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Abstract
With the increased availability of LLMs, internet users can increas-
ingly encounter informational content generated by AI. In an initial
online study (𝑁 = 101), we investigate whether people sponta-
neously categorize content as being AI- or human-authored using
the ‘Who Said What?’ paradigm. Participant response data are
analyzed with a multinomial processing tree model to accurately
estimate the latent category salience parameter while controlling
for confounded cognitive processes. We find poor recall of the AI-
vs. human-generated categories and derive steps for a follow-up
study.
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1 Introduction
In recent years, the landscape of online information has changed
significantly: Apart from ‘traditional’ human-curated sources of
information—such as forums, online encyclopedias, or news outlets—
users now also encounter AI-generated information, e.g., as chatbot
responses or automated search summaries. In a recent US-American
sample, 64% of respondents indicated that they still use search en-
gines for informational searches while 17% consult AI-chatbots,
with the latter percentage reaching 24% among the Gen Z respon-
dents subgroup [2].
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In this research project, we are interested in how internet users
handle this change, particularly, whether they spontaneously cate-
gorize information they encounter online as AI- vs. human-authored
content. To investigate this question, we conducted an initial em-
pirical online study and adapt methods from cognitive psychology,
particularly the fields of social categorization and source monitor-
ing.

2 Related Work
With the increasing prevalence of content by generative AI models
which effectively emulate human language, several studies have
investigated how people perceive and evaluate this content: In gen-
eral, people are fallible in telling apart human- from AI-authored
texts [3–5, 15, 19]. When content is perceived as having been gen-
erated by, or assisted by AI, however, this can lead to reduced
preferences, lower perceived merit, less trust, and more adverse de-
cisions across several domains [1, 6, 9, 15, 16]. In other words, when
prompted—as is usually the case in these studies—people seem to
use information about AI vs. human authorship as a relevant cue
to adjust their evaluations. In everyday situations, however, they
are not usually charged with scrutinizing some piece of content
to deduct the nature of its author, asked to explicitly rank directly
comparable human- and AI-authored works against each other,
or otherwise explicitly pointed to this dichotomy which can then
inform further judgements and decisions. In this research, we thus
take one step back to ask:

Do people spontaneously categorize informational content they
encounter online as AI- or human-authored, and, if so, how strong
is this categorization? In other words, we are interested in how
salient the AI- vs. human-authored categories are. Drawing upon a
well-established method from social-cognitive psychology, we op-
erationalize category salience using the ‘Who Said What?’ source
monitoring paradigm: This paradigm was originally introduced
by Taylor et al. [18] and has been successfully applied to establish
whether people spontaneously categorize sources along specific at-
tributes, e.g., gender or age. In the ‘Who SaidWhat?’ paradigm, peo-
ple are presented with a series of statements and multiple sources—
for the purpose of our study, online informational websites—which
each belong to one of two categories— in our case, websites with AI-
authored content (e.g. LLM-based chatbots like ChatGPT) or with
human-authored content (e.g. online encyclopedias like Wikipedia).
If this categorization is salient to the observer, it will be encoded
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in memory in addition to the specific source/website. Therefore,
if people are then asked which website a specific statement orig-
inated from, even if they do not remember the specific website,
they may still recall its category. Subsequently, having recalled
the category and trying to reconstruct the specific source web-
site, they will then only guess from within the subset of websites
that belong to the same category. For example, if they encoun-
tered the statement ‘Volleyball was invented in Massachusetts’ on
ChatGPT.com, they might not remember that it came from Chat-
GPT, but still know that it was AI-authored. Thus, they would only
consider AI-authored websites as a response: They might still cor-
rectly guess ChatGPT by chance, or they will respond with another
AI-authored website, e.g., Gemini, but the additional information
they encoded and recalled, i.e., AI-authorship, would prevent them
from guessing out-of-category, so they would not respond with,
e.g., Wikipedia or another human-authored website. Consequently,
the more salient the AI- vs. human-authored category distinction
is, the more within-category guessing errors would be made in
comparison to out-of-category guessing errors.

To clearly isolate the latent cognitive process of interest, i.e.,
category memory as an operationalization of category salience,
we follow an extension of the ‘Who Said What?’ paradigm intro-
duced by Klauer and Wegener [8]. This extension uses multinomial
processing tree (MPT) modeling (see [17] for a recent overview)
to disentangle the cognitive processes underlying participants’ re-
sponse frequencies, i.e, processes of item discrimination, source
discrimination, category discrimination and guessing. Figure 1 illus-
trates how model parameters 𝐷 (probability that an old statement
is detected as old or a new statement as new), 𝑐𝐴𝐼 and 𝑐ℎ𝑢𝑚𝑎𝑛

(conditional probability that a specific website is remembered as a
statement’s source, for AI- and human-authored sources, respec-
tively), 𝑑𝐴𝐼 and 𝑑ℎ𝑢𝑚𝑎𝑛 (conditional probability that a website’s
category, AI- or human-authored, is remembered), 𝑏 (conditional
probability that a statement is guessed to be old), and 𝑎 (conditional
probability that a statement is guessed to stem from a website with
AI-authored content) are related to responses in the ‘Who Said
What?’ paradigm. As can be seen in the figure, this disentangle-
ment is necessary because different cognitive processes can lead to
the same response: Consider the example above, in which a partic-
ipant is asked on which website they encountered the statement
‘Volleyball was invented in Massachusetts’ which was originally
presented on ChatGPT.com, and they respond with ‘Gemini’, thus
committing a within-category guessing error. This response could
have been given because the participant correctly remembered that
they encountered the statement before, but did not remember that
it came from ChatGPT. However, they did remember that the web-
site the statement came from was AI-authored, and thus guessed
from the subset of AI-authored websites, which led to the response
‘Gemini’. This would correspons to the third branch from the top
in the first tree of Figure 1. However, the same response could have
also been given because the participant did not remember that
they had seen the statement before, but guessed that it was old,
and then guessed Gemini as an AI-authored website, which would
correspond to the third branch from the bottom in the first tree
of Figure 1. Note that in both cases, the response category is the
same, but category memory, reflected by the 𝑑𝐴𝐼 parameter, is only
involved in the first one. For our research question, we thus focus

on the 𝑑 parameters derived from fitting the MPT model as pure,
uncontaminated measures of category memory.

3 Method
To assess whether people spontaneously categorize online content
as being AI- vs. human-authored, we conducted an initial online
study. 𝑁 = 101 participants with German as a first language aged
18–50 (𝑀 = 31, 𝑆𝐷 = 7.15) were recruited via the Prolific plat-
form [14]. Out of these, 87 resided in Germany, 8 in Austria, and 6
in Switzerland. 53 identified their gender as female, 43 as male, 1 as
non-binary, and 4 preferred not to say. For a graphical summary
of the study procedure, which followed the adapted version of the
‘Who Said What?’ paradigm [8, 18], see Figure 2. After they had
consented to participate, participants were told to imagine prepar-
ing for a pub quiz by researching information on different websites
online as a cover story. They were then provided with short de-
scriptions of six websites. Unbeknownst to the participants, we had
selected these websites based on a pilot study, so that three of them
were assumed to feature AI-authored and the other three to feature
human-authored content. Having read the website descriptions,
participants then entered the main part of the experiment: In an
encoding phase, they were then shown 84 trivia statements. Each
statement was presented in the context of a simplified screenshots
of one of six websites allocated in a randomized manner for each
participant. Trivia statements were German-language and adapted
from truth effect items taken from Nadarevic and Erdfelder [11]
and Nadarevic et al. [12]. They were selected to be as ambiguous in
truth value as possible, so that most participants could be expected
to be uncertain about whether a statement was true or false. After
a filler task, participants then completed a previously unannounced
source monitoring test. In line with the Klauer and Wegener [8]
adaptation to allow for MPT-analysis, this test included the 84 state-
ments from the encoding phase plus 42 new statements. For each
statement, participants were asked whether it was new, or, if they
assumed to have seen it before, which website it had appeared
on. We further assessed individual attitude measures as well as
additional questions about how the websites and statements were
perceived as well as demographic questions about the participants.

4 Results
All MPTmodels were fitted using multiTree [10] with 500 bootstrap
samples. Response frequencies were aggregated across participants.

Maximum-likelihood (ML) estimates for all MPT parameters are
depicted in Table 1. The main parameters of interest are the cate-
gory discrimination parameters, i.e., the respective probabilities to
recall either the AI-authored category, 𝑑𝐴𝐼 , or the human-authored
category, 𝑑ℎ𝑢𝑚𝑎𝑛 . Here, both aspects of category discrimination
are small: 𝑑𝐴𝐼 is not significantly different from 0 as demonstrated
by a 𝐺2 model comparison test, Δ𝐺2 (1) = 0.00, 𝑝 = .59. While
𝑑𝐻𝑢𝑚𝑎𝑛 is significantly larger than 0, Δ𝐺2 (1) = 6.03, 𝑝 < .05, its
ML estimate is descriptively small as well with 𝑑ℎ𝑢𝑚𝑎𝑛 = 0.12.

5 Discussion
While prior research explicitly asked people to attempt to differ-
entiate between and evaluate AI- vs. human-authored content, we
wanted to find out if this distinction is salient enough for internet
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Figure 1: Multinomial processing tree model for the ‘Who Said What?’ paradigm with AI- vs. human-authored sources. Each
branch indicates a possible cognitive process sequence with parameters representing conditional probabilities of process
outcomes.

users to apply it even when unprompted. For this, we adapted the
‘Who SaidWhat?’ paradigm to assess category salience: In an online
study, we showed participants several informational statements
attributed to websites with either AI- or human-authored content.
Our results indicate that participants rarely retrieved the AI- vs.
human-authored categorization to a high extent, with the relevant𝑑
parameter estimate being equivalent to zero in case of AI-authored,
and descriptively low in case of human-authored websites. Despite
the changes in the online information landscape in which AI- and
human-authored content now both occur frequently, people have
not adapted to this by paying attention to the distinction, or do not
deem it sufficiently relevant.

Resulting from the unprompting nature of our experiment and
our waiver of explicit learning instructions to address spontaneous
processes of categorization in source monitoring, it is important
to note a limitation: While participants evidently paid attention
to the presented statements—as evidenced by the good memory
performance in this regard, i.e., the high value of the item discrimi-
nation parameter 𝐷— not only was category discrimination 𝑑 poor,
but also the memory for the specific websites as reflected in low
values of the 𝑐 parameters of source discrimination. Accordingly,
the rather poor category discrimination might also have resulted
from people not having paid attention to sources in the first place.
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Figure 2: Procedure of the Online Experiment.

parameter estimate (SE)

label meaning

𝐷 item discrimination 0.79(0.01)
𝑐𝐴𝐼 source discrimination for AI-authored websites 0.01(0.01)
𝑐ℎ𝑢𝑚𝑎𝑛 source discrimination for human-authored websites 0.05(0.01)
𝑑𝐴𝐼 category discrimination for AI-authored websites 0.00(0.06)
𝑑ℎ𝑢𝑚𝑎𝑛 category discrimination for human-authored websites 0.12(0.05)
𝑏 guessing old 0.45(0.01)
𝑎 guessing AI-authored 0.51(0.02)

Table 1: MPT Results: Maximum-likelihood estimates and standard errors on the probability scale

Nevertheless, especially since the lines between human- and AI-
generated content blur and the discussion around ethical issues like
hallucinations or accountability continues [7], this is an interesting
finding: While there is evidence that people do use information
about AI- vs. human authorship as a cue for how they evaluate
content, they apparently do not categorize AI- vs. human-authored
sources spontaneously in memory, thus forgoing potentially im-
portant insights. The question remains what the limit is for where
these categories become more salient, e.g., if this can be influenced
by user interface design decisions such as including disclaimers
about the nature of a source, or establishing explicit labels for AI-
vs. human-authored content. We plan to further investigate this
issue in a follow-up in which we extend the current research to
a US sample. In this next step, we will increase source salience
to test whether category salience emerges under this facilitated
condition. Further, should category salience emerge, it will then be
interesting to see which factors influence this both on the front of
UI design, as well as on on the individual level. Again drawing from
human factors and social-cognitive psychology research alike, we
assume trust to be an important factor. Trust is known to be relevant
for proper adoption behavior, and has previously been linked to

source monitoring in human-human interaction contexts, finding
that lower levels of trust relate to stricter source monitoring [13].
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