (the chatbot) provides a useful
answer to some questions. We model performance as binary usefulness, mirroring our
experimental focus on inference from failures. That is, for every question g; there is a
non-empty set of useful answers A;. Upon receiving answer 4;, the principal receives

strictly positive utility if a; belongs to A;, and 0 otherwise.

Similarity projection. Assume each pair of answers (4,4’) has a human-similarity in-
dex S capturing semantic overlap, contextual proximity, shared meaning, etc. Define the
reasonableness of answer a; to question g; as r;j = maX,e 4, S(aj, a). In words, the reason-
ableness of a wrong answer is its (human) similarity to a useful answer. The chatbot
matches a user query to pre-made questions using a score highly correlated with textual
similarity measures, and displays the highest-score answer.” Because the system returns
the answer paired with the nearest-neighbor query under its similarity metric, the dis-
played response is (by construction) among the highest-scoring pre-written matches to
the users prompt. Absent projection, conditional on observing a failure (i.e., useless an-
swer), human reasonableness need not affect beliefs a priori: no alternative, lower-score
answer should be interpreted as “more reasonable” than the top-score answer. If instead
users project human similarity onto Al, then holding fixed the question and the use-
lessness of the answer, a less humanly-reasonable failure should trigger more negative
inferences, lowering posterior beliefs in performance.

To see the intuition, consider the following real conversation used in the experiment.
The user asks: “Which is the best car seat brand?” One failure answers about where to
install a car seat (front vs. back seat), while another discusses the best baby food brand.
The former is typically judged more reasonable because it shares the relevant context and
thus appears more humanly similar to a useful answer (which would compare brands

and recommend one).

"More precisely, it matches the user’s question to all pre-made questions and displays the answer cor-
responding to the highest-score match. Since there is a one-to-one mapping between pre-made questions
and answers, we work directly with answer similarity.
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In this context, Human Projection thus involves the projection of human similarity
and of the modified Ability Model, where the principal perceives higher-ability agents as
relatively more likely to give more reasonable answers. It yields the following prediction,

analog of Prediction 2 for failures:

Prediction 3. When the user observes an Al failure, if the answer is less reasonable from a
human perspective: (i) Beliefs in Al performance decrease more; (ii) Trust in Al decreases more;

(iii) Likelihood of continued engagement is lower.

5.2 Engagement Experiment

We test Prediction 3 in a framed field experiment (Harrison and List, 2004) with a sam-
ple designed to mirror ParentData’s user base. We recruit online participants who match
the platform’s core user demographics and show them a sequence of real parent-chatbot
conversations in an ecological survey interface, varying between subjects the reasonable-
ness of the chatbot’s misunderstandings. We then elicit beliefs in performance, trust, and
measure engagement both through a revealed-preference link choice and actual subse-

quent usage.

5.2.1 Design and procedures

Selecting matched failure pairs. To isolate the role of human reasonableness in reactions
to Al failures, we constructed matched pairs of real ParentData conversations in which
the chatbot misunderstands the user’s question. We pre-registered a three-step proce-
dure. First, we manually coded human-AI conversations for (i) the user’s intent and (ii)
whether the answer reflects a misunderstanding (hence, is unhelpful), and formed can-
didate pairs of same-intent conversations where both answers were misunderstandings.
Second, in two separate rating studies with the target population (parents/currently
expecting), we elicited (a) perceived reasonableness of the specific misunderstanding (de-
fined as the perceived probability that a reasonable human would make the same mis-

understanding); and (b) answer usefulness, using instructions designed to separate the
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two constructs. Finally, we retained five pairs for which the two sides are (i) same-intent,
(ii) equally unhelpful (same median usefulness and no significant difference in means
at the 10% level), and (iii) sharply different in reasonableness (large median gaps). Ap-
pendix D provides the full procedure, instructions, and the selected conversations with

their ratings.

Design. The experiment is between-subject and varies only the reasonableness of Al
failures. After instructions, subjects view five real human-chatbot conversations. The
first three are “successes” (median usefulness 4-5) and are identical across treatments;
the last two are “failures” (median usefulness 1-2, held fixed within each pair). Each
failure is drawn from the five matched pairs described above, and treatment assign-
ment determines which side is shown: subjects in Reasonable see the more reasonable
misunderstanding, while those in Unreasonable see the less reasonable one.

Each conversation page initially displays the user query with a Generate button. Click-
ing it reveals the Al answer via a typewriter animation mimicking the actual chatbot.
After each conversation, we elicit beliefs about Al performance and trust in the chat-
bot.® Beliefs are incentivized by paying for accuracy against an external benchmark: we
draw 100 conversations at random and elicit usefulness ratings from the same target
population.

Immediately after the last conversation, subjects make the main willingness-to-engage
choice: receive a link either to the chatbot or to a “large list (500+) of good-quality par-

77

enting articles.” The selected link opens in a new tab upon survey completion; both
options are free and non-binding. As an actual engagement measure, we track sub-
sequent chatbot usage by matching the experiment IP addresses to those appearing in
ParentData chatbot logs.” We conclude with demographics and prior familiarity with Al

and ParentData.

Logistics. All participants (rating studies and experiment) were recruited on Prolific

8For beliefs: “What is the % chance the chatbot answers a random parenting question correctly?”; 0-100
scale. For trust: “How much do you trust the chatbot?”; 1-7 scale.

9For confidentiality, we do not observe the content of post-experiment questions. The link to the chatbot
is available here, and to parenting articles here. The chatbot was trained on a corpus that includes the full
list of parenting articles.
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Figure 4: Effect of Reasonableness of Chatbot Failures
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Notes: The figure plots average beliefs (0-100% scale) and trust (1-7 scale) in the chatbot. The first three
points are posterior beliefs after each successful conversation (median usefulness of 4 or 5), while the last
two are posteriors after failures (median usefulness of 1 or 2). Sample sizes are n = 451 for Reasonable and
n = 454 for Unreasonable. Confidence intervals at the 95% level are included.

in July-August 2024. We targeted the “potential users” sample in two steps: a Prolific
pre-screen (85% female; U.S.; age 18—45; in a relationship) followed by in-survey screen-
ing for current or expecting parents (excluding those with only adult children and those
not parents/not trying). The pre-registration specifies the pair-selection procedure and
elicitation designs, the engagement experiment, planned sample sizes, and primary hy-
potheses (engagement, beliefs, trust). The final sample is n = 905 (451 Reasonable, 454
Unreasonable). The survey lasted slightly over 5 minutes on average; mean earnings were

$0.87 (base $0.70 plus up to $0.50 in performance bonuses, 5 x $0.10, for belief accuracy).

5.2.2 Results

We present the main results here and relegate additional details to Appendix D.3. We
tirst examine beliefs about performance and trust. Figure 4, Panel A, aligns with Pre-
diction 3: beliefs and trust decline after failures in both treatments, but the drop is

significantly larger under Unreasonable (about 80% larger for beliefs and 75% larger for
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Table 3: Effect of Reasonableness — OLS Estimates

Belief measures Engagement measures
Belief in perf. Trust Request link Actual use
1) @) ) 4) ©) (6) ) ®)

Unreasonable -15.271%%* -15.658** -0.888* -0.906"* -0.094** -0.095"* -0.020"* -0.022**
(1.864)  (1.833)  (0.108)  (0.106)  (0.033)  (0.033) (0.010) (0.010)

Controls v v v v v v v v
Pair FE v v v v
R-squared 0.096 0.138 0.097 0.130 0.023 0.043 0.016 0.025
Observations 905 905 905 905 905 905 905 905

Notes: This table reports OLS estimates of the effect of assignment to the Unreasonable (low-reasonableness) failure con-
dition. For beliefs and trust, the dependent variables are the average of the post-failure outcomes after the 4th and
5th conversations. Engagement outcomes are indicators for requesting the chatbot link and subsequent chatbot usage
within three weeks. Controls include age, gender, education, race indicator, and prior familiarity with AI and ParentData.
Columns marked Pair FE include fixed effects for the matched failure pairs shown in the 4th and 5th conversations. Robust
standard errors in parentheses. Significance levels: * p < 0.1, ** p < 0.05, ** p < 0.01
trust, relative to Reasonable). OLS estimates in Table 3 confirm these patterns, and treat-
ment effects are robust to adding demographic and familiarity controls and fixed effects

for the matched failure pairs shown in the 4th and 5th conversations.

Engagement moves in the same direction. Figure 4, Panel B, shows that low reason-
ableness decreases both (i) the probability of requesting the chatbot link (vs. parenting
articles) and (ii) subsequent usage (asking at least one question within three weeks;
unconditional rate). We further find that even conditional on requesting the chatbot
link, follow-through is lower under Unreasonable than under Reasonable (2.3% vs. 6.5%;
p = 0.048). Excluding subjects who report prior familiarity with the website yields qual-
itatively similar patterns, with larger level gaps in engagement (link choice: 49% vs. 39%,
p = 0.005; usage: 3.4% vs. 0.9%, p = 0.010; Reasonable vs. Unreasonable).

Taken together, the results suggest users engage in HP when interacting with the
chatbot: the human reasonableness of its errors strongly shapes inferences and sub-
sequent engagement. While reasonableness is arguably informative when evaluating
human mistakes, it may not be so for Al: in a separate rating exercise with a similar
sample of potential users, the chatbot is typically rated about 3.5 out of 5 in usefulness,
and only about 14% of conversations are judged not useful (median usefulness < 2)—the

events our framework treats as Al failures.
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6 Al Adoption in Equilibrium under Human Projection

We study Al adoption in in Berk-Nash equilibrium when principals evaluate Al per-
formance through HP, showing that HP can generate both over- and under-adoption
compared to an optimal benchmark.!? Then, we test this model in a lab experiment that

experimentally varies HP across subjects.

6.1 Framework for Equilibrium AI Adoption

Setup. A principal manages n types of tasks indexed by i € {1,...,n} with (human-
relevant) difficulties §; < dp < --- < J,. Each task can be performed by either a human
agent or an Al. The human agent has known ability 87 € ® C R, which determines
success rates via a performance mapping p™(6",5;) € [0,1] for each task i. The Al
has unknown success rates denoted by the vector p4 = (pf,...,p2) € [0,1]". The

principal’s profit takes a separably additive form I1(ay,...,a,) = Y1 q [R;- pi' — C"],

1

where a; € {Human, AI} denotes the agent assigned to task i, §;’ € [0,1] is the success
probability of agent 4; on task i, R; > 0 is the revenue from success on task i, and C;’ > 0
is the fixed cost of deploying agent a; for task i. Since R; > 0, maximizing profit is
equivalent to maximizing Y/ ; R; - p;* where p{' = p!' — C' /R; denotes the cost-weighted
success rate. Without loss of generality, we thus interpret all success rates as these cost-
All

weighted values and denote them simply as p!f and ps.

Beliefs, projection, and actions. We assume the principal engages in Human Pro-
jection, as defined in Section 2. They entertain a mental model of performance p(-,-)
satisfying Assumption 1: for tractability, we focus on full projection and additionally
impose pA(-,-) = pH(-,-) = p(-,-)—the principal uses the same model for humans and
Al, even though true Al performance vector p# may depart from it. The principal holds

a prior belief G* over an Al “ability” parameter 64 € ©, which may differ arbitrar-

19In Appendix A we consider an extension of the model where the Al technology frontier expands over
time. We show that Human Projection delays initial adoption relative to the no-projection benchmark, but
once the hyperplane H is crossed, Al is immediately over-adopted for all tasks including those where it
performs worse than humans.

""We maintain that costs are not so large as to push p}’ = i’ — C//R; outside [0,1].
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ily from the known human ability 7. Under these assumptions, adoption decisions

generate performance data that discipline beliefs about 64.

Equilibrium. We model adoption and learning using Berk-Nash equilibrium (Esponda
and Pouzo, 2016). The principal chooses an adoption set x C {1,...,n}, where i € x
means task i is assigned to Al Given x, outcomes are an n-vector of independent suc-
cesses/ failures, with true success rates equal to p/! on adopted tasks and p!! otherwise.
Under Human Projection, the principal evaluates Al performance through a single abil-
ity parameter 6 and forecasts success on adopted task i as p(6,d;), while human perfor-
mance is p!’. For a given action x and belief 6, let Q(- | x) denote the objective outcome
distribution and Qg(- | x) the subjective one. The “best-fitting” belief under x minimizes

the Kullback-Leibler divergence

B Q|0 ] _ i
Kw) = Equn [n Gt ] - L [PZA "p0,5)

1_
+(1—pMin— P

A (pure) Berk-Nash equilibrium is an action x* and belief 6(x*) such that (i) x* maxi-

mizes the principal’s subjective payoff given 6(x*), and (ii) 6(x*) minimizes K(x*,6).

Optimal adoption benchmark. If the principal does not engage in HP, the optimal
adoption rule is task-by-task: assign task i to Al if and only if p#* > p!l. This can yield
no adoption, partial adoption, or full adoption depending on how p# compares to p*.
In particular, partial adoption is optimal whenever Al has a comparative advantage in

some but not all tasks, as our evidence suggests in Section 3.

Theorem 1 (All-or-Nothing Adoption). Under full Human Projection:

(i) Partial adoption is never a BKNE, even when it would be the optimal action.
(ii) Full adoption is the unique BKNE when p? lies strictly above the hyperplane H. given by

n n H .
H = {p e [0,1]": ) wi(6")pi = ;wi(GH)PZH}, w;(6") = %-

i=1
(iii) No adoption is the unique BKNE under exploration when p* lies strictly below H. More-

over, it can be sustained without exploration under sufficiently pessimistic priors.!?

29pecifically, when the prior G satisfies Eca[p(64,6;)] < pH for all i. A sufficient condition is
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Intuition. The all-or-nothing pattern arises because the principal tries to infer a single
ability parameter 0% from the data generated by Al use and then applies the same map-
ping p(-,¢;) across tasks. Under partial adoption, the KL-minimizing belief 6* typically
ends up either above or below the human benchmark 6. If 0* > 61, the principal con-
cludes that Al should outperform the human on every task and switches to full adoption;
if 0* < 0™, the principal concludes Al is worse on every task and switches to no adoption.
Thus, partial adoption cannot be sustained: the principal is pushed toward the coarse
conclusion that Al is either “better” or “worse” than humans in the domain, even when

the true technology p* features comparative advantage and calls for partial adoption.

The hyperplane H in Theorem 1 defines the boundary separating these regions in
the Al technology space [0,1])". Figure 5 illustrates this boundary for the two-task case,
where the hyperplane is a downward-sloping line passing through p'. It shows that
Human Projection yields both regions of over-adoption (full adoption despite Al be-
ing inferior on some task) and under-adoption (no adoption despite Al being superior
on some task) relative to the optimal benchmark. Note that the general n-task result
becomes more ecologically plausible as the number of tasks increases: tracking task-
specific Al success rates becomes cognitively burdensome, making it natural to rely on
a heuristic of inferring a single ability parameter 64, informing all tasks.

Theorem 1 serves as a benchmark: it assumes full Ability-Model projection (a unidi-
mensional 64) and that the principal forecasts Al performance using the human-relevant
difficulty index (d;). In realistic Al adoption settings, however, either channel may be
attenuated, and this is precisely where partial adoption arises in BKNE. For instance, if
the principal perceives multiple Al-relevant subdomains (type-specific abilities), Al can
rationally be viewed as better on some tasks but worse on others. Likewise, if tasks have
Al-specific effective difficulties, comparisons to the human benchmark need not shift
uniformly across tasks. This motivates an empirical question: what features of an Al
system make Human Projection more (or less) likely, thereby shifting adoption patterns
away from the benchmark? In what follows, we derive a testable prediction focusing on

a salient and widely used Al design feature: “anthropomorphic” cues.

Eca[04] < 0 if p(6,6) is concave in 6.
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Figure 5: Adoption Equilibrium Regions Under Human Projection
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Notes: Illustration for the two-task case (n = 2). The dashed blue line represents the hyperplane H from
Theorem 1. Full adoption is sustained as BKNE above this line; no adoption is sustained below it. Colored
regions indicate optimal task-by-task adoption. Over-adoption occurs when full adoption is sustained
despite Al being inferior to humans on at least one task. Under-adoption occurs when no adoption is
sustained despite Al being superior on some task.

Experimental prediction. Many consumer-facing Al systems are presented with human-
like cues (e.g., dialogue interfaces, names, voices, etc). A natural hypothesis is that these
cues increase reliance on HP when reasoning about Al performance—consistent with

findings from experimental psychology (Chugunova and Sele, 2022).

Assumption 3. Anthropomorphic presentation of Al increases the likelihood that principals en-

gage in Human Projection.

In our setting, we expect a non-anthropomorphic (“black box”) presentation to weaken
HP through either projection channel (Ability-Model or difficulty). Combined with The-

orem 1, Assumption 3 yields the main experimental prediction:

Prediction 4. A non-anthropomorphic presentation of Al decreases the share of all-or-nothing

adoption decisions by reducing Human Projection.
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6.2 Adoption Experiment

Our experiment implements the endogenous, selected feedback from delegation as-
sumed by the model, and tests whether reducing Human Projection shifts adoption away
from all-or-nothing choices and toward partial adoption when Al holds a comparative

advantage in only some task types.

6.2.1 Design

We test Prediction 4 using the benchmark of tasks described in Section 3. Participants
are introduced to the tasks and AI, then go through a delegation phase where they
acquire costly signals about human and Al performance, and make a one-shot high-
stakes adoption decision at the end. Our experimental variation shifts the prevalence of
Human Projection at the treatment level during instructions, followed by a delegation

phase and a final adoption choice testing equilibrium predictions.

Tasks. We introduce the tasks as belonging to two pools, “blue” and “green”, and
familiarize participants with them during instructions: we show 6 examples (held fixed
across treatments) from each pool, with human success rates and Al performance (a
success) for one of these problems. Problems in the blue pool are human-easy (mostly
4t and 8t-grade; 78% human success), while problems in the green pool are human-
hard (mostly high-school; 23% human success).!> Al success is held constant at 66%
across both pools, so humans outperform the Al on blue tasks and the Al outperforms
humans on green tasks. This design specifically tests for the treatment effect on the share

of Full Adoption and makes Only Hard the optimal adoption choice given our incentive

scheme.

Treatment variation. Our experimental variation shifts the prevalence of Human Pro-

jection at the treatment level by varying the human-likeness of Al's framing. In the

13The blue pool is relatively human-easy while the green one is relatively human-hard. In the baseline
version of the experiment, we never explicitly refer to the difficulty of each pool, and find evidence of
significant misperceptions among subjects. We run a replication with an identical design where we reduce
misperceptions by explicitly calling blue tasks as “mostly of 8th-grade level” and green tasks as “mostly
of High School level.” See Section 6.2.2 for details.
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Anthropomorphic condition, we use a standard consumer-facing Al framing: we present
the Al as “Morgan,” a neutral Al based on “currently available LLM-technology,” de-
scribe its behavior in the active voice, and depict it with a human-like logo. This framing
resembles interfaces used by leading LLM companies (e.g., Anthropic’s Claude or Ope-
nAl’'s ChatGPT). In the Black Box condition, we present the Al as a “black box”: we use
the passive voice when describing its behavior and omit any reference to a human being.

We invite participants to use information from the delegation phase to inform their
tinal adoption decision. Using language inspired by Esponda et al. (2024), we induce
participants to be more agnostic about the black box’s performance: “100 green prob-
lems were put into the black box. A certain number (which you won’t be told) came
out as successes, and the rest as failures” (Black Box), compared to Morgan’s: “Morgan
attempted 100 green problems. It successfully solved a certain number (which you won't

be told), and failed the remaining ones” (Anthropomorphic).

Delegation phase and final adoption. The delegation phase consists of 60 problems
(30 from each pool) shown in random order. On each problem, the participant chooses
whether to delegate to a random human or to the Al, and then observes whether their
chosen agent succeeds or fails on the next screen.!* Delegation is incentivized via a
small bonus for each success observed. After delegating all 60 problems, participants
make a one-shot adoption decision with larger incentives: they choose whether to adopt
a human or the Al to solve 10 tasks from each pool. This yields four adoption patterns:
No Adoption, Only Easy, Only Hard, and Full Adoption.

We elicit probabilistic beliefs in human and Al performance on each pool at three
points: before the first delegation (initial beliefs), after 30 delegations (interim), and after
the final adoption decision (final), using the following language: “What do you think is

the success rate of [Morgan / the black box] on the [blue / green] problems?”.

Logistics. We programmed the experiment in Qualtrics and recruited participants on
Prolific in August 2024. The pre-registration specifies the design, sample sizes, and main

hypotheses. We collected two samples. The first includes 150 subjects in Anthropomorphic

MPerformance corresponds to ChatGPT 3.5’s benchmark in Section 3. For humans, we draw outcomes
from a Bernoulli distribution with the empirical success rate for that pool.
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and 159 in Black Box. While this sample delivers the main pre-registered reduction in
all-or-nothing adoption, it also exhibits non-optimal choices that were not pre-registered
and appear consistent with misperceptions of the relative human difficulty of the two
pools. We therefore collected a replication sample (58 and 59 subjects, respectively) with
identical procedures except that human difficulty is made more salient: blue problems
are (truthfully) labeled “grade school,” and green problems “high school.” We report
results from both samples in the main text (Section 6.2.2) and present evidence of mis-
perceptions in Appendix E. On average, subjects earned $4.2 for a median completion
time of around 15 minutes. The base fee was $1.7 with a potential bonus of $4.4 ($0.03
per training-phase success observed, $0.05 per accurate belief report, and up to $2 for

the adoption decision).

6.2.2 Results

Main effect: all-or-nothing adoption. Figure 6 reports the shares of participants select-
ing each final adoption choice, among the baseline (left) and replication samples (right).
Consistent with Prediction 4 and our pre-registration, we find that all-or-nothing adop-
tion is significantly lower under Black Box than under Anthropomorphic in both samples
(baseline: A = —0.13, p = 0.01; replication: A = —0.19, p = 0.02), driven by a reduction
in Full Adoption (baseline: A = —0.16, p < 0.01; replication: A = —0.19, p = 0.02). This
shift is offset by an increase in partial adoption. In the baseline sample, the increase is
concentrated in Only Easy rather than Only Hard (the ex post optimal choice given real-
ized Al performance across pools); this unanticipated pattern motivated the replication

and the analyses below.

(Mis)perceptions of difficulty and optimal adoption. In the baseline sample, much of
the Black Box reallocation goes to Only Easy. This pattern is closely linked to a simple
proxy for misperceived human difficulty: 56% report initial beliefs about human perfor-
mance that are weakly lower on the easy pool than on the hard pool. We replicate the
experiment with an identical design while making the human difficulty ordering more

salient; the same reduction in Full Adoption reappears, but it shifts towards Only Hard
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Figure 6: Treatment Effect on Adoption Decisions
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Notes: The figure reports shares (0-1) of subjects choosing each final adoption choice, across treatments
Anthropomorphic and Black Box. Sample sizes are respectively n = 150 and n = 159 (baseline) and n = 58
and n = 59 (replication). All-or-nothing adoption corresponds to either Full or No adoption, and Partial
adoption to either Only Hard or Only Easy. p-values from two-sided proportions tests across treatments
are reported.

rather than Only Easy (Figure 6, right panel). Consistent with this interpretation, the
proxy falls sharply from 56.3% (baseline) to 17.1% (replication; A = —39.2 pp, p < 0.001)
and is unaffected by treatment in either wave (Table 8; Appendix E.1).

Pooled beliefs-conditional regressions (Table 9) confirm that misperceptions mainly
shift the direction of partial adoption while leaving the all-or-nothing reduction un-
changed: among subjects with correctly ordered initial beliefs, Black Box increases Only
Hard without raising Only Easy, whereas the pattern reverses among those with mis-
ordered beliefs. Thus, the misperceptions proxy predicts which pool participants delegate

to under partial adoption but not whether they partially adopt.

Mechanism: weakening of Human Projection. Table 4 reports belief-based proxies for
the two components of Human Projection: Ability-Model projection (how strongly sub-
jects summarize Al performance with a single “ability” index) and difficulty projection
(how closely subjects map human difficulty differences onto Al). The Black Box framing
reduces all three measures of Ability-Model projection, with the largest effects in initial
beliefs (e.g., easy—hard belief comovement falls from 0.69 to 0.32, and the difficulty-
gradient precision index from 0.95 to 0.85; both p < 0.001). Effects tend to weaken for
interim and final beliefs but most remain statistically significant. By contrast, difficulty-

projection effects are small and less stable: the rank-mapping proxy shows no detectable
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Table 4: Adoption Experiment — Projection Mechanism

Treatment

Channel Measure Beliefs Anthropomorphic Black Box Difference p
o ... Initial 0.69 0.32 -0.37  <0.001
- fblgzil; C’:}i’f}’; fnf;lb;)l " Interim 0.38 0.18 021 0.020
T & Final 0.41 0.17 024 0.008

=]
g : . , Initial 0.803 0.661 -0.142  <0.001
59 i jﬁff;ﬂiﬁnﬂiﬁ’ﬁftem Interim 0.654 0532  -0.122 0010
=8 Y Final 0.562 0505  -0.058  0.232
o P i
< e g Initial 0.950 0845  -0.105 <0.001
Dr f‘a‘;’;’oiy (fgﬁfzzse 4  Interim 0.885 0855  -0.030 0010
P Final 0.915 0.865 -0.050 0.014
o Initial 0.54 0.49 0.05  0.483
fl= I;mez zgao%lculty Interim 0.14 0.23 009 0314
EE: ppis Final 0.08 -0.04 012 0202
& .9 »
£z AL difficuls Initial 0.925 0902  -0.023  0.054
A & ZZ"“;Z ‘L}le;gjc”‘ Y Interim 0.925 0915  -0.010 0.115
e Final 0.940 0.900 -0.040  0.012
Observations 208 218

Notes: The table reports belief-based proxies for Ability-Model projection and difficulty projection at the
Initial, Interim, and Final phases (0-100 scales; higher values indicate more projection). Appendix E defines
each proxy and reports the corresponding test procedures.

change in any phase, while the level-mapping proxy declines modestly (borderline in
Initial, and significant in Final: 0.94 vs. 0.90, p = 0.012). Overall, the evidence indicates
that Black Box primarily weakens respondents’ tendency to extrapolate from signals of
performance via a structured Al “ability”, while having at most small effects on the

human-to-Al difficulty mapping.

Delegation behavior. Table 11 in Appendix E reports that Black Box treatment reduces
delegation to the Al during training, consistent with the lower initial beliefs induced by
the Black Box framing. Conditional on delegating, realized Al failure rates are similar
across framings, suggesting the treatment mainly shifts delegation propensity rather

than the feedback received.
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7 Conclusion

This paper documents Human Projection: a mental model through which people eval-
uate Al by extrapolating from observed performance using human-relevant features,
such as task difficulty and the perceived reasonableness of errors. We develop a formal
framework for Human Projection and validate its predictions experimentally, document-
ing clear anthropomorphic structure in beliefs about Al performance, both in priors
and in belief updating from feedback. We then show this mental model has impor-
tant behavioral consequences along two adoption margins. In the field, users penalize
less-reasonable chatbot mistakes by reducing subsequent engagement with an otherwise
useful tool. In a lab experiment testing an equilibrium adoption model, we find that
de-anthropomorphizing Al framing reduces inefficient all-or-nothing reliance when Al
has comparative advantage in some tasks but not others, highlighting a practical pitfall

of anthropomorphism.

Our results have three practical implications for model design and human-AlI inter-
action. First, beyond average accuracy, procedures such as RLHF or DPO should account
for the features (e.g., task difficulty or error reasonableness) that influence users” gener-
alization from observed performance and subsequent use. Second, our findings caution
against treating benchmark scores as a sufficient guide to generalization across tasks
or domains. Aggregate test accuracy can hide substantial item-level heterogeneity in
performance and error type and induce unreliable inferences. This motivates the devel-
opment of richer approaches to measuring model capability (Zhou et al., 2025). Third,
anthropomorphic design presents a tradeoff: it can increase perceived legibility, yet also
miscalibrate beliefs about capability relative to realized performance across tasks. As a
result, the effects of human-like cues on engagement, trust, and reliance are likely to be
context-dependent (Schimmelpfennig et al., 2025).

These dynamics could have serious consequences well beyond the settings we study.
A large share of adolescents already engage with Al companions for emotionally sensi-

tive conversations.!® In contexts where engagement is monetized, providers may have

15Common Sense Media, Talk, Trust, and Trade-Offs: How and Why Teens Use Al Companions (2025), na-
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incentives to amplify anthropomorphic cues and deploy emotionally manipulative re-
tention tactics (De Freitas et al., 2025). This can raise serious risks of dependency and
boundary confusion precisely when the stakes are highest: understanding these infer-

ence and attachment channels is an urgent agenda for future research.
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ONLINE APPENDIX

This appendix presents formal details and proofs of the framework and experimental
predictions (Section A); details on the construction of the domain of mathematical tasks
and procedures for measuring human and Al performance (Section B); separate sections
for additional results and details about the beliefs experiment (Section C), engagement
experiment (Section D), and adoption experiment (Section E). Further experimental in-

structions and materials are available at our Experimental Materials Appendix.

A Theoretical Appendix

This section provides formal details, statements and proofs of results and experimental

predictions presented in the main text.

A.1 Details on Human Projection Framework

We consider a principal trying to assess the performance of an agent i within a domain
T = {t1,...,tx} composed of K tasks indexed by k € {1,...,K} such that (#,...,tx) €
{0,1}X denote possible outcomes (success or failure) for each task of a random draw
from some joint distribution over {0, 1}X. The vector s = (sq, ..., sk) collects the marginal
distributions identified with the success rates s, € [0,1], i.e., such that Pr(f; = 1) = s;

forall k € {1,...,K}. These success rates are unknown to the principal.

Domains. A domain is any collection of tasks that the principal regards as sufficiently
“similar” that performance can be summarized by a unidimensional notion of ability
and an ordered difficulty index. This notion is deliberately broad: it may correspond
to a subject area (e.g., math), a subfield (e.g., algebra), or any other grouping that sup-

ports stable inferences from limited observations.!® In practice, the task partition rele-

16 A natural extension allows multiple domains and cross-domain inference. Formally, one can posit
domain-specific abilities (¢4, ..., ;) and a joint prior IT over ®. Cross-domain updating is then governed
by the dependence in IT: if IT factorizes across domains, within-domain signals do not update beliefs
about other domains; if IT exhibits positive dependence, signals in one domain shift beliefs in others. Our
analysis below fixes a single domain and requires no assumptions on II.
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vant for Al performance need not coincide with the human partition; the Ability—-Model
projection we introduce below corresponds to treating the human-relevant partition as

informative for Al, thereby overstating the overlap between human and Al “domains.”

Ability Model. Fix a human-relevant domain 7;. The principal entertains an Ability
Model for performance within 7;: the agent has a latent ability 6; € ® C IR, unknown to
the principal. Each task t € 7; has a level of difficulty denoted by J;(f) € A C R, and a
problem with difficulty 4 is denoted by #°. Conditional on (6j,6;(t)), the probability that
agent i € {H, A} succeeds on task t is given by a mapping

pPiOxA—1[0,1, Pr(t=1]6)=p'(6;6(t)).

We assume that for each agent i, the mapping p'(-, -) satisfies the properties of Assump-
tion 1 (in particular, monotonicity in 6 and J and the corresponding MLRP condition).
To be consistent with our dataset of mathematical problems (spanning from 4" grade to
High School level questions), this MLRP assumption implicitly focuses on the lower and
middle part of the human task difficulty distribution. It encompasses the very easiest
tasks, which are solved with probability close to 1 even by agents of low ability lev-
els, and progressively harder tasks, where success rates diverge due to ability. At the
other extreme—tasks so difficult that success is arbitrarily close to 0 even for very high
ability—the MLRP restrictions remain well-defined but become less empirically infor-

mative because all success rates are near zero.

Since all statements below are within a fixed domain, we drop the domain subscript

j and simply write 7, 6, and 6(t).

Difficulty perception. We assume that the principal perfectly observes task difficulty for
humans 67 (t;) but that his perception for Al’s difficulty is given by Assumption 2 in the

main text.

Micro-foundation for Assumption 2. Assume the principal does not perfectly observe
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54(t) but receives a noisy signal of Al difficulty,
ze = 04(t) +¢, e~ N(0,(c°)?).

Human difficulty is a natural anchor when the principal assesses Al difficulty, so we
assume a normal prior centered around 6%, i.e., 65'(t) ~ N (6 (t), (c1)?). By conjugacy,
the posterior mean of Al difficulty is

(c°)?

FA) = A6 () + (1= 7))z, where A = T T (T

Taking expectations with respect to the signal noise yields
E[54() | 6™(t),64(t)] = A 6™ (1) + (1 — A) 64(1),

which is the functional form in Assumption 2 once we plug the posterior mean difficulty
into the mapping p#. Note that A is increasing in the precision of the prior, 1/(c™)?,

and decreasing in the precision of the signal, 1/ (c%)?.

Human Projection. Together, Assumptions 1 and 2 constitute what we call Human Pro-
jection (HP): a tendency to rely on human features when evaluating Al performance. We
distinguish two components. First, Ability—Model projection refers to applying a human-
relevant domain structure and the associated unidimensional Ability Model when form-
ing beliefs about Al performance within 7. Second, Difficulty projection refers to anchor-
ing perceived Al difficulty on human difficulty, as captured by Assumption 2 through
A > 0. Misspecification can arise through either component. Ability—-Model projection is
misspecified if the inference structure that is valid for humans within 7 does not align
with AI’s true performance structure (e.g., because the relevant Al domains differ or be-
cause performance is not well summarized by a single within-domain ability). Difficulty
projection is misspecified if Al task difficulties within 7" are not well-approximated by

human difficulties, so that 67 provides a misleading anchor for 54.

We let priors over ability differ across agents (G # G4), which would happen if one
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has higher uncertainty about Als, or thinks machines are generally better than humans in
the relevant domain. We also allow the mappings themselves (p* and p'’) to be agent-
specific. The Ability Model imposes only a light structure on updating: it assumes a
consistent ranking of tasks by difficulty and of agents by ability within 7, which is
natural when the principal observes few performance signals relative to the number of
tasks and cannot feasibly track task-specific success rates. It reflects the logic behind the
use of “tests” for students or job candidates: strong (and often reliable) inferences about
the quality of the candidate are made on the basis of few signals, because the tasks the

candidate is tested on are representative of the relevant domain.
The statements of predictions as in the main text are thus:

Proposition 1. Under projection (A > 0), the expected success rate is decreasing in 5™ for both
humans and AL

Formally, Vi € {H, A}:

IEi[p'(6',5)
<0.
a6t =0

Proof of Proposition 1. Fix i € {H, A} and a task with human difficulty §". For humans,
we have 5" = s by definition. For Al, Assumption 2 implies that 64(5!) is weakly
increasing in 6, with gg% = A € [0,1]. By Assumption 1, for each agent i the success
function p'(6',5) is continuously differentiable and strictly decreasing in ¢ for all " in
the support of G'. We then have

95!
osH

a(siH]EGi [pf(ef, Si((sH))] —Eg [%(955{((@))

<0.

since for 96 /96™ > 0 for both humans and Al, and api/ 06 < 0 by Assumption 1. O

Proposition 2. Consider any two tasks t° (easier) and 10" (harder), with 6= < &%, within the
domain T. Given observed performance x, let Pr(t =1 x) = IEG|X( p(6,6(t))) denote posterior

success rates. Then, under Human Projection and for any prior G and any task t € T:
1.Pr(t=1|# =1)<Pr(t=1]#" =1),
2.Pr(t=1[t =0)<Pr(t=1|t" =0).
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Proposition 2 holds for posterior rates on any task t € 7. Through the MLRP, the pos-
terior distribution on ability following an observed success on the harder task first-order
stochastically dominates the one following a success on the easier task (and conversely
for failures). This mechanism is driven by Ability-Model projection: once performance
within 7 is summarized by a single latent ability parameter, observations on one task
discipline beliefs about performance on all other tasks through the common mapping
p(6,0). The types of extrapolations highlighted by Proposition 2 are only an issue for
belief misspecification if the perceived co-variation of performance and task features de-
parts from the actual co-variation—for instance, if Al performance does not vary with
task difficulty the way that human performance does, or if the unidimensional Ability
Model itself is a poor description of Al performance within 7. Human Projection is not
limited to difficulty or to Al as agent: in our conclusion we discuss examples of other

projections which could be motivation for future work.

Proof of Proposition 2. We prove part (1); the argument for part (2) is analogous, using the
failure likelihood 1 — p(6, ) instead of p(0, ).
Let ® = [0,0] and prior density ¢ on ®. After observing a success on a task of

difficulty J, Bayes’ rule implies that the posterior CDF of ability is

6
s)p(s,d)ds
Jo §(w)p(u, ) du ’
where -
4 9 —1
,0)d 0 0
R(6,6) — fg g(s)p(s,6)ds / </ g(u)p(u, ) du) . "
Jo §(w)p(u,8)duJo \Jo &(s)p(s,9)
By Assumption 1 (MLRP in 6 with respect to ), for any u < s the likelihood ratio
p(u,d)

G5 is strictly decreasing in 6. Hence for each fixed s > 0, the inner integral in (1) is
strictly decreasing in J, so its inverse is strictly increasing in 6 and thus R(6, ) is strictly
increasing in ¢. It follows that G(6 | t° = 1) is strictly decreasing in ¢ for all . Thus for
0t >4

GO =1)<GO|+ =1) Vb,
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with strict inequality on a set of 6 of positive measure. This is precisely G‘t(;Jr:l ~FOSD
G5~ 1, which, combined with the fact that p(60,6(t)) is increasing in 6 for all tasks t € T,
implies Pr(t =1|# =1) <Pr(t=1|t" =1). This proves part (1). O

A.2 Framework in Field Context

Setup. Assume a similar setup to that of the basic framework, where a principal is trying
to predict the performance of an agent over a domain of tasks.!” Let Q and .A denote
the (finite) sets of questions and answers: for each question q; € Q, assume there exists
a subset of useful answers A; C A. Performance is observed at the question—answer
level: given a question-answer pair (g;,4;), the principal’s utility is given by u > 0 if
a; € A;, and 0 otherwise. Assume each pair of answers (a,a’) has a degree of similarity
given by S : A x A — [0,1], with S(a,a) = 1 for all 2 € A. The function S captures
the human similarity of answers, depending on semantic overlap, contextual proximity,

shared meaning, etc. Define the reasonableness of answer a; to question g; by

rij = Iuré%S(a]-,a) € [0,1].

In words, an answer’s reasonableness is given by its similarity to the most similar useful
answer. Among useful answers (a; € A;), we have r;; = 1 by construction. This adapted
framework thus focuses on inference from failures: cases where the agent misunder-
stands the question and provides an answer that is not useful (a; ¢ A;). Reasonableness
is simply a particular way to measure similarity to useful answers: it is the most “forgiv-
ing” one, because it considers the maximum possible similarity of the (useless) answer
to any useful answer.

For each question ¢; and ability 6, let §(0, r) denote the probability that the agent’s an-
swer to ¢; has reasonableness r € [0, 1]. We assume that all useful answers are symmetric:
for any a; € A;, the probability of producing that specific useful answer is (6, 1). Hence
the probability of giving any useful answer to g; is Py(useful | q;) = YA, pe,1) =

7The agent belongs to a population which can be ordered by ability 6 as before. We omit agent sub-
scripts for clarity.
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|A;| 7(6,1), and the probability of a useless answer is Py(useless | g;) = YaigA; p(o,rij)-
Conditional on 6, the distribution of an answer depends on its content only through its
reasonableness 7;j; thus r;; is a sufficient statistic for the answer when updating beliefs
about 6. We can now state the analogue of the MLRP part of Assumption 1 in this

context.

. / / po'r) plor)
Assumption 4. For any 0’ > 0 and any r’ > r, we have 5@ P

This assumption says that the relative probability of giving a more reasonable answer
(higher r) is higher for higher-ability agents. As before, denote the principal’s posterior
over the agent’s ability by G, given data x = (r}]., ceey r§ ) consisting of observed reason-
ableness scores. The subjective probability of providing a useful answer to ¢; given data

x is then

p(q: | x) = Eg, [Po(useful | g;)] = Eg [|Ai 5(0,1)].

We thus obtain the following result about belief updating, which is the formal state-

ment of Prediction 3 in the main text.
Proposition 3. Let v’ > r. Then for any q; € Q, p(q; | ') > p(q; | 7).

MLRP implies that observing a less reasonable failure (lower r) induces stronger
negative inference over 6. Since p(g; | x) is increasing in 6, this translates into a lower
perceived chance of providing a useful answer after a less reasonable answer. Further
assuming that trust in the agent and willingness to ask questions are increasing func-
tions of the perceived likelihood of a useful answer, we obtain the remaining parts of

Prediction 3 in the main text.

Proof of Proposition 3. Fix a question g; and ability level 6. As noted above, Py(useful |
q;) = |Ai| p(6,1), and Py(useless | g;) = Yot A, p(0,7ij). Consider the odds ratio

Py(useless | q;) EajeéAi p(o,7ij) o

— ~ = |A;|7?
Py(useful | g;) |A;| p(6,1) A aﬁéZAi

ﬁ(errij)
p0,1) "

48



For any useless answer a; ¢ A; we have r;; < 1. Applying Assumption 4 with (v,7) =

p(6,1 50 1if) p(0,ri;)
(1, rlj) for any 6’ > 6: P ((9, rl,)) > ff)(((%rij)) — r;(e/,fl;) < 2(93]) . Thus, for each a; ¢ A;,

the ratio p(6,7;;)/{(0,1) is strictly decreasing in 6, and therefore the odds ratio is strictly

decreasing in 0. It follows that Py(useful | g;) is strictly increasing in 0. Let G|, and G/
denote the posterior distributions of 6 after observing a single answer of reasonableness
r and 7’ respectively. By Assumption 4 and the same MLRP argument as in Proposition 2,
we have 7' > r = G >rosp G- Since the expectation of any increasing function is

higher under an FOSD-dominating distribution, we obtain

p(ai| ') =Eg,,[Po(qi)] > Eg, [Po(q:)] = p(qi | 1),

where Py(q;) := Py(useful | g;), which completes the proof. O

A.3 Medium-Run Adoption Framework
A.3.1 Proof of Main Result

Proof of Theorem 1. We first derive KL minimization and study how beliefs induce best-
responses in terms of adoption decisions. Then, we use those best responses to prove
statements (i)-(iii) of the Theorem. Fix p4 = (p{},..., p/) and the human benchmark 6
with pH = p(6H, 6;).

Step 1: KL minimization. For any nonempty adoption set x C {1,...,n},

K(x 9):Z[pAln ik +(1—pA)lni].
= p(0,6:) " 1—p(6,6)
Differentiating with respect to ability gives
aK (x, 9 ap(6,9;)/00
= L@ (p(6,6) — p), wie) = OB
i€x p(6,6:) (1 —p(9,5i))

Assumption 1 implies p(6,6;) € (0,1) and is strictly increasing in 6, hence w;(0) > 0.

Each term is strictly convex in p(0, ;) and p(6, d;) is strictly monotone in 6, so K(x, -) is
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strictly convex and has a unique minimizer 6*(x). Evaluating the derivative at 61,

Hy
BK (%, 6 =Y wi( (6M) ( ) Y wi (6H)pH — Y wi( 0 p

iex iex iex

By strict convexity, the sign at 6 pins down the KL minimizer:

> Yiey wi(0F)pH = 6%(x) > 61,

Y wi(0M)pf § < Yic wi(0F)pH = 0%(x) < 0H,

i€x

| = Dieawi(0™)pll = 07(x) =0

The weights of Theorem 1 are exactly w;(6), so the hyperplane H is the set of p for
which 0*({1,...,n}) = 0.

Step 2: Best responses given beliefs. Given belief 0, the subjective success of Al on task
iis p(6,6;) and that of the human is p!! = p(6H,4;). By Assumption 1, p(6, ;) is strictly

increasing in 6, hence for all i,
0> 0" = p(6,5) > pl, 60<6f=p,0s) <pl

Because the objective is separable across tasks, the best response is § > 07 = x =
{1,...,n} and 6 < 6" = x = @. On the knife-edge 6 = 6%, the principal is indifferent
task-by-task, and we adopt a consistent tie-breaking rule (e.g., assign knife-edge tasks to

Al when 6*(x) > 6" and to human when 6*(x) < 69).

Step 3: Partial adoption is never a BKNE (part (i)). Take any nonempty proper x with
© C x € {1,...,n}. In a Berk-Nash equilibrium with action x, the belief must be
0(x) = 0*(x). By Step 1, 0*(x) is either > 0", < 1, or = 9 (knife-edge). By Step 2:

0*(x) > 0" = best response is {1,...,n}, 6*(x) < 6 = best response is @,

and if 6*(x) = 0! the tie-breaking rule again yields either full or no adoption, never x.

Hence no partial adoption x can be both KL-consistent and optimal, so partial adoption
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is never a Berk—-Nash equilibrium.

Step 4: Full adoption above # (part (ii)). Consider x = {1,...,n}. From Step 1 applied

to this x,
n

Y w;(0%)pft > iwi(eH)sz —  0*({1,...,n}) > 0"

i=1 i=1
When p# is above H (left-hand inequality holds), the KL-minimizing belief under full
adoption satisfies 6*({1,...,n}) > 0, and by Step 2 full adoption is then the unique
best response. Hence (x,0(x)) = ({1,...,n},0%({1,...,n})) is a BKNE. Furthermore, by
Step 3 partial adoption cannot be a BKNE, and no adoption requires beliefs under which
humans are (weakly) preferred everywhere, which is not possible when p“ is above H.

Thus, among equilibria with experimentation, full adoption is the unique BKNE when

p? lies strictly above .

Step 5: No adoption below # and under pessimistic priors (part (iii)). Now suppose
x = {1,...,n} and p? lies strictly below H, ie. Y/  w;(05)pA < YL, w;(6H)pH. By
Step 1 this implies 8*({1,...,n}) < 6H, and by Step 2 the best response is x = @.
Together with Step 3, this means that any equilibrium with experimentation converges
to no adoption, and x = @ is a BKNE when p“ lies strictly below #.

Finally, K(©®,0) = 0 for all 8: any belief is KL-minimizing without experimentation.
For a prior G# sufficiently pessimistic such that E;[p(64,6;)] < p!! Vi, no adoption is
both ex ante optimal and a best response regardless of the true p”. A sufficient condition
for it is E;a[04] < 0" when p(6,6) is concave in 6, since then by Jensen’s inequality and

monotonicity, Eqa[p(64,6;)] < p(Egal64],6:) < p(6H,6;) = pH.

In sum, we have shown that: (i) partial adoption is never a BKNE; (ii) full adoption is
the unique BKNE with experimentation when p# lies strictly above H; (iii) no adoption is
a BKNE when p“ lies strictly below # and can also be sustained above # in the no-data

case, under sufficiently pessimistic priors. O
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A.3.2 Extension: Dynamics of Adoption

We extend the static model of Section 6 to characterize the adoption path under Human

Projection as Al technology improves over time, comparing it to the optimal benchmark.

Setup. Consider a continuous-time model over T € [0, T]. In each period 7, there exists a
convex set P(t) C [0,1]" of feasible Al success-rate vectors p. We assume P(0) = {0}
and P(T) = [0,1]", representing technological progress from no capability to universal

capability. The correspondence P : [0, 7| = |0, 1]" satisfies:
P y P

1. Monotonicity: (i) For any v/ > 7, P(t) C P(7'); (ii) For any p € P(7), if p’ is
dominated by p (i.e., p; < p; for all i), then p’ € P(7).

2. Continuity: The correspondence P(7) is continuous (both upper and lower hemi-

continuous) in T.

Denote the technological frontier (set of Pareto-undominated success-rate vectors) in pe-
riod T by P*(t) = {p € P(7) : #p’ € P(1) s.t. p' > p,p’ # p}, and assume |P*(7)| > 1
for all T > 0.® We characterize the optimal adoption path absent projection, then com-

pare it to the equilibrium path under Human Projection.

Theorem 2 (Optimal Adoption Path). Let pf € (0,1)". There exist 7, € (0,T) with
T < Ty such that:

1. For T € [0, 7|, no adoption is optimal.

2. For T € (11, 2], partial adoption is optimal for a non-empty subset of (71, To].

3. For T € [1o, T, full adoption is optimal.

The optimal path follows an intuitive progression: as Al improves, it first surpasses
human performance on some tasks (triggering partial adoption), then eventually on all

tasks (triggering full adoption). Under Human Projection, this pattern is disrupted:

18This ensures the frontier is not a singleton, which is plausible given that different technological ap-
proaches may achieve different task-specific success rates.
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Theorem 3 (Adoption Path Under Human Projection). Under Human Projection with com-
plete projection (A = 1), there exists T € (1, To] such that:

1. If T < %, then for any p” € P*(7), no adoption is the unique Berk-Nash equilibrium.
2. If T > %, then there exists p”* € P*(t) such that full adoption is a Berk-Nash equilibrium.

This theorem establishes two comparative statics relative to the optimal path: (i) delayed
adoptionfor T € [y, T), some adoption is optimal yet no adoption is the unique BKNE;
and (ii) over-adoptionfor T € [T, 1p], full adoption is a BKNE even though partial adoption
dominates it (except in the knife-edge case T = 7). Thus, conditional on adoption oc-

curring, Human Projection leads principals to assign too many tasks to Al prematurely.

Proof of Theorem 2 (Optimal path with n tasks). Define p;(t) = max{p; : p € P(7)} as the
highest achievable success rate for task i in period .

(1): No adoption is initially optimal. Since P(0) = {0}, continuity of P(7) implies there
exists a range where no adoption is optimal. Assume by contradiction that for all T > 0,
P(7) includes some p with p; > pH for some i € {1,..., n}. Without loss of generality,
take i = 1. Consider the sequence (ay)?>, where gy = 1/k — 0, and define b, =
(pH,0,..,0) € P(ay) for all k. Then by — b = (pi,0,..,0). Upper hemicontinuity
implies b € P(0), but (pf,0,...,0) ¢ P(0) = {0}, a contradiction.

(3): Full adoption is eventually optimal. Since (1,...,1) € P(T) and p™ € (0,1)", there exists
a range where full adoption is optimal. Assume by contradiction that for all T < T,
either 7;(7) < p! for some i. Letay =T —1/k — Tand b = (1,..,1) € P(T). By lower
hemicontinuity, there exists a subsequence (ay;) and sequence (b;) with b; € P(ay,) and
bj — (1,...,1). But if full adoption is never optimal for T < T, there exists a lower bound
on ||bj — (1,..,1)|[, so b; / (1,...,1), a contradiction.

(2): Partial adoption is optimal in-between. Define 7; = inf{t : p/* € P;(1)}, where P;(7) =
{pi : p € P(7)} is the projection onto the i-th coordinate. If T; < 7; for some i # j,

then for T € [1;, 7], partial adoption (AI for task i only, if no other tasks have crossed) is

optimal. It remains to show that not all 7; coincide, i.e, 1 = -+ = T, = Ty leads to a
contradiction.
Suppose Ty = - -+ = T, = Ty. By the lemma below, p’ € P*(1y). Since |P*(ty)| > 1,
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there exists p’ € P*(ty) with p’ # pf. As both are on the frontier, p; > pH for some
i. Without loss of generality, take i = 1. Choose an open ball B(p’) such that p; > pH
for all p € B(p’). By lower hemicontinuity, for T < 1y sulfficiently close to Ty, we have
P(t) NB(p’) # @. But since 1y = inf{7 : pif € P1(1)} and P(t) C P(7') for T < 7’

(monotonicity), we cannot have p; > pH for any p € P(t) when T < 13, a contradiction.

Lemma 1. At 1y, p € P*(t).

Proof. Assume p! ¢ P*(1y). Let p € P*(1y) strictly dominate p'’. Then there exists an
open neighborhood N(p) such that all p € N(p) strictly dominate p!. By monotonicity,
if p ¢ P(1), then N(p) NP(t) = @. Since pf ¢ P(7') for all T/ < 1y, we have
N(p)NP(t') = @ for all T/ < ty. Thus all open neighborhoods of Ty contain points

whose image does not intersect N(p), contradicting lower hemicontinuity. N
O

Proof of Theorem 3 (Path under projection with n tasks). Existence of initial and final ranges.
By Theorem 1, for p = 0, no adoption is the unique BKNE. Using continuity argu-
ments analogous to Theorem 2, there exists a range [0, T') where for all p € P*(7), no
adoption is the unique BKNE. Similarly, for p = (1,...,1), full adoption is a BKNE, and
there exists a range [t”, 7] where full adoption is a BKNE for all p € P*(71).

Existence and uniqueness of T. Define T = inf{t : P*(7) N {p : p strictly above H} # @}
as the first time the frontier crosses above the hyperplane H from Theorem 1. If for some
T, there exists p € P(7) lying above H, then by monotonicity p € P(7’) for all T/ > 7.
By Theorem 1, for T < %, all p € P*(7) lie below H and no adoption is the unique
BKNE. For T > 7, some p € P*(7) lies above H and full adoption is a BKNE.

Verification that T € (71, 72]. Using notation from Theorem 2, not all 7; coincide. Let
71 = min; ; and T, = max; ;. Without loss of generality, assume 71 = 7; and ©, = 7

for some j # k. At time 7y, the frontier P*(1y) first touches p!!

in coordinate j, so
7,(t1) < pH for all i # j. Thus all points in P*(1;) lie strictly below H, implying T > 7.

For the upper bound, suppose ¥ > 7. At time T, we have (1) > p! for all i, so
P (1) contains points strictly above # (e.g., near (1,...,1) by continuity and monotonic-

ity). By definition of 7, this means 7 < 1, a contradiction. Therefore T € (1, 2] O
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B Performance in Mathematics

B.1 Task Dataset

We construct a benchmark of standardized mathematics problems from released items
in the Trends in International Mathematics and Science Study (TIMSS). All released items
were accessed through the TIMSS portal, and items for the 2015 and 2019 test waves
were obtained through direct request to the IEA. To reduce benchmark contamination,
a substantial subset of items was obtained through direct request to the IEA and is not
easily accessible online.

We manually re-transcribe all selected items into a uniform format, while trying as
much as possible to preserve wording, tables, and symbols used. We restrict attention
to multiple-choice questions with a unique objectively correct answer (4 or 5 options,
labeled A-E), which yields a binary performance measure. We excluded items with
components which could not be processed in textual form by ChatGPT, e.g., with visual
charts or geometric shapes.

Our final benchmark contains 414 items spanning 4™ grade (29%), 8" grade (58%),
and High School (13%), and covers the main topic categories in the TIMSS frameworks.

To allow for better comparison between human and Al performance, we experi-
mented beforehand to make sure ChatGPT was able to correctly process inputs and was
not tricked by minor formatting issues. We prompted ChatGPT with one task at a time,
following the order used in the released items documents. Full logs of conversations are

available upon request.

B.2 Human Performance

Descriptive Results. For human performance data, the number of answers per item
ranges from 24 to 191, with an average of 41.5 and a median of 34. High-School problems
tend to have more answers per question, while 8"-grade problems have fewer, due to (i)

the number of released problems not being evenly split by grade level (see Figure 7); (ii)
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Figure 7: Distribution of Item Difficulty and Average Human Performance by Difficulty
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Notes: Left panel: Overlaid histograms of item difficulty by grade level (4th grade, 8th grade, high school).
The y-axis reports the number of questions and the x-axis reports human difficulty. Right panel: Average
share of subjects answering items correctly within each decile of human difficulty. Deciles are constructed
from the item difficulty measure; each decile contains around 41 items.

the beliefs experiment sampling H.S. items more heavily to ensure each subject sees the

whole gradient of difficulty.

The average task difficulty in the sample is 30.3. There are 7 items with a difficulty
level of 0 (meaning every subject who attempted it answered correctly) and the highest
difficulty is 92. Panel A of Figure 7 shows the origin of questions for each difficulty level,
while panel B plots the average share of correct answers for each difficulty decile: the
10% easiest items have a success rate of around 95%, while the 10% most difficult ones

have around 21%.

B.3 Human-likeness of Al performance

Approach. We combine item-level human response distributions from the TIMSS bench-
mark with item-level correctness and answer choices for several LLMs of various Al labs
(GPT-3.5 Turbo, GPT-40, Claude 3.7, Mistral Large, Llama 3.1, 03-mini; all accessed
through their respective APIs). For each of 414 items, we observe (i) the share of hu-
man test-takers answering correctly, which we treat as the item’s empirical “easiness”
for humans, and (ii) the full distribution of human answer choices (modal option and

its share), alongside the model’s chosen option and whether it matches the correct key.
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Figure 8: ChatGPT 3.5 Performance by Human Difficulty Deciles (API)
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Notes: The figure plots ChatGPT (3.5 Turbo, collected in May 2025 via the API) share of correct answers
within each decile of human difficulty. Each decile contains between 40 and 42 items. Numbers under
each bar report the average human success rate in the corresponding decile. Human difficulty is computed
from an average of 41.5 answers per item.

We compare model outputs across multiple prompt variants: text prompts (standard
prompt vs. one suppressing chain-of-thought by asking models to only output the final

answer) and image prompts (a screenshot of the problem with a standardized layout).

Measures. We then compute several complementary notions of “human-likeness,” all
at the item level. First, we compare how model success co-varies with human success
across items using two notions of correlation: the Spearman rank correlation between
model correctness and average human correctness, capturing whether models tend to
succeed on the same items humans find easier, and a tetrachoric correlation between
model correctness and a binary “easy-for-humans” indicator (human accuracy at least
50%). Then, we summarize the “shape” of model performance as a function of human
performance by performing OLS regressions of model correctness on human correctness
at the item level and reporting the slope B, standard error, and R2. Finally, we compute
two measures of “agreement” between human and Al answers. The first “agreement
rate” measures how much of the mass of the human distribution of answers lies in the
model’s chosen option, meaning it is high when the model tends to pick options that
many humans pick; we compute it both overall (among all items) and conditional on the

model picking the wrong option. The second is the probability the model chooses the
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Table 5: Human-likeness of GenAl performance

Correlations OLS Agreement Rate Al Picks Human Mode
Model Mean Perf. Spearman Tetrachoric B (s.e) R-squared Overall Alwrong Overall Al wrong
Text prompt (standard)
GPT-3.5 Turbo 0.729 0.045 -0.051 0.048 (0.094) 0.001 0.568 0.107 0.718 0.390
GPT-4o0 0.978 0.060 0.181 0.040 (0.031) 0.004 0.675 0.149 0.886 0.286
Claude 3.7 0.993 0.032 -1.000 0.007 (0.018) 0.000 0.679 0.146 0.894 0.333
Mistral Large 0.928 0.018 0.125 0.014 (0.055) 0.000 0.673 0.137 0.885 0.429
Llama 3.1 0.935 0.133 0.224 0.154 (0.052) 0.021 0.677 0.192 0.887 0.545
03-mini 0.993 -0.075 -1.000 -0.025 (0.018) 0.005 0.678 0.041 0.896 0.500
Text prompt (no chain-of-thought)
GPT-3.5 Turbo 0.432 0.089 0.181 0.228 (0.104) 0.011 0.376 0.112 0.428 0.335
GPT-4o0 0.734 0.128 0.213 0.239 (0.093) 0.016 0.549 0.130 0.688 0.376
Claude 3.7 0.920 0.128 0.235 0.153 (0.057) 0.017 0.647 0.132 0.845 0.273
Mistral Large 0.763 0.243 0.351 0.452 (0.087) 0.061 0.584 0.157 0.728 0.448
Llama 3.1 0.696 0.258 0.353 0.515 (0.094) 0.068 0.589 0.126 0.736 0.390
03-mini 0.995 -0.043 -1.000 -0.013 (0.015) 0.002 0.679 0.031 0.896 0.000
Image prompt
GPT-4o0 0.630 0.208 0.352 0.452 (0.100) 0.047 0.618 0.117 0.777 0.308
Claude 3.7 0.696 0.180 0.289 0.357 (0.096) 0.032 0.621 0.128 0.782 0.353
Mistral Large 0.621 0.225 0.355 0.477 (0.100) 0.052 0.604 0.138 0.759 0.338
Llama 3.1 0.589 0.198 0.214 0.390 (0.102) 0.034 0.590 0.147 0.720 0.471
03-mini 0.693 0.245 0.348 0.486 (0.095) 0.060 0.623 0.117 0.787 0.278

Notes: Each row reports item-level “human-likeness” statistics comparing a model to humans on the same multiple-choice items (1 = 414). Average human
performance is 0.679 overall, to be compared with each model’s mean performance. Correlations columns report Spearman’s rank correlation between human
and model correctness, and the tetrachoric correlation between model correctness and a human-defined “easy” indicator equal to one if human accuracy is
at least 50%. OLS columns report the slope (s.e.) and R? from regressing model correctness on human accuracy across items. Agreement Rate columns report
the average human mass on the model’s chosen option (Overall), and conditional on model error (AI wrong). AI Picks Human Mode columns reports the
probability the model selects the human modal option (Overall), and conditional on model error, the probability it selects the most common human incorrect
option (Al wrong). Higher values generally indicate closer alignment with human difficulty and answer-choice patterns.

most common human answer, i.e., the human mode. We compute it both overall, and
conditional on model error, the probability it selects the most common human incorrect

option, to see whether humans and Als tend to fail in the same way.

Results. Results are reported in Table 5. Under the standard text prompt, the most
advanced models achieve extremely high mean accuracy (roughly 0.93 to 0.99), yet item-
level alignment with human difficulty is close to zero (Llama 3.1 being the highest):
Spearman correlations are tiny (often near 0 and sometimes negative), OLS slopes are
near 0, and R? is essentially null. Thus, which items humans find easy versus hard barely
predicts which items the models answer correctly—strong evidence that “difficulty” is
not a shared ordering even when the model nearly saturates the benchmark. The tetra-
choric boundary value (p = —1) for Claude 3.7 and 03-mini under the standard prompt
reflects a near-separation, small-error regime and is substantively consistent with the
raw counts: all observed errors (4/4 and 3/3) occur on human-easy items, with none on

human-hard items.
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Overall answer-choice overlap is fairly high, but weakens markedly on mistakes: the
agreement rate is large unconditionally yet much lower conditional on model error. A
similar divergence is seen for agreement with the human mode. Although models often
match the human modal answer overall, their mistakes are only partially human-like:
conditional on error, agreement with the most common human wrong option is far from
one and varies substantially across models (= 0.29 to 0.55 under the standard prompt),
implying heterogeneous divergence in error modes. Finally, we note that prompting
choices have large consequences for performance. Suppressing chain-of-thought sub-
stantially reduces accuracy for most models (except for 03-mini, consistent with this
manipulation constraining visible output rather than internal reasoning). It tends to in-
crease alignment with humans among difficulty measures (higher Spearman and steeper
B, with larger R?) but decrease it among answer-choice alignment measures (reduction
in overall agreement rates). Image prompting further reduces average accuracy and, rel-
ative to the standard text prompt, increases correlation-based difficulty alignment while
modestly reducing overall choice-based overlap.

These results, leveraging an unusually rich human benchmark, echo recent evidence
that model “difficulty” and error patterns can be systematically misaligned with human
intuitions even in strong models (Yang et al., 2024; Williams and Huckle, 2024; Berglund
et al., 2023; Wang and Sun, 2025; McKenzie et al., 2023; Li et al., 2025).

59



C Beliefs Experiment

C.1 Additional Results

Figure 9: Histograms of Prior Beliefs in Performance
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Notes: The figure plots histograms of prior beliefs in agent performance. On the x-axis are beliefs in %.
On the y-axis is the share of all beliefs contained in each bin. n = 2442 for humans, and n = 10021 for AL

Figure 10: Histograms of the Sum of Prior Beliefs in Performance
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Notes: The figure plots histograms of the individual sum of their prior beliefs in agent performance: the
maximum value is 11 x 100 = 1100. On the y-axis is shown the share of all beliefs contained in each bin.
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Figure 11: Average Beliefs about Al vs. Optimistic Beliefs about Humans
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Notes: This figure compares all beliefs about ChatGPT with a subset of the most optimistic subjects in the
Human treatment. We order subjects by their average reported belief and keep the top 10% of subjects,
then plot all of their beliefs. Sample sizes are n = 245 for humans, and n = 10021 for Al The average
difficulty of questions seen by a subject is added as control. We report coefficient estimates and their
standard errors on the top right.

Separating ability priors from projection. In Figure 11 we plot the top 10% most
optimistic subjects in Human, on the basis of mean reported belief, against the full sample
in Al. As we control for the mean difficulty of tasks seen, this is a way to proxy for
prior belief in agent ability. We find beliefs about performance to be highly similar,
both in slope and levels, between optimistic subjects predicting humans and all subjects
predicting Al. While not a causal exercise, this finding is consistent with subjects holding
a more optimistic prior over Al ability which could partly explain differences noted in

Figure 2.

Belief Accuracy. We quantitatively assess the accuracy of subjects’ beliefs by regressing

actual performance on elicited beliefs. We estimate the following specification:
Y: = co + c1Beliefs;; + d; + €4,

where Y; is agent performance on task t and d; are subject fixed effects. Estimated co-
efficients for both humans and Al are positive and significant: respectively 0.58 (0.01)

and 0.06 (0.01), but there is stark contrast in predictive power: the R? is 0.391 for hu-
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mans, while only 0.002 for Al. As subjects rely on human difficulty to predict (mostly

uncorrelated) Al performance, their answers carry very little predictive power overall.

Figure 12: Belief Updating after Exogenous Signals of Performance
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Notes: The figure presents jittered dot plots of belief movement, defined as the difference between posterior
and prior, winsorized at percentiles 2.5 and 97.5. Sample sizes from left to right are n = 107, n = 109,
n=114,n =107, n = 89, n = 103, n = 103, n = 92. Colored horizontal lines denote condition means;
A are mean differences (hard vs easy) within failures and within successes, with p-values from two-sided
tests of equality.

Heterogeneous updating by projection strength. We estimate within-subject the pro-

jection strength using an empirical Bayes approach, and split the sample into above and

below median projection. We test the hypothesis that subjects projection more exhibit a

stronger effect for Prediction 2, compared to those with lower projection. Results pre-

sented in Figure 12 are consistent with this hypothesis, and most of the differential effect

appears concentrated among reactions to successes.
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Table 6: Beliefs Experiment - Balance Table

Humans Al
Group Variable Mean S.E. Mean S.E.
Gender Female 468 3.6 501 1.8
Male 505 3.7 485 18
R White 734 32 786 15
ace Black 138 25 128 12
. . HS or more 989 08 996 02
Highest Education College or more 628 35 589 18
High school or more 9.8 13 978 0.5
Highest Math Class College or more 463 36 473 1.8
Graduate level or more 1.1 08 27 06
Only heard of Al - - 343 17
AI Familiarity Some understanding, never used = - - 401 18
Interacted with Al - - 240 15
Mean Age 409 1.0 429 05

Observations 188 784

Notes: This table provides demographics of participants in the beliefs experiment, run in October
2023. The AI familiarity question was only asked in the Al treatment. The sample is for belief up-
dating results: it excludes subjects failing comprehension checks and the updating comprehension
question. Averages are qualitatively similar over the broader sample, and are consistent with overall
demographics of Prolific participants.

D ParentData

D.1 Institutional Context and Interaction Data

This appendix provides institutional background and descriptive details for the Parent-

Data setting that are not required for the main text exposition.

ParentData.org. ParentData.org is a self-described “data-driven guide through preg-
nancy, parenthood, and beyond.” Created in 2020 by American economist Emily Oster—
and launched as its own website in 2023—its goal is to translate scientific evidence into
rigorous answers to questions asked by current or expecting parents. The platform
provides multiple formats (articles, newsletters, podcasts) with several tiers of paid sub-

scription. It also offers an Al chatbot service that is free to use and openly accessible.

User base. The pool of users is almost exclusively composed of people who are trying to
conceive, currently expecting, or parents of young children. The website does not collect

user demographics. A survey from July 2024 and discussions with the ParentData team
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describe the prototypical user as (i) a woman in her 30s living in the U.S.; (ii) either
expecting or a mother of young children; (iii) educated; and (iv) with higher income. We

recruit all experimental participants on the basis of these demographic features.

The AI chatbot. The website hosts Dewey, an “Al librarian,” which is a LLM-based
Al chatbot.!” Dewey was built by first summarizing parenting materials (books and
articles) into a set of questions and answers, which were then verified and vetted by
humans from the ParentData team. Dewey is then available to answer users” questions by
matching each incoming query to the archive of pre-made questions using a confidence
score, and displaying the highest-score answer if it exceeds a confidence threshold. The
matching relies on a measure of textual similarity which is related but not identical to

what humans understand by “similarity.”2°

Interaction data snapshot. Our interaction data consist of a snapshot of approximately
30,000 conversations, where a “conversation” is defined as one user query and one Al
answer, occurring between December 315t 2023 and April 30 2024. The Experimental
Materials Appendix presents descriptive statistics for this dataset, including the most

frequent questions asked to the chatbot.

D.2 Selecting matched conversation pairs

This appendix documents the pre-registered procedure used to construct matched pairs
of real ParentData conversations that differ in the human reasonableness of the chatbot’s
misunderstanding while holding constant the user’s intent and the (low) usefulness of
the answer. Throughout, a “conversation” refers to one user query and one chatbot

answer.

Step 1: Initial coding and candidate pairs.. We began from a corpus of roughly 22,000

9This service is provided by the Dewey Labs company, of which ParentData.org is a client. Dewey has
since the time of the experiment been renamed “Petey.”

20The matching process is a custom approach to vector embeddings, whose details were not disclosed.
We confirm that the Al score correlates with various textual similarity measures. Below the confidence
threshold, the chatbot either suggests related questions or displays the message: “I'm sorry. It looks like
we don’t have an answer in the ParentData archives. However, your question has caught our attention
and will be shared with Emily and the team. It could be a great topic for a future newsletter!”
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real ParentData conversations. We manually coded each conversation for: (i) intent (a
short label capturing what the user is asking), and (ii) a binary indicator for whether
the chatbot misunderstood the question (a proxy for the answer being unhelpful/useless
for that specific query). We then created an initial list of candidate same-intent pairs in
which both answers were coded as misunderstandings. This produced approximately 40

candidate pairs.

Step 2: Reasonableness ratings. We recruited participants from the population of in-
terest (parents of young children or currently expecting) to rate the reasonableness of each
misunderstood answer. The survey presented a single conversation at a time in a display
mimicking the ParentData website. To avoid within-subject contrast effects, participants
did not see both sides of a pair: we split each pair into two pools and randomly drew
conversations from one pool per participant. Instructions emphasized that the object is
not whether the answer is helpful, but whether the specific misunderstanding is a plausible
human error. Reasonableness prompt (verbatim). “The Al gave answers that were deemed
unhelpful. What do you think is the percent (%) chance that a reasonable human would
misunderstand the questions in the way the Al did? Choose a % between 0 and 100.”

Step 3: Usefulness ratings. In a separate study with the same target population and a
nearly identical display, we elicited perceived usefulness of each answer for the specific
question on a 1-5 scale. We included a small number of genuinely useful conversations
in the rating pool both (i) to obtain usefulness ratings for the “success” conversations
used in the main experiment and (ii) to avoid an unnatural rating environment in which
all answers are useless, which could invite demand effects. Instructions stressed that
usefulness is about answering the specific query, not about sounding generally sensible
or containing good generic parenting advice. Usefulness prompt (verbatim). “Assess the
answer’s usefulness: does its content answer that specific question? Read carefully: some
answers may appear useful at a glance, even though they are not! Indicate your answer

on the [1-5] scale.”

Final selection rule and implemented pairs. We retained five final pairs satisfying three

criteria: (i) the two conversations within a pair share the same intent (from Step 1), (ii)
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both sides are comparably unhelpful (same median usefulness, equal to 1 or 2), and (iii)
the pair exhibits a large difference in median reasonableness. As pre-registered, medians
are the primary matching criterion to reduce sensitivity to outliers and scale use. As
robustness, we also checked that (a) average usefulness differences within a pair are not
statistically significant at the 90% level, while (b) average reasonableness differences are
statistically significant. We additionally set aside three “success” conversations (median

usefulness 4 or 5) used as common baseline content in the engagement experiment.

Materials. The full list of conversations used in the experiment (five pairs plus the
baseline successes), along with their usefulness and reasonableness ratings, is available

is the separate Experimental Materials Appendix.

D.3 Additional Experimental Results

Figure 13: Treatment Effect on Engagement Excluding Subjects Familiar with ParentData
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Notes: The figure plots the share of subjects in each treatment choosing to receive the link to the chatbot
and actually using the chatbot, excluding subjects who reported prior familiarity with ParentData. Sample
sizes are n = 438 for Reasonable and n = 440 for Unreasonable. p-values of two-sided tests of proportions
are reported.
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Figure 14: Treatment Effect on Engagement - Conditional on Link Request
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Notes: The figure plots the share of subjects in each treatment who uses the chatbot post-experiment,
conditional on requesting the chatbot link, and excluding subjects with prior familiarity with ParentData.
Sample sizes are n = 213 for Reasonable and n = 173 for Unreasonable. p-value of two-sided test of
proportions is reported.

Table 7: Demographics of Participants in Engagement Experiment

Unreasonable Reasonable

Value std. err. Value std. err.

Gender

Female 85.0 (1.7) 83.8 (1.7)
Male 141 (16) 16.0 (1.7)
Race

White 72.7 (2.1) 74.7 (2.0
Black 181 (1.8) 188  (1.8)
Education

HS or more 99.8 (0.2) 99.3 (0.4)
Bachelor or more 59.3 (2.3) 59.6 (2.3)
Parenting status

Trying to conceive 242 (2.0 222 (2.0
Currently expecting 6.8 (1.2) 7.3 (1.2)

Have children below 18  79.1 (1.9) 77.6 (2.0)
Al familiarity

Only heard of AI/LLMs  98.5 (0.6) 97.8 (0.7)
General understanding 77.1 (2.0 76.3 (2.0

Interacted with Al 38.1 (2.3) 36.1 (2.3)
ParentData familiarity

Knew of the website 3.1 (0.8) 29 (0.8)
Age (years) 34.3 (0.3) 34.0 (0.3)
Observations 454 451

Notes: This table provides demographics of participants (current or expect-
ing parents) in the engagement experiment. Samples recruited to rate the
usefulness and reasonableness of conversations are distinct but highly sim-
ilar in terms of demographics. “Value” reports cell mean and “std. err.”
reports the standard error of the mean.

67



Table 8: Misperceptions about human difficulty: proxy validity

Proxy: A" = pH (hard) — pH (easy) Estimate s.e. p-value N
Panel A: Misperceptions proxy (A > 0)

Baseline wave mean (%) 56.3 (2.8) 426
Replication wave mean (%) 17.1 (3.5) 426
Replication — Baseline (pp) -39.2 (45) 0.000 426
Panel B: Treatment does not affect the proxy

Black Box effect in baseline (pp) -0.7 5.7) 0903 426
Black Box effect in replication (pp) 3.1 (7.0) 0.655 426
Diff. across waves: BlackBox x Rep (pp) 3.8 (9.0) 0.671 426

Notes: The misperceptions proxy equals one if the subject reports prior human performance in
the hard pool at least as high as in the easy pool (ties counted as misperceptions; they are rare
and mostly in baseline: N = 47 overall: 43 baseline, 4 replication). Panel A reports wave means
and the replication-baseline difference from a pooled regression of the proxy on indicators for
Black Box and Replication. Panel B reports within-wave Black Box effects and the across-wave
difference from a pooled regression of the proxy on indicators for Black Box, Replication and
their interaction. Robust standard errors are in parentheses.

E Adoption Experiment

This appendix provides evidence on the role of perceptions of human task difficulty on
tinal adoption choices, as well as additional results on adoption shares and delegation

behavior, and the balance table of covariates.

E.1 Misperceptions of human difficulty and adoption

Proxy for misperceptions. Table 8 documents the large share of misperceptions in the
baseline sample (56.1%), proxied by AH > 0: the difference between reported beliefs
about human performance on easy vs hard tasks, before the delegation phase thus before
receiving endogenous signals of performance. The replication wave, which made human
task difficulty more salient within the same design, strongly reduces these mispercep-
tions (to 17.1%) but they remain non-trivial. Importantly, the treatment does not affect
the share of misperceptions neither in baseline nor replication, lending credibility to the

proxy, and results are robust to classifying ties as correct perceptions.
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Table 9: Belief-Conditional Treatment Effects on Adoption

Black Box effect for participants with:

Incorrect perception Correct perception Difference

Outcome Coefficient s.e. Coefficient s.e. Coeff. s.e. N
All-or-nothing adoption: ~ -15.9** (6.8) -15.3%** 5.7) 0.6 (8.8) 426
— Full Adoption -18.8*** (6.6) -16.9%** (5.3) 1.9 (8.,5) 426
— No Adoption 2.8 (2.2) 1.5 27) -13 (3.5) 426
Partial adoption: 15.9** (6.8) 15.3%** (5.7) -0.6 (8.8) 426
— Only Hard 6.5 (7.2) 124%  (62) 189* (9.5) 426
— Only Easy 22.4%%  (5.5) 2.9 (4.5) -19.5%* (7.1) 426

Notes: Each row reports coefficients (in pp) from pooled linear regressions of the form y = « + BB +
7 Correct + 6(BB x Correct) + p Rep + X'k + ¢, estimated separately for each adoption outcome y. BB, Rep,
Correct, are indicators for Black Box framing, replication wave, and correct perception of human difficulty
(= 1 if the subject reports belief in human performance to be lower on human-hard tasks than on human-
easy tasks) respectively. Demographic controls X include age, gender, bachelor’s degree indicator, white
indicator, and self-reported Al familiarity. The “incorrect perception” column reports B, “correct” reports
B+, and “difference” reports J, i.e., the change in the BB effect when moving from incorrect to correct
perceptions. Robust standard errors are in parentheses. Significance levels: ** p < 0.01, ** p < 0.05, *
p < 0.10.

Belief-conditional partial adoption. Using this proxy, Table 9 presents the main evi-
dence towards the role of misperceptions. Each row reports estimates of the Black Box

treatment effect from pooled linear specifications of the form:
y = a+ B BB+ vy Correct + §(BB x Correct) + p Rep + X'k + ¢,

estimated separately for each adoption outcome y. BB, Rep, and Correct are respec-
tively indicators for Black Box, replication wave, and the proxy for correct perceptions of
human difficulty. First, the overall reduction in all-or-nothing adoption is stable: Black
Box reduces Full Adoption and increases partial adoption by similar magnitudes for cor-
rect and incorrect perceivers (interactions near zero). Second, misperceptions strongly
moderate the direction of partial adoption. Among subjects with incorrect initial be-
liefs about human difficulty, Black Box reallocates mass primarily into the normatively
wrong margin (“Only Easy” increases substantially), while “Only Hard” does not rise.

Among subjects with correct priors, the reallocation flips: “Only Hard” increases, while
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“Only Easy” is essentially unchanged. The interaction coefficients quantify this reversal
directly, and the pattern is stable with and without demographic controls. Our conser-
vative interpretation is that Black Box reliably reduces all-or-nothing adoption, consistent
with our hypothesis, but that whether resulting partial adoption is normatively correct

hinges on by correct perceptions of the human task difficulty.

E.2 Additional results

Adoption shares. Table 10 presents the main adoption results of Figure 6 using raw

shares, confirming the effects discussed in the main text.

Mechanism. Table 4 in the main text compares projection proxies across arms at three
belief-elicitation phases: Initial (pre-delegation), Interim (after 30 problems), and Final
(after 60 problems). All outcomes use 0-100 belief reports and are scaled so that higher
values indicate more projection. Let Al represent the belief gap (Easy - Hard) for agent
i € {H,A} at phase t. Ability—-Model projection. “Single-index Al ability:” Spearman
correlation between each subject’s Al-beliefs for Easy and Hard pools. “Belief ordering:”
share of subjects with A{‘ > 0 (consistent with human difficulty). “Difficulty-gradient
precision:” 1 — IQR(A7) /200 (decreasing in subjects’ dispersion in their implied diffi-
culty gradient). Difficulty projection. “Mapping (rank):” cross-subject Spearman corre-
lation between AH and Af!. “Mapping (level):” 1 — Med(|]Af* — AH|)/200 (decreasing
in Al gaps’ divergence from human gaps). p-values: Fisher z tests for correlation dif-
ferences; robust two-sided test from 1{A7* > 0} on Black Box; Brown-Forsythe test for

equal dispersion of Af}; and two-sided Wilcoxon rank-sum test on |Af* — AH|.

Delegation behavior and realized Al signals. Table 11 shows that Black Box reduces
delegation to the Al by 9.6pp overall (p < 0.001), with a larger decline on the easy pool
(14.7pp) than on the hard pool (4.6pp). Conditional on delegating to the Al, realized Al
failure rates are statistically similar across framings, both overall and by pool (Panel B).
Thus, the framing primarily shifts the propensity to delegate rather than generating large

differences in realized Al performance feedback conditional on delegation.
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Table 10: Adoption Results — Full Sample

Baseline Sample

Replication Sample

Anthrop.  Black Box  Difference Anthrop.  Black Box  Difference

Outcome Share s.e. Share s.e. Share s.e. Share s.e. Share s.e. Share s.e.
All-or-nothing 37.3 (3.9) 245 (3.4) -12.8* (5.2) 379 (64) 18.6 (5.1) -19.3** (8.1)
Full Adoption 353 (3.9) 195 (3.1) -15.8** (5.0) 345 (6.2) 153 (4.7) -19.2** (7.8)
No Adoption 20 (1.1) 50 1.7 3 0 2.1) 34 (24) 34 (24) - (3.4)
Only Hard 48.7 (4.1) 472 (4.0) - (5.7) 552 (6.5) 729 (5.8) 1 7** (8.7)
Only Easy 14.0 (2.8) 28.3 (3.6) 14.3*** (4.6) 69 ((33) 85 (3.6) 1.6 (4.9)
Observations 150 159 — 58 59 —

Notes: Each cell reports the share of subjects (in p.p.) choosing the corresponding final adoption pattern, with
standard errors computed within each treatment arm and sample. Significance stars are based on a two-samples
tests of proportions: *** p < 0.01, ** p < 0.05, * p < 0.10.

Table 11: Adoption Experiment — Delegation Behavior

Treatment
Anthropomorphic  Black Box Diff. p

Panel A: Delegation to AI (%)

Al delegation (overall) 61.2 51.6 -9.6 <0.001
Al delegation (easy pool) 47.2 32.5 -14.7 <0.001
Al delegation (hard pool) 75.2 70.7 -4.6  0.008
Easy-hard delegation gap -28.0 -38.2 -10.1  <0.001
Panel B: AI failures among delegations (%)

Al failure rate (overall) 34.1 34.6 0.5 0.322
Al failure rate (easy pool) 35.8 38.2 24 0171
Al failure rate (hard pool) 33.7 344 0.7 0.236

Notes: The table reports mean outcomes by treatment arm and their difference. Panel A reports the share
of tasks delegated to the Al (in p.p.), overall and separately for the easy vs. hard task pools; the “easy-hard
delegation gap” is the easy-pool delegation rate minus the hard-pool delegation rate. Panel B reports realized
Al failure rates (in %) conditional on delegating to the Al p-values are from two-sided t-tests by treatment arm.
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Table 12: Adoption Experiment — Balance Table

Baseline Sample Replication Sample
Anthropomorphic  Black Box Anthropomorphic ~ Black Box
Value s.e. Value s.e. Value s.e. Value s.e.
Demographics
Age (mean) 414 (1.0) 378 (1.0 39.1 (1.8) 37.7 (17)
Female (%) 52.7 (4.1) 49.1 (4.0 48.3 (6.6) 542 (6.5)
White (%) 58.0 (4.0) 604 (3.9 74.1 (5.7) 644 (6.2)
Black (%) 347 (3.9 314 (3.7 224 (5.5) 322 (6.1)
Socioeconomic and education
Income (mean category) 2.6 (0.1) 25 (0.1 2.2 (0.2) 25  (0.2)
HS or more (%) 100.0 (0.0) 994 (0.6) 100.0  (0.0) 983 (1.7)
Bachelor or more (%) 74.0 (3.6) 76.1 (3.4) 60.3 (6.4) 746 (5.7)
Graduate or more (%) 25.5 (3.6) 222  (3.3) 15.5 (4.8) 23.7 (5.5)
Math background
HS math or more (%) 99.3 (0.7) 98.7 (0.9 100.0  (0.0) 983 (1.7)
College math or more (%) 52.7 (4.1) 629 (3.8 46.6 (6.5) 644 (6.2)
Graduate math or more (%) 4.0 (1.6) 50 (1.7) 34 (24) 34 (24
Al familiarity
Heard of AI/LLMs (%) 99.3 (0.7) 98.7 (0.9) 100.0  (0.0) 100.0 (0.0)
General understanding (%) 76.7 (3.5 72.3  (3.5) 79.3 (5.3) 78.0 (5.4)
Interacted with Al (%) 34.7 (3.9) 308 (3.7) 39.7 (6.4) 458 (6.5)
Observations 150 159 58 59

Notes: The table reports baseline covariate balance by treatment arm, separately for the Baseline sample and the Replication
sample. “Value” is the cell mean; “s.e.” is the standard error of the mean (for binary indicators, computed from the Bernoulli
standard error). Shares are shown in percent; age is in years; income is the categorical index used in the survey.
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