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Abstract
As LLMs increasingly generate human-like text, it is becoming increasingly pressing an empirical and societal
question: how do we distinguish AI-generated text from human-written text? Through two studies, we explored
whether and how people judge AI authorship. In Study 1, we had participants (n = 101) judge the written responses
to an inside joke prompt—our chosen prompt based on LLMs’ response—and assess each response on a 7-point scale
of  1,  definitely  AI-written,  to  7,  definitely  human-written,  followed  by  self-reports  of  justifications.  People’s
classifications were near chance accuracy (51.1%), but their continuous ratings did separate the human-written from
the AI-written responses. Multivariate logistic regression showed that accuracy was best predicted by attention to
surface-level errors and structural features rather than by deeper experiential cues (for example, interpretations of
humor and personal schema matches). In Study 2, a new sample (n = 100) evaluated AI responses deliberately
modified with spelling and grammatical errors. Accuracy dropped steeply in participants below chance (39.2%),
validating our conclusion in Study 1. Together, the results of these two studies reveal that people’s capacity to detect
human expression rests less on detecting genuine lived experience than on superficial linguistic cues that are easy
to manipulate.
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Introduction
Imagine it is your birthday today. Among the messages and notifications, one long, heartfelt letter from a close
friend, full of warmth, personal anecdotes, and a familiar turn of phrase, stood out. But incidentally, you discover
that it wasn't sent by your friend, after all: it had been written by an AI. Would that change how much you like the
letter? Would you react differently or refrain from replying altogether? Would it feel as genuine a relationship with
you as before? Just imagining this hypothetical scenario should have annoyed you, perhaps because the annoying
part is not just the deceit but something deeper—the expectation that some messages should be coming from a
human brain.

Nevertheless, as AI systems become increasingly adept at mimicking our communication, from a birthday message
to an election speech, this intuition becomes increasingly difficult to rely on. Large language models (LLMs) are
advanced AI systems designed to understand, process, and generate human-like text by analyzing vast datasets
using deep learning.1,2 The past decade has witnessed a dramatic acceleration in LLMs' ability to produce text that
is grammatically fluent, contextually coherent, and stylistically appealing and convincing.3,4

In  many  domains,  this  development  has  been  conspicuously  productive.  Many  hospitals  and  healthcare
organizations employ LLMs to draft and manage medical records, reducing the administrative burden on clinicians
to free time for patient care.5–8 In e-commerce, when an online customer has a question about an item, the LLM can
analyze the query and context to provide a relevant, accurate, and helpful response.9,10 In educational contexts,
educators can use LLMs to automate time-consuming tasks,  such as creating quizzes,  significantly enhancing
efficiency.11,12 LLMs function as private tutors for students,  providing tailored guidance,  instant feedback,  and
customized lesson plans, allowing them to learn at their own pace. They also support learners with diverse learning
abilities, democratizing educational content.13,14 Therefore, LLMs have improved efficiency and broadened access to
information across a myriad of domains. When the goal of individuals or institutions is to increase efficiency, expand
access, and adapt to users’ needs, the value of their output lies in its function, rendering the authorship of the
content largely irrelevant.
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However, in other contexts, the identity of the author does matter. A love letter has meaning from the writer’s
vulnerability. A eulogy has meaning from a real relationship between people informed by memory, affection and
loss. Even in education, when a student turns in an AI-written essay, what is lost is not just academic integrity,
but also the struggle through which understanding is actually achieved—the struggle of turning a half-known idea
into one’s own. Taking a step back, this authorship concern is not individual-level.  In public-facing domains,
including journalism, political communication, professional writing, and personal testimony, uncertainties about
authorship can impact  sources’  credibility  and accountability,  especially  when LLMs still  struggle  to  provide
accurate information.15,16 When readers cannot trust who is speaking anymore, suspicion will become the default,
destroying our collective capacity for reasoning about what is true. More importantly, failing to distinguish AI-
generated from human-authored texts will promote the use of such LLMs in written tasks with the efficiencies
mentioned. What is at stake, then, are not just facts but an authentic human voice: the irreducible trace of a person,
with particular experiences, writing at a certain moment.

Whether that trace is noticeable or not has become one of the most defining empirical questions of the field. Much
of the scientific work on human-AI discrimination descends from Turing’s defining question: Can a machine
produce the same responses as a human?17 That framing has triggered a large empirical legacy, including several
updated variants of the imitation game,18,19 studies on chatbot detection,20 and, more recently, experiments examining
whether humans can reliably detect LLM text.21–24 Together, this literature reveals that AI-generated content is
becoming harder to discern and that human discrimination accuracy is often only slightly above chance.

Yet much of this work focused on the outcome of detection, whether humans are successful at that outcome or not,
but not on the process by which humans arrive at their judgment. In other words, what cues are people using to
decide that a piece of text was written by a person and not an AI? Only very recently have some of these gaps
started to close. For example, Ippolito and the other researchers found that even editing an AI-written text on a
superficial  level  could entirely undermine detection,  insisting on surface features. 22 The number of similar or
replicated studies that decipher the cues that people use to judge and explain what contributed to accurate or
inaccurate detections remains very limited. 

Understanding how people make such decisions is essential in many ways. First, schools often assume that teachers
or students can “tell” when something is AI-generated. But if people rely on unreliable cues, they may falsely accuse
human writers or fail to recognize AI use. Second, it would unveil our biases about human expression. We would
understand what people associate with human and AI writing, revealing underlying social and political expectations
surrounding “humanness” in written texts. Uncovering how this could also change reveals how AI changes our
relationship to language itself. Finally, it could also contribute to the development of AI-detection tools.

These “cues” that individuals rely upon for making judgments about authorship are thus a critical construct,
constituting the notion of strategy. Specifically, throughout the study, a strategy is defined as the evaluative lens or
technique a participant employs to judge a text's authorship. Examples include, but are not limited to, attending to
grammatical imperfections, relying on emotional resonance, or drawing on beliefs about how AI systems typically
write (the distinct strategies are defined later in this work). These strategies are meant to capture people's mental
processes when deciding to attribute the authorship to the texts. To categorize the strategies, we relied on self-
reports, which were then sorted using a systematic, AI-assisted coding procedure applied to written justifications.
One challenge inherent in this approach is that self-reported strategies may not always align with the cognitive
processes that actually drove judgments, a distinction we are attentive to throughout.

Overall, this study aims to investigate whether humans can accurately distinguish AI-generated text from human-
written text and, critically, which cognitive strategies underlie those judgments. While prior work has established
that detection accuracy is often modest, the field has yet to systematically examine what evaluative cues people rely
upon, and whether those cues are genuinely diagnostic of authorship or merely superficially correlated with it. To
address this gap, the participants evaluated written responses to an inside joke prompt. After each judgment,
participants described their reasoning, allowing us to identify and test the predictive value of specific strategies. In
a follow-up study, we directly manipulated the most predictive strategy that participants reported relying upon to
conduct a causal test of their role in authorship detection. By doing so, we hope to shed light on the cognitive
mechanisms underlying an increasingly common judgment in everyday life: how readers decide whether a text
bears the mark of human authorship.

2



Methods

Stimulus Development
This research aimed to examine whether human evaluators could distinguish between responses generated by
humans and those generated by an LLM and the specific strategies they relied upon. Because no standardized
stimulus set exists for assessing “humanness” in open-ended language production,  all  stimuli  were developed
iteratively through a multi-phase process designed to reflect both human intuitions and AI strategies regarding
what constitutes convincingly human text.

We  began  the  stimulus  development  process  by  informing  three  widely  used  LLMs  (ChatGPT,  Gemini,  and
DeepSeek) about our investigation into how good humans are at detecting AI authorship. Because we want to give
humans the best chance, we asked the LLMs to tell us which scenarios they would find most difficult to “pass” as
humans.  All  three  LLMs  consistently  identified  two  such  scenarios:  childhood  memories  involving  sensory
experiences and inside jokes (see Appendix A). While the former is more intuitive in meaning, the latter requires a
more specific definition and clarification. Inside jokes are defined here, as they were defined for participants, as
humorous references that are understandable only to a small group of people due to shared context or experience.
This definition is consistent with prior work on conversational humor and shared mental models, as well as the
modern dictionary.25,26 Unlike general trivia or abstract opinion pieces, inside jokes require the author to draw on
genuinely idiosyncratic social memory, a specific group of people, a shared moment, and an emotional context that
cannot be easily fabricated from statistical patterns alone. The LLMs justified the consensus of the two scenarios by
pointing out that these prompts required access to personal experience, shared social context, and subjective sensory
memory. However, they neither have authentic experiences nor a group of friends like humans do. Consequently,
both domains are ecologically relevant and theoretically motivated as a test bed for authorship detection.

On the basis of informal testing, we found that the AI responses to childhood memory prompt significantly differed
from responses by human subjects, in terms of style and detail, whereas AI inside jokes were more plausible. Hence,
we decided to use the inside joke prompt because it is theoretically demanding but also empirically fair.

After selecting the inside-joke prompt, stimuli were generated from both humans and ChatGPT 4.0 to develop a
complete stimulus set. First, we asked ChatGPT 4.0 to produce 10 inside jokes, in order to convince humans that
they were written by humans, using the following prompt: 

“Your task here is to convince other people that you are a human and not an AI. To do that, we would like you to answer
a question about an inside joke you have with your friends. An inside joke is something humorous that only a small
group of people would understand, because they know the context. As you answer, keep in mind things or ways people
say things that AIs wouldn’t. There is no minimum or maximum word count. Please take your time and do your best
— there are no right or wrong answers.”

Question: Can you tell us an inside joke you have with your friends and what it means to you?

We then gave the same task to humans through a Qualtrics survey and asked them to provide an example of an
inside joke from their own lives (see Appendix B). We also asked our participants to describe their strategy for
convincing others of their human authorship. We analyzed these descriptions to identify common strategies.  To do
this, we entered all 51 subject responses to ChatGPT 4.0 and instructed the LLM to identify different strategies used
by the human respondents. This analysis identified six distinct strategies: 

(1) Authenticity: Using a sincere, genuine manner of expression when writing, recounting the reality naturally,
rather than deliberately crafted or optimized

(2) Avoiding AI  “tells”:  Using deliberate  stylistic  choices  to  avoid  features  commonly associated  with  AI-
generated text, such as overly formal language, generic phrasing, or rigid structure

(3) Conversation & informal tone: Using a casual, conversational, or spoken-like tone, such as slang, asides,
and rhetorical questions, when composing the response

(4) Embracing imperfection: Using intentional or uncorrected imperfections, such as typos, informal grammar,
abrupt phrasing, or uneven structure, to reflect natural human writing
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(5) Emotional appeal: Using expressions of emotion, humor, or affective language to make the response feel more
palpable and relatable

(6) Unique  and  personal  content:  Using  specific  personal  experiences,  idiosyncratic  details,  or  unique
perspectives to elevate the creativity of the responses

Subsequently, we asked the LLM to categorize each self-reported strategy using a binary (0/1) system for frequency
analysis. The two most endorsed strategies are appeal to authenticity (38%) and reliance on unique personal content
(22%). Given their majority, we prioritized responses in these categories when constructing the final stimulus set for
Study 1. We randomly selected five responses from each of these two categories and the ten AI-generated responses
produced  by  ChatGPT 4.0,  for  a  final  set  of  twenty  stimuli.  We  anonymized  all  responses.  Importantly,  no
grammatical errors were corrected at this stage; we only introduced minor formatting changes to make the texts
appropriate for subsequent testing.

Study 1

Participants
Participants (n = 101; 36 Male, 63 Female, 2 Non-binary/Other) were recruited online through Prolific and voluntarily
completed this study. All participants were fluent English speakers and writers. Among the participants, none were
under 18 or above 85 years old, 4.95% were between 18-24, 25.74% were between 25-34, 27.72% were between 35-44,
21.78% were between 45-54, 6.93% were between 55-64, 9.90% were between 65-74, and 2.97% were between 75-84.
Furthermore, 7.92% of the participants identified as Asian, 69.31% as European, 3.96% as Hispanic/Latino, 0.99% as
Pacific Islander, 4.95% as Mixed/Multiple Ethnicity, 7.92% as Other (with the majority being African American), and
4.95% preferred not to disclose. In terms of highest education level, 11.88% earned a secondary/high school diploma,
22.77% had some college/university experience (no degree), 35.64% earned a Bachelor’s degree, 19.80% earned a
Master’s degree, 3.96% earned a Doctorate/PhD, 4.95% reported Other, and 0.99% preferred not to disclose.

Procedures
Participants were given the definition of an inside joke and told that their task was to identify whether each of a
series of inside joke explanations was written by another person or by an LLM. Participants read each of the 20
jokes in random order. After each joke, participants indicated whether they believed the text was generated by a
human or by AI using a 7-point Likert-type scale ranging from -3 (definitely AI-generated) to +3 (definitely human-
generated), with 0 indicating uncertainty. Immediately following each assessment or rating, we asked participants
to provide a brief written justification explaining the features of the descriptions that led them to believe they were
written by a human or not. We encourage participants to take their time and respond thoughtfully.

Data Analytics Plan
The primary objective of Study 1 was to assess whether participants could reliably distinguish between human-
written and AI-generated responses, and whether participants were more accurate when relying on certain features.

By asking participants to rate each response on a 7-point Likert scale from “definitely AI-generated” (-3) to
“definitely human-written” (+3), we obtained two independent measures. First, ratings were averaged separately for
human and AI stimuli, yielding a single mean score per condition for each participant. Second, we obtained an
average score overall for each participant across the two conditions. Then, we recoded the ratings into binary
accuracy values based on the stimuli’s true source (human vs AI-generated). Correct directional judgments were
coded as 1 and incorrect judgments as 0 (“uncertain” or “0” was counted as incorrect). This approach ensured a
within-subject comparison while minimizing inter-individual differences in response bias.

Furthermore, we categorized the participants’ justifications or indications of strategies using an identical binary
(0/1) system to indicate presence or absence. Chat GPT 4.0 initially assigned binary values to the justifications. We
screened for categorizing errors by the LLM afterward, and based on the self-reports, we extended the strategy
categories to eight: 
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(1) Surface errors: Participants use spelling, grammar, punctuation, typos, inconsistent capitalization, or sloppy
mechanics as evidence that the text is human or AI

(2) Stylistic  voice: Participants  comment  on  the  sound  or  feel  of  the  writing  —  formality,  robotic  tone,
awkwardness, vibe, and unnaturalness

(3) Logical plausibility: Judging whether the scenario itself could realistically occur in the world
(4) Personal schema matching: Participants relate the story to their own experiences, people they know, or

behaviors they have seen
(5) Structural features: Judgments about length, organization, story arc, paragraphing, repetition, formatting, or

structural cues often associated with AI
(6) Emotional  cues: Participants  evaluate  tone,  warmth,  offensiveness,  compassion,  coldness,  or  emotional

resonance
(7) Humor diagnostics: Evaluating whether the joke works — funniness, comedic timing, dullness, punchline

logic
(8) Meta-inference: The participant uses their beliefs about how humans vs AI behave, rather than the text itself,

to judge authorship

Each response could receive multiple strategy codes. Specifically, the AI facilitated the coding based on contextual
interpretation rather than keyword matching, ensuring that strategies were identified according to their functional
role in participants’ reasoning. The resulting dataset consisted of binary strategy indicators paired with an accuracy
outcome for each judgment.

To assess the predictive value of strategy use on identification accuracy, we conducted a multivariate logistic
regression model with accuracy as the dependent variable and all strategy categories entered simultaneously as
independent predictors. Logistic regression was selected because it allows the evaluation of multiple categorical
predictors while modeling a binary outcome variable. We interpreted the regression coefficients in terms of log-
odds and converted them to odds ratios to allow direct evaluation of effect magnitude. Statistical significance of
individual predictors was assessed using Wald tests, with α set at .05. 

Finally, we evaluated the model performance using classification accuracy, receiver operating characteristic curves
(ROC), and area under the curve values (AUC). We used these metrics to assess the extent to which the collective
use of strategies improved the prediction of correct identification beyond chance.
Study 2

Participants
A new sample (n = 100; 36 Male, 61 Female, 2 Non-binary/Other, 1 prefer not to say) was recruited using the same
platform and eligibility criteria as in Study 1. No participant took part in both studies. All participants were fluent
English speakers and provided informed consent prior to participation. Among the participants, none were under
18 or above 85 years old, 6.00% were 18-24, 28.00% were 25-34, 29.00% were 35-44, 19.00% were 45-54, 8.00% were
55-64,  7.00% were 65-74,  and 3.00% were 75-84.  Moreover,  9.00% of the participants were Asian,  66.00% were
European, 5.00% were Hispanic/Latino, 2.00% were Pacific Islander, 6.00% were Mixed/Multiple Ethnicity, 1.00%
Middle East/North African, 7.00% as Other (the majority were Caucasian/African American), and 4.00% preferred
not to say.  Finally,  in terms of  education,  12.00% earned a secondary/high school  diploma,  24.00% had some
college/university experience (no degree), 38.00% earned a Bachelor’s degree, 18.00% earned a Master’s degree, 4.00%
earned a Doctorate/PhD, 3.00% reported Other, and 1.00% preferred not to disclose.

Materials
For this study, we also administered our investigation via Prolific and closely mirrored the structure used in Study
1. The critical difference lay in the stimulus set. Although we informed participants that they would evaluate
responses from both humans and AI, all 10 stimuli in this study were generated by ChatGPT 4.0. In Study 1, we
inadvertently duplicated two AI-generated stimuli. In Study 2, we replaced these stimuli with two new responses to
the inside-joke prompt. The content of the AI-generated responses remained the same as that of the original AI-
generated stimuli used in Study 1, except for stimuli 3 and 6, which were replaced with entirely distinct inside jokes
due to the replication.
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We modified the stimuli by instructing ChatGPT 4.0 to intentionally incorporate surface-level errors that human
evaluators in Study 1 reported relying on most when making authorship judgments.

“Your job is to convince other humans that you are a human. Last time, you provided us with some jokes that you think
will fool humans. Now, we have identified that humans use the surface errors of the text (e.g., spelling, grammar,
punctuation, typos, inconsistent capitalization, or sloppy mechanics errors) as a predictor to distinguish AI responses
from humans. Thus, can you modify these ten responses that you gave me before by applying some errors that match
the human predictors we identified?”

The  revised  responses  included  spelling  mistakes,  grammatical  slips,  inconsistent  capitalization,  punctuation
irregularities, and other minor mechanical deviations. Importantly, we preserved the narrative content and the
underlying structure of each response, such that differences between original and modified versions were limited to
surface-level linguistic features.

Procedures
The procedure for  Study 2  is  similar  to  that  of  Study 1.  After  obtaining informed consent,  we explained to
participants that they would evaluate short written responses and judge whether each was generated by a human
or an AI. Then, we presented the definition of an inside joke and the rating scale prior to the evaluation task.

We presented all ten stimuli in randomized order to each participant and asked them to rate the likely source of the
stimuli using the same 7-point Likert-type scale ranging from −3 (definitely AI-generated) to +3 (definitely human-
generated), with 0 indicating uncertainty. Following each rating, we required the participants to provide a brief
written justification explaining their judgment.

Before the end of the study, we did not inform the participants that all stimuli in this study were AI-generated, nor
did we inform them that these responses had been intentionally modified. This information was included in the
debriefing section, which explained the purpose of the study and the nature of the stimulus manipulation.

Data Analytics Plan
Unlike Study 1, which focused on strategy effectiveness, Study 2 focused on performance under a manipulated
condition based on the justification strategy that yielded the most consistent accuracy. Moreover, because all stimuli
in Study 2 were AI-generated, analyses focused on comparing participants’ ratings and accuracy scores against the
Study 1 AI-condition accuracy, rather than on within-study source discrimination. 

First,  we calculated  the  mean rating  across  all  Study 2  stimuli.  Second,  we  recoded  the  ratings  into  binary
accuracy values based on the true source (AI-generated). Correct identification of a response as AI-generated was
coded as 1, and incorrect identification as 0 (“uncertain” or “0” was coded as incorrect). Accuracy scores were
averaged across all stimuli for each participant.

To determine whether participants performed below chance in Study 2, we conducted a one-sample t-test comparing
Study 2 accuracy against 50% chance performance. To evaluate whether the manipulated AI responses shifted
participants’ judgments relative to baseline AI-generated responses, we compared participant-level mean ratings
and accuracy scores from Study 2 with the corresponding AI-condition scores from Study 1 using independent-
samples t-tests. Because Study 1 and Study 2 used independent participant samples, this approach treated the two
studies as separate groups. Collectively, this dual approach allowed us to test whether the stimuli with surface errors
purposely embedded altered participants’ accuracy relative to chance and their judgments relative to baseline AI
evaluations.

Results and Discussion

Study 1
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We were interested in whether humans could tell whether the responses to the inside joke prompts were produced
by a human or AI. To do this, we examined participants’ ratings of each inside joke (the rating from the 7-point
scale. As seen in Figure 1, participants rated human-created inside jokes as being more likely to be written by a
human (M = 0.254, SD = 1.05) and rated AI-generated jokes as more likely to have been written by an AI (M = -0.438,
SD = 1.09), t(100) = 4.34, p < .001, Cohen’s d = 0.43. 

Figure 1. Mean authorship ratings for human-written and AI-generated inside joke responses in Study
1. Participants rated human-written responses as significantly more human-authored than AI-generated
responses.  Although the  average  ratings  were  relatively  close  to  the  scale  midpoint,  they  differed
significantly by the responses’ true source, t(100) = 4.34, p < .001, d = 0.43.

*Note: Error bars represent standard errors.

To assess participants’ overall accuracy, we recoded each rating as correct if the subject gave a positive rating to
any human-generated response or a negative rating to any AI-generated response, and incorrect if the subject gave
a negative rating to any human-generated response or a positive rating to any AI-generated response. Ratings of 0
were considered incorrect, as this neutrality suggests that the subject cannot make a clear distinction. Participants
performed only slightly above chance at discriminating human from AI jokes (M = 51.1%), but this difference was
not statistically significant, t(100) = 0.581, p = .562, d = 0.06 (Figure 2). Participants more accurately identified human-
written jokes as human (M = 52.0%, SD = 0.230) than they identified AI-generated jokes as AI (M = 50.0%, SD = 0.258).

Figure 2. Classification accuracy in Study 1 compared with chance performance. Overall classification
accuracy was 51.1%, which did not differ significantly from the 50% chance level. Participants were
slightly more accurate at identifying human-written responses as human (52.0)% than at identifying AI-
generated responses as AI (50.0%).

Next, we examined the strategies participants reported using to discriminate between human and AI-generated
responses. We coded each participant’s justification for the presence or absence of eight strategies consistently
reported by participants  (see  above).  To examine whether  some strategies  were more useful  than others  for
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discriminating authorship, we fitted a multivariate logistic regression model with all strategy categories entered
simultaneously as predictors of accuracy.  

The overall model was statistically significant, χ²(8) = 66.745, p < .001, indicating that these strategies collectively
predicted identification accuracy. However, several strategies emerged as especially good predictors of accuracy.
According to Table 1 and Figure 3, when participants noticed surface-level errors (i.e., misspellings, ungrammatical
sentences), they were significantly better at discriminating human- from AI-generated content (OR = 2.57, 95% CI
[1.85, 3.56]). Likewise, participants were better when they attended to the structural features of the jokes (i.e.,
judgments about length, organization; OR = 2.21, 95% CI [1.44, 3.40]), relied on meta-inference about AI behavior
(using personal beliefs about how humans vs AI behave; OR = 2.30, 95% CI [1.12, 4.75]), or focused on the emotional
cues (evaluating tone, feeling, and/or emotional resonance the response transmits; OR = 1.96, 95% CI [1.07, 3.57]).
In  contrast,  strategies  involving  stylistic  voice,  personal  schema  matching,  humor  diagnostics,  and  logical
plausibility did not significantly predict accuracy when controlling for other strategies (Table 1 and Figure 3).

Table 1. Logistic  regression predicting accuracy from strategy use.  When all  eight strategies were
compared simultaneously, surface errors, structural features, meta-inference, and emotional cues were
significant  predictors  of  judgment  accuracy.  Surface  errors  produced  the  largest  estimated  effect,
increasing the odds of an accurate judgment by approximately 2.57 times, with p < .001.

*Note: Cues = Emotional cues; Diagnostics = Humor Diagnostics; Errors = Surface errors; Structure = Structural
features; Inference = Meta-inference; Plausibility = Logical plausibility; Schema = Personal schema matching; Voice
= Stylistic voice

Figure 3. Odds ratios from the logistic regression predicting judgment accuracy from reported strategy
use. Attention surface errors, meta-inference, structural features, and emotional cues were associated
with significantly greater odds of an accurate authorship judgment. Contrarily, the confidence intervals
for logical plausibility, stylistic voice, humor diagnostics, and personal schema matching crossed an odds
ratio of 1, indicating no significant predictive effect.
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*Note:  Error bars represent 95% confidence intervals.  The vertical  dashed line indicates OR = 1,  meaning no
predictive effect.

To assess whether the eight strategy predictors were excessively collinear, variance inflation factors (VIF) were
calculated for the predictor matrix used in the logistic regression model. As seen in Table 2, all VIF values were
close to 1 and well below the commonly used threshold of 5, indicating that multicollinearity was not a concern.
Therefore, all eight strategy predictors were retained as separate variables in the model.

Table 2. Variance inflation factors across eight strategies. The VIF ranged from 1.01 to 1.02 across all
eight strategy predictors. These values indicate negligible multicollinearity and support retaining the

strategies as separate predictors in the regression model.

Finally, we calculated the receiver ROC and AUC to evaluate the overall predictive performance of the logistic
regression  model.  The  model  produced  an  AUC of  0.602,  indicating  that  the  strategy  predictors  collectively
discriminated accurate from inaccurate judgments above chance, although the model’s collective predictive strength
was modest (Figure 4).
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Figure 4. ROC curve for the logistic regression model predicting judgment accuracy from reported
strategy use. The logistic regression model produced an AUC of 0.602, indicating that the combined
strategy predictors distinguished accurate from inaccurate judgments better than chance, although the
model’s overall discriminative performance was modest.

For  Study  1,  we  investigated  how accurately  individuals  can  distinguish  between  human-  and  AI-generated
responses in a context designed to highlight uniquely human experiences — inside jokes. Though participants
nominally  performed  above  chance,  the  difference  was  not  statistically  significant  (Figure  2).  Interestingly,
participants were more successful at identifying human-authored responses than AI-generated ones (Figure 2).

One possible explanation is that participants demonstrated a slight response bias toward labeling responses as
human-authored. Because human communication is the default form of interaction in everyday life, participants
may have been more inclined to assume that ambiguous responses were written by humans rather than AI. This
subtle,  though  significant,  difference  may  also  be  explained  by  participants'  greater  familiarity  with  human
communication patterns due to lifelong exposure to human-authored language, which may make minor cues of
human writing speak to their instincts and gut more readily and be slightly easier to recognize than indicators of
AI-generated text.

Indeed, analysis of participants’ reported strategies not only supports this explanation but also provides further
insight into the mechanisms underlying these judgments. Several strategies did, indeed, matter, including attention
to surface errors, structural features of the response, emotion cues, and meta-inference about how AI computers
were likely to respond (Table 1). In contrast, strategies unique to human experience, such as humor interpretation,
personal schema matching (which we expected, given that participants reported having used them in stimulus
design), did not reliably predict accuracy. In this ironic dependence on simple, heuristic, superficial cues, therefore,
we saw something noteworthy—that if human judgments are ambiguous, people may default to readily available
cues rather than to more painstaking considerations about meaning or even about experience authenticity, in
keeping with cognitive load theory.27

Among the strategies, the predictive power of surface error is particularly strong. Participants interpreted (e.g.)
grammatical errors, spelling mistakes, and informal slips as signs of human authorship. This insight implies our
current schema for human and AI writing: as humans naturally make capitalization, subject-verb and spelling errors
in spontaneous communication, human answers are viewed as “imperfect,” but AI answers try to minimize such
errors, and “perfectly” follow the grammar rules. This schema was probably the template for the judging heuristic.
Moreover, grammatical and spelling errors are highly salient and, importantly, strongly ambiguous features, so that
participants can easily and confidently make judgments about them in contrast to, say, humor or coherence. But
signaling asymmetry complicates the confidence: their presence strongly signals human authorship,  but their
absence does not. Yet, even so, because they are informative when present, they retained predictive power.
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Structural features also significantly predicted classification accuracy, demonstrating participants’ reliance on easily
observable aspects of text when judging authorship and schemas for AI-generated text.  Organization, coherence,
and formatting are highly salient and cognitively low-effort to evaluate, so they are just as useful as heuristic cues
under low-certainty conditions. Obvious, “perfect” schema for AI-generated text hypothesized earlier, participants
may have perceived a good, logical answer as too rigid and perfect, especially in the trivial work like the one at
hand, as opposed to formal essay writing. This way, structural features capture genuine, albeit subtle, differences
between human- and AI-generated text. The greater variability of human language across contexts allows structural
cues to serve as imperfect but partially valid indicators of authorship, sufficient to elevate accuracy slightly above
chance.

Together,  these  findings  suggest  that  easily  observable  imperfections  and writing structure  are  conducive  to
distinguishing human and AI authorship due to their high signal-to-noise ratio compared to deeper cues that tend
to be more subjective (e.g., humor, meaning, experience). Though insignificant, the reliance on such superficial cues
was sufficient to garner judgment accuracy above chance. 

Besides the seemingly superficial strategies, other important findings include the meta-inference and emotional
cues (Table 1). Participants who relied on the former often justified their judgments by reasoning about what LLMs
“would” or “would not” produce. For example, some responses were classified based on beliefs that LLMs would not
produce any offensive content and, thus, any inside joke including potentially controversial information would be
human. To a certain extent, this finding validates the speculated schema of AI — that they are “perfect” and rigid —
implying that our understanding of the current LLMs is somewhat accurate. Thus, when judging authorship, relying
on stereotypes about AI writing rather than solely evaluating the appearance or the content of the responses could
also aid discrimination. Similarly, emotional cues also significantly predicted classification accuracy, although their
effect was weaker than that of the three aforementioned strategies. This may be because, although LLMs can
generate emotionally expressive language, such expressions often appear more standardized or formulaic, allowing
subtle differences in perceived emotional authenticity to serve as cues for judgment.

Nevertheless, despite their statistical significance, it is worth speculating why meta-inference and emotional cues
were weaker predictors than surface errors and structural features, albeit rooted deeper in the context of the
response (Table 1). Judgments based on a further inferred step, in this case, postulating AI behavior and emotional
tones, may also be influenced by subjective interpretation. Such inductions require participants to consciously or
subconsciously interpret and construct meaning, which is highly susceptible to personal experiences and emotions,
deviating from the objective indicators of authorship. They could have projected their personal knowledge beyond
what the text allows, potentially overanalyzing and overinterpreting, which often leads to greater hesitation. On
the other hand, despite superficial, surface errors, structural features are objective cues that are less vulnerable to
cultural, personal, or social differences. As a result, while meta-inference and emotional cues may contribute to
perceptions of “humanness,” their predictive power remains weaker compared to more salient, consistent, and
objective features.

Together, these findings suggest that humans may not detect AI-generated content by identifying authentic markers
of human experience. By contrast, they rely on surface-level linguistic cues and assumptions about AI behavior —
heuristics that are reasonably strong predictors of accuracy in this study. However, because these cues are not
inherently tied to authorship and instead reflect superficial features of the text, they may be unstable, in that they
can be easily manipulated without altering the underlying source or content. 

Consequently, we wondered whether manipulating these surface-level cues would impair individuals’ ability to
accurately classify authorship. If such cues serve as the basis for judgment, then altering them should reduce
discrimination accuracy. Observing such a decrease would further increase the confidence that individuals rely on
these heuristics rather than on stable, contextual indicators of authorship. Thus, we designed Study 2, which directly
tested whether altering surface-level writing features could hinder human detection of AI-generated text.

Study 2

For this study, we examined whether intentionally inserting surface errors, the strongest predictor of accuracy in
Study 1, would undermine participants’ ability to discriminate AI-generated from human-written responses. To
examine whether the manipulation shifted perceived authorship, we first calculated the average rating across all 10
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AI-generated responses (M = 0.161,  SD = 1.10). As displayed in Figure 5, participants rated the manipulated AI
responses as more human-authored than the unmodified AI responses in the Study 1 condition, as indicated by an
independent-samples t-test,  t(199) = 3.88, p < .001, d = .55. 

Similarly, we calculated participants’ overall accuracy by first recoding each rating as correct if the participant gave
a negative rating to the AI-generated responses and incorrect if the participant selected a positive rating to the 10
responses; ratings of 0 were also considered incorrect. As seen in Figure 6, participants’ accuracy in Study 2 was
significantly below chance (M = 39.2%;  SD = 0.235),  as  confirmed by a one-sample t-test  against  50% chance
performance, t(99) = -4.59, p < .001, d = -0.46. Participants’ accuracy in Study 2 was lower than their accuracy for
AI-generated responses in Study 1, as indicated by an independent-samples test, t(199) = -3.10, p = .002, d = -0.44.

Figure 5. Mean authorship ratings across Study 1 and Study 2 stimuli. Participants rated the manipulated
AI responses in Study 2 as significantly more human-authored than the unmodified AI responses in Study
1, t(199) = 3.88, p < .001, d = 0.55. The mean rating for manipulated AI responses also shifted to the human-
authored side of the rating scale. 

*Note: Error bars represent standard errors. Positive ratings indicate judgments toward human authorship, whereas
negative ratings indicate judgments toward AI authorship.

Figure 6. Accuracy for unmodified AI responses in Study 1 compared with manipulated AI responses in
Study 2.  Accuracy declined from chance level for unmodified AI responses in Study 1 to 39.2% for
manipulated AI responses in Study 2. Study 2 accuracy was significantly below chance and significantly
lower than accuracy for  the  unmodified AI  responses,  showing that  the  addition of  surface  errors
increased misclassification of AI text as human-written.
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In Study 2, we examined whether the surface-level errors, the best predictors from Study 1, truly play a causal role
in human judgments of authorship. To test this possibility, AI-generated responses were deliberately modified to
include minor spelling mistakes and grammatical irregularities that resemble those commonly produced by human
writers. If participants heavily relied on surface heuristics when making authorship judgments, increasing such
imperfection should weaken their ability to recognize AI-generated responses.

These results very much corroborated this prediction: Participants’ accuracy dropped dramatically below chance
and frequently mistook AI-generated responses for human-written texts (Figure 6). These results further support
our belief that mistakes are signs of “humanness” to us, and that readers mostly depend on this “shallow” linguistic
information when identifying a text as authored by a human being. Yet, this result also indicates that the cues
participants were relying upon in Study 1 were not valid cues of authorship but indicators that can be easily
deceived. Crucially, the experiential authenticity of the AI responses was not manipulated in this study; the content
underlying the responses was the same as in Study 1. Yet, these linguistic mistakes served to markedly disadvantage
participants’ ability to identify the authorship, suggesting a potential heuristic hierarchy in authorship judgments.

Conclusion
Altogether, across our two studies, we investigated the features humans are using to determine whether they are
reading a response generated by a human or an AI. Our results of Studies 1 and 2 indicate that human judgments
about authorship involve less than detecting genuine indicators of human experience and more about surface-level
traits of writing. While they might turn out to be right, they are very subject to manipulation, giving a coherent
picture: people can tell humans and AI apart, but not for the reasons we would expect, not in ways that remain true
if those surface-level signals are deliberately removed. 

A notable strength of this study is its ecological validity. Rather than relying on decontextualized text snippets or
artificial prompts, we asked participants to evaluate responses to a prompt that is inherently grounded in real social
experience, reinforced by a preliminary phase of stimulus development. By selecting a stimulus that demands
personal experience — exactly what LLMs lack — we gave participants their best possible chance of both proving
their “humanness” and detecting AI authorship. The fact that they nonetheless fell back on susceptible cues and low
accuracy makes the finding even more striking. Furthermore, by extending the work across two studies — one
observational, one experimental — we were able to move beyond mere description of strategy use toward a causal
account of how those strategies shape detection accuracy.

That said, there are several limitations of the current work that deserve acknowledgment and point to potential
directions for future research. First, by prioritizing ecological validity, we inevitably traded experimental control.
We  did  not  fully  control  the  responses  in  either  study.  The  instructions  offered  considerable  flexibility  for
interpretation and execution, which manifested in responses of various forms, lengths, and contents. All features of
the responses, regardless of human or AI, were maintained. Even in Study 2, the surface errors that we asked
ChatGPT 4.0 to purposely commit were determined by the LLM itself. This form of experimental manipulation
lacked standardization.  The type,  frequency,  and salience  of  the  features  were  not  systematically  controlled.
Therefore, though causality was implied, this limits the causal specificity; the spectrum of surface errors influenced
human perception of authorship, but it is unclear which imperfection specifically. Future research could further
clarify the causality by manipulating the features or the nature of the stimuli. 

Another noteworthy limitation is that the strategy categories derived from participants’ self-reports were developed
iteratively and may not fully reflect the evaluative heuristics participants used. They are, therefore, somewhat
arbitrary and reductionistic, as, realistically, cognitive processes do not map cleanly onto one strategic taxonomy.
Most notably, some responses were ambiguous, qualifying for multiple categories. This made categorization even
more difficult, and decisions had to be made based on our subjective judgments. Future work can build categories
with a larger number of raters to provide more confidence in the categorization and validity, and highlight nuances
that we may well have missed in developing our coding strategies independently.

Finally,  this  research was done entirely in written English,  which limits the generalizability of  the results  in
important ways. The diagnostic power of surface errors as a cue for human authorship may be specific to languages
and writing systems where spelling errors and informal cues are meaningful. For example, in a logographic writing
system such as Mandarin Chinese, the concept of a 'spelling error' has no obvious equivalent because characters are
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not put together out of phonemic units in the same way. In this sense, the predictive strategies and the schema
associating imperfection with human authenticity may therefore be constrained to certain cultures with phonemic
writing systems. 

We also focused exclusively on written text, when human communication and expression extend beyond words on
a screen. Spoken communication introduces an entirely different set of signals — tonal variation, pacing, hesitation,
nonverbal cues, and the spontaneous disfluencies of real-time speech — that may be far more difficult for AI to
replicate convincingly, or conversely, may reveal new vulnerabilities in human detection that the written channel
does not expose. Extending research across a wider range of linguistic systems and modes of communication would
be a valuable next step in clarifying the remaining gap between human cognition and AI.

Finally, we are aware that the choice of the inside joke prompt concerns the social position of the evaluator in
relation to the inside joke stimuli. Although inside jokes were selected because they are theoretically grounded in
shared experience and idiosyncratic social memory, the participants judging these responses were not members of
the social groups from which the jokes originated. So, they could evaluate only the perceived genuineness of the
writing, and were guided towards surface cues; deeper experiential cues were not fully available to participants in
this study. Future work might consider using responses from friends, classmates, and others who know the author
to reduce this gap in information.

As AI-generated text becomes ubiquitous in academic, professional, and personal life, from student papers to job
applications to letters of condolence, being able to reliably discern human or machine authorship has real stakes.
Errors in this assessment may force people to lose faith in authentic expression, have faith in artificially authored
text, or incorrectly attribute intent in ways that structure decisions, relationships, and institutions.

These  results  have  practical  implications  for  the  design of  AI  detection technologies  and training  for  media
competence. If people tend to depend on surface biases that are trivially broken by instructing an AI to add typos,
then detection-based approaches to authorship verification might only have a short shelf life. And as LLMs become
increasingly able to reproduce the full  stylistic texture of  human writing,  including the styling mistakes,  the
authenticity vs. artificialness gap might close to a point where it becomes functionally difficult to tell them apart.
This matters in any context where authorship verification is pertinent: academic assessments, journalism, lawyerly
communication, personal testimony evaluation, and so on. Thus, the implication is not just that better detection
tools are needed, but that institutions may have to rethink what it means to verify authenticity in the first place,
going from a surface-level inspection to detecting the conditions in which a text was generated, rather than the text
itself.

This brings us back to our intuition we set out with—that some expressions feel meaningful because they arise from
a human mind. A birthday letter, a eulogy, or an inside joke seems to have value in what was actually said, but in
the prediction that it was lived, felt, and remembered.  But the present findings subtly complicate this intuition.
Across  both  studies,  participants  did  not  reliably  identify  authentic  human  expression  through  its  depth  of
experience  or  contextual  richness.  Instead,  they  relied  on  something  much  simpler:  imperfection.  Errors,
irregularities, and departures from “polished” language were seen as tokens of being human, not because they
represent meaning, but because they signal human limitations.

To this end, “to err is human” is not just a motto but a sort of schema that causes people to recognize that as
authentic. But Study 2 shows the fallibility of that schema. And in that trial, if AI output was purposefully sprayed
with the very same mark of imperfection, participants automatically saw it as human. What seems to be a sign of
genuine experience is, in reality, a superficial feature, potentially easy to imitate. If error is what we think of as
human, then simulating error is simulating humanness.

It does not just imply that AI can ape human writing, but that our criteria for identifying the human might be more
superficial than we think. As artificial systems become better and better at replicating not just fluent language but
also the "faults" we associate with human thought, the divide between human and machine might not disappear,
but it might become perceptually indistinct. What is challenged then is not only our ability to recognize AI but also
the stability of the idea that to err is human.
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Appendices

Appendix A

We were interested in finding a prompt that AI would have difficulty responding to. In order to generate a prompt,
we asked the AI to self-identify some via the following prompt:

Hello! How are you? I am conducting a study to investigate whether humans can convince another participant that they
are human, with the participant believing that they have an equal chance to be talking to an AI or a human. We're
thinking of prompts for this conversation.  What are some prompts that you think as an AI would struggle with
answering, while humans probably don't?

All  AI  (ChatGPT  4.0,  Gemini  2.5,  and  DeepSeek)  indicated  that  questions  regarding  inside  jokes  would  be
challenging for them to generate a compelling and convincing response to, as they can “simulate answers to many
of these, but humans will provide answers rooted in experience, physicality, and fallibility” (from the AI).

Appendix B

Survey Extract (Prompted):
Please read the instructions below carefully.
*Note: when we refer to AIs, we are referring to generative AI models like ChatGPT, DeepSeek, and Gemini*
In the age of technology, AIs have become more prevalent in contemporary society. Many people are concerned about
whether we can identify AI-generated and authentic human responses for various reasons, such as academic honesty. At
the same time, due to the rapid advancement of AI, it is becoming harder to distinguish between those responses.
AIs are really good at convincing us that they are humans. That said, we wanted to see if we are good—or even better—
at convincing humans that we are humans.
Your task here is to convince other people that you are a human and not an AI. To do that, we would like you to answer
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a question about an inside joke you have with your friends. An inside joke is something humorous that only a small
group of people would understand, because they know the context. As you are answering, keep in mind things or ways
people say things that AIs wouldn't. There is no minimum or maximum word count. Please take your time and do your
best—there are no right or wrong answers.

In this research, we are interested in understanding the inside joke and its context. Therefore, we really hope that you
can take a few minutes to write a paragraph or two—that would really help us understand the full story of it through
the details.

To provide ample time, you will not be able to move on to the next page in the first three minutes. Once the time has
elapsed, a "next" button will appear on your screen.

Can you tell us an inside joke you have with your friends and what it means to you?  (Please wait 3 minutes before
continuing).

When you were trying to act like a human and not an AI, what were your strategies?  (Please wait 60 seconds before
continuing).

Survey Extract (Not prompted):
Please read the instructions below carefully.
We are interested in the kind of inside jokes that people have with their friends. An inside joke is something  humorous
that only a small group of people would understand, as they know its context. Therefore, we will ask you to answer a
question regarding an inside joke between you and your friends.
We want you to spend a few minutes describing an inside joke of your choice. There is no minimum or maximum word
count. Please take your time and do your best—there are no right or wrong answers.

In this research, we are interested in understanding the inside joke and its context. Therefore, we really hope that you
can take a few minutes to write a paragraph or two—that would really help us understand the full story of it through
the details.
To provide ample time, you will not be able to move on to the next page in the first three minutes. Once the time has
elapsed, a "next" button will appear on your screen.

Can you tell us an inside joke you have with your friends and what it means to you?   (Please wait 3 minutes before
continuing).

Why did you pick this joke? How easy or hard was it to recall the details?
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