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Abstract

Unobservable AT use by workers has become a threat to data integrity on platforms used by
both industry and research. We build and validate a suite of AI detection tools, including
a lab-generated “ground-truth” surrogate index, that reliably detect both human AI use and
automated agentic survey responses. We then run a high-powered (N a 6000), multi-platform
suite of experiments looking at economic determinants of Al use in data provided by online
workers. Randomizing bonuses and monitoring, we find a substantial role for moral hazard,
where respondents paid a higher incentive, or monitored less, are more likely to use AIl. These
effects are not driven by higher effort overall, as higher incentives increase effort, and monitoring
does not. Accuracy increases with Al use, and not with effort. Decreasing the manual ease
of using AI reduces Al use and accuracy, while increasing effort. Randomizing base pay, we
replicate previous residual labor supply elasticity estimates from online labor markets. We
also find some evidence of adverse selection, as higher base pay attracts more automated Al
responses on a platform where automated agents are prevalent. There is little evidence of
significant interactions between treatments. Reweighting our data by predicted AI use, we show
that the outputs of data labeling tasks and elicited behavioral measures would both be altered
if the probability that a response is generated by a human is taken into account.
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1 Introduction

Modern Al systems are extremely data demanding. The market for training data has tracked
with the expenditure on compute, with data-labeling platforms like Scale AI, Mercor, Prolific,
and CloudResearch generating billions of dollars in revenue. Human-generated data as an input,
whether thought of as labor-like flows (Arrieta-Ibarra et al. 2018) or capital-like stocks (Veldkamp
and Chung 2024), has expanded to historically unprecedented shares of business expenditure.

At the same time, the rapid adoption of Al by users, including online workers, has changed the
market for data. Al is increasingly being used by respondents to complete online tasks, including
answering surveys fielded by firms, political organizations, and researchers. Agentic Al can au-
tomatically complete a large number of tasks on data platforms (Westwood 2025). At the same
time, threats of model collapse (Shumailov et al. 2024; Xing et al. 2025) mean that documenting
human-vs-machine provenance of data, including recent innovations like watermarking images and
text, is becoming increasingly important.

Motivated by the concerns from both researchers and industry about Al use on online platforms,
we build and validate a suite of Al detection tools in online surveys. These rely on both question-
specific measures as well as question-independent features like mouse and keystroke measures that
are usable by others. We use a controlled laboratory environment to generate a “ground-truth”
measure, and show that we can reliably detect both human AI use and automated agentic survey
responses, measuring Al use on a broad set of tasks. Our measures correlate well with both
platform-specific measures of Al use, where available, and other measures developed for text, like
Pangram.

We then run a high-powered (N ~ 6000), multi-platform suite of experiments looking at eco-
nomic determinants of Al use in online markets. We extend a well-known design in economics
(Karlan and Zinman 2009) that randomizes pay at both the ex-ante contracting stage and again
in the ex-post task completion stage. As in other markets with asymmetric information (Einav
and Finkelstein 2023), the ex-ante variation in purchaser prices identifies both market power and
adverse/advantageous selection, while the ex-post variation identifies moral hazard. We augment
this design with interventions that increase perceived monitoring, making the detection probability
and cost of being caught more salient. Finally, we benchmark our interventions to a treatment arm
that increases the friction of using AI, by disabling copy-pasting and triggering pop-up windows
when workers switch to other tabs.

We find a substantial role for moral hazard, where respondents paid a higher incentive, or
monitored less, are more likely to use Al. These effects are small but economically meaningful: a
10x increase in incentives raises our preferred Al use indicator by 2 percentage points, over a base
rate of roughly 29%. The magnitude of the effect of telling respondents they will be sanctioned
for Al use, or of making our Al detection salient, is about twice as large. These effects are similar
to the reduction in Al use when we add a set of features designed to make Al use more difficult.
Bonuses increase both actual human effort as well as Al use, while sanctions reduce Al use without
increasing effort.

Turning to the effects of randomizing base pay, we replicate previous residual labor supply elas-
ticity estimates from online labor markets, but find little evidence of either adverse or advantageous
selection into assisted AT use. While high ex-ante pay does draw in workers with higher reservation
wages and greater skill, it does not draw in workers with any different propensity to use Al, either
stated or measured. On the other hand, we find adverse selection into automated AI use only
on the platform where the prevalence of automated agents is high, and no effect of base pay on
platforms with stricter rules governing automated responses.

We explore interaction between treatments and heterogeneity using pre-specified demographics.



While we find little evidence of significant interactions between treatments, we find a pattern of
heterogeneity where men react more to bonuses with Al-use.

We offer guidance to researchers worried about Al contamination. Reweighting our data by
predicted Al use, we show that the outputs of data labeling tasks and elicited behavioral measures
would both be altered if the probability that a response is generated by a human is taken into
account. Multiple-choice questions on public opinion or political attitudes, on the other hand, are
unaffected, which is what we would expect if respondents rarely use Al assistance on questions that
have no right answer. As models improve in performance, Al-detection is likely to be stochastic
at best, so we view reweighting the data by predicted Al-use, as in DiNardo, Fortin and Lemieux
(1996), as a way to form distributions of variables that mimic, as best possible, those that would
come from purely human sources.!

Finally, we interpret our results through the Holmstrom-Milgrom model of a multi-task principal-
agent model (Holmstrom and Milgrom 1987, 1991). The output from the (human) agent is a data
point that has both human effort and Al-output in it. The principal gets both a signal of output
as well as a signal of data provenance (Al or human). We show that our experimental results map
on to parameters of the agent’s decision. In the discussion, we then relate our estimates to the
optimal contract for data buyers on online platforms.

A recent crisis in Al use in online labor markets has led behavioral science researchers to debate
whether widely used online platforms like Prolific and CloudResearch are being contaminated by
Al Consider behavioral surveys, where often the goal is to measure human biases (like failures
of Bayesian rationality or social preferences like zero-sum thinking). AI use in online platforms is
likely to skew measurements of these human biases, to the extent that LLMs do not exhibit them
in the same manner as humans.?

Our paper contributes to the emerging literature on data contamination by Al use on online
platforms. Recent research shows that modern LLMs are capable of completing online surveys
(Westwood 2025; Van der Stigchel et al. 2026), that a large fraction of online workers use them
(Veselovsky et al. 2025; Veselovsky, Horta Ribeiro and West 2023; Zhang, Xu and Alvero 2025;
Velutharambath et al. 2026), and that AI use can be detected from text and behavior (Jabarian
and Imas 2025; Claassen et al. 2026; Kay and Vlasceanu 2026; Rilla et al. 2026) and prevented
(Celebi et al. 2026; Fernandez et al. 2026). The general view is that agentic bots concentrate
on a few platforms while human-assisted LLM use is more pervasive (Gordon et al. 2026; Zhang
et al. 2026), a pattern our detection indices reproduce. This matters because even 3 to 7 percent
contamination is enough to distort estimates (Panizza, Kyrychenko and Roozenbeek 2026). We
add to this literature by treating Al use as an economic choice, varying incentives and monitoring
to estimate how much each one moves Al use.

More broadly, our paper contributes to the literature on imperfections in online labor markets.
Earlier work such as Horton and Chilton (2010) characterizes the reservation wages and labor supply
of crowd workers, and we replicate the low residual elasticity of labor supply found on Amazon
Mechanical Turk by Dube et al. (2020). Our interventions map closely to work on monitoring and
incentivizing the quality of online work (Mason and Watts 2009; Ho et al. 2015; Liang et al. 2023;
Holtz, Scult and Suri 2022; Pallais 2014). We add to this work by accounting for the influx of Al
use on online platforms, and for how the unobservability of Al use may contaminate measures of
quality in the resulting work.

Our third contribution speaks to what happens to models, and to research, when their inputs

1For AI training, however, a “Detect-and-Discard” approach may be preferable, as training efficiency falls with
the share of non-human responses.

2For evidence on behavioral biases in LLMs, and their similarity and differences, see Araujo and Uhlig (2026) and
Pate et al. (2026).



stop being human. Shumailov et al. (2024) show that training on recursively generated data causes
irreversible loss of the tails of the original distribution; Alemohammad et al. (2024) document the
same self-consuming dynamic in generative image models, Dohmatob et al. (2024) recast it as a
change in scaling laws, and Xing et al. (2025) survey the resulting “autophagy” literature, offering
provenance and watermarking as defenses. Our paper studies the decision of humans to use Al in
data generation in response to economic incentives.

The rest of the paper proceeds as follows. Section 2 sets out a simple framework for the worker’s
decision to use Al, and Section 3 builds and validates our detection indices; Sections 4 and 5 describe
the experimental design and estimation, Section 6 reports the results, and Section 7 concludes.

2 Conceptual Framework

In this section, we offer a simple variant of the Holmstrom and Milgrom (1991) model of multitasking
to frame our experiment and interpret the results. The key intuition is that Al use by a data worker
(the agent) is difficult to monitor and yet affects the output that the data buyer (the principal)
receives, and so high-powered incentives may backfire, depending on principal objectives.

Consider a data worker with reservation utility u; who chooses two actions, quality effort ¢, > 0
and Al reliance a € [0, 1], at private cost

Ctg,a) = Lkets + Lkaa®, ky, ko > 0.

The buyer observes two signals, an accuracy score x; and an Al detector xs,

1 =ty + Aa + €1, To = —da + &9, e~ N(0, X), Z:C; /1)>
We assume the data quality is increasing in worker effort ¢, > 0 but also in AI use, so A > 0, along
with an idiosyncratic shock ;.

We assume that the buyer only noisily observes Al use a with parameter § and i.i.d. noise &3.
We set the variances of the two noise terms to 1 without loss of generality, as the precision of Al use
a will be parameterized by 0. The errors are correlated, p # 0, because both signals are computed
from the same response data. A very high quality response may be flagged as Al-written (or not).

Suppose the buyer/experimenter offers the linear contract w = o + S121 + f2x2. Suppose also
that the worker has CARA preferences with risk aversion r, while the buyer is risk neutral, with a
marginal value of b, on data quality ?,, and a value v on AI use a. The buyer may want a “clean”
human-provided signal, with v < 0. We think this case is more likely for both behavioral science
researchers and Al-training labs, given concerns about data-provenance discussed above. But there
may be cases where the data buyer only cares about accuracy x; regardless of provenance.

As AT gets better, A rises (Al substitutes for quality effort in the score), k, falls (Al is cheap
for the worker), and 4 falls while o3 rises (detection becomes harder).

Agent. The certainty equivalent is o + f1(ty + Aa) — fada — C(tq,a) — 58’53, so the agent’s
choices are given by:
« DB «  AB1—0B
t = — = ——" 1
=2 e (1)

Experiment Comparative Statics: Our experimental design varies « (base pay), 51 (bonus),
02 (sanctions/monitoring/salience) and k, (cost of using AI). Equation (1) shows that increased
incentives for accuracy will increase both effort ¢, and Al use a, as well as overall accuracy. Increased



cost of using Al, k, will lower AI use. Increased salience of monitoring and sanctions, 052 will also
lower Al use. Base pay does not appear as a determinant of either effort or Al use. For any
individual worker, the extensive margin of labor supply is separable from the intensive margin of
effort. However, across workers, if reservation utility w; is correlated with either cost parameters
kq, kq or signal structure, there may be effects of base pay a on effort and Al use a. We return
to this possibility when discussing the possibility of adverse/advantageous selection and the role of
monopsony power below.

3 How to Detect AI?

In this section, we define two types of Al use in online tasks, Al-assistance and Al-automation,
identify a suite of behavioral markers that can be tracked in an online survey, and combine those
markers into indices for each type of Al use. To learn how these markers look with and without Al
use, and to fit the indices that require labels, we collect ground truth from an in-person lab study
and an online benchmark in which participants are directly instructed whether to use Al, and a
synthetic sample constructed using automated agents. We report how well the indices separate
Al from human responses out of sample, and then describe how they allow us to infer Al use in
experimental samples across platforms, where no labels are available.

3.1 Defining AI Use

We conceptualize two types of Al use in online labor markets. Responses are Al-assisted when a
worker uses generative Al for part or all of the task but remains involved. In the online survey
setting, this means the worker uses Al on some or all of the questions, whether editing what the
model returns or transferring it verbatim, but is still clicking through the survey.®> Responses are
Al-automated when the worker fully delegates the task, so that it is completed without human
involvement.

We apply these definitions to the setting of an online survey. A response is Al-automated
when the worker hands the survey to an Al agent that completes it end to end, so that the agent,
rather than the worker, is the one going through the survey. On the other hand, a worker who
pastes model output without reading it is Al-assisted because they are still completing the survey
themselves. The distinction is whether the worker is involved in completing the task rather than
how much of the answer is from an Al model.

By definition, Al-automation is a property of the whole survey. We similarly define our main
measure of Al-assistance at the survey level, since no treatment outlined in Section 4.3 varies within
a survey.

3.2 Detection Variables

We use a set of detection variables drawn from the literature (Celebi et al. 2026; Rilla et al. 2026)
and our own testing. While which variables are available varies with the nature of the survey
question (for example, keystroke and text-based measures apply only to text-based responses), the
variables are general enough that any online survey can adopt them, and some can be collected for
any type of question. The main tools are JavaScript, which we use to collect our own measures,

3Using tools to answer surveys when they are not permitted is not new. What distinguishes generative AI from
earlier tools (such as search engines) is that a complete answer is much easier to obtain, and therefore a closer
substitute for quality effort.



and existing text-based or behavior-based Al detectors. Many of these variables leverage behavioral
differences similar to CAPTCHAs and other existing Al screeners.

Appendix Tables A.1 and A.2 provide the full set of detection variables for Al-assisted and Al-
automated responses, respectively. To detect Al-assisted responses, we use variables spanning five
broad categories: clipboard activity (e.g., copy and paste events), keystroke behavior (e.g., typing
speed), page engagement (e.g., tab switching), cursor and scroll behavior (e.g., mouse movements),
and an Al detection tool for text responses.’

For automated Al detection, we use a similar set of variables, with a few modifications. First,
we exclude page-engagement variables that indicate browsing other pages (e.g., tab-switching and
window-blurring), as automated agents do not need to navigate browser tabs. Second, we add
respondent-level checks for failure on questions that are difficult for automated agents, such as
reCAPTCHA. Third, we flag suspicious IP addresses. For both assistance and automation, all
variables are oriented so that higher values indicate a higher probability of an Al response.

These categories of Al detection variables capture different dimensions on which human and
Al responses differ. For example, clipboard activity and page engagement are evidence of traffic
between the survey and an external model. Keystroke behavior measures what the worker is doing
on the keyboard and where the entered text comes from. These variables detect Al use through
inputs to a survey response. On the other hand, a text-based detector such as Pangram detects Al
use from the output.

3.3 Index Construction

The individual detection variables carry correlated signal about Al use. As there are many measures
across detection variables and across pages within a survey, we aggregate these variables into
surrogate indices of Al-assisted and Al-automated responses. The identifying assumption is that
the true outcome of the experiment is orthogonal to treatment status conditional on the surrogate
index and covariates (Athey et al. 2026). That is, any effect of the experimental assignments on
the true outcome would be picked up by the effect on the surrogate.

We build three indices, with the last relying on the correlation between AI use/automated Al
in our auxiliary training data. The first index, the pre-specified index, is rule-based and calculates
a binary variable using the rules specified in our pre-analysis plan. It does not require sample
information, which also means that it does not account for new information about how people use
AT over time. The other two indices are data-driven, and differ in what they require from the data.
The second index, the PCA index, applies principal component analysis to the joint distribution
of the detection variables to reduce dimension and calculate a continuous measure of Al use. The
third index, the LASSO index, in addition requires a ground-truth training set in which we know
whether Al was used, and predicts Al use out of sample.

The pre-specified binary index is an indicator equal to one if a participant meets at least one
of several detection criteria. For Al-assisted responses, these criteria are: behavior consistent with
pasting text into a response field, copying the full prompt of a question, or Pangram classifying the
response as partially or completely Al-generated. For Al-automated responses, these criteria are: no
editing on any question, mouse movement or keystroke behavior that is hard for humans to achieve,
or leaving the survey at questions where Al agents struggle to answer (such as reCAPTCHA).

4Recently, companies have begun efforts to watermark AI output. This has been successful in image generation,
where infusing invisible signals into pictures works well, but less so in the domain of copy-pasted text, as the
watermarks have to live at the level of the distribution of words, and hence can be broken by rewriting.

5We use Pangram, which has the lowest false positive and false negative rates among leading commercial and
open-source detectors, including on short passages (Jabarian and Imas 2025).



For the data-driven indices, we use data from ground-truth samples where we instruct workers
to use Al or not to use Al, and a synthetic sample where we build and run our own Al agents
to complete the survey, as detailed in Section 3.4. This gives us labeled samples where we know
whether a response is human-only, Al-assisted, or Al-automated. Within each ground-truth sample,
we standardize variables using the sample mean and standard deviation, reorient each variable so
that higher values reflect greater Al use, and impute missing values using the sample mean.

The PCA index uses the training samples to construct weights. We take the loadings on the
first principal component of the standardized variable matrix in each training sample and apply
them out of sample. As the sign of a principal component is arbitrary, we align each PCA index
with the pre-specified binary to ensure that higher values always correspond to more Al use.

We construct the LASSO index using the fitted value from an ¢;-penalized linear probability
model of the Al-use label on all standardized detection variables, with the penalty parameter
selected by cross-validation to minimize out-of-sample prediction error. While the PCA coeflicient
has no direct interpretation, a LASSO coeflicient gives the change in the predicted probability that
a response is Al-assisted or automated associated with a one standard deviation increase in that
variable.

Agreement across these three indices is informative because each relies on different information.
The LASSO index uses the labels from the labeled samples and can therefore adapt to Al-assisted
human behavior and Al agent behavior at the time of the study. The pre-specified binary cannot
have been overfitted. The PCA index is data-driven but does not use the labels or perform selection.

We also build variants of these primary indices that exclude certain variables from the feature
set, to help interpret the treatment effects of the interventions described in Section 4.3. One of
the interventions we study raises the cost of using Al, in part by disabling copy-pasting within the
survey and displaying a pop-up when the respondent switches tabs. In the no-copy-paste variant
of the index, we exclude the copy and paste indicators along with the keystroke-log variables that
are mechanically affected when copy-pasting is blocked (empty keystroke log, input-jump count,
keystroke event count, and keylog-reconstructed similarity) and variables recording tab-switching
behavior. This allows us to capture changes in Al use beyond what the intervention mechanically
prevents. To disentangle Al use from worker effort, we build a no-effort variant of the index that
excludes variables that could also change when a worker puts in more effort, such as the number
of keystrokes, inter-keystroke timing, time spent on the question, and mouse behavior (e.g., scroll
direction switches and cursor movement patterns) and editing behavior (e.g., backspaces).

3.4 Labeled Samples and Ground Truth

For the data-driven indices, we construct three labeled samples.® To understand how the detection
variables look for Al-assisted responses, we use an in-person lab sample and an online survey sample.
For the in-person sample, we recruited undergraduate students from Columbia and Barnard through
the Columbia Experimental Laboratory for Social Sciences (CELSS), and the students completed
the survey under monitored conditions. In a within-subject design, each student answered one
version of each question type with Al assistance and one version without, randomizing both the
order of conditions and which question within each type was assigned to the Al condition. In-person
monitoring ensures high compliance, so the AI/no-Al assignment serves as ground truth.

The second sample, which we refer to as the training sample, draws participants from Prolific.
In a between-subject design, participants were randomly assigned to one of two conditions, either

5Collecting labeled samples is not a prerequisite for using our detection methodology. Researchers can apply the
index weights we estimate here directly to their own surveys, or use our labeled samples to estimate weights for their
online survey.



instructed to use Al to complete the survey or instructed not to use AIl. We use both an in-person
and an online labeled sample because there is a trade-off between compliance and representativeness.
In-person monitoring ensures high compliance in the CELSS labels, but the sample is drawn from
a population of undergraduate students who complete the survey on lab computers. In the training
sample the population is the one we study in the field and participants use their own devices, but
because we randomize the instruction rather than the behavior, participants told not to use Al
may use it anyway, and vice versa, leaving some responses mislabeled. In Section 3.5, we test how
well Al-assisted and human responses can be separated.

To understand how Al-automated responses look, we build Al agents to complete our survey
and construct a synthetic sample. These agents can be viewed as digital twins of the participants in
the CELSS and Prolific studies who completed the survey without Al assistance, as we include the
demographic information of the participant in the prompt provided to the corresponding agent. To
allow for different levels of agent sophistication, we collect responses both from off-the-shelf agents
that use current models and are simply told to answer the survey, and from more sophisticated
agents that incorporate a layer of code imitating human mouse movements. For the data-driven
indices for Al-automated responses, we use data from this synthetic sample and from the CELSS
and training samples under the conditions in which participants were instructed not to use Al

3.5 Detector Performance

Before we apply the indices to samples in which we do not know who used Al, we test how well
they separate Al from human responses out of sample, using the two labeled samples, CELSS and
training. In this cross-sample test, we fit each index on CELSS and score it on Training, and vice
versa.

Table 1 shows that the indices perform well out of sample. The full LASSO reaches an AUC
of 0.98 when fitted on the training sample and scored on CELSS, and 0.80 in the other direction,
against ten-fold cross-validated values of 0.98 within CELSS and 0.83 within the training sample.”
The PCA index, which uses no labels, transfers at 0.94 and 0.79. The no-copy-paste and no-effort
variants transfer similarly well. This provides evidence that what we detect is Al use rather than
a feature of a particular sample.

"The CELSS sample uses a within-subject design, so the same respondent supplies both the AI and the no-AI
observation, and in-sample separation is correspondingly high. The Training sample uses a between-subject design,
does not directly enforce compliance, and therefore separates its own classes less sharply.



Table 1: Cross-Sample AUC for the Al-Assisted Indices

CELSS CELSS-trained Training Training-trained CELSS  Training

in-sample on Training in-sample on CELSS 10-fold CV 10-fold CV
PCA (full) 0.948 0.790 0.807 0.936 0.941 0.806
PCA (no-cp) 0.959 0.755 0.750 0.952 0.953 0.750
PCA (no-effort) 0.964 0.791 0.793 0.962 0.959 0.792
LASSO penalized (full) 0.989 0.804 0.863 0.980 0.984 0.828
LASSO post-sel (full) 0.992 0.803 0.883 0.973 0.986 0.820
LASSO penalized (no-cp) 0.986 0.777 0.850 0.971 0.983 0.815
LASSO post-sel (no-cp) 0.988 0.774 0.862 0.957 0.985 0.809
LASSO penalized (no-effort) 0.984 0.807 0.864 0.975 0.981 0.819
LASSO post-sel (no-effort) 0.986 0.812 0.866 0.951 0.984 0.821

NotTEgs: This table reports the area under the ROC curve for the Al-assisted family of indices across its feature-set
variants, one row per variant. Each index is fitted on one labeled sample and scored on the other, so the sample
supplying the labels is different from the sample supplying the evaluation. The cross-sample columns indicate whether
a model generalizes beyond the sample it was fitted on; the in-sample columns are optimistic by construction and
serve only as a reference point. The final two columns give the ten-fold cross-validated AUC within each sample,
which is the appropriate within-sample benchmark for the cross-sample columns.

The indices aggregate across a set of detection variables. As shown in Table 2, most of these
detection variables separate the Al and no-Al arms of each labeled sample in which Al assistance
is randomly assigned. This suggests that, for detecting Al assistance, no single detection variable
carries the measurement on its own, and that it is useful to pool a set of signals that capture Al use
through different markers. As a placebo, we see that performance on attention checks and survey
completion do not separate the two arms.

Table 2: Index Features Separating the No-Al and AI Arms, by Family

CELSS Training
Feature family Features Separating Features Separating
Copy and paste 22 18 22 18
Keystroke dynamics 40 20 41 19
Navigation and focus 27 23 36 21
Response timing 18 6 18 6
Text detector 2 2 3 3
Attention and missingness 3 0 1 0
Total 112 69 121 67

NoTESs: The table reports, for each family of detection features, how many features enter the index and how many
separate the no-Al from the AI arm of a labeled sample. The unit of observation is a feature, not a respondent.
“Features” counts the features in that family that enter the index for the sample concerned, and “Separating” counts
those whose difference in means across the two arms is significant at the five percent level in a two-sided t-test. The
two samples are CELSS and the Training sample. The feature counts differ across the two samples because a feature
enters only where the question it is measured on was fielded and the underlying variable was collected. No p-value
here is adjusted for multiple testing, so the counts describe how widely signal is spread across the feature set rather
than constituting a joint test.

We note two caveats about what these variables and indices can and cannot detect. First,



the indices should not be read directly as the probability that a response is Al. Recovering levels
requires the reweighting outlined in Section 5.2, and at the respondent level we use the indices to
reweight rather than to classify and drop individual respondents. Second, our labels come from
agents we built ourselves using models available at the time of the study, and other agents may
behave differently.

3.6 Detection in New Samples

In new samples without labels, we construct indices as described in Section 3.3. In the main sample
of participants from Prolific, Table 3 shows that all three of our indices, the pre-specified index,
PCA, and LASSO trained on either CELSS (C) or Training (T, take significantly different values
for responses that Prolific flags as Al than for those it does not. Appendix Table A.3 shows that
every index takes a substantially higher value among responses Pangram flags as Al-generated than
among those it does not.

Table 3: Our Measures Against Prolific’s Own Al Flags

Prolific bot Prolific LLM

Not flagged Flagged Diff Not flagged Flagged Diff
Prespec 0.343  0.519  0.175* 0.309  0.973 0.663***
PCA-C 0.490  0.710 0.220*** 0.474  0.895 0.421%**
LASSO-C 0.208  0.449 0.241*** 0.185  0.661 0.477***
PCA-T 0.491  0.713 0.222%** 0.474  0.899 0.425%**
LASSO-T 0.325  0.428 0.104*** 0.308  0.649 0.341%**
Pangram 0.072  0.222 0.150%** 0.050  0.464 0.414***
Self 0.029  0.000 -0.029 0.023  0.121 0.098***
Attn: video 0.890 0.926  0.036 0.888  0.896 0.007
Attn: IMC 0.633 0.704  0.070 0.640  0.462 -0.178%**
N (respondents) 2693 27 2773 182

NoTES: The table reports the mean of each of our Al-use measures separately by Prolific’s own bot and LLM flags.
The unit of observation is a respondent. The sample is Prolific only, since no comparable platform flag exists on
MTurk or CloudResearch. N differs across rows because the flag is missing for some respondents. Stars are on the
difference in means between flagged and unflagged respondents: * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 4 reports the correlation matrix across the three indices, Pangram, self-reported use, and
the two attention checks. The two PCA indices correlate almost perfectly with one another, and
the behavioral indices correlate positively with Pangram, most strongly for the LASSO index. The
pre-specified, PCA, and LASSO indices are moderately correlated with one another, indicating
that they capture different dimensions of Al use. Self-report correlates only weakly with any of the
behavioral measures, consistent with existing evidence that AI use is not something a researcher
can simply ask about (Ling, Kale and Imas 2026). Passing an attention check using instructional
manipulation is negatively correlated with Al use, suggesting that respondents with Al assistance
were also less attentive.

Appendix Figure A.1 plots the distribution of the LASSO predicted probability for human
versus Al-assisted responses. There is no clear threshold, and this spread is what motivates the
reweighting in Section 5.2 rather than the classification of individual responses as Al or human.



Table 4: Correlations Among the AI-Use Measures

Prespec PCA-C LASSO-C PCA-T LASSO-T Pangram Self Attn: video Attn: IMC

Prespec 1.00

PCA-C 0.54 1.00

LASSO-C 0.39 0.50 1.00

PCA-T 0.56 0.96 0.51 1.00

LASSO-T 0.65 0.64 0.63 0.66 1.00

Pangram 0.56 0.35 0.36 0.37 0.62 1.00

Self 0.25 0.07 0.08 0.08 0.21 0.30 1.00

Attn: video  -0.00 0.04 -0.01 0.04 -0.01 -0.01 -0.07 1.00

Attn: IMC -0.21  -0.10 -0.13  -0.10 -0.22 -0.25 -0.23 0.08 1.00

NoTEes: The table reports pairwise Pearson correlations among the Al-use measures and two attention checks.
The unit of observation is a respondent who completed the main survey, pooled across all platforms (Prolific,
CloudResearch, and MTurk). “Prespec” is the pre-specified binary rule; “PCA-C” and “LASSO-C” are the two
indices trained on the CELSS labeled sample, and “PCA-T” and “LASSO-T” the two trained on the Training sam-
ple; “Pangram” is the Al-text detector score on open-response answers; “Self” is the respondent’s own statement that
they used AI; “Attn: video” and “Attn: IMC” are the video comprehension check and the instructional manipulation
check, each coded 1 for a correct answer. Correlations involving Pangram are computed on respondents with at least
one scored open-response answer. Only the lower triangle is shown.

3.7 Base-Rate Correction

Our indices cannot be interpreted directly as a probability of Al use. While our primary analysis
focuses on the treatment effects of our interventions and therefore differences out any under- or
over-estimation in levels, results stated in levels require a base-rate correction.

To see this, let X denote the observed features that describe each response. Our labeled sample
provides, for each response, the features X and a ground-truth Al label, while a new field sample
provides X but no label. From the labeled sample we train a detector s(X), a scalar summary of
the features. Reading the detector as a posterior probability Pr(AI | X) requires two ingredients: a
likelihood (what AT and human answers look like in X-space) and a prior (how common AT use is).
The prior in the labeled sample differs from the unknown prior in a new field sample. Using the
raw index assumes that the two priors are equal, which biases every predicted probability toward
the AI rate in the training sample (close to 50 percent), no matter how accurate the detector is.

We adjust for differences in the base rate across samples in two steps. First, we estimate the
overall rate of Al use in the new sample. The observed distribution of scores, ¢(s), is a mixture of
the two stable components:

q(s) =mg1(s) + (1 —7) go(s) (2)

where g; and gg are the densities of s(X) among Al and among human responses, identified in the
labeled sample, ¢ is observed in the field sample, and the mixing proportion « is the only unknown.

The key assumption we make is measurement stability. We assume that the distribution of
detector scores among Al responses, and among human responses, is the same in the labeled
sample as in the new sample, and what differs across samples is only the share of responses of each

type.
Taking the mean of both sides of Equation (2) gives the black-box shift estimator:

Mg — Ho
L (3)
H1— Ho

Theld =
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where p1 and po are the mean detector scores among known Al and known human responses in
the labeled sample and p, is the mean score in the new sample. Identification requires j11 # po:
the detector must respond differently to Al vs. human responses.

Second, we use this estimated rate to re-scale each respondent’s predicted probability of Al
use. The log-odds of the predicted probability decompose into a term that depends only on the
response’s features, which by the measurement stability assumption holds fixed across samples,
and a term that depends only on the base rate. We therefore subtract the base rate of the labeled
sample and add an estimate of the base rate in the new sample:

logit pi®'d = logit p; — logit map + logit Tgelq (4)
where p; is the detector’s calibrated predicted probability for respondent ¢ and m,p, is the Al rate
in the labeled sample.

There are two caveats to note for these results. The detector separation p — pg is measured in-
sample on the data the LASSO was fitted to, so it is optimistic. Since separation is the denominator
in Equation (3), an inflated value biases 7ge1q downward, and the estimate should be read as a lower
bound on the field Al rate. The mean re-based posterior also does not land exactly on 7geq. The
two coincide only when the underlying score is a calibrated probability, and ours is a penalized
linear-probability prediction, so the gap is a diagnostic of that approximation rather than of the
correction itself. We report both quantities in Appendix Table A.4 and alongside the corrected
means.

The detector separates Al from human responses in the labeled samples, with a gap of 0.724
between the mean score among known Al and known human answers. The denominator of Equa-
tion (3) is therefore far from zero. Applying the base-rate correction to our field sample, we find
an Al use rate of 16.6% in the Prolific field sample, substantially lower than the unadjusted mean
score of 0.254. The bootstrap standard error on 7geq comes from resampling the labeled and field
samples jointly.

4 Experimental Design

4.1 Setting and Recruitment

We ran several experiments across multiple platforms to detect AI use and to test related inter-
ventions, as outlined in Section 4.3. We recruited 5580 participants (or over half of our sample)
from Prolific, an online survey platform widely used in social science research as well as in data
labeling. The inclusion criteria are: aged 18 to 64, living in the United States, and not having
participated in any of our pilot studies. To recruit a sample representative in age and gender, we
imposed recruitment quotas matching 2024 U.S. Census proportions. Once a listing reaches ten
places, Prolific displays an estimated pay rate based on the time earlier participants spent on the
survey rather than the listed rate. As treatment assignment could affect time spent on the sur-
vey, we capped each listing below ten participants and split recruitment into many small listings
fielded across six waves, so that participants only ever saw the listed rate. This avoids prospective
participants being influenced by the behavior of earlier participants, which would violate SUTVA.
We fielded the main survey on two additional platforms, Amazon Mechanical Turk and CloudResearch
Connect. These three platforms differ in their worker pools, reputation systems, screening options,
and costs, so we adjust our recruitment and survey accordingly, as outlined in Section 4.4. We also
compare across platforms to understand whether the market failures we document are specific to
particular platforms or extend to online survey markets more generally.
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4.2 Survey Overview

Participants across platforms completed a main survey consisting of a screener and consent form,
demographic questions, a battery of tasks presented in randomized order, a module on attitudes
toward Al, and a post-task section that elicited self-reported Al use. The task battery was designed
to reflect the range of activities common in behavioral and social science surveys and in data labeling
for machine learning.

The battery includes four types of tasks. The first are questions commonly used by psychologists
and behavioral economists to measure behavioral biases. In particular, we use questions from
Bordalo et al. (2026) involving probability reasoning, such as balls-and-urns problems. These
questions have a correct answer, which allows us to measure performance. In the Prolific survey,
we asked both an easy and a difficult probability question, so that we can examine how question
difficulty affects Al use. The second are beliefs and attitudes, which are common in public opinion
and behavioral science surveys where participants share their opinion and there is no right or wrong
answer. In particular, we use questions measuring zero-sum thinking following Chinoy et al. (2026).
The third involve writing, where we ask participants to summarize a short passage or respond to
an open-ended prompt in their own words, producing text-based responses that allow us to apply
text-based Al detection tools. The fourth are data labeling tasks, including text classification and
entity identification representative of those used in machine learning pipelines, where there is a right
answer. We also include questions from Anthropic’s training dataset, where participants choose
between two chatbot responses. These questions require judgment and have no right answer. We
use a diverse range of tasks because how well Al can be detected, and its consequences for data
quality, plausibly vary with task type.

4.3 Experimental Interventions

For the Prolific main survey, we cross-randomized four pre-specified interventions. Base payment
was randomized at the listing level at the time of recruitment, before participants started the
survey. Within the survey, we randomized three interventions at the individual level, each with
equal probability: Bonus (no bonus, low bonus, or high bonus), Sanction (with or without sanction),
and Prevention (with or without prevention). This yields a 2 x 3 x 2 x 2 factorial design with 24
unique experimental conditions.

Prolific participants were assigned to either a low or a high base payment displayed in the study
listing.® To ensure that participants in the low and high base payment conditions are comparable,
we randomized base payment at the listing level. Across six waves, we fielded one listing per single
year of age (18-64) in every wave. Within each wave, we took each pair of adjacent ages and
randomly assigned one to low and one to high base pay. Although we do not control who receives
the invitation to our study on Prolific, this ensures that participants in the low and high base pay
conditions are similar ex ante.

For the Bonus intervention, participants are randomly assigned to receive additional payment
conditional on task performance. We randomized participants with equal probability into No bonus,
Low bonus ($0.25 for a correct or high-quality response), or High bonus ($2.50, ten times the low
bonus). The bonus was revealed after the screener and baseline questions, before the tasks.

For Prevention, we randomly assigned participants either to a version of the survey that only
tracks detection variables, or to a version that, in addition to tracking, incorporates tools that
raise the manual difficulty of using AI. The latter version blocks copy-pasting in text-entry fields

8 Across experiments, base pay was set at $8 and $15 per hour. For a survey advertised at fifteen minutes, base
pay was $2.00 in the low arm and $3.75 in the high arm.
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and displays a pop-up window reminding participants to stay on the page whenever they try to
switch browser tabs. These tools are not visible to participants who never attempt to copy, paste,
or switch tabs.

For Sanction, we randomly assigned participants to either receive or not receive a message that
combines moral persuasion, emphasizing the importance of providing authentic human responses,
with an explicitly stated penalty for detected Al use. In addition, participants in the Prevention arm
were asked, “Will you complete this survey on your own, without using Al tools like ChatGPT?”
The intervention therefore combines an increase in the salience of the penalty for detected Al use
with a potential increase in gift exchange.”

We also randomize the location of the question block asking about the respondent’s Al use
and attitudes, to either before or after the tasks. This varies the salience of Al and of potential
monitoring of Al use, without explicitly stating a penalty or encouraging people not to use Al

4.4 Cross-Platform Replication and the Measurement of Take-up

We followed a similar design for CloudResearch with a subset of the interventions in order to
maximize power on the main treatment arms. We randomized base payment at the worker level,
and within the survey we randomized Prevention (with or without prevention), Sanction (with or
without sanction), and Bonus, keeping only the No bonus and High bonus arms. This yields a
2 x 2 x 2 x 2 factorial design with 16 unique experimental conditions. For MTurk, we fielded the
full set of interventions, so the design matches Prolific.

On both CloudResearch and MTurk, we randomized base payment at the individual worker
level rather than at the listing level. To do this, we started by fielding a short pre-survey that
collected worker IDs for a large pool of participants, along with their demographics, platform
tenure, and baseline Al attitudes. Using this pool and the platforms’ worker-level access controls
(qualifications on Mechanical Turk and allowlists on CloudResearch), we randomized base payment
across individual workers, stratified on age, race, gender, and platform tenure, and delivered the
main survey to each worker at their assigned base pay. This two-step procedure allows us to measure
take-up and to describe who accepts at each base pay level.

We recruited for the main survey in waves from the pool of pre-survey completers. Within each
wave, we posted the listings with low and high base pay simultaneously. As on Prolific, the other
interventions are randomized within the survey at the worker level.

4.5 Outcomes

Our main outcomes are Al use, effort, performance, take-up, and completion. We construct Al use
using the indices described in Section 3.3. We also report self-reported Al use, elicited toward the
end of the survey after the worker completes the main tasks.

To measure effort, we use a set of behavioral markers. We capture typing effort (number of
keystrokes), pauses and cognitive effort (median inter-keystroke interval), revision (backspaces and
deletions), time on task (seconds spent on the question), and page engagement (scroll direction
switches and cursor movement patterns).! We measure performance as the share of tasks for
which the participant gives the correct answer, on the probability reasoning and data labeling
tasks.

9We bundle these channels in our design to maximize power, so the estimate should be read as the effect of a
treatment that combines several elements, each of which could impact Al use on its own.

10Because these variables also enter the indices for AI use, we drop them in the no-effort variant of the AI use
index.
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We measure completion among participants who start the survey. Differential attrition across
treatment arms, such as sanction, could indicate that participants who intended to use Al select
out of the survey when faced with monitoring and a penalty. For CloudResearch and MTurk, where
we observe the pool of participants eligible for the main survey, we also measure take-up.

4.6 Follow-up Survey

On Prolific, we also conducted a follow-up survey one to three weeks after the main survey, inviting
all workers who were randomized in the main survey. We use this follow-up survey to examine
whether the interventions in the main survey affected who chose to return, a form of differential
attrition relevant for panel and repeated-measurement designs.

5 Empirical Strategy

5.1 Estimating Equations

Our design cross-randomizes four interventions: base payment B;, bonus payment A;, prevention
P;, and sanctions S;. Let Y; denote an outcome for participant i (e.g., Al index or performance).
Let X; denote a vector of pre-treatment covariates (age, race, gender, income, and baseline Al
attitudes) included to improve precision. All specifications include wave fixed effects to absorb
calendar timing and platform-side changes between waves, and pooled specifications also include
platform fixed effects. Our primary estimating equation is:

Y; = a+ B;+0A; + 0S;i + 7P + Xiy + ¢ (5)

where standard errors are clustered at the listing level. Because base payment is randomized
at recruitment, the coefficient 8 captures adverse selection, whether higher pay attracts a sys-
tematically different composition of workers, including Al-automated responses and Al-assisted
participants. Because bonus payment is randomized within the survey after participants have en-
rolled, the coefficient d captures moral hazard, whether participants already in the survey are more
likely to use AI under higher-powered incentives. The coefficients o and 7 capture the effects of
sanctions and prevention, respectively.

We also estimate a fully saturated specification that replaces the linear bonus term with indi-
cators for each bonus level j and adds the randomized placement of the Al-use block, R;, equal to
one when that block was shown before the tasks rather than after:

Yi=a+BBi+ > §1[A; = jl+0Si+ 7P+ pRi + X}y + & (6)
J

where j indexes the levels of bonus pay (No Bonus, Low Bonus, High Bonus). Saturating in the
bonus lets its effect vary freely across levels rather than imposing linearity, and lets us assess
whether moving from no bonus to a low bonus differs qualitatively from moving from a low to a
high bonus. The coefficient p captures the effect of salience. Asking participants about their Al
use and attitudes before they begin the tasks could raise the perceived probability that AI use
is being monitored, so p isolates the effect of monitoring salience alone, without explicitly telling
participants not to use Al and holding the perceived penalty fixed.

For MTurk and CloudResearch, we also estimate take-up on the pool of participants who were
invited to the main survey. Because this pool includes workers who never started the survey, and
only base payment is randomized at the time of recruitment, we focus on the effect of base payment
on take-up, controlling for covariates collected in the pre-survey and wave fixed effects.
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We are primarily interested in the main effects of each treatment, and we examine interactions
between the treatment indicators in exploratory analyses.

5.2 Reweighting for Human-Only Statistics

We also ask how much AT use changes the data, comparing the unweighted results with results
reweighted by the estimated probability of Al use. Let p?eld be the probability that respondent ¢
used Al re-based to the field as in Section 3.7. We apply a weight w; = 1— p{leld to each observation,
and calculate the corrected mean of any outcome as the weighted average of that outcome using
these weights. We bootstrap standard errors by resampling the labeled and field samples jointly
to account for the sampling error in 7geq. The difference between this reweighted mean and the
original mean tells us how the results would look if all answers had come from human respondents.
This lets us account for AI use without setting a threshold and labeling individual responses as
human or Al

6 Results

6.1 Effect on AI-Assisted Use

We start by looking at how the experimental interventions affect Al assistance. Figure 1 plots
the treatment effects on the Al-assistance indices from the saturated specification in Equation (6),
pooled across the three platforms with platform fixed effects. See Appendix Table B.1 for the
corresponding table with the bonus entering linearly in dollars, and Appendix Table B.2 for the
saturated specification with indicators.
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Figure 1: Higher-powered incentives raise Al-assisted use, while prevention and
sanction lower it and base pay does not move it.

Effect of each treatment on Al use, Pooled
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NoTES: The figure reports treatment effects on each Al-assistance measure, with 95% confidence intervals. Effects are
in standard deviations of the pure control group’s distribution of each measure, which is the axis the figure is drawn
on, so they are not directly comparable to the 0—1 point coefficients in Table B.1. Estimates are pooled across Prolific,
CloudResearch, and MTurk with platform fixed effects, and the indices are constructed from questions common to
all platforms. Marker color denotes the index method (PCA or LASSO), and marker fill denotes the labeled sample
the index was trained on (CELSS or Training). The bonus enters as its two dollar tiers, $0.25 and $2.50, against
no bonus, and base pay as $15/hr against $8/hr. Controls are age, gender, race, income, and the four baseline Al
attitudes, with wave fixed effects. Standard errors are robust.

Paying higher-powered incentives increases Al-assisted use. The Bonus raises the pre-specified
index by 0.020 points per dollar (p = 0.000) against a control rate of 0.418, and the effect is positive
and significant on both LASSO indices (0.008 CELSS-trained, p = 0.038; 0.004 Training-trained,
p = 0.028) and both PCA indices (0.011, p = 0.000; 0.011, p = 0.000). While the pre-specified
index applies a set of detection rules and the two data-driven indices exploit different variation in
the data, with each trained on two different labeled samples, we find that these indices all move
together and point to higher bonuses leading to higher Al-assisted use.

Self-reported Al use diverges from our surrogate indices. The Bonus moves self-reported Al
use by 0.004 points (p = 0.184), indistinguishable from zero. Respondents offered more money for
correct answers use more Al and do not report doing so.

Base Pay, by contrast, has little detectable effect on Al use. The coefficient on high Base Pay
($15/hour vs $8/hour) is statistically indistinguishable from zero on all measures, including the
pre-specified rule (0.003, p = 0.828), both LASSO indices (0.009, p = 0.308; -0.001, p = 0.757),
and both PCA indices. Base Pay was posted in the listing and could only operate by changing who
started the survey, while the Bonus was revealed after starting and could only operate on people
already in the survey. Higher pay does not attract a more Al-prone pool, while higher-powered
incentives change the behavior of those who have already started. We therefore find evidence of
moral hazard, but no evidence of adverse or advantageous selection into Al-assisted use. Section 6.3
shows that Base Pay does change the composition of the sample on other margins.

We can benchmark these effects against the effect of Prevention. Blocking copy-paste and
displaying a pop-up after tab-switching lowers the pre-specified rate by -0.073 points (p = 0.000)
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from a control rate of 0.418, and lowers both the LASSO and PCA indices. Against this benchmark,
the high Bonus moves Al use by roughly two-thirds to three-quarters as much on the pre-specified
rule and the two PCA indices, though by less on the two LASSO indices.

Sanction similarly reduces Al-assisted use, providing further evidence of moral hazard, as the
Sanction raises both the perceived probability of monitoring and the cost of being caught. It
lowers the pre-specified rate by -0.058 points (p = 0.000) and moves all four indices. Sanction also
lowers self-reported use (-0.026, p = 0.000), while the reduction under Prevention is only marginal
(p = 0.069).

The main results are robust to alternative constructions of the indices, as shown in Appendix
Figures B.1 and B.2. In the no-copy-paste variants, which drop the features that Prevention me-
chanically affects, Prevention and Sanction stay negative and significant and Bonus stays positive,
at magnitudes close to the main estimates. The no-effort variants, which drop keystroke counts,
timing, time on page, and mouse behavior, give similar results. This suggests that the indices are
picking up Al use rather than effort.

Appendix Table B.3 summarizes which detection variables each arm moves. For example,
Prevention mechanically reduces the behaviors it blocks, such as copying and pasting, but it also
reduces other indicators of Al-assisted use.

We also randomize the salience of monitoring, through the order of the Al use question block.
The block asking about Al use and attitudes was randomized to appear either before or after the
tasks, and seeing it first could increase the perceived probability that Al use is being monitored. We
find that even questions about Al can move behavior substantially. As Table 5 shows, respondents
who receive the Al use block before the tasks are less likely to provide an Al-assisted response, with
an effect of -0.039 points on the pre-specified rule (p = 0.026), and similar effects on both LASSO
indices (-0.039, -0.020), both PCA indices (-0.031, -0.030), and Pangram (-0.027). Self-report is the
only exception, and is unmoved by the order of the block (p = 0.928). Simply making detection
salient, with no explicitly stated penalty and no change in payoffs, produces a reduction of the
same order as raising the manual cost of using Al. Beliefs about being monitored therefore play an
important role in workers’ decisions to use Al assistance online.
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Table 5: Treatment Effects on Al Use, with AI-Use Block Placement

(1) (2) ®3) (4) () (6) (7)
Pre-spec PCA (CELSS) LASSO (CELSS) PCA (Training) LASSO (Training) Self-Report Pangram

Base Pay 0.00562  0.00317 0.00141 0.00369 -0.00342 0.00424  -0.00443
(0.0175)  (0.00950) (0.00966) (0.00931) (0.00575) (0.00571)  (0.00874)
LowBonus 0.0260 0.0179 0.0100 0.0135 0.00814 0.00149  0.00377
(0.0206)  (0.0120) (0.0124) (0.0122) (0.00681) (0.00698)  (0.0110)
HighBonus 0.0642°*  0.0299** 0.0392*** 0.0284** 0.0185** 0.00935  0.0108
(0.0205)  (0.0118) (0.0124) (0.0118) (0.00747) (0.00779)  (0.0110)
Sanction -0.0598"*  -0.0316™* -0.0351%* -0.0334*** -0.0231%** -0.0435"* -0.0195"*
(0.0167)  (0.0107) (0.00989) (0.0107) (0.00606) (0.00584)  (0.00876)
Prevention -0.0789"*  -0.0236** -0.0599*** -0.0252** -0.0445%* -0.0135**  -0.0507***
(0.0174)  (0.0105) (0.00952) (0.0104) (0.00587) (0.00601)  (0.00890)
Al-use block before tasks -0.0394**  -0.0316"* -0.0388*** -0.0305*** -0.0201*** -0.000530 -0.0273***
(0.0176)  (0.0109) (0.0103) (0.0108) (0.00634) (0.00573)  (0.00943)
Control mean 0.354 0.497 0.235 0.501 0.348 0.054 0.119
N 2955 2955 2955 2955 2955 2955 2955
R-squared 0.057 0.077 0.098 0.078 0.095 0.068 0.066

NoTES: The table reports treatment effects on each Al-use measure, adding the randomized placement of the Al-use
question block to the four interventions. The unit of observation is a respondent who completed the main survey.
The sample is Prolific only, because placement was randomized there alone. The placement coefficient is the effect of
seeing the Al-use block before rather than after the tasks, which raises a respondent’s estimate of the probability that
AT use is being measured without changing incentives or the technical environment. All Al-use measures are on a
common 0-1 scale: the PCA indices are percentile ranks, so their coefficients are rank points, while the pre-specified
binary, the LASSO predicted probabilities, Pangram and self-report are probability or rate points. Controls, not
displayed: age, gender, race, income, the four baseline Al attitudes, and wave fixed effects. Standard errors clustered
at the listing level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

6.2 Effect on Effort and Performance

Next, we look at the effect of the interventions on effort and performance. As shown in Figure 2,
performance moves closely with Al use in response to our interventions, while effort does not always
move in the same direction as Al use. Under Prevention, when copy-paste is blocked, respondents
increase their effort, typing more and faster. We see a similar increase in effort under the Bonus, as
predicted by the model: respondents offered more for performance do work harder, as tracked by
mouse and keyboard activity and time spent. The higher Bonus raises the return to performance,
and respondents pursue that return through both more effort and more AI use.

Performance, on the other hand, moves in the same direction as Al use. Larger bonuses raise
accuracy on the hard probability question by 0.022 points and the overall share correct by 0.013.
The gain is concentrated on the question where a language model has the clearest advantage over
a human respondent. Prevention and Sanction, which both reduce Al use, also reduce accuracy.
Prevention lowers the overall share correct by 0.031 points, and Sanction lowers accuracy on the
hard probability question by 0.037 points and the overall share correct by 0.013.
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Figure 2: The bonus raises effort and performance; prevention raises effort but lowers
performance.

Pooled: treatment effects on performance and effort
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Performance: share of scored tasks answered correctly (easy probability, hard probability, data
labelling); on CloudResearch and the pooled samples only the hard probability question is scored,
so performance is that single binary there. The video check and honeypot are excluded, being bot

and inattention screens. Effort: first principal component of the per-block effort metrics, fitted
on the Training no-Al arm; units are Training-control SDs

NoTES: The figure reports treatment effects on the two summary indices, with 95% confidence intervals. Estimates
are pooled across Prolific, CloudResearch and MTurk with platform fixed effects; robust standard errors. Performance
is the fraction of scored tasks answered correctly, in percentage points; on CloudResearch and on the pooled sample
the one commonly scored task, the hard probability question, is used, so performance is a binary there. Effort is the
first principal component of the per-block effort metrics (keystrokes, backspace and delete keystrokes, inter-keystroke
interval, time on page, scroll-direction switches, mouse jerk), fitted on the no-Al arm of the training sample and
expressed in that arm’s standard deviations. Mouse jerk is retained here, unlike in the Al-use indices, because the
reference arm is a mixed-device field sample, so the device profile is part of the fitting data. Appendix Table B.4
reports the same estimates as numbers.

The Bonus effect is concentrated among men, who are also more responsive to Sanction (Ap-
pendix Table B.7). Respondents with higher income are more responsive to the Bonus (Appendix
Table B.8), and we find little heterogeneity by age (Appendix Table B.9). The interventions also
show little interaction with one another.

6.3 Selection, Attrition, and Recruitment Time

Base Pay does not move Al-assisted use, but it does change who takes the study and how quickly
they take it. Because Base Pay is randomized at recruitment and posted in the listing a worker
chooses to accept, its effect on anything measured after enrollment is a composition or take-up
response rather than a behavioral one. Table 6 collects the five outcomes it moves, all on Prolific,
the platform where base pay varies at the listing level and so gives the cleanest test. Higher Base
Pay does not move the reservation wage workers report, but it draws workers who care more about
their platform reputation and who carry substantially more prior approvals.

Appendix Table B.10 reports treatment effects on the two attention checks. Higher Base Pay
raises attentiveness on both, either because it attracts more attentive workers or because it leads
those who enroll to pay closer attention, and the design cannot separate the two.

Table 6 also shows that higher Base Pay fills a listing faster on both margins of speed: the
posting draws its first respondent sooner, and the workers who do take it start sooner after it goes
live.
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Table 6: Effects of Base Pay on Selection and Take-Up, Prolific

(1) 2) ®3) (4) Q)

Reservation Wage Reputation Approvals Take-up speed (log hrs) Time to First Response (hrs)

Base Pay: $15 v $8 0.0794 0.0375%* 690.5%** -0.740%** -0.265***
(0.236) (0.0123) (150.9) (0.0652) (0.0632)
Sample Respondents  Respondents Respondents Workers who took up Study cells
N 2954 2955 2955 3789 282
R-squared 0.001 0.004 0.016 0.108 0.095

NoTES: The table reports the effect of base pay on who selects into the study and on how fast the listing fills.
Base pay is randomized at recruitment and posted in the listing, so every coefficient reflects selection and take-up
rather than a behavioral response; this is the counterpart to the null base-pay effect on Al use in Figure 1. Every
column is estimated on the binary base-pay arm, $15/hr against $8/hr, so the coefficients are directly comparable,
and the sample is Prolific throughout, the platform where base pay is randomized at the listing level and shown in
the listing a worker chooses to accept. The unit of observation differs across columns and is recorded in the Sample
row. Columns (1)—(3) are measured on respondents who completed the main survey: the reservation wage in dollars,
the importance of platform reputation on a three-point scale where 1 is not at all and 3 is very, and the worker’s
lifetime approved-submission count from the Prolific API. Approvals is a measure of platform tenure rather than a
survey response and exists only on Prolific, with no analogue on MTurk or CloudResearch; it is the sharpest of the
three composition outcomes, with higher base pay drawing workers with roughly 690 more prior approvals against a
low-base-pay mean of about 1,810. Column (4) is the log of the hours between the posting going live and a worker’s
start, over every worker who took up, so the coefficient implies roughly a 52 percent reduction in time to take-up; it
is the arm-difference form of the elasticity reported for all three platforms in Table 7, the same estimate rescaled by
log(15/8). Column (5) is one observation per Prolific study cell and measures the hours from the study’s publish time
to its first started submission, both in UTC, against a low-base-pay mean of 0.44 hours; the other two platforms do not
export a comparable publish timestamp. Wave fixed effects are included throughout, and no demographic controls,
because those are themselves post-selection. Standard errors are clustered at the listing level in columns (1)—(3) and
on the study cell in column (4), and are heteroskedasticity-robust in column (5). *p < 0.10, ** p < 0.05, *** p < 0.01.

Platforms also differ in how strongly take-up responds to price, as Table 7 shows. Regressing
take-up speed on log base pay, the elasticity is largest in magnitude on Prolific and smallest on
MTurk.

Table 7: Take-Up Speed Against Log Base Pay

(1) (2) (3) (4)
Prolific CloudResearch MTurk All

Log hourly base pay -1.177 -0.359** -0.247* -0.805***
(0.104) (0.0935) (0.0940) (0.0962)
Mean hours, extdollar 8/hr ~ 6.98 21.04 79.02  23.00
Postings 282 6 4 292
N 3789 1732 1146 6667
R-squared 0.108 0.351 0.021  0.271

NoTESs: The table reports how fast a posting fills as a function of the pay it advertises. The unit of observation
is a worker who took the study, and the outcome is the log of the hours between the posting going live and that
worker’s start, so a negative coefficient means higher pay is taken up faster. Base pay is the posted rate the worker
saw, $15/hr against $8/hr on every platform, so the coefficient is the arm difference scaled by log(15/8) and reads
as an elasticity. Columns (1)—(3) are the three platforms separately and column (4) pools them. Wave fixed effects
are included within platform, and platform-by-wave fixed effects in the pooled column. Posting-to-start is measured
from the Prolific publish time, the MTurk HIT creation time and the CloudResearch study launch time, all converted
to UTC before differencing, since Prolific reports UTC, MTurk Pacific and CloudResearch Europe/Berlin. Standard
errors clustered on the posting in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Participants are also somewhat more likely to complete the survey under higher Base Pay, as
shown in Appendix Table B.11.

Appendix Table B.13 shows that the interventions had little effect on completion of the Prolific
follow-up survey, with high Base Pay and the largest Bonus each retaining slightly fewer respon-
dents.

6.4 Effect on AI-Automated Use

We now turn to the effect of the interventions on Al-automated responses, that is, surveys answered
by bots. As Figure 3 and Appendix Table B.14 show, the treatments move automated responses
mainly on MTurk, the platform with by far the highest baseline rate: about 20 percent of control-
arm starters, against 7 percent on CloudResearch and 3 percent on Prolific. On MTurk, higher
Base Pay raises automated responses and Prevention lowers them, plausibly because the interface
makes it harder for an agent to complete the survey. On Prolific we find no detectable effects, and
on CloudResearch only Prevention moves automated use, and only marginally.

Figure 3: Automated responses respond to treatment mainly on MTurk, where higher
base pay raises them and prevention lowers them.

Effect of each treatment on the pre-specified Al-automated binary, all starters
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Sample: consented starters who reached the randomized task blocks, so respondents who abandoned are included.

The binary is 1 if the respondent stalled at the captcha or video, or completed and was flagged by the pre-specified rules.
Attriters for whom the binary cannot be computed are coded 0 in the first series and dropped in the second

SE clustered at listing level on Prolific, robust elsewhere.
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NoTES: The figure reports the effect of each treatment on the pre-specified Al-automated binary, with 95% confidence
intervals, estimated separately by platform. The unit of observation is a consented starter who reached the randomized
task blocks, so respondents who abandoned the survey are included; this is the sample the question requires, because
an automated respondent that stalls at a screen never appears among completers. The binary is 1 if the respondent
stopped at the captcha, stopped at the video, or completed the survey and was flagged by the pre-specified rule. The
rule needs the three core typed tasks and so cannot be computed for abandoners who did not stall at a screen: the
“All starters” series codes them 0 and the “Pre-spec computable” series drops them, and the two series bracket the
answer. The three panels share a vertical scale, so effects are directly comparable across platforms even though the
underlying rates are not: the control-arm rate of automated responses is about 3 percent on Prolific, 7 percent on
CloudResearch and 20 percent on MTurk. Coefficients are linear-probability effects. Base pay is entry-stamped on
Prolific, assigned by intention to treat on MTurk, and taken from the assignment lists on CloudResearch, which did
not field the $0.25 tier. Standard errors are clustered at the listing level on Prolific and robust elsewhere. Appendix
Table B.14 is the regression version of this figure.
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6.5 Effects on Behavioral Evidence and Model Training

We next ask whether Al use is consequential for the data a researcher or firm ends up with. Using
the procedure in Section 5.2, we reweight responses so that the reweighted mean approximates
what the human respondents alone would have produced.

Table 8: Raw Against Human-Only Means

Unweighted Human-only Difference % change N

Performance
Probability (easy) 0.601 0.585 -0.016 -2.7 2955
( 0.009)
Probability (hard) 0.129 0.102 -0.027 -21.3 2955
( 0.006)
Data labelling 0.643 0.631 -0.012 -1.8 2955
( 0.010)
Performance (share correct) 0.458 0.439 -0.018 -4.0 2955
( 0.005)
Zero-sum beliefs (1-5)
Zero-sum: ethnic 2.645 2.647 0.002 0.1 2955
( 0.023)
Zero-sum: citizenship 2.575 2.571 -0.004 -0.1 2955
( 0.023)
Anthropic labelling (0-100)
Anthropic label 1 28.019 27.365 -0.654 -2.3 2955
( 0.521)
Anthropic label 2 23.193 22.873 -0.320 -1.4 2955
( 0.521)

NoTEs: The table reports each outcome’s raw mean against the mean the human respondents alone would have
produced. The unit of observation is a respondent who completed the main survey, and the sample is Prolific only;
the scalars quoted in the text below are the Prolific ones, which is why this rather than the pooled version carries
the paragraph. The human-only column reweights every respondent by w; = 1 — pfe!d, the CELSS-trained no-effort
LASSO probability re-based to the estimated field Al rate by the procedure in Section 5.2; the full sample is retained
and no respondent is dropped, so no threshold is imposed. Bootstrap standard errors in parentheses, from 500
replications resampling both the labeled and the field sample. Zero-sum items are coded 1 = strongly disagree to
5 = strongly agree. Anthropic labeling items are a 0—-100 rating in which 0 is option A, the most honest and helpful
option and the one chosen by a human labeler in the original training data, and 100 is option B.

Turning to performance, easy tasks are barely affected: the easy probability question moves
2.7% and data labeling 1.8%. Hard tasks move a great deal. Accuracy on the hard probability
question falls from 0.166 to 0.128 once responses are discounted by their probability of being Al-
assisted, a drop of 22.5%. A researcher fielding this instrument and reporting the raw number
would overstate human performance on the hard question by about a quarter.

This has several consequences for researchers and firms that use online platforms for data
labeling.

First, measured task performance is inflated selectively. Because the distortion is concentrated
where the task is hard, Al use does not simply add noise to a performance measure; it compresses
the variation researchers want to study by affecting the harder tasks disproportionately.
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Second, AT prevalence affects inferences about human behavioral biases. The hard probability
question is a ball-and-urn problem used to illustrate the base rate fallacy. With P(Jar A) = 0.25,
P(green | A) = 0.80 and P(green | B) = 0.20, Bayes gives P(A | green) = 0.57, so a respondent
answering 25 has anchored on the base rate and ignored the evidence, while one answering 80
or 20 has anchored on a likelihood and ignored the base rate. Reweighting to humans cuts the
correct-answer rate from 16.6% to 12.8% and simultaneously raises base-rate anchoring from 17.1%
to 18.7% (Appendix Table B.15). The Al-assisted responses err differently, updating on evidence
where human respondents anchor, so a study of the base-rate fallacy run on contaminated data
would understate the prevalence of the bias.

Attitude and opinion questions are a different matter. The treatments barely move the zero-sum
thinking questions, and reweighting to humans barely moves their means, which is what we would
expect if respondents rarely reach for a model on questions that have no right answer.

Finally, the labels that feed machine learning pipelines shift. The Anthropic labeling questions
ask respondents to choose the more honest and helpful of two chatbot responses drawn from a
training dataset, scored 0—100, with 0 the option chosen by a human labeler in the original data.
Reweighting to humans moves the first question by 3.8% and the second by 0.5%, both toward
the training-data answer, so Al-assisted respondents pull the aggregate label away from the answer
human annotators would have given. Models trained without any adjustment for Al use would
therefore be trained partly on model output relabeled as human judgment, which defeats the
purpose of collecting it.

Overall, the moral hazard we document has consequences beyond the survey itself. It changes
measured performance, it changes the inferred structure of human reasoning, and it changes the
content of data used to train models.

Appendix Table B.16 summarizes the level of Al use across platforms, adjusted by the reweight-
ing described in Section 3.7.

7 Conclusion

Online labor markets have become almost irreplaceable sources for human-generated data. To
manage heterogeneity in work quality, researchers have developed a wide variety of practices and
incentives to ensure high-quality work. The traditional tools for ensuring quality responses, namely
reputation, screening, and incentives, have been widely used by both human behavior and computer
science researchers. However, as Al use proliferates on these platforms, these tools may have to be
rethought.

We find that incentives for high-quality responses can backfire in the presence of Al, as respon-
dents are more likely to use AI when told that correct answers will be highly rewarded. However,
the contaminating effects of incentives are not so large that they cannot be undone by relatively
cheap interventions appealing to social preferences or raising the cost of using Al. This may speak to
a larger role for organizations to vertically integrate their data-collection efforts in order to ensure
compliance, via control of devices and organizational norms, with internal rules on the appropriate
use of Al in producing data.

Our results show that Al-assisted responses (e.g., Al answers to questions fed by human re-
spondents) are ubiquitous, but Al-automated responses (e.g., bots) are only common on Amazon
Mechanical Turk, perhaps a reason why it has been decommissioned beginning at the end of July
2026. Nonetheless, as Al capabilities develop and become widely available, we expect that increased
Al-automation on the other platforms will become more of a threat, and our methods may offer
some guidance on how to screen for automated respondents. We also think that detection methods
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will be probabilistic at best, and so reweighting the resulting data, as we have done, may be a
solution that extracts the most “human-generated” signal from the data.
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Appendices

Appendix A Al Detection

Supplementary material for Section 3.

Detection Variables

Table A.1 gives the variables used to detect Al-assisted responses and Table A.2 those used to
detect Al-automated responses. The two sets overlap but are not identical: the Al-automated
set drops the page-engagement variables that record browsing to another tab, since an automated
agent has no reason to navigate one, and adds respondent-level screens that are hard for an agent to
pass. In both tables the “Tasks” column records where a variable can be collected — “All” for any
question, “Text” for free-response questions, and “Prompt” for questions whose text a respondent
could copy, which excludes prompts delivered as an image or a video. Every variable is oriented so
that a higher value indicates a higher probability of an Al response.

Table A.1: Detection Variables: Al-Assisted (Human Using LLM) Responses

Category Variable Description Tasks

Clipboard Copy event Ind%cator for any copy event All

Activity Paste event Indicator for any paste event Text
Copied text matches Indicator for copied text matching Prompt
prompt the question text or passage

Empty keystroke log Indicator for no keystroke activity Text

recorded
Input jump count Number of discrete input length Text
Keystroke increases exceeding a single
Behavior keystroke, indicative of paste
events
Keystroke event Total number of keystroke events Text
count recorded
Keylog-reconstructed One minus the Levenshtein Text
similarity distance between the keylog-

reconstructed and final response,
normalized by maximum text

length
Median inter- Median time between consecutive Text
keystroke interval keystrokes (ms)
SD  inter-keystroke Standard deviation of inter- Text
interval keystroke interval (ms)
Typing speed indica- Indicator for median inter- Text
tor keystroke interval below 75 ms

Continued on next page
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Table A.1 continued from previous page

Category Variable Description Tasks
Input-jump indicator Indicator for a paste keystroke in Text
the log or a single input jump of at
least fifty characters
Page leaves Number of times the respondent All
left the survey page or switched
browser tabs
Page Left page Indicator for at least one page leave All
Window blurring Indicator for the survey window All
Engagement .
losing focus
No focus loss Indicator for the page never being All
hidden or losing focus
Time off page Seconds the page was hidden or un- All
focused
Focused time Page time less time off page All
Off-page share Time off page divided by total time All
on page
Fast completion Indicator for completion time in All
the bottom fifth percentile of the
sample distribution
Slow completion Indicator for completion time in All
the top ninety-fifth percentile of
the sample distribution
Cursor moved Indicator for any cursor movement All
on the page
Move count Number of discrete cursor move- All
ment events
Point count Number of recorded cursor coordi- All
nates
Cursor and

Scroll Behavior

Stop count
Time to first move
Velocity dispersion

Angle dispersion

Jerk dispersion

Reversal count

Number of pauses in cursor move- All
ment

Milliseconds from page load to the All
first cursor movement

Standard deviation of cursor veloc- All
ity

Standard deviation of movement All
direction;
straight cursor path

Standard deviation of the third All
derivative of cursor position; low
values indicate unnaturally smooth
motion

Number of direction reversals in All
the cursor path

low values indicate a

Continued on next page
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Table A.1 continued from previous page

Category Variable Description Tasks
Reversal rate Direction reversals per one thou- All
sand recorded cursor points
Scroll count Number of scroll events All
Scroll direction Number of scroll direction rever- All
changes sals

Scroll switch rate Scroll direction changes divided by All
scroll events

Al Text Detec- Pangram Categorical Al-text indicator: 0 Text
tion (fully human), 0.5 (partially Al-
assisted), 1 (fully Al-generated)

Notes: This table summarizes the variables used to detect Al-assisted responses. Variables at the task
or page level can be recorded separately for each relevant task or page. “All” denotes variables that can
be measured for all questions. “Text” denotes variables that can be measured for text-based responses.
“Prompt” denotes questions that display text a respondent could copy, which excludes questions whose
prompt appears in an image or video.

Table A.2: Detection Variables: Al-Automated (Bot) Responses

Category Variable Description Tasks
Clipboard Copy event Ind%cator for any copy event All
Activit Paste event Indicator for any paste event Text
Y Copied text matches Indicator for copied text matching Prompt
prompt the question text or passage

Empty keystroke log Indicator for no keystroke activity Text

recorded
Input jump count Number of discrete input length Text
Keystroke increases exceeding a single
Behavior keystroke, indicative of paste
events
Keystroke event Total number of keystroke events Text
count recorded
Keylog-reconstructed One minus the Levenshtein Text
similarity distance between the keylog-

reconstructed and final response,
normalized by maximum text

length
Median inter- Median time between consecutive Text
keystroke interval ~ keystrokes (ms)
SD  inter-keystroke Standard deviation of inter- Text
interval keystroke interval (ms)
Typing speed indica- Indicator for median inter- Text
tor keystroke interval below 75 ms

Continued on next page
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Table A.2 continued from previous page

Category Variable Description Tasks
Input-jump indicator Indicator for a paste keystroke in Text
the log or a single input jump of at
least fifty characters
No focus loss Indicator for the page never being All
hidden or losing focus
Page Time off page Seconds the page was hidden or un- All
Engagement focused
Focused time Page time less time off page All
Off-page share Time off page divided by total time All
on page
Fast completion Indicator for completion time in All
the bottom fifth percentile of the
sample distribution
Slow completion Indicator for completion time in All
the top ninety-fifth percentile of
the sample distribution
Cursor moved Indicator for any cursor movement All
on the page
Move count Number of discrete cursor move- All
ment events
Point count Number of recorded cursor coordi- All
nates
Cursor and

Scroll Behavior

Stop count
Time to first move
Velocity dispersion

Angle dispersion

Jerk dispersion

Reversal count

Reversal rate

Scroll count

Scroll direction

changes

Number of pauses in cursor move- All
ment

Milliseconds from page load to the All
first cursor movement

Standard deviation of cursor veloc- All
ity

Standard deviation of movement All
direction; low values indicate a
straight cursor path

Standard deviation of the third All
derivative of cursor position; low
values indicate unnaturally smooth
motion

Number of direction reversals in All
the cursor path

Direction reversals per one thou- All
sand recorded cursor points

Number of scroll events All
Number of scroll direction rever- All
sals

Continued on next page
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Table A.2 continued from previous page

Category Variable Description Tasks

Scroll switch rate Scroll direction changes divided by All
scroll events

ATl Text Detec- Pangram Categorical Al-text indicator: 0 Text
tion (fully human), 0.5 (partially Al-
assisted), 1 (fully Al-generated)

Notes: This table summarizes the variables used to detect Al-automated responses. Variables at the
task or page level can be recorded separately for each relevant task or page. “All” denotes variables
that can be measured for all questions. “Text” denotes variables that can be measured for text-based
responses. “Prompt” denotes questions that display text a respondent could copy, which excludes
questions whose prompt appears in an image or video.

Table A.3: Al-Use Measures Against Pangram’s Al-Text Flag

Pangram: any Al Pangram: fully Al

Not flagged Flagged Diff Not flagged Flagged Diff
Prespec 0.274  1.000 0.726*** 0.294  1.000 0.706***
PCA-C 0.414  0.691 0.276*** 0.422  0.694 0.272%**
LASSO-C 0.192  0.532 0.340*** 0.201  0.535 0.334%**
PCA-T 0.409  0.694 0.285*** 0.416  0.697 0.281***
LASSO-T 0.312  0.600 0.288*** 0.318  0.609 0.291***
Self 0.052  0.277 0.225*** 0.056  0.287 0.231***
Attn: video 0.856  0.840 -0.016 0.854 0.845 -0.009
Attn: IMC 0.575  0.253 -0.323*** 0.569  0.238 -0.331***
N (respondents) 4582 998 4713 867

NoOTES: The table reports the mean of each Al-use measure separately for respondents the Pangram Al-text detector
does and does not flag. The unit of observation is a respondent who completed the main survey, pooled across Prolific,
CloudResearch and MTurk, so unlike Table 3 this benchmark is available on every platform. The two column blocks
are two thresholds on the Pangram score, which is 0 for fully human, 0.5 for partially Al-assisted and 1 for fully
Al-generated: “any AI” flags a respondent scoring 0.5 or 1, and “fully AI” only those scoring 1, which is why fewer
respondents are flagged in the second block. A respondent’s score is the maximum across their scored open-response
items, so any one flagged answer flags the respondent. Each block partitions the full pooled sample, so no respondent
is dropped. “Diff” is the difference in means between flagged and unflagged respondents, and the stars are from a
two-sample t-test on that difference. Pangram itself has no row, because it cannot be split by itself. Attention checks
are coded 1 = passed, so their negative differences mean flagged respondents were less attentive.

Two rows should not be read as validation. Pangram enters the feature set from which the PCA and LASSO indices
are fitted — in the Training no-copy-paste LASSO it carries the largest coefficient of any feature — so those rows
compare an aggregate against one of its own heaviest components, a consistency check rather than independent
corroboration. The pre-specified rule counts a Pangram flag as one of its sufficient conditions, so it equals 1.000
among flagged respondents by construction and carries no information; it is kept only so the row set matches Table 3.
Self-report and the two attention checks are the only rows genuinely independent of Pangram. * p < 0.10, ** p < 0.05,
***p < 0.01.
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Figure A.1: The fitted AI-use index is spread across the whole range, with no natural
cutoff separating human from Al-assisted responses.

Distribution of the fitted index, Pooled
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Bin width 0.02. Dashed lines mark 0 and 1. The LASSO indices are LPM fits, so they are not bounded to [0,1].
107 of 11160 fitted values (1.0 percent) fall outside the window shown and are omitted from the plot only.

NoTEs: The figure plots the distribution of the LASSO predicted probability of Al assistance across field respondents,
pooled over Prolific, CloudResearch and MTurk. The unit of observation is a respondent who completed the main
survey. Each panel is one index, labeled by the contrast in the labeled sample it was trained on: human versus
Al-assisted in CELSS on the left, and the same contrast in the Training sample on the right. Both panels share an
axis, with bin width 0.02 and dashed lines at 0 and 1. The indices are linear-probability fits, so they are not bounded
to [0,1]; 1.0 percent of fitted values fall outside the window shown and are omitted from the plot only, not from
any estimate. The spread of the index is what motivates reweighting rather than classifying in Section 5.2: a cutoff
would fall where the distribution is thin, so the classified set would move a great deal for a small change in it. On
the pooled sample index_lasso is the common-slot variant by construction, since not every block is fielded on every
platform, so the panels are not a simple average of what each platform contributes.
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Table A.4: Base-Rate Correction Diagnostics

Quantity Value
Mean score among Al answers, lab 0.8580
Mean score among human answers, lab 0.1338
Detector separation 0.7242
Lab Al rate 0.5000
Mean score in the field 0.2123
Field AT rate, BBSE, full sample (used for the weight) 0.1083
(0.0178)

Pure control arm only (reported prevalence) 0.1136
N in that cell 131
Mean re-based posterior 0.0771
Gap against the field Al rate 0.0312
Field N 2955
Lab N 414
Bootstrap replications 500

NoTES: The table reports the three quantities the base-rate correction of Equations (3) and (4) rests on, estimated
on the Prolific sample with CELSS as the labeled sample. Separation is p1 — po, the gap in mean detector score
between known Al and known human answers, and is the denominator of the correction, so a small value would make
Theld fragile. 7aela is the implied field AT rate; its bootstrap standard error is in parentheses and carries the sampling
error in the laboratory components as well as in the field mean.
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Appendix B Results

Table B.1: Treatment Effects on AI Use

(1) (2) ®3) (4) () (6) (7
Pre-spec PCA (CELSS) LASSO (CELSS) PCA (Training) LASSO (Training) Self-Report Pangram
Base Pay 0.00257 -0.00163 0.00950 -0.00431 -0.00132 -0.00782  -0.00371
(0.0118)  (0.00748) (0.00931) (0.00735) (0.00425) (0.00683) (0.00801)
Bonus Amount 0.0199*** 0.0115* 0.00838** 0.0112% 0.00412** 0.00391 0.00401
(0.00512)  (0.00326) (0.00404) (0.00319) (0.00187) (0.00295)  (0.00343)
Sanction -0.0576***  -0.0378*** -0.0465*** -0.0377*** -0.0228*** -0.0263***  -0.0206™*
(0.0118) (0.00750) (0.00901) (0.00736) (0.00426) (0.00680)  (0.00802)
Prevention -0.0726™*  -0.0450*** -0.0445*** -0.0451%** -0.0477 -0.0124*  -0.0824***
(0.0119)  (0.00747) (0.00928) (0.00734) (0.00428) (0.00682)  (0.00805)
Control mean 0.418 0.481 0.290 0.475 0.390 0.111 0.217
N 5568 5568 5568 5568 5568 5568 5568
R-squared 0.200 0.103 0.081 0.116 0.201 0.220 0.337

NoOTES: The table reports treatment effects on each Al-assistance measure. The unit of observation is a respondent
who completed the main survey. Each column is a separate regression on one Al-use measure: column (1) is the
pre-specified binary index, columns (2) to (5) the four data-driven indices, and columns (6) and (7) self-report and
Pangram. Base pay is $15/hr against $8/hr and enters as an indicator, and the bonus enters linearly in dollars,
so its coefficient is the effect per dollar offered. Estimates are pooled across Prolific, CloudResearch, and MTurk
with platform fixed effects, and the indices are constructed from questions common to all platforms. Controls, not
displayed, are age, gender, race, income, and the four baseline AT attitudes, with wave fixed effects. The control mean
is the mean of the outcome in the pure control cell. Robust standard errors in parentheses. *p < 0.10, ** p < 0.05,

“*p < 0.01.
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Table B.2: Treatment Effects on Al Use, Saturated in Bonus

(1) (2) 3) (4) () (6) (7)
Pre-spec PCA (CELSS) LASSO (CELSS) PCA (Training) LASSO (Training) Self-Report Pangram
Base Pay 0.00261 -0.00155 0.00952 -0.00425 -0.00128 -0.00784  -0.00373
(0.0118)  (0.00748) (0.00931) (0.00735) (0.00425) (0.00682) (0.00801)
LowBonus 0.0139 0.0199** 0.00628 0.0169* 0.00826 -0.00465 -0.00385
(0.0163)  (0.0101) (0.0109) (0.0101) (0.00573) (0.00995)  (0.0115)
HighBonus  0.0524*** 0.0339*** 0.0222** 0.0323*** 0.0125** 0.00805  0.00853
(0.0136)  (0.00868) (0.0110) (0.00846) (0.00495) (0.00765)  (0.00898)
Sanction -0.0576***  -0.0379*** -0.0466*** -0.0377*** -0.0228*** -0.0263*** -0.0206**
(0.0118)  (0.00750) (0.00900) (0.00736) (0.00426) (0.00680)  (0.00802)
Prevention  -0.0726***  -0.0450*** -0.0445%* -0.0451%** -0.0477%* -0.0124*  -0.0824***
(0.0119)  (0.00746) (0.00928) (0.00734) (0.00428) (0.00682)  (0.00805)
Control mean  0.418 0.481 0.290 0.475 0.390 0.111 0.217
N 5568 5568 5568 5568 5568 5568 5568
R-squared 0.200 0.103 0.081 0.116 0.202 0.220 0.337

NoTES: The table reports treatment effects on each Al-assistance measure, with the bonus entered as two indicators,
Low and High Bonus, each against the No Bonus arm. The unit of observation is a respondent who completed the
main survey. Each column is a separate regression on one Al-use measure: column (1) is the pre-specified binary
index, columns (2) to (5) the four data-driven indices, and columns (6) and (7) self-report and Pangram. Base pay
is $15/hr against $8/hr and enters as an indicator. Estimates are pooled across Prolific, CloudResearch, and MTurk
with platform fixed effects, and the indices are constructed from questions common to all platforms. Controls, not
displayed, are age, gender, race, income, and the four baseline Al attitudes, with wave fixed effects. The control mean
is the mean of the outcome in the pure control cell. Robust standard errors in parentheses. *p < 0.10, ** p < 0.05,

“*p < 0.01.
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Figure B.1: Prevention still lowers AI use when the copy-paste features are removed
from the index.

Effect of each treatment on Al use, no-copy-paste indices, Pooled
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NoTES: The figure repeats Figure 1 using the no-copy-paste variants of the four model indices, which are refitted after
dropping the clipboard features, so the only remaining information is typing rhythm, page engagement and cursor
behavior. This is the variant the prevention result has to survive, since prevention blocks copy-paste and would
mechanically lower any index built on it. Effects are in standard deviations of the pure control group’s distribution
of each measure, with 95% confidence intervals, on the same scale as Figure 1. Estimates are pooled across Prolific,
CloudResearch and MTurk with platform fixed effects, so every contrast is estimated within platform. Marker color
denotes the index method (PCA or LASSO) and marker fill the labeled sample the index was trained on (CELSS or
Training). There is no pre-specified series, because the pre-specified rule is a fixed binary and has no no-copy-paste
variant. Controls: age, gender, race, income, the four baseline Al attitudes, and wave fixed effects. Robust standard
€rTors.
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Figure B.2: The treatment effects are not an effort artifact: they survive dropping
every effort feature from the index.

Effect of each treatment on Al use, no-effort indices, Pooled
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NoTES: The figure repeats Figure 1 using the no-effort variants of the four model indices, which are refitted after
dropping keystroke counts, response timing, time on page and mouse activity. Because those features also move
with how hard a respondent is working, an index containing them could in principle register a change in effort as a
change in Al use; this variant removes that possibility. Scale, sample, encoding, controls and standard errors are as
in Figure B.1. There is again no pre-specified series.
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Table B.3: Treatment Effects on Individual Detection Variables

(1) (2) (3) (4) (5) (6)
Left page  Copy Char-edit Paste Empty keylog Input jump
Base Pay 0.0298**  0.00827 -0.00209 -0.00173 -0.00461 -0.0117

(0.0125) (0.0121) (0.00919) (0.0112)  (0.00283)  (0.0102)

Bonus Amount 0.0161* 0.0122°*  0.00398 0.0120°*  -0.000473  0.00887**
(0.00540) (0.00525) (0.00396) (0.00486)  (0.00119)  (0.00445)

Sanction -0.0541*** -0.0382*** -0.0164* -0.0257**  0.00396  -0.0279***
(0.0125) (0.0122) (0.00918) (0.0113)  (0.00281)  (0.0102)

Prevention 0.00975 -0.0502*** -0.196*** -0.0866™*  0.00569**  -0.108***
(0.0125) (0.0122) (0.00908) (0.0113)  (0.00287)  (0.0103)

Control mean 0.650 0.324 0.268 0.334 0.010 0.275
N 5568 5568 5568 5568 5568 5568
R-squared 0.075 0.063 0.169 0.155 0.065 0.174

NoTES: The table reports treatment effects on each detection marker separately, so that the index results of Figure 1
can be read against the individual behaviors they aggregate. The unit of observation is a respondent who completed
the main survey, pooled across Prolific, CloudResearch and MTurk with platform fixed effects. Each column is a
separate regression. Markers are recorded across all task blocks and coded so that the value shown is the outcome for
any question; “Char-edit” counts character-level edit events and “Self-report” is the respondent’s own statement that
they used Al Table A.1 defines each marker. Coefficients are in each outcome’s own units rather than z-scored, and
the binary outcomes are linear-probability effects. Controls, not displayed: age, gender, race, income, the four baseline
AT attitudes, and wave fixed effects. Robust standard errors in parentheses. *p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.4: Treatment Effects on the Effort and Performance Indices

M) @)

Performance Effort

Base Pay -0.00782 0.0384
(0.00944)  (0.0255)

Bonus Amount 0.0222***  0.0643***
(0.00415)  (0.0117)

Sanction -0.0373***  -0.0204
(0.00942)  (0.0256)
Prevention -0.0242**  0.0624**
(0.00947)  (0.0259)
Control mean 0.176 -0.471
N 5568 5568
R-squared 0.116 0.298

NoTESs: The table reports the estimates plotted in Figure 2. The unit of observation is a respondent who completed the
main survey, pooled across Prolific, CloudResearch and MTurk with platform fixed effects. Column (1) is performance
and column (2) is effort, both defined in the note to Figure 2. The control mean is the mean of the outcome in the
arm receiving none of the four interventions. Performance coefficients are percentage points; an effort coefficient of 1
is one standard deviation of the no-AI arm of the training sample. Controls, not displayed: age, gender, race, income,
the four baseline AT attitudes, and wave fixed effects. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05,
***p < 0.01.
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Table B.5: Treatment Effects on the Effort Markers

(1) (2) 3) (4) () (6)
Keystrokes Edits Median IKI (ms) Time (sec) Scroll switches Mouse jerk
Base Pay 36.96* 52.23 9.469 10.90 -1.520 -5.11e-08
(22.07)  (37.69) (48.78) (22.88) (1.446) (0.000000614)
Bonus Amount 36.13***  70.38*** -1.615 42.38*** 1.422** -0.000000397
(9.682)  (16.80) (19.69) (11.08) (0.682) (0.000000307)
Sanction 6.539 8.495 15.31 -54.73** -0.822 -0.000000578
(20.59)  (34.78) (47.70) (23.53) (1.496) (0.000000637)
Prevention 78.66**  150.7*** -133.6*** 36.76 1.708 -0.000000276
(22.64)  (37.90) (46.34) (23.53) (1.455) (0.000000710)
Control mean  933.062 1676.206 479.688 1169.669 51.934 0.000
N 2955 2955 2950 2955 2955 2955
R-squared 0.042 0.051 0.013 0.084 0.038 0.007

NoTES: The table reports treatment effects on each effort marker separately, so that the summary index of Figure 2
can be read against its components. The unit of observation is a respondent who completed the main survey. The
sample is Prolific only, because no pooled version of this table is built. Each outcome is aggregated across the task
blocks and left in its own units rather than standardized, so keystroke counts are counts and the inter-keystroke
interval is in milliseconds; binary outcomes are linear-probability effects. Controls, not displayed: age, gender, race,
income, the four baseline Al attitudes, and wave fixed effects. Standard errors clustered at the listing level in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.6: Treatment Effects on Task Performance

(1) (2) (3) (4)
Prob. (hard) Video Share correct Any honeypot
Base Pay -0.00782  0.0261***  0.0185*** 0.000404

(0.00944)  (0.00937) (0.00685)  (0.00684)

Bonus Amount  0.0222°*  0.00612  0.0133**  0.000351
(0.00415)  (0.00411)  (0.00299)  (0.00291)

Sanction -0.0373*** -0.000703  -0.0133* -0.00197
(0.00942)  (0.00937) (0.00685)  (0.00680)

Prevention -0.0242** -0.0122  -0.0305*** -0.0148**
(0.00947)  (0.00948)  (0.00690) (0.00678)
Control mean 0.176 0.836 0.526 0.090
N 5568 5568 5568 5568
R-squared 0.116 0.033 0.075 0.183

NoTEs: The table reports treatment effects on each scored task separately. The unit of observation is a respondent
who completed the main survey, pooled across Prolific, CloudResearch and MTurk with platform fixed effects. Each
column is a separate regression and each outcome is an indicator for a correct answer, so coefficients read as percentage
points. “Prob. (easy)” and “Prob. (hard)” are the two probability-reasoning questions, “Labelling” is the entity-
extraction task, and “Video” is the video comprehension check. Controls, not displayed: age, gender, race, income,
the four baseline AT attitudes, and wave fixed effects. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05,
***p < 0.01.

42



Figure B.3: Higher bonuses raise effort on every component.

Effect of the bonus on effort, Pooled
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Effort outcomes standardized to the pure-control mean and SD so they share an axis. Each bonus tier vs no bonus, 95% Cls.
NoTES: The figure reports the effect of each bonus tier on each effort component, relative to the no-bonus arm, with
95% confidence intervals. Effort outcomes are standardized to mean 0 and standard deviation 1, so the axis is in
standard deviation units. Estimates are pooled across Prolific, CloudResearch and MTurk with platform fixed effects,

so every contrast is estimated within platform; robust standard errors. Figure 2 reports the effect on the summary
index that aggregates these components.
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Figure B.4: Higher bonuses raise performance, and the gain is concentrated on the
hard tasks.

Effect of the bonus on performance, Pooled
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NoTEs: The figure reports the effect of each bonus tier on each scored task, relative to the no-bonus arm, with 95%
confidence intervals. Outcomes are indicators for a correct answer, so coefficients read as percentage points. Estimates
are pooled across Prolific, CloudResearch and MTurk with platform fixed effects, so every contrast is estimated within
platform; robust standard errors. The hard probability question is the ball-and-urn problem described in Section 6.5,
on which a language model has the clearest advantage over an unaided respondent.
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Table B.7: Heterogeneity by Gender

Pre-spec PCA (CELSS) LASSO (CELSS) PCA (Training) LASSO (Training) Self-Report Pangram

Panel A: Women / non-binary

Base Pay 0.000567 -0.00604 0.00653 -0.00757 -0.00615 -0.00312  0.00385
(0.0167) (0.0105) (0.0131) (0.0103) (0.00577) (0.00977)  (0.0116)
Bonus Amount 0.00719 0.00573 0.00333 0.00484 0.00110 -0.00148  0.00302
(0.00724) (0.00459) (0.00543) (0.00451) (0.00253) (0.00428) (0.00497)
Sanction -0.0585***  -0.0215** -0.0310** -0.0225** -0.0133** -0.0245**  -0.00574
(0.0167) (0.0105) (0.0128) (0.0104) (0.00579) (0.00976)  (0.0115)
Prevention -0.0730*"**  -0.0349*** -0.0367*** -0.0374*** -0.0451*** -0.0204**  -0.0754***
(0.0168) (0.0105) (0.0127) (0.0103) (0.00583) (0.00969)  (0.0116)
Control mean 0.437 0.463 0.278 0.457 0.387 0.111 0.234
N 2772 2772 2772 2772 2772 2772 2772
R-squared 0.219 0.118 0.105 0.131 0.268 0.183 0.377
Panel B: Men
Base Pay 0.00386 -0.000367 0.00922 -0.00406 0.00227 -0.0103 -0.0122
(0.0168) (0.0106) (0.0134) (0.0104) (0.00623) (0.00943)  (0.0110)
Bonus Amount 0.0302*** 0.0165*** 0.0129** 0.0166*** 0.00685** 0.00961**  0.00380
(0.00724) (0.00457) (0.00569) (0.00447) (0.00274) (0.00406) (0.00467)
Sanction -0.0581***  -0.0553*** -0.0634*** -0.0538*** -0.0328*** -0.0278*** -0.0345***
(0.0169) (0.0106) (0.0122) (0.0104) (0.00625) (0.00938)  (0.0111)
Prevention -0.0716™*  -0.0545*** -0.0532*** -0.0527*** -0.0501*** -0.00189 -0.0877***
(0.0170) (0.0106) (0.0129) (0.0103) (0.00624) (0.00954)  (0.0111)
Control mean 0.400 0.499 0.301 0.492 0.392 0.112 0.200
N 2796 2796 2796 2796 2796 2796 2796
R-squared 0.194 0.119 0.080 0.132 0.161 0.282 0.314

NoTES: The table reports the main specification estimated separately within each gender group, stacked as two panels:
Panel A is women and non-binary respondents, Panel B is men. The heterogeneity is the difference in a coefficient
between the panels; the table reports no interaction term, so that difference carries no standard error of its own.
The unit of observation is a respondent who completed the main survey, pooled across Prolific, CloudResearch and
MTurk with platform fixed effects. Columns are the Al-use measures on their common 0-1 scale, in the same order
as Appendix Table B.1: the pre-specified rule, the four model indices, self-report and Pangram. The PCA indices
are percentile ranks, so their coefficients are rank points, while the pre-specified rule, the LASSO indices, Pangram
and self-report coefficients are probability or rate points. Controls, not displayed: age, gender, race, income, baseline
AT attitudes, and wave fixed effects. Robust standard errors in parentheses. *p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.8: Heterogeneity by Income

Pre-spec  PCA (CELSS) LASSO (CELSS) PCA (Training) LASSO (Training) Self-Report Pangram

Panel A: Below-median income

Base Pay -0.0000984 -0.00138 0.0143 -0.00381 0.000459 -0.00335  0.00620
(0.0154) (0.00965) (0.0117) (0.00943) (0.00542) (0.00887)  (0.0102)
Bonus Amount 0.0144** 0.00646 0.00154 0.00582 0.00315 0.00370 0.00437
(0.00671) (0.00426) (0.00521) (0.00415) (0.00239) (0.00388) (0.00441)
Sanction -0.0438***  -0.0299*** -0.0425*** -0.0316*** -0.0225%** -0.0216**  -0.0200*
(0.0154) (0.00964) (0.0115) (0.00942) (0.00539) (0.00882)  (0.0102)
Prevention -0.0645***  -0.0421*** -0.0401*** -0.0416*** -0.0465*** -0.0154*  -0.0704***
(0.0157) (0.00975) (0.0120) (0.00955) (0.00551) (0.00880) (0.0104)
Control mean 0.456 0.483 0.287 0.475 0.399 0.101 0.232
N 3216 3216 3216 3216 3216 3216 3216
R-squared 0.227 0.119 0.099 0.132 0.264 0.188 0.405
Panel B: Above-median income
Base Pay 0.000987 -0.00731 -0.00350 -0.0118 -0.00666 -0.0139  -0.0243*
(0.0183) (0.0117) (0.0147) (0.0115) (0.00675) (0.0105)  (0.0125)
Bonus Amount 0.0282*** 0.0180*** 0.0178*** 0.0184*** 0.00543* 0.00266 0.00354
(0.00788) (0.00501) (0.00609) (0.00491) (0.00295) (0.00447) (0.00530)
Sanction -0.0826™**  -0.0508*** -0.0547*** -0.0486*** -0.0251*** -0.0283***  -0.0245*
(0.0184) (0.0117) (0.0145) (0.0115) (0.00675) (0.0105)  (0.0126)
Prevention -0.0775*  -0.0449*** -0.0491*** -0.0457*** -0.0478*** -0.00430 -0.0937***
(0.0184) (0.0115) (0.0145) (0.0113) (0.00678) (0.0106)  (0.0125)
Control mean 0.369 0.479 0.294 0.475 0.378 0.124 0.198
N 2352 2352 2352 2352 2352 2352 2352
R-squared 0.191 0.131 0.091 0.150 0.161 0.299 0.283

NoTEs: The table reports the main specification estimated separately within each income group, split at the sample
median and stacked as two panels. Sample, columns, scales, controls and standard errors are as in Table B.7.

*p<0.10, ™ p < 0.05, *** p < 0.01.
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Table B.9: Heterogeneity by Age

Pre-spec PCA (CELSS) LASSO (CELSS) PCA (Training) LASSO (Training) Self-Report Pangram

Panel A: Below-median age

Base Pay -0.00400 0.00650 0.0184 0.00526 0.00174 -0.00299  -0.00204
(0.0169) (0.0107) (0.0135) (0.0106) (0.00632) (0.0101)  (0.0124)
Bonus Amount 0.0247*** 0.0107** 0.0135** 0.0108** 0.00430 0.00338  0.00579
(0.00736)  (0.00475) (0.00589) (0.00467) (0.00283) (0.00436)  (0.00534)
Sanction -0.0375*  -0.0275** -0.0435** -0.0290*** -0.0191*** -0.0128 -0.0104
(0.0169) (0.0108) (0.0134) (0.0106) (0.00638) (0.0101)  (0.0123)
Prevention -0.0401**  -0.0393*** -0.0457*** -0.0398*** -0.0415** -0.000460 -0.0768"**
(0.0172) (0.0107) (0.0136) (0.0106) (0.00644) (0.0102)  (0.0125)
Control mean 0.451 0.511 0.322 0.505 0.414 0.105 0.276
N 2798 2798 2798 2798 2798 2798 2798
R-squared 0.217 0.092 0.089 0.107 0.210 0.190 0.373
Panel B: At or above median age
Base Pay 0.00283 -0.0135 -0.000923 -0.0177* -0.00600 -0.0118  -0.00754
(0.0165) (0.0104) (0.0127) (0.0101) (0.00561) (0.00909) (0.00994)
Bonus Amount 0.0163** 0.0123*** 0.00369 0.0118*** 0.00396 0.00427  0.00319
(0.00707)  (0.00447) (0.00565) (0.00434) (0.00247) (0.00391) (0.00427)
Sanction -0.0801***  -0.0496*** -0.0503*** -0.0474** -0.0270*** -0.0409*** -0.0319***
(0.0165) (0.0104) (0.0125) (0.0101) (0.00565) (0.00901)  (0.0101)
Prevention -0.103***  -0.0504*** -0.0444*** -0.0506*** -0.0535*** -0.0230** -0.0888***
(0.0165) (0.0103) (0.0127) (0.0101) (0.00565) (0.00902)  (0.0100)
Control mean 0.382 0.449 0.254 0.442 0.364 0.118 0.152
N 2770 2770 2770 2770 2770 2770 2770
R-squared 0.180 0.118 0.053 0.136 0.167 0.286 0.274

NoTEs: The table reports the main specification estimated separately within each age group, split at the sample
median and stacked as two panels. Sample, columns, scales, controls and standard errors are as in Table B.7.
*p <0.10, " p < 0.05, *** p < 0.01.
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Table B.10: Treatment Effects on Attentiveness

0 CREC)

Video check IMC Both
Base Pay 0.0261***  0.0244** 0.0370***
(0.00937) (0.0121) (0.0123)

Bonus Amount  0.00612  -0.00377 -0.00188
(0.00411) (0.00530) (0.00537)

Sanction -0.000703 -0.0111 -0.0131
(0.00937) (0.0121) (0.0123)
Prevention -0.0122 -0.00856 -0.0138
(0.00948) (0.0122) (0.0123)
Control mean 0.836 0.539 0.463
N 5568 5568 5568
R-squared 0.033 0.190 0.165

NoTEs: The table reports treatment effects on the two attention checks. The unit of observation is a respondent
who completed the main survey, pooled across Prolific, CloudResearch and MTurk with platform fixed effects. Each
column is a separate regression. “Video check” is an indicator for answering the video comprehension question
correctly, “IMC” for passing the classic instructional manipulation check, and “Both” for passing both, missing
where either was not asked. All three outcomes are coded 1 = attentive, so a negative coefficient means the arm
reduced attentiveness, and coefficients are linear-probability effects in percentage points. Base pay is $15/hr against
$8/hr and the bonus enters linearly in dollars. Controls, not displayed: age, gender, race, income, the four baseline
AT attitudes, and wave fixed effects. Robust standard errors in parentheses. *p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.11: Treatment Effects on Submission Attrition

(1) (2) (3) (4) (5)
Approved Returned Timed-out Rejected Awaiting
Base Pay 0.0226** -0.0119 -0.00922** -0.00149* 0.0000133
(0.0112) (0.0107) (0.00410) (0.000811) (0.000655)

Bonus Amount 0.000890 -0.00366 0.00201  0.000527  0.000228
(0.00507) (0.00493) (0.00192) (0.000417) (0.000395)

Sanction 0.00630 0.000524 -0.00604 -0.000884 0.0000964
(0.0121) (0.0115) (0.00382) (0.000922) (0.000733)
Prevention 0.0163 -0.0221* 0.00685 -0.00192* 0.000941
(0.0121) (0.0116) (0.00430) (0.00103) (0.000661)
Control mean 0.880 0.110 0.010 0.000 0.000
N 3881 3881 3881 3881 3881
R-squared 0.076 0.065 0.014 0.003 0.004

NoTES: The table reports treatment effects on how a submission ends. The unit of observation is a Prolific submission,
and unlike every other results table the sample is all submissions rather than completers only, so returned and timed-
out respondents are included. The sample is Prolific only, because the five outcomes are Prolific submission statuses
and have no MTurk or CloudResearch analogue. Each column is a separate regression on one status share, so
coefficients are linear-probability effects. Wave fixed effects are included; no demographic controls, because those
are post-selection and unavailable for non-completers. Standard errors clustered at the listing level in parentheses.
*p < 0.10, " p < 0.05, *** p < 0.01.
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Table B.12: Attrition by Treatment Arm and Platform

Platform Contrast Control Treated Difference p

Prolific Base pay: $15 v $8  0.224  0.212 -0.012 0.388
Bonus $0.25 v none 0.231  0.216 -0.015 0.357
Bonus $2.50 v none  0.231  0.208 -0.023 0.178

Sanction v none 0.224 0.212 -0.011 0.402
Prevention v none 0.207  0.229 0.023 0.092
MTurk Base pay: $15 v $8  0.193  0.177 -0.015 0.441

Bonus $0.25 v none  0.204  0.198 -0.005 0.821
Bonus $2.50 v none  0.204 0.177 -0.027 0.271
Sanction v none 0.202 0.185 -0.017 0.401
Prevention v none 0.116  0.275 0.159 0.000

CloudResearch Base pay: $15 v $8  0.209  0.165 -0.045 0.015
Bonus $2.50 v none  0.196  0.181 -0.015 0.411
Sanction v none 0.191 0.186 -0.005 0.784
Prevention v none 0.203 0.176 -0.026 0.151

NoTESs: The table reports the share of consented starters who did not complete the main survey, by treatment arm
and platform. The unit of observation is a consented starter, so unlike most tables in this section the sample is not
restricted to completers. Each row is one randomized contrast: “Control” is the mean non-completion rate in the
omitted arm, “Treated” the mean in the named arm, “Difference” the gap, and p the two-sided p-value of a two-
sample t-test on that difference. The two bonus tiers are each compared against the no-bonus arm, so the two rows
share a control group. CloudResearch has no $0.25 row because it did not field that tier. Base pay is entry-stamped
on Prolific, assigned by intention to treat on MTurk, and taken from the assignment lists on CloudResearch. Because
each row is a separate test, the p-values are not adjusted for multiple comparisons.
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Table B.13: Follow-up Completion by Main-Survey Arm, Prolific

Main-survey arm Invited Completed Completion (%) p

Base pay: low 1851 1649 89.1 0.066
Base pay: high 1874 1633 87.1
Bonus: none 1216 1076 88.5 0.064
Bonus: $0.25 1313 1173 89.3
Bonus: $2.50 1196 1033 86.4
Sanction: no 1923 1685 87.6 0.346
Sanction: yes 1802 1597 88.6
Prevention: no 1853 1644 88.7 0.250
Prevention: yes 1872 1638 87.5

NoTES: The table reports completion of the follow-up survey by the arm a respondent was assigned in the main
survey. The unit of observation is a respondent invited to the follow-up; the sample is Prolific only, because the
follow-up was fielded there alone. “Invited” is the number of respondents in the arm who were invited back and
“Completed” the number who finished the follow-up, so “Completion” is the ratio of the two. Each block is one
randomized intervention, and the p-value printed on a block’s first row is a single test across all of that block’s arms
rather than a test of the row it sits on. Because the randomizations are cross-cutting, every respondent appears once
in each block, so the blocks are four views of the same sample and their p-values are not independent. The effect
of base pay on follow-up completion is estimated separately with controls and answers a different question from the
main-survey randomization tested here.
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Table B.14: Treatment Effects on Al-Automated Responses

Prolific MTurk CloudResearch
W 2) ®) (1) (5) (©)
No-signal = 0 No-signal dropped No-signal = 0 No-signal dropped No-signal = 0 No-signal dropped
Base Pay: $15 v $8 -0.00873 -0.0103 0.0373** 0.0462** -0.0128 -0.0146
(0.00611) (0.00699) (0.0185) (0.0222) (0.0100) (0.0112)
Bonus $0.25 -0.00943 -0.0110 -0.00984 -0.0168
(0.00759) (0.00868) (0.0229) (0.0277)
Bonus $2.50 -0.00281 -0.00427 -0.0312 -0.0444 -0.00154 -0.00303
(0.00787) (0.00899) (0.0228) (0.0274) (0.00982) (0.0110)
Sanction 0.00791 0.00866 0.00803 0.00823 -0.00939 -0.00990
(0.00616) (0.00708) (0.0185) (0.0222) (0.00991) (0.0110)
Prevention 0.00198 0.00326 -0.0655*** -0.0560** -0.0192* -0.0220*
(0.00578) (0.00659) (0.0184) (0.0221) (0.0101) (0.0113)
Constant 0.0344*** 0.0396*** 0.173*** 0.203*** 0.0656*** 0.0742***
(0.00782) (0.00891) (0.0237) (0.0279) (0.0119) (0.0134)
Control mean 0.030 0.034 0.197 0.227 0.070 0.081
Pre-spec not computable (attriters) 430 0 211 0 180 0
N 3462 3031 1488 1217 1692 1517
R-squared 0.002 0.002 0.012 0.011 0.004 0.005

NoTEs: The table reports treatment effects on the Al-automated pre-specified binary, extended with the in-survey
screens. The unit of observation is a consented starter who carried a treatment stamp and reached the randomized
task blocks, so unlike the Al-assisted tables the sample is not restricted to completers. The extended rule flags a
respondent who stopped at the captcha, stopped at the video, or completed the survey and was flagged by the pre-
specified binary; answering the video incorrectly is deliberately excluded, because it captures inattention rather than
automation. The pre-specified binary needs the three core typed tasks, so attriters who did not stall at a screen carry
no signal: the first column for each platform codes them zero and the second drops them. Base pay is entry-stamped
on Prolific, assigned intention-to-treat on MTurk, and taken from the assignment lists on CloudResearch, which did
not field the $0.25 tier. Standard errors are clustered at the listing level on Prolific and robust elsewhere. * p < 0.10,

**p < 0.05, " p < 0.01.
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Table B.15: The Base-Rate Fallacy, Raw and Reweighted

Unweighted Human-only Difference N

Correct posterior (57%) 0.129 0.102 -0.027 2955
( 0.006)

Base rate (25%) 0.219 0.233 0.014 2955
( 0.009)

Likelihood, Jar A (80%) 0.090 0.095 0.005 2955
(0.006)

Likelihood, Jar B (20%) 0.098 0.102 0.004 2955
(0.005)

Fifty-fifty (50%) 0.079 0.082 0.002 2955
(0.005)

Any other answer 0.384 0.386 0.002 2955
( 0.009)

NoTES: The table reports the share of respondents giving each answer category on the hard probability question, raw
against reweighted to human respondents. The unit of observation is a respondent who completed the main survey;
the sample is Prolific only, for the same reason as Table 8. The weight is w; = 1 — pf®'?, using the same base-rate
corrected posterior as that table. The question is a ball-and-urn problem with P(Jar A) = 0.25, P(green | A) = 0.80
and P(green | B) = 0.20, so the correct posterior is 57%; 25% is the base rate, 80% and 20% are the two likelihoods,
and 50% is the uninformative answer. A respondent answering 25 has anchored on the base rate and ignored the
evidence; one answering 80 or 20 has anchored on a likelihood and ignored the base rate. Bootstrap standard errors
in parentheses, from 500 replications resampling both the labeled and the field sample.

Table B.16: AI Use by Platform and Measure

Naive Corrected Al rate (%)

Platform N mean score Separation Full sample Control arm
Al-assisted, CELSS-trained common-slot no-effort LASSO

Prolific 2955 0.226 0.726 13.0 (1.9) 13.4(4.4)

CloudResearch 1456 0.214 0.726 11.2 (1.9) 17.5(5.4)

MTurk 1169 0.374 0.726 33.3 (1.8) 36.7 (6.0)

Pooled 5580 0.254 0.726 16.8 (1.7) 19.2 ( 3.2)

CELSS lab (human/Al) 0.132 / 0.859 0.726  lab base rate 50.0%

NoTEs: The table reports implied Al use by platform and detection measure, naive and corrected for the shifted
base rate by the procedure in Section 3.7. Each measure is summarized by its average on its own scale rather than
by the share above a cutoff: the flag rate for the binary measures and the mean predicted probability for the LASSO
and Pangram measures. Each panel is one index variant; the lab row of a panel gives the two type-conditional means
the correction is identified from, together with the training sample’s own Al rate. The no-effort index is not built on
CloudResearch, which is why the common-slot panels follow it. Bootstrap standard errors in parentheses, from 500
replications resampling both samples, clustered at the listing level on Prolific.
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