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Abstract

Incentivizing behavior, a core principle of economic experiments, is currently under scrutiny

due to a series of papers that find little to no difference in choices made under real or hypothet-

ical incentives. We experimentally assess the effectiveness of hypothetical incentives to induce

participants’ real effort – an integral aspect of reliable experimental data. We find that al-

though linking behavior to hypothetical incentives generates modest additional effort compared

to no reference to such incentives, hypothetical incentives fall substantially short of real ones,

even when their nominal value is radically inflated. To understand the mechanism behind these

effects, we systematically vary base pay and piece-rate magnitudes across incentive conditions

and structurally estimate a model of costly effort. Although higher base pay increases effort

both by increasing non-pecuniary motivation and by enhancing responsiveness to hypothetical

incentives, incentive-compatible real payments are far more cost-effective.
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1 Introduction

Incentivizing behavior is a foundational principle of experimental economics. Providing sufficiently

high monetary incentives that are linked to the outcome variable has been argued to eliminate

other motivations that could bias behavior (Smith, 1982; Plott, 1986; Svorenč́ık and Maas, 2016).

While scholars in other behavioral sciences have long advocated for critical reflection on the use of

monetary incentives (see Hertwig and Ortmann 2001 for a relevant discussion), this perspective has

only recently gained traction among economists. This is largely due to a recent series of preference-

elicitation studies that report little or no difference between measures obtained under incentivized

and non-incentivized1 conditions. For example, the meta-analysis by Matousek et al. (2022) on

time preferences concludes that “it does not matter systematically for the reported discount rates

whether experiments use real or hypothetical rewards” (p. 320). Moreover, Brañas-Garza et al.

(2023) draw on cross-country studies with field and online experiments to demonstrate that time

preferences under real and hypothetical monetary incentives are largely comparable. Similarly, Falk

et al. (2023) validate a survey module that uses hypothetical monetary incentives, across several

preference dimensions. They conclude that these hypothetical measures offer a good compromise

and apply this module in one of the largest global preference studies to date (Falk et al., 2018).

A common feature of preference-based choice tasks is that non-incentivized conditions link

behavior to monetary rewards even though these are only hypothetical. For instance, Brañas-Garza

et al. (2023) elicit choices between smaller, sooner and larger, later hypothetical monetary rewards

to measure participants’ time preferences. The use of such hypothetical incentives is less common

in other behavioral tasks, where non-incentivized conditions typically make no mention of monetary

rewards beyond the participation fee. Reviewing a wide range of behavioral tasks, Camerer and

Hogarth (1999) find that, unlike in preference-based choice tasks, real monetary incentives affect

behavior more systematically in tasks involving judgment, learning, memory and recall, or real-

effort provision. The disparity between these two types of non-incentivized conditions raises the

question of whether linking behavior to hypothetical incentives differs from not mentioning any

link to monetary rewards and how both compare to real ones.

Addressing this research question tests whether people can effectively internalize hypothetical

1By ‘non-incentivized’ we refer to conditions where the outcome variable is not linked to real monetary incentives
and where participants typically receive only a fixed participation fee.



incentives, treating them as motivationally similar to real ones – a potential explanation for the

observed similarity between real and hypothetical incentives in preference-based choice tasks. To

this end, we conduct two complementary studies using pre-registered real-effort experiments based

on a decoding task (Sillamaa, 1999a). Real-effort tasks enable a clear comparison between settings in

which performance is linked to monetary rewards and settings in which incentives are not mentioned.

This comparison is not feasible in preference-based choice tasks where monetary outcomes must

be specified by design. To the extent that preference-based choice tasks involve some degree of

effort, we would expect to see some trace of this internalization ability in a standard real-effort

task. Beyond testing this hypothesis, establishing whether hypothetical incentives can motivate

effort has practical implications, potentially offering experimenters a cost-effective alternative to

real monetary incentives across a broader range of behavioral tasks.

In Study 1 we compare effort provision across three conditions: real 10-pence piece-rate in-

centives (Real), hypothetical 10-pence piece-rate incentives (Hypothetical), and no mention of

incentives (No-Incentives). In all three conditions, participants received a £1 participation fee

that is not linked to their output. Hypothetical is identical to Real, except that participants

are explicitly informed, and repeatedly reminded, that the piece rate for solving items is hypothet-

ical and does not affect their final payment. We find that Hypothetical increases effort only

marginally relative to No-Incentives, an increase that is not significant at the 5% level (Cohen’s

d = 0.16). Real, by contrast, generates substantially larger and statistically significant effects,

relative to both No-Incentives (d = 1.66) and Hypothetical (d = 1.41).

While large effects are not uncommon when comparing performance-contingent pay to flat

compensation, in a comparable design, DellaVigna and Pope (2018) report Cohen’s d = 1.0, our

effect is on the larger side. The magnitude replicates in Study 2, which finds even larger effects for

Real (Cohen’s d = 2.3) and weaker effects for Hypothetical (Cohen’s d = 0.09).

In Study 2 we introduce four treatments that systematically vary base pay and piece-rate

parameters across the three incentive conditions. The four additional treatments allow us to identify

the following boundary conditions: First, even a ten-fold increase of the hypothetical piece rate has

negligible impact. Second, substantially raising the base pay to £3.20, matching the average total

compensation in Study 1’s Real, generates a modest but statistically significant increase in effort

under No-Incentives. Third, this higher base pay increases responsiveness to Hypothetical:
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participants receiving £3.20 upfront with a £1.00 hypothetical piece rate solve significantly more

items than their counterparts in No-Incentives with the same high base pay. Fourth, this high

base pay hypothetical variant is substantially less cost-effective than the real condition. A real

piece rate of only £0.01 under low base pay induces higher effort and requires only one-third of the

total cost.

To decompose the treatment effects on real effort provision into interpretable parameters, we

develop and estimate a structural model of costly effort. We build on DellaVigna and Pope (2018)’s

core framework of costly effort choice, in which individuals maximize utility from monetary piece

rates and non-monetary motivation (such as gift-exchange reciprocity), minus a convex cost of

effort. We extend this model by incorporating a parameter that captures how nominal piece-rates

are internalized when they are hypothetical. The net effect of hypothetical piece-rates on optimal

effort provision is the product of this parameter and the nominal piece-rate.

The structural estimates reveal that participants internalize hypothetical piece rates at just

above 0.1% at the low base pay. This point estimate declines further when the hypothetical piece

rate increases. Within our tested parameter range the net effect on effort remains positive, but

this pattern implies a boundary condition: excessively high hypothetical piece rates could reduce

net effort if internalization declines faster than the nominal piece rate increases. For example, a

£1,000 hypothetical piece rate is likely dismissed as implausible, so internalization fails and further

nominal increases backfire. Furthermore, the model-mediated analysis reveals two distinct channels

through which raising the base pay increases effort. First, it increases non-pecuniary motivation

substantially: participants reciprocate by providing additional effort in a way that is consistent

with ‘gift exchange’ (Gneezy and List, 2006; DellaVigna and Pope, 2018; DellaVigna et al., 2022).

Second, it significantly increases participants’ responsiveness to hypothetical incentives. However,

despite this increase, internalization remains very low, staying below 0.3%.

Both model-free and model-mediated analysis converge on the same conclusion: while link-

ing effort to hypothetical incentives can generate some improvements over not referencing any

incentives at all, this strategy remains a poor substitute for real monetary rewards. Although

our primary evidence comes from a real-effort setting in which effort and performance are tightly

linked, our exploratory analysis indicates why our conclusions extend more broadly. We find that

in No-Incentives and Hypothetical, the share of participants who exert only minimal effort,
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i.e., solving no more than one item, is more than three times higher compared to Real. This

concentration of minimal-effort responses suggests not merely low motivation but, as Rydval and

Ortmann (2004) observe in a related context, outright refusal to engage with the task. Further-

more, participants in both No-Incentives and Hypothetical conditions exhibit significantly

higher error rates on a comprehension question which was administered after the introduction of

incentives.2 In contrast, error rates in the practice round for the decoding task, administered be-

fore participants learned their incentive condition, show no systematic differences. Returning to

our initial motivation, these patterns provide little support for the hypothesis that participants

efficiently internalize hypothetical incentives — even when the task requires only minimal effort.

Therefore, the null effects between real and hypothetical incentives in preference-based choice tasks

likely have a different explanation.

Although our main result clearly supports the use of real monetary incentives, in many ex-

perimental settings, e.g., medical decision-making tasks or high-stakes preference elicitation, im-

plementing incentive-compatible payments is sometimes not possible. In these cases, our results

offer practical guidance. Generous participation fees can partially substitute incentive compatible

payments, producing more effortful, higher-quality responses even when the incentives related to

the task must remain hypothetical.

2 Background on Real-Effort Tasks

We investigate whether individuals internalize hypothetical monetary incentives as motivationally

equivalent to real ones, using effort provision as our primary dependent variable. We focus on effort

to address this fundamental question because insights related to effort extend beyond tasks explicitly

designed to measure it. Even when experimental tasks are not explicitly designed to measure effort,

ensuring high-quality data requires participants to engage meaningfully with the task – for example,

by reading instructions carefully, considering trade-offs thoughtfully, and performing calculations

accurately. This focus on effort is consistent with Smith (1982), who formalizes the principle that

monetary incentives must dominate subjective costs, including the cognitive effort required for

2Error rates are based on participants’ initial responses. Importantly, however, to ensure participants responded
to our incentive manipulation rather than misunderstanding it, we required all participants to answer correctly before
proceeding to the task.
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thinking, calculating, and acting, in order to ensure control over participant preferences.

Two primary methodological approaches dominate experimental research on effort provision:

stated-effort and real-effort paradigms (see Charness et al., 2018; Carpenter and Huet-Vaughn,

2019, for reviews). In stated-effort paradigms, participants report intended effort levels, with higher

stated effort corresponding to greater monetary rewards but also to increased costs (often affecting

other participants’ payoffs), as in gift-exchange (Fehr et al., 1993) or tournament (Nalbantian

and Schotter, 1997) settings. In real-effort paradigms, participants engage in tangible tasks with

outcomes determined by actual performance. Carpenter and Huet-Vaughn (2019) classify real-effort

tasks into motor tasks such as counting (Abeler et al., 2011) or moving a slider (Gill and Prowse,

2012), and cognitively demanding tasks such as solving puzzles (Charness and Villeval, 2009) or

arithmetic problems (Niederle and Vesterlund, 2007).

We employ a real-effort paradigm based on a decoding task (e.g., Sillamaa, 1999a,b; Lévy-

Garboua et al., 2009; Drobner and Orhun, 2025). Recent work by Dutcher et al. (2024) demonstrates

that stated-effort and real-effort paradigms can produce similar results when opportunity costs are

properly controlled, underscoring that both approaches offer valuable insights for different research

questions. Our choice of a real-effort paradigm reflects a specific design requirement: the need

to create a clean comparison between conditions where incentives are not mentioned at all versus

conditions where they are framed as hypothetical. Stated-effort paradigms and preference-based

choice tasks inherently tie decisions to monetary outcomes – whether hypothetical or real – making

this distinction not possible.

The remaining features of our experimental design are guided by prior literature examining how

varying levels of incentives influence real effort provision. This literature reports mixed findings

(Bonner et al., 2000). Specifically, Erkal et al. (2018) and Dorner and Lancsar (2023) summarize

that some studies report no impact of monetary incentives on effort provision (e.g., Araujo et al.,

2016), others document a positive association (e.g., Jenkins Jr et al., 1998; Abeler et al., 2011;

DellaVigna and Pope, 2018; De Quidt et al., 2018; Goerg et al., 2019), while a third group finds a

non-monotonic relationship (e.g., Gneezy and Rustichini, 2000; Pokorny, 2008; Ariely et al., 2009).

Variation in piece-rate magnitude is a key moderator of this heterogeneity and central to our

investigation. DellaVigna and Pope (2018), for example, report Cohen’s d = 1.0 when comparing

a 10-cent piece rate to no incentives, and d = 0.7 for a 1-cent piece rate versus no incentives.
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Likewise, in Experiment 3 of De Quidt et al. (2018), real effort differs substantially across piece-

rate levels: Cohen’s d = 1.1 when comparing a 4-cent piece rate to no incentives, and d = 0.7 for

a 1-cent piece rate versus no incentives (pooling over demand treatments). We extend this work

by systematically varying both piece-rate magnitudes and base pay levels across real, hypothetical,

and no-incentive conditions. In doing so, we incorporate insights from prior literature identifying a

range of additional moderators such as intrinsic motivation, skill, time pressure, and opportunity

costs that affect effort provision.

First, we use a real-effort task with low intrinsic motivation. Tasks with high intrinsic motiva-

tion can confound the relationship between monetary incentives and effort through complex, often

non-monotonic interactions – monetary rewards may crowd out intrinsic motivation, or intrinsic

motivation may substitute for extrinsic incentives (Deci et al., 1999). We chose the decoding task,

which Carpenter and Huet-Vaughn (2019) characterize as having low intrinsic motivation. Second,

the decoding task imposes minimal cognitive skill demands which have been shown to compete

with incentives in effort provision tasks (Camerer and Hogarth, 1999; Rydval and Ortmann, 2004).

Third, we impose no time constraints. Ariely et al. (2009) report evidence consistent with backfir-

ing due to choking under (time) pressure, finding that increasing incentives from low to very high

decreased performance in some of their tasks. The generality of this pattern is, however, an open

question: Enke et al. (2023) find that very high stakes do not reduce performance but increase

response times across four cognitive-bias tasks. While our decoding task differs from both settings,

we adopt a precautionary approach and remove time pressure, ensuring that choking through this

channel cannot confound our comparisons. Fourth, we allow participants to stop working at any

time, ensuring that opportunity costs translate into credible outside options. Without such options,

effort responds weakly to incentives: Dutcher et al. (2024) report Cohen’s d = 0.8 with an outside

option versus d = 0.3 without; Goerg et al. (2019) find a similar pattern (d = 0.7 vs. d = 0.1).

This point is further supported by Erkal et al. (2018), Eckartz (2014), and Corgnet et al. (2015).

We close this section with two important clarifications. First, the experimental design choices

discussed above follow insights from prior literature to maximize participants’ responsiveness to

incentive variation. These choices do not, however, guarantee elimination of moderating factors,

nor is elimination our goal. For example, though we selected the decoding task for its low intrinsic

motivation, Dorner and Lancsar (2023) use a similar task and find evidence of intrinsic motivation.
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Nonetheless, our treatment comparisons are designed such that moderating factors remain constant

across the conditions being compared, securing causal identification. Second, we do not explicitly

measure the extent to which moderators such as opportunity costs (Dutcher et al., 2024) or intrinsic

motivation (Dorner and Lancsar, 2023) are present in our setting. Measuring these factors and

investigating heterogeneity in effort responses across our three incentive conditions would be an

interesting extension for future research.

3 Methods

This section describes the experimental design and the structural modeling approach used to inves-

tigate participants’ effort provision under different incentive schemes. Section 3.1 outlines the main

experimental task and explains how effort was measured, followed by a description of the treat-

ment conditions that varied the type and size of incentives participants received. We then detail

the participant recruitment, randomization, and procedural aspects of our investigation. Section

3.2 introduces our structural model of costly effort, which extends DellaVigna and Pope (2018) to

incorporate responsiveness to hypothetical incentives, and describes the estimation protocol used

to recover the structural parameters.

3.1 Experimental Design

We develop an experimental design to test how effort provision responds to real monetary incentives,

hypothetical monetary incentives, and no mention of monetary incentives. The primary outcome

variable in our study is the number of correctly solved items in a decoding task, which we use as

a proxy for effort e. Participants could complete up to 25 decoding items. Each item required

translating a five-digit number into text using a provided decoding key, as illustrated in Figure 1.

Participants faced no time constraint. All participants were required to complete the first item.

After each subsequent item, participants decided whether to continue or stop.3 Before learning

about their specific incentive condition, participants completed a practice round of the decoding

task. Besides the number of correctly solved decoding items, our experimental design also tracks

3The instructions specified that the participation fee would be paid “regardless of when you decide to stop
working” and stopping early carried no penalty beyond forgoing any further piece-rate bonus in the Real treatments:
Prolific prohibits rejections based on low task output alone, so participants’ base payment and platform reputation
were not at risk.
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the number of attempted decoding items and time spent on the decoding task. This allows us to

consider alternative measures of effort as robustness checks (see Appendix A.3).

Figure 1: Sample Item of Decoding Task

Notes: The figure shows a sample item of the decoding task for which the correct
answer is ‘CHFYW’. Each item in the decoding task requires translating a 5-digit
number into text using a provided decoding key.

We employed a between-subjects design in which participants were assigned to one of seven

treatments. Across all treatments, the base pay is a real participation fee that is always paid

out. Treatments differ in (i) the magnitude of the base pay, (ii) the magnitude of the piece-rate

incentive, and (iii) whether the piece-rate incentive is real or hypothetical. The seven treatments

comprise three categories based on incentive type. In Real treatments, participants received a

base pay and a piece-rate bonus per correctly solved item that was paid out. In Hypothetical

treatments, participants received a base pay and a piece-rate bonus per correctly solved item, but

were informed this piece-rate bonus was hypothetical and would not be paid out. InNo-Incentives

treatments, participants received only a base pay with no mention of bonus payments for solving the

decoding task. To mitigate potential selection effects stemming from differences in base payments

across treatments, the study was advertised with a uniform participation fee of £1. Participants in

treatments with higher base payments were informed of the higher amount during the experiment.

Table 1 provides excerpts from the instructions that highlight the treatment differences. Complete

experimental instructions are provided in Appendix B.

To ensure that participants fully understood the incentive scheme specific to their treatment,
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Table 1: Summary of Treatments

Category Treatment
Base
Pay

Piece
Rate

Description

No-Incentives

No-B100 £1.00 –
You will receive the participation fee
of £[Base Pay] regardless of when
you decide to stop working. You will
receive no bonus payment for
solving the decoding tasks.

No-B320 £3.20 –

Hypothetical

Hyp-B100-P10 £1.00 £0.10
You will receive the participation fee
of £[Base Pay] regardless of when
you decide to stop working. You will
receive a bonus payment of
£[Piece-Rate] for each correctly
solved decoding task. This bonus
payment is only hypothetical and
will not be credited to your Prolific
account.

Hyp-B100-P100 £1.00 £1.00

Hyp-B320-P100 £3.20 £1.00

Real

Real-B100-P1 £1.00 £0.01
You will receive the participation fee
of £[Base Pay] regardless of when
you decide to stop working. You will
receive a bonus payment of
£[Piece-Rate] for each correctly
solved decoding task. This bonus
payment will be credited to your
Prolific account.

Real-B100-P10 £1.00 £0.10

Note: Treatments indicate payment conditions, where “B” denotes the base pay amount and “P” denotes
the piece rate.

we incorporated two design features. First, before beginning the task, participants were required

to correctly answer a comprehension-check question about both the incentive structure and the

nature of the task. Second, after submitting an answer to each item in the decoding task, they

were reminded of their incentive scheme before deciding whether to continue.

We collected data for the seven treatments in two pre-registered studies on Prolific, using a

sample from the UK. Data were collected in three waves and subjects were randomly assigned to

one of the treatments included in the respective wave. The distribution of participants’ demographic

characteristics is presented in Appendix A.1 and shows that the experimental treatment groups are

well balanced. Study 1 was carried out in wave 1 that took place in October 2024. It included the

treatments No-B100, Hyp-B100-P10, and Real-B100-P10 (pre-registration). Study 2 was carried

out in two waves. Wave 1 took place in August 2025. It included a direct replication of the
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treatments of Study 1 and additionally introduced the treatments No-B320 and Hyp-B100-P100

(pre-registration). Wave 2 took place one week later. There, we collected data for two additional

treatments, Hyp-B320-P100 and Real-B100-P1 (pre-registration). We recruited approximately 300

participants in each treatment within each study, yielding a total sample size of 901 participants

in Study 1 and 2,116 participants in Study 2.

3.2 Structural Model

We extend the model of costly effort from DellaVigna and Pope (2018) to incorporate responsiveness

to hypothetical incentives. Individuals choose effort level e to maximize utility net of effort costs.

For each unit of effort, individuals receive utility from a monetary piece rate p as well as a non-

monetary component s > 0. The former represents standard performance incentives, while the

latter captures intrinsic motivation, sense of duty, or gratitude for the participation fee.

We assume a convex cost of effort function c(e) with c′(e) > 0 and c′′(e) > 0 for all e > 0.

Individuals solve:

max
e≥0

(s+ p)e− c(e). (1)

We adopt the power cost function c(e) = ke1+γ/(1 + γ), which features a constant elasticity of

effort 1/γ with respect to the marginal benefit of effort. This yields the first-order condition:

c′(e) = keγ = s+ p, (2)

with optimal effort:

e∗ =

(
s+ p

k

)1/γ

. (3)

We extend this framework to allow for partial internalization of hypothetical incentives, i.e.,

the extent to which participants treat hypothetical rewards as motivating real effort. Let IHyp and

IReal denote indicator variables for hypothetical and real incentive treatments, respectively. The

extended first-order condition becomes:

c′(e) = keγ = s+ β · p · IHyp + p · IReal. (4)

The parameter β captures the efficiency of hypothetical incentives relative to real incentives. We
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impose no restrictions on β during estimation: values in [0, 1] indicate partial internalization (with

β = 0 representing complete disregard and β = 1 representing full equivalence with real incentives),

while β > 1 would indicate hypothetical incentives are more effective than real ones, and β < 0

would indicate a backfiring effect where hypothetical rewards reduce effort below baseline.

When IHyp = 0, equation (4) reduces to the standard model. When IHyp = 1, the hypothet-

ical piece rate contributes βp to the marginal benefit, allowing us to estimate the efficiency of

hypothetical incentives.

Following DellaVigna and Pope (2018), we recover the structural parameters (k, γ, s) using

average observed effort ē in three treatments with varying real piece rates but equal participation

fee (£1.00): No-B100 (p = 0), Real-B100-P1 (p = 0.01), and Real-B100-P10 (p = 0.10). From

equation (4) with IHyp = 0 and IReal = 1, these three moments exactly identify the structural

parameters via the first-order condition keγ = s + p. Given convexity, this system has a unique

solution, which we solve numerically. We denote the baseline non-pecuniary motivation as sL to

distinguish it from the elevated motivation sH under high participation fees, yielding estimates

(k̂, γ̂, ŝL). Confidence intervals for all structural parameters are derived via bootstrap with 1,000

draws, resampling participants within each treatment.

Given the core parameter estimates, we calculate the responsiveness to hypothetical incentives

and the effect of increased participation fees. Rearranging equation (4) under hypothetical incen-

tives (IHyp = 1, IReal = 0) yields β = (keγ − s)/p. For treatments with low participation fee

(£1.00), we substitute the core estimates (k̂, γ̂, ŝL) and ē from Hyp-B100-P10 (piece rate £0.10)

and Hyp-B100-P100 (piece rate £1.00) to recover β̂LL and β̂LH .4 We impose no restrictions on

β, allowing for values below zero (backfiring effects) or above one (hypothetical incentives more

effective than real).

Next, we isolate the effect of increasing the participation fee from £1.00 to £3.20 using No-B320,

which features the higher participation fee but no piece rate. With p = 0, equation (4) simplifies

to sH = keγ . Using the core parameter estimates (k̂, γ̂) and ē from No-B320, we recover ŝH .

Following DellaVigna and Pope (2018), we interpret the increase ∆s = sH − sL as a gift-exchange

effect: participants reciprocate the (unexpected) participation fee increase through higher effort.

4Subscripts on β denote (base pay level, hypothetical piece rate level): L indicates low (£1.00 base pay or £0.10
piece rate) and H indicates high (£3.20 base pay or £1.00 piece rate).
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Finally, for Hyp-B320-P100, which combines high participation fee (£3.20) and high hypothet-

ical piece rate (£1.00), we rearrange equation (4) to yield β = (keγ − s)/p. We substitute the

core estimates (k̂, γ̂), the higher motivation parameter ŝH , and ē from Hyp-B320-P100 to recover

β̂HH . This allows us to test whether higher non-pecuniary motivation enhances responsiveness to

hypothetical incentives.

4 Results

We organize the results into two parts. In Section 4.1, we report all pre-registered treatment

comparisons and additional exploratory analyses, without imposing any theoretical framework.5 In

Section 4.2, we present the structural estimation results from our model of costly effort.

4.1 Treatment Effects

Figure 2 presents decoding scores, i.e., the number of correctly solved items, across all treatments.6

Bars display mean scores with their 95% confidence intervals from Study 2. Individual observations

are overlaid as semi-transparent points to show the underlying distributions; diamonds indicate

Study 1 means.

Unless stated otherwise, reported p-values derive from two-sided Wilcoxon rank-sum tests. In

Study 1, real incentives generate substantially higher effort: participants in Real-B100-P10 solve

21.8 items on average, compared to 8.6 in No-B100 and 10.1 in Hyp-B100-P10, more than doubling

output in both cases (Cohen’s d = 1.66 and d = 1.41; both p < 0.001). Hypothetical incentives

yield a small increase over the no-incentives baseline (d = 0.16, p = 0.091), significant only at the

10% level.

In Study 2, we replicate these findings and introduce four additional treatments. Participants

in Real-B100-P10 again achieve the highest decoding scores, more than tripling output relative to

No-B100 (21.8 vs 6.3; Cohen’s d = 2.30) and Hyp-B100-P10 (21.8 vs 7.0; Cohen’s d = 2.09; both

p < 0.001). Hypothetical incentives again yield minimal effects: scores in Hyp-B100-P10 exceed

No-B100 by only 0.7 items (Cohen’s d = 0.09, p = 0.747), an effect smaller than in Study 1 and

5Appendix A.2 provides a summary table of pre-registered treatment comparisons.
6Appendix A.3 provides cumulative distribution functions for alternative effort measures (i.e., the number of

attempted items or time spent on the decoding task) and demonstrates the robustness of our reported results.
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Figure 2: Decoding Scores by Treatment
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Notes: Bars display mean scores with their 95% confidence intervals from Study 2. Individual observations are
overlaid as semi-transparent points to show the underlying distributions; diamonds indicate Study 1 means.

not significant even at the 10% level.

Next, we test whether effort in non-incentivized conditions can be increased by raising hypo-

thetical piece rates, raising base pay, or combining both. Raising the hypothetical piece rate tenfold

from £0.10 to £1.00 produces minimal change: Hyp-B100-P100 yields 7.8 items versus 7.0 in Hyp-

B100-P10 (Cohen’s d = 0.10, p = 0.256). Increasing base pay alone from £1.00 to £3.20 modestly

increases effort: No-B320 yields 9.6 items versus 6.3 in No-B100 (Cohen’s d = 0.39, p < 0.001). The

best-performing hypothetical condition combines high base pay with high piece rates: Hyp-B320-

P100 yields 11.7 items versus 9.6 in No-B320 (Cohen’s d = 0.23, p = 0.005). Yet in an exploratory

analysis we find that even this combination underperforms a real £0.01 piece rate at a fraction

of the cost: Real-B100-P1 yields 13.9 items at an average total cost of approximately £1.14 per

participant, versus 11.7 items at £3.20 in Hyp-B320-P100, though this difference is significant only

at the 10% level (Cohen’s d = 0.22, p = 0.053).

Although Study 2 confirms Study 1’s core finding, that real monetary incentives elicit two to

three times more effort than any other condition, performance in No-B100 and Hyp-B100-P10
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declined between Study 1 (October 2024) and Study 2 (August 2025), whereas Real-B100-P10

remained remarkably stable (Figure 2). This divergence accounts for the larger treatment effects

observed in Study 2 compared to Study 1.

Looking at the distribution of individual observations in Figure 2 reveals further differences

across treatment categories. In No-Incentives and Hypothetical conditions, nearly one-third

of participants solve at most one item (29.4% and 31.2% respectively), compared to only 9.6% in

Real (χ2-test vs. Real: both p < 0.001). The pattern reverses at maximum effort: 56.3% of

Real participants solve at least 24 items, compared to 16.1% and 19.8% in No-Incentives and

Hypothetical (χ2-test vs. Real: both p < 0.001).

Before proceeding to the decoding task, participants were required to (a) solve a practice de-

coding item and (b) correctly answer a comprehension check question. Error rates in the practice

round for the decoding task, administered before participants learned their incentive condition,

show no systematic differences: 5.3% in No-Incentives, 5.1% in Hypothetical, and 5.3% in

Real (all pairwise p > 0.46).

In contrast, error rates in the comprehension check question, administered after participants

learned their incentive condition, vary significantly across treatment categories 33.4% in No-

Incentives, 28.7% in Hypothetical, and 18.6% in Real (χ2-test: p < 0.001 for Real vs

both other categories; Hypothetical vs No-Incentives, p = 0.052).7 In Appendix A.4.2, we

unpack the comprehension check error rates by treatment and by incentive-related versus task-

related items. The analysis shows that the effect is largely driven by errors on incentive-related

items: 29.3% in No-Incentives, 22.7% in Hypothetical, and 11.6% in Real (χ2-test: p < 0.001

for Real vs. both other categories; Hypothetical vs. No-Incentives, p = 0.004).

4.2 Structural Estimation

Table 2 presents the structural parameter estimates. The cost function exhibits moderate curvature

(γ̂ = 5.06), yielding an elasticity of effort with respect to the piece rate of approximately 1/γ̂ =

0.20. A tenfold increase in piece rates thus raises effort by approximately 58.5% (100.20 = 1.585),

consistent with the observed increase when raising the real piece rate from £0.01 to £0.10 under

7Participants had to answer the comprehension question correctly before starting the decoding task. Consequently,
Appendix A.4.1 confirms that our main results remain unchanged when controlling for comprehension errors.
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low base pay. This remains well below the proportional response that would occur under linear

costs. However, the elasticity in our decoding task is notably higher than DellaVigna and Pope

(2018)’s estimate of 1/γ = 0.03 in a button-pressing task, where a tenfold piece-rate increase raised

effort by less than 10%.

At low base pay and a £0.10 hypothetical piece rate, participants internalize approximately

0.13% of the nominal incentive (β̂LL). Increasing the hypothetical piece rate to £1.00 reduces

the point estimate of this rate to roughly one-third, approximately 0.04% (β̂LH). However, the

confidence interval for β̂LL includes zero while that for β̂LH does not, indicating greater variance

in responses to the lower hypothetical piece rate. Because the tenfold increase in p outweighs the

threefold decline in β, the product β ·p still increases, so higher hypothetical piece rates raise effort

within our tested range of p.

Increasing base pay from £1.00 to £3.20 raises non-pecuniary motivation from ŝL = 1.80×10−4

to ŝH = 1.52 × 10−3, an approximately eightfold increase. For comparison, DellaVigna and Pope

(2018) estimate a roughly sixfold increase in non-pecuniary motivation. However, this disparity

could be explained by the fact that in their case, participants experienced an increase in base

pay of 40 cents compared to £2.20 in our case. Higher base pay also raises responsiveness to

hypothetical incentives. Holding the hypothetical piece rate fixed at £1.00, the internalization

parameter increases from β̂LH = 3.81 × 10−4 to β̂HH = 2.77 × 10−3, an approximately sevenfold

increase. Thus, higher base pay increases both baseline effort and participants’ responsiveness to

hypothetical piece rates.

Appendix Figure A5 illustrates the structural model by inverting it to plot predicted effort as

a function of total per-participant budget under real piece-rate incentives, hypothetical piece-rate

incentives, and base pay only. This counterfactual analysis is subject to linearity assumptions on

how non-pecuniary motivation and internalization vary with base pay.

5 Conclusion

A core tenet of experimental economics holds that behavior should be sufficiently incentivized, yet

recent evidence suggests that real and hypothetical incentives may yield similar outcomes in certain

contexts such as choice-based preference tasks. In this paper we test whether framing incentives
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Table 2: Structural Parameter Estimates

Estimate 95% CI

Cost function parameters

Curvature γ̂ 5.06 (4.10, 6.25)

Level k̂ 1.65× 10−8 (4.59× 10−10, 3.10× 10−7)

Non-pecuniary motivation

ŝL (£1.00 base pay) 1.80× 10−4 (3.43× 10−5, 6.98× 10−4)
ŝH (£3.20 base pay) 1.52× 10−3 (4.65× 10−4, 3.86× 10−3)
∆ŝ = ŝH − ŝL 1.34× 10−3 —

Responsiveness to hypothetical incentives

β̂LL (£1.00 base pay, £0.10 hyp. piece-rate) 1.26× 10−3 (−1.01× 10−3, 5.05× 10−3)

β̂LH (£1.00 base pay, £1.00 hyp. piece-rate) 3.81× 10−4 (3.68× 10−5, 1.20× 10−3)

β̂HH (£3.20 base pay, £1.00 hyp. piece-rate) 2.77× 10−3 (6.37× 10−4, 6.24× 10−3)

Notes: Cost function parameter estimates k̂, γ̂, and non-pecuniary motivation estimate ŝL recovered from three
moments – average effort in No-B100, Real-B100-P1, and Real-B100-P10 – under a power cost function. ŝH calculated
from treatment mean No-B320 using k̂ and γ̂. β̂LL and β̂LH calculated from treatment means Hyp-B100-P10 and
Hyp-B100-P100 using k̂, γ̂, and ŝL. β̂HH calculated from treatment mean Hyp-B320-P100 using k̂, γ̂, and ŝH .
Confidence intervals derived via bootstrap with 1,000 draws, then taking 2.5th and 97.5th percentiles. ∆ŝ computed
from point estimates.

in hypothetical terms can stimulate real effort. We conduct two pre-registered studies using a

standard real-effort task. Study 1 compares three incentive structures: real monetary incentives,

hypothetical monetary incentives, and no mention of incentives. Study 2 replicates Study 1 and

introduces additional treatments that systematically varied base pay and piece-rate magnitude

within these incentive structures.

We find that although hypothetical incentives can generate some additional effort compared

to providing no mention of incentives, they fall substantially short of the effort induced by real

incentives, even when their nominal value is radically inflated. In the absence of real piece rates,

substantially raising the base pay increases effort modestly, especially when combined with high

hypothetical piece rates. However, this strategy remains cost-ineffective as even minimal real piece

rates achieve significantly higher effort at a fraction of the total cost.

To decompose these treatment effects into interpretable parameters, we extend a model of costly

effort, incorporating a parameter that captures responsiveness to hypothetical incentives, and esti-

mate it structurally. Participants internalize hypothetical piece rates at extremely low rates, with

evidence suggesting this rate declines further as hypothetical piece rates increase. Raising base

pay substantially increases non-pecuniary motivation, consistent with gift-exchange reciprocity to-
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ward the experimenter. Higher base pay also amplifies responsiveness to hypothetical incentives.

This analysis identifies and qualitatively characterizes interactions between base pay, hypothetical

piece-rate magnitude, and the rate at which participants internalize hypothetical incentives. Mea-

suring these interactions quantitatively would require pinpointing the functional forms that govern

them, which remains an open question. As a first step, we impose linearity on how non-pecuniary

motivation and internalization vary with base pay and trace out the resulting budget-constrained

counterfactuals (Appendix Figure A5), which further illustrate that real piece-rate incentives are

more cost-effective than increases in base pay. Because these functional forms are assumed rather

than identified, fully answering the question would require additional treatments that introduce

further variation in piece rates and base pay levels.

Another important question concerns the extent to which our findings generalize beyond real-

effort tasks. Two features of our results speak to this. First, the stark increase in effort induced by

real monetary incentives replicated consistently across both studies. This combination of magnitude

and robustness constitutes a necessary condition for generalizing a finding beyond the immediate

experimental context. Second, even though our findings come from a real-effort task, when effort is

broadly defined to account for the time and cognitive resources that participants invest, our results

become relevant across task types.

One possible objection is that preference-based choice tasks might require significantly less effort

than ours; though whether they do is itself an empirical question. More importantly, it is worth

asking whether there exists a minimum effort threshold below which data quality deteriorates in

such tasks. Some features of our exploratory analysis may offer a useful starting point for this

investigation: our results suggest that when real incentives were absent, a substantial share of

participants exerted minimal effort, solving at most one item, and showed higher error rates on the

comprehension check. However, since both analyses are exploratory, these patterns require further

investigation. Future research could systematically assess the minimum level of effort different task

types require to yield high-quality data (including instruction comprehension, genuine introspection,

and accurate calculations) and examine whether hypothetical incentives can reliably sustain this

baseline engagement. Thus, while we refrain from drawing strong conclusions about why some

preference-based choice studies find null effects between hypothetical and real incentives, our results

provide clear evidence that when experimental tasks impose real costs, real incentives matter.
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A Additional Analyses

A.1 Balance of Treatment Groups

The following analysis demonstrates that our treatment groups are balanced in terms of demograph-

ics. Participants provided basic demographic information at the end of the survey. Specifically, we

collected data on age, gender identity, education level, and household income.

Age was measured using a categorical item with seven response options: Under 18, 18–24, 25–

34, 35–44, 45–54, 55–64, and 65+ years old. Gender identity was measured by asking participants

how they describe themselves, with the following response options: Male, Female, Non-binary/third

gender, Prefer to self-describe (PSD), and Prefer not to say (PNS). Education level was measured

as the highest level of education completed, with the following response options: Some Primary,

Completed Primary School, Some Secondary, Completed Secondary School, Vocational or Similar,

Some University but no degree, University Bachelor’s Degree, Graduate or Professional Degree,

and Prefer not to say. Household income was measured as total pre-tax income during the past 12

months, with the following response options: Less than £20,000; £20,000–39,999; £40,000–59,999;

£60,000–99,999 ; and More than £100,000.

Table A1 presents the distribution of demographic characteristics across treatment groups in

Study 1. Each panel reports percentages and the corresponding p-value from a chi-squared test of

independence, which assesses whether the distribution of each variable differs significantly across

treatments. All chi-squared tests yield p-values above the conventional 5% significance threshold

(Age: p = 0.826; Gender: p = 0.551; Education: p = 0.611; Income: p = 0.067), showing no

statistically significant differences between treatment groups.

Similarly, Table A2 presents the distribution of demographic characteristics across treatment

groups in Study 2. Each panel again reports percentages and the corresponding p-value from

a chi-squared test of independence. All chi-squared tests yield p-values above the conventional

5% significance threshold (Age: p = 0.294; Gender: p = 0.791; Education: p = 0.130; Income:

p = 0.070), showing no statistically significant differences between treatment groups.
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Table A1: Balance Table - Study 1

Panel A: Age

<24 25–34 35–44 45–54 55–64 65+

No-B100 9.36% 30.10% 26.09% 18.39% 9.70% 6.35%
Hyp-B100-P10 9.60% 25.83% 26.16% 22.19% 10.93% 5.30%
Real-B100-P10 10.33% 29.33% 23.67% 17.33% 13.33% 6.00%

Total 9.77% 28.41% 25.31% 19.31% 11.32% 5.88%
p-value (chi-squared test) = 0.826

Panel B: Gender
Male Female Nonbinary PSD PNS

No-B100 50.17% 48.83% 0.33% 0.00% 0.67%
Hyp-B100-P10 43.05% 54.64% 0.99% 0.33% 0.99%
Real-B100-P10 44.00% 55.00% 0.33% 0.33% 0.33%

Total 45.73% 52.83% 0.55% 0.22% 0.67%
p-value (chi-squared test) = 0.551

Panel C: Education Level
C.Prim S.Sec C.Sec Voc S.Univ C.Univ Grad/Prof PNS

No-B100 0.00% 1.00% 19.06% 14.72% 9.70% 36.12% 18.73% 0.67%
Hyp-B100-P10 0.66% 1.32% 18.87% 13.91% 5.96% 41.39% 17.88% 0.00%
Real-B100-P10 0.33% 1.00% 23.67% 13.67% 9.33% 35.33% 16.00% 0.67%

Total 0.33% 1.11% 20.53% 14.10% 8.32% 37.62% 17.54% 0.44%
p-value (chi-squared test) = 0.611

Panel D: Household Income
< 20,000 20,000–39,999 40,000–59,999 60,000–99,999 > 100,000

No-B100 16.39% 29.77% 25.08% 22.41% 6.35%
Hyp-B100-P10 8.28% 31.13% 26.16% 25.17% 9.27%
Real-B100-P10 15.33% 34.67% 21.33% 22.33% 6.33%

Total 13.32% 31.85% 24.20% 23.31% 7.33%
p-value (chi-squared test) = 0.067
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Table A2: Balance Table - Study 2

Panel A: Age

<24 25–34 35–44 45–54 55–64 65+

No-B100 4.87% 28.25% 25.65% 19.81% 14.29% 7.14%
No-B320 9.33% 24.67% 26.33% 18.67% 13.67% 7.33%
Hyp-B100-P10 6.67% 24.00% 25.67% 20.00% 14.67% 9.00%
Hyp-B100-P100 5.65% 26.25% 24.92% 19.27% 18.27% 5.65%
Hyp-B320-P100 8.20% 28.85% 22.95% 17.70% 16.72% 5.57%
Real-B100-P1 11.59% 25.50% 21.85% 16.56% 16.89% 7.62%
Real-B100-P10 8.00% 23.00% 25.67% 22.00% 18.00% 3.33%

Total 7.75% 25.80% 24.72% 19.14% 16.07% 6.52%
p-value (chi-squared test) = 0.294

Panel B: Gender
Male Female Nonbinary PSD PNS

No-B100 46.10% 51.62% 1.62% 0.32% 0.32%
No-B320 44.67% 54.33% 0.33% 0.33% 0.33%
Hyp-B100-P10 52.00% 47.00% 0.67% 0.00% 0.33%
Hyp-B100-P100 49.50% 49.17% 1.00% 0.00% 0.33%
Hyp-B320-P100 47.21% 51.80% 0.66% 0.33% 0.00%
Real-B100-P1 49.67% 49.67% 0.66% 0.00% 0.00%
Real-B100-P10 48.67% 50.67% 0.00% 0.00% 0.67%

Total 48.25% 50.61% 0.71% 0.14% 0.28%
p-value (chi-squared test) = 0.791

Panel C: Education Level
C.Prim S.Sec C.Sec Voc S.Univ C.Univ Grad/Prof PNS

No-B100 0.32% 2.27% 12.99% 11.04% 6.49% 42.53% 24.35% 0.00%
No-B320 0.33% 0.00% 17.67% 13.33% 7.33% 39.33% 21.67% 0.33%
Hyp-B100-P10 0.00% 1.00% 14.00% 16.67% 5.33% 41.33% 21.67% 0.00%
Hyp-B100-P100 0.00% 0.66% 17.61% 14.29% 5.32% 41.86% 20.27% 0.00%
Hyp-B320-P100 0.33% 0.33% 16.07% 11.48% 8.85% 39.02% 23.61% 0.33%
Real-B100-P1 0.00% 0.33% 14.90% 10.60% 10.26% 43.71% 19.54% 0.66%
Real-B100-P10 0.00% 0.00% 18.67% 13.00% 7.00% 36.67% 24.00% 0.67%

Total 0.14% 0.66% 15.97% 12.90% 7.23% 40.64% 22.16% 0.28%
p-value (chi-squared test) = 0.130

Panel D: Household Income
< 20,000 20,000–39,999 40,000–59,999 60,000–99,999 > 100,000

No-B100 12.34% 29.55% 20.78% 28.25% 9.09%
No-B320 14.33% 33.00% 26.33% 18.33% 8.00%
Hyp-B100-P10 13.33% 31.00% 21.33% 26.33% 8.00%
Hyp-B100-P100 9.97% 29.90% 24.25% 27.57% 8.31%
Hyp-B320-P100 15.41% 37.38% 19.02% 18.69% 9.51%
Real-B100-P1 13.58% 37.42% 21.85% 21.19% 5.96%
Real-B100-P10 11.33% 30.33% 26.33% 25.33% 6.67%

Total 12.90% 32.66% 22.83% 23.68% 7.94%
p-value (chi-squared test) = 0.070
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A.2 Pre-registered Treatment Comparisons

Table A3 presents an overview of all pre-registered treatment comparisons, including differences in

means, Cohen’s d effect sizes, and p-values from two-sided Wilcoxon rank-sum tests.

Table A3: Pre-registered Treatment Comparisons - Decoding Scores

Treatment Comparison Diff. in Means Cohen’s d p-value Study

Real–B100–P10 vs. No–B100 13.1 1.66 <0.001 Study 1
Real–B100–P10 vs. Hyp–B100–P10 11.7 1.41 <0.001 Study 1
Hyp–B100–P10 vs. No–B100 1.5 0.16 0.091 Study 1

Real–B100–P10 vs. No–B100 15.6 2.30 <0.001 Study 2
Real–B100–P10 vs. Hyp–B100–P10 14.9 2.09 <0.001 Study 2
Hyp–B100–P10 vs. No–B100 0.7 0.09 0.747 Study 2
No–B320 vs. No–B100 3.3 0.39 <0.001 Study 2
Hyp–B100–P100 vs. Hyp–B100–P10 0.9 0.10 0.256 Study 2
Hyp–B320–P100 vs. No–B320 2.2 0.23 0.005 Study 2
Real–B100–P1 vs. No–B320 4.4 0.44 <0.001 Study 2

Notes: Each row reports a pre-registered treatment contrast of decoding scores between two experimental
conditions. All effects that are statistically significant at the 5% level remain so after Bonferroni correction for
multiple comparisons. However, the difference between Hyp–B100–P10 and No–B100 in Study 1 is no longer
significant at the 10% level.
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A.3 Alternative Effort Measures

In Section 4, we use the number of correctly solved items as our primary measure of effort, e,

because the decoding task requires relatively low skill. Participants who dedicated a reasonable

amount of time to an item almost always solved it correctly. As such, this measure closely reflects

genuine effort.

In this section, we additionally consider two alternative effort measures: the number of at-

tempted items (regardless of correctness) and the time spent on the decoding task. While we

discuss below why these measures may be less precise than the number of correctly solved items,

we also demonstrate that our findings are robust to their use.

The number of attempted items is affected by a design feature of the experiment: participants

were allowed to proceed without correctly solving any item. Consequently, individuals who rapidly

clicked through the task without exerting meaningful effort could appear to have high effort under

this metric. Time spent on the decoding task is also less suitable because, without a time limit,

completion times varied substantially, including some notable outliers.

Figures A1 and A2 show the cumulative distribution functions (CDFs) for all three effort

measures across both studies. Tables A4–A5 report OLS regression results using the alternative

measures for both Study 1 (Table A4) and Study 2 (Table A5), with and without demographic

controls. The results are highly consistent across studies and irrespective of how effort is measured.
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Figure A1: Cumulative distribution functions of effort provision across treatments - Study 1.
Line styles indicate incentive type: solid (No-Incentives), dashed (Hypothetical), and dot-
ted (Real).
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Table A4: Regression Analysis of Effort Provision in Study 1 (OLS)

Dependent Variable: Decoding Scores Decoding Attempts Decoding Time (sec.)
(1) (2) (3) (4) (5) (6)

Treatment (ref = No-B100)

Hyp-B100-P10 1.487* 1.390* 1.389* 1.296* 27.197* 27.951*
(0.768) (0.773) (0.781) (0.787) (16.092) (16.165)

Real-B100-P10 13.145*** 13.069*** 13.224*** 13.156*** 216.887*** 215.105***
(0.648) (0.646) (0.656) (0.653) (14.267) (14.120)

Age (ref = Under 24)

25–34 years 1.461 1.609 21.307
(1.034) (1.049) (25.631)

35–44 years 0.457 0.509 -16.262
(1.056) (1.073) (24.919)

45–54 years 1.205 1.241 21.917
(1.107) (1.121) (26.995)

55–64 years -0.620 -0.648 -10.497
(1.231) (1.243) (27.331)

65+ years -1.055 -1.029 6.660
(1.574) (1.596) (32.899)

Gender (ref = Male)

Female -0.287 -0.342 -11.751
(0.586) (0.594) (12.970)

Non-binary / third -3.507 -3.731 -93.667
(4.563) (4.566) (75.400)

Prefer to self-describe -12.007*** -12.225*** -241.046***
(4.363) (4.404) (59.022)

Prefer not to say 0.103 0.300 62.030
(5.082) (4.973) (135.345)

Income (ref = <£20k)

£20k–39,999 1.450 1.523 16.966
(0.947) (0.954) (21.213)

£40k–59,999 0.513 0.602 1.614
(1.047) (1.057) (23.763)

£60k–99,999 1.346 1.412 -14.779
(1.038) (1.042) (22.320)

£100k+ 1.350 1.396 0.305
(1.380) (1.382) (30.200)

Education (ref = Primary)

Some Secondary -0.244 0.321 11.800
(5.816) (5.887) (82.402)

Completed Secondary School 0.929 1.092 49.197
(5.661) (5.689) (77.546)

Vocational / Similar -1.255 -1.062 -17.053
(5.691) (5.721) (77.902)

Some University (no degree) -1.678 -1.482 -21.896
(5.724) (5.755) (79.761)

Bachelor’s Degree -0.847 -0.704 0.812
(5.670) (5.698) (77.832)

Graduate / professional -2.503 -2.368 -22.898
(5.691) (5.721) (78.300)

Prefer not to say -6.020 -6.290 -66.493
(8.226) (8.211) (162.460)

Constant 8.615*** 8.153 8.890*** 8.169 163.951*** 161.393**
(0.528) (5.768) (0.540) (5.799) (10.666) (80.799)

Observations 901 901 901 901 901 901
R-squared 0.321 0.344 0.320 0.343 0.211 0.241

Notes: Robust standard errors in parentheses. Significance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Reference categories
are shown in italics.
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Table A5: Regression Analysis of Effort Provision in Study 2 (OLS)

Dependent Variable: Decoding Scores Decoding Attempts Decoding Time (sec.)
(1) (2) (3) (4) (5) (6)

Treatment (ref = No-B100)

No-B320 3.284*** 3.226*** 3.347*** 3.295*** 64.770*** 61.839***
(0.689) (0.690) (0.698) (0.699) (13.229) (13.083)

Hyp-B100-P10 0.694 0.587 0.701 0.594 14.711 10.136
(0.635) (0.640) (0.641) (0.646) (11.244) (11.368)

Hyp-B100-P100 1.578** 1.501** 1.591** 1.509** 26.739** 24.047**
(0.666) (0.661) (0.673) (0.669) (12.250) (12.091)

Hyp-B320-P100 5.452*** 5.402*** 5.522*** 5.468*** 112.105*** 109.553***
(0.704) (0.707) (0.708) (0.711) (14.195) (13.982)

Real-B100-P1 7.634*** 7.587*** 7.803*** 7.748*** 146.088*** 142.252***
(0.726) (0.732) (0.733) (0.740) (14.201) (14.208)

Real-B100-P10 15.567*** 15.528*** 15.944*** 15.897*** 287.007*** 284.280***
(0.547) (0.558) (0.544) (0.555) (12.652) (12.617)

Age (ref = 18–24)

25–34 years 1.024 0.932 -8.210
(0.772) (0.784) (17.095)

35–44 years 0.286 0.183 -7.318
(0.769) (0.781) (17.180)

45–54 years -0.158 -0.287 1.349
(0.792) (0.803) (17.880)

55–64 years 1.043 1.080 45.924**
(0.828) (0.836) (19.022)

65+ years 1.453 1.401 55.053**
(1.024) (1.042) (22.171)

Gender (ref = Male)

Female 0.040 -0.049 -4.586
(0.379) (0.382) (7.781)

Non-binary / third 0.074 0.049 -1.896
(2.597) (2.583) (42.289)

Prefer to self-describe -7.171*** -7.394*** -158.013***
(1.007) (0.981) (28.485)

Prefer not to say -3.182** -2.761* 52.240
(1.541) (1.456) (118.211)

Income (ref = <£20k)

£20k–39,999 -1.237* -1.263* -13.522
(0.661) (0.669) (13.494)

£40k–59,999 -0.841 -0.900 -23.179
(0.706) (0.715) (14.146)

£60k–99,999 -1.455** -1.386** -38.605***
(0.691) (0.700) (13.633)

£100k+ -1.942** -1.974** -56.679***
(0.869) (0.883) (16.524)

Education (ref = Primary)

Some Secondary 7.332** 6.696** -3.707
(2.955) (2.671) (105.832)

Completed Secondary School 8.044*** 7.626*** 18.652
(1.974) (1.510) (98.133)

Vocational / Similar 8.261*** 7.683*** 27.748
(1.995) (1.537) (98.283)

Some University (no degree) 6.120*** 5.692*** -26.323
(2.032) (1.589) (98.356)

Bachelor’s Degree 7.547*** 7.038*** 12.835
(1.939) (1.463) (97.861)

Graduate / professional 8.170*** 7.725*** 26.093
(1.964) (1.496) (98.150)

Prefer not to say 8.604** 7.841** 11.622
(3.728) (3.483) (126.570)

Constant 6.266*** -0.898 6.403*** -0.151 114.170*** 119.712
(0.428) (2.118) (0.430) (1.698) (7.422) (98.737)

Observations 2,116 2,116 2,116 2,116 2,116 2,116
R-squared 0.253 0.263 0.259 0.269 0.214 0.239

Notes: Robust standard errors in parentheses. Significance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Reference
categories are shown in italics.
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A.4 Error Analysis

A.4.1 Comprehension Errors and Effort Provision

The main objective of the paper is to identify how effort responds to incentive structures. Therefore,

participants needed to clearly understand the incentive scheme. Figure A3 replicates Figure 2 for

the subset of participants who made no comprehension errors, and it looks nearly identical. This

provides initial evidence that mistakes in the comprehension question do not drive our treatment

effects.

Figure A3: Decoding Scores by Treatment for Participants Without Errors
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We incorporated two key design features to ensure that participants understand the incentive

scheme. First, participants were required to correctly answer the comprehension question, ensuring

that any initial misunderstanding was corrected before proceeding to the real-effort task. Second,

after each submitted answer during the task, participants were reminded of their incentive scheme

before deciding whether to continue, reinforcing understanding throughout the experiment.

The regression analysis in Table A6 further confirms the effectiveness of these measures. Col-

umn (1) regresses effort provision on treatment indicators and replicates the treatment effects

reported in the main analysis. Column (2) includes a dummy for participants who initially failed

the comprehension question and Column (3) fully interacts it with the treatment indicators. The

comprehension-error dummy is statistically insignificant in Column (2) and Column (3), and none

of the interaction terms are significant at the 5% level in Column (3). Most importantly, the
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treatment coefficients remain highly stable across specifications and relative to one another when

comprehension errors are included in Column (2) and Column (3).

Table A6: Regression of Decoding Scores on Treatments and Error Interactions

Dependent Variable: Decoding Scores
(1) (2) (3) (4) (5)

No-B320 3.284*** 3.287*** 3.155*** 2.962*** 3.421***
(0.689) (0.689) (0.852) (0.828) (0.731)

Hyp-B100-P10 0.694 0.692 0.918 0.640 0.900
(0.635) (0.635) (0.778) (0.760) (0.671)

Hyp-B100-P100 1.578** 1.575** 1.300 1.144 1.738**
(0.666) (0.667) (0.795) (0.776) (0.704)

Hyp-B320-P100 5.452*** 5.449*** 5.206*** 4.720*** 5.705***
(0.704) (0.705) (0.849) (0.822) (0.750)

Real-B100-P1 7.634*** 7.624*** 7.404*** 7.321*** 7.621***
(0.726) (0.729) (0.837) (0.819) (0.770)

Real-B100-P10 15.567*** 15.554*** 15.757*** 15.530*** 15.768***
(0.547) (0.553) (0.643) (0.633) (0.575)

Comprehension Error -0.093 -0.283
(0.432) (0.898)

Incentive Error -0.833
(0.893)

Task Error 1.200
(1.567)

No-B320 × Error 0.396 1.105 -1.427
(1.450) (1.493) (2.250)

Hyp-B100-P10 × Error -0.786 0.019 -1.987
(1.342) (1.371) (2.129)

Hyp-B100-P100 × Error 0.941 1.675 -1.654
(1.468) (1.550) (2.214)

Hyp-B320-P100 × Error 0.838 3.068* -2.424
(1.527) (1.613) (2.248)

Real-B100-P1 × Error 0.983 1.371 -0.295
(1.765) (1.977) (2.367)

Real-B100-P10 × Error -1.359 -1.273 -2.007
(1.326) (1.543) (1.904)

Constant 6.266*** 6.296*** 6.355*** 6.507*** 6.157***
(0.428) (0.452) (0.529) (0.525) (0.446)

Observations 2,116 2,116 2,116 2,116 2,116
R-squared 0.253 0.253 0.254 0.255 0.254

Notes: Robust standard errors in parentheses. Significance levels: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

A more granular analysis of initial failures on the comprehension check further reinforces this

conclusion. We separate the comprehension question into three incentive-related items (i.e., those

concerning the incentive scheme and participation fee) and three task-related items (i.e., those

concerning the maximum number of decoding tasks and the continuation rule) and generate dummy

variables for mistakes in these two error categories. Columns (4) and (5) repeat the analysis in
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Column (3), distinguishing between errors on incentive-related and task-related items. Again,

treatment coefficients are largely unaffected, and none of the interaction terms reach significance

at the 5% level.

Overall, these results show that initial misunderstanding did not influence effort provision and

that the treatment effects in our effort measure are not driven by differential comprehension across

conditions.

A.4.2 Treatments and Comprehension Errors

Section 4.1 shows at the treatment-category level (No-Incentives, Hypothetical, and Real)

that non-incentivized conditions exhibit a substantially higher share of participants who failed the

comprehension question on their first attempt. In the analysis that follows, we further unpack

these results by disaggregating them across the seven treatments and differentiating between types

of errors. Specifically, we categorize the answer options in the comprehension question into three

incentive-related items (i.e., those concerning the incentive scheme and participation fee) and three

task-related items (i.e., those concerning the maximum number of decoding tasks and the contin-

uation rule). Figure A4 reports these results.
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Figure A4: Error Rates on First Attempts
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Consistent with the findings in Section 4.1, overall error rates differ significantly across treat-

ments (p < 0.001, χ2-test), with the lowest error rate observed in the treatment Real-B100-P10.8

These treatment differences are driven by errors related to the incentive-related items rather than

the task-related items. We observe statistically significant variation in incentive-related errors

(p < 0.001, χ2-test), whereas task-related errors show no significant differences (p = 0.759, χ2-

test).

When clustering treatments into categories, failure rates in incentive-related questions differ

substantially across treatment categories: 29.3% in No-Incentives, 22.7% in Hypothetical,

and 11.6% in Real (χ2-test: p < 0.001 for Real vs. both other categories; Hypothetical vs.

No-Incentives, p = 0.004).9 In contrast, no statistically significant differences are observed for

task-related errors (χ2-test: p > 0.33 for all pairwise category comparisons).

These findings raise the question of whether treatment differences in comprehension errors re-

flect inherent difficulty in understanding certain incentive structures or instead a lack of engagement

resulting from the absence of incentives. While the significant differences in incentive-related errors

and the non-significant differences in task-related errors could be superficially interpreted as evi-

dence that confusion about incentives drives our error patterns, we argue that a lack of engagement

is at least equally well supported by our data and features of our design:

1. Difficulty of the comprehension question: If differences in incentive-related errors were

primarily due to confusion or difficulty understanding the underlying incentive structures, we would

expect a different ordering of No-Incentives and Hypothetical in terms of error rates. No-

Incentives features the simplest incentive structure of a fixed participation fee, yet we observe a

significantly higher error rate in this condition than in the other two conditions (both comparisons

with p < 0.005, χ2-test).

This becomes even more apparent when we take a closer look at the decision screen subjects

faced. On the same screen, the instructions and the comprehension question based on them are

presented simultaneously. Subjects are first informed:

8Within each treatment category, overall, incentive-related, and task-related error rates do not differ significantly
(No-Incentives: p = 0.316 / p = 0.835 / p = 0.196; Hypothetical: p = 0.952 / p = 0.944 / p = 0.925; Real:
p = 0.313 / p = 0.135 / p = 0.405, all χ2-tests).

9We focus on pairwise comparisons between categories rather than between individual treatments to mitigate
concerns about multiple testing.
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[. . . ] You will receive no bonus payment for solving the decoding tasks.

Immediately afterwards, on the same screen, the very first comprehension question asks them to

assess whether the following statement is true:

You will receive no bonus payment for solving the decoding tasks.10

Subjects in No-Incentives performed significantly worse on this question, which offered the eas-

iest possible answer option, than subjects in Hypothetical and Real (both comparisons with

p < 0.01, χ2-test). It is difficult to argue that these differences arise solely from the difficulty of

the question.

2. Task related questions: We would argue that the task related questions were in fact overall

simpler and had a lower threshold for engagement. Recall, that on the same screen, the instructions

and the comprehension question are presented simultaneously. The first lines of the instructions

read:

The maximum number of decoding tasks you can solve is 25.

After completing the first task, you can decide how much you want to work. After

completing each decoding task, you can decide whether you want to continue or stop

working.

Thus, a subject who diligently paid attention to the first three sentences of the instructions

obtained all necessary information to correctly answer the task-related questions. Moreover, this

information was provided before the instructions began to differ across treatments with respect to

the incentive-related information. These task-related items in the comprehension question should

therefore be least affected by the treatments, which is consistent with our interpretation that the

treatments influenced subjects’ engagement with the experiment and the information provided,

rather than the difficulty of the questions.

10Corresponding statements were in Hypothetical: You will receive a bonus payment of X pence for each correctly
solved decoding task. This bonus payment is only hypothetical and will not be credited to your Prolific account and in
Real: You will receive a bonus payment of X pence for each correctly solved decoding task. This bonus payment will
be credited to your Prolific account.
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A.5 Tobit Regressions

Table A7: Tobit Regressions

Study 1 Study 2
(1) (2) (3) (4)

Treatment (ref = No-B100)

No-B320 3.759*** 3.672***
(0.876) (0.877)

Hyp-B100-P10 1.700* 1.535 0.794 0.649
(0.933) (0.932) (0.873) (0.870)

Hyp-B100-P100 1.731** 1.614*
(0.874) (0.871)

Hyp-B320-P100 6.502*** 6.426***
(0.878) (0.877)

Real-B100-P1 8.926*** 8.865***
(0.883) (0.885)

Real-B100-P10 18.350*** 18.216*** 20.376*** 20.319***
(1.014) (1.003) (0.936) (0.938)

25–34 years 1.281 1.440
(1.531) (0.993)

35–44 years 0.251 0.526
(1.543) (0.998)

45–54 years 1.261 -0.087
(1.601) (1.029)

55–64 years -0.915 1.672
(1.763) (1.061)

65+ years -1.713 1.792
(2.071) (1.284)

Female -0.447 0.137
(0.799) (0.480)

Non-binary / third -4.499 0.527
(5.129) (2.847)

Self-describe (PSD) -14.677* -8.259
(7.956) (6.155)

Prefer not to say 0.723 -2.206
(5.153) (4.744)

£20k–39,999 1.923 -1.452*
(1.329) (0.791)

£40k–59,999 0.899 -0.888
(1.404) (0.847)

£60k–99,999 2.176 -2.018**
(1.435) (0.847)

£100k+ 1.892 -2.292**
(1.886) (1.100)

Some Secondary 0.780 10.806
(7.365) (7.109)

Completed Secondary School 3.616 11.506*
(6.506) (6.525)

Vocational / Similar 0.841 12.168*
(6.541) (6.535)

Some University (no degree) -0.031 9.124
(6.621) (6.560)

Bachelor’s Degree 1.269 11.100*
(6.511) (6.512)

Graduate / professional -0.764 11.884*
(6.556) (6.521)

Prefer not to say -6.457 11.916
(8.988) (7.972)

Constant 9.294*** 6.536 6.591*** -4.239
(0.661) (6.624) (0.613) (6.589)

Observations 901 901 2,116 2,116
Pseudo R2 0.063 0.068 0.044 0.047

Notes: The table reports Tobit regression estimates with lower and upper censoring
at 0 and 25, respectively. Standard errors in parentheses. Significance levels: ∗p <
0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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A.6 Budget-Constrained Counterfactuals

This appendix derives the counterfactual effort curves shown in Figure A5, plotting predicted effort

against total per-participant cost under real piece-rate incentives, hypothetical piece-rate incentives,

and base pay only.

Let B denote base pay in pounds. The paper already establishes that non-pecuniary motivation

s depends on B: our experimental design identifies s at exactly two base-pay levels, ŝL at B = £1.00

and ŝH at B = £3.20 (see Section 3.2). Similarly, our design identifies β at three discrete (B, p)

combinations: β̂LL, β̂LH , and β̂HH (Table 2).

We denote the experimenter’s total expected cost per participant by C. Base pay B is always

paid; real piece-rate payments cost p per item solved; hypothetical piece rates are costless. Thus:

C = B + p · e∗ · IReal.

Linearity assumptions. Figure A5 plots effort as a continuous function of B, so evaluating s

and β between these identified points requires a functional form connecting them. For B within

the observed range, £1.00 ≤ B ≤ £3.20, we make two linearity assumptions.

1. Linear s(B). We assume non-pecuniary motivation varies linearly between its two identified

values. This gives:

ŝ(B) = ŝL +
ŝH − ŝL

3.20− 1.00
(B − 1.00).

2. Linear β(B) at p = £1.00. Holding the piece rate fixed at p = £1.00, we assume the

internalization rate varies linearly in base pay B over the full range £1.00 ≤ B ≤ £3.20,

using β̂LH (at B = £1.00) and β̂HH (at B = £3.20) as the two anchor points. This gives:

β̂(B) = β̂LH +
β̂HH − β̂LH
3.20− 1.00

(B − 1.00).

These two assumptions are imposed solely to construct Figure A5; no other result in the paper

relies on them, and Section 3.2 does not assume linearity in B anywhere in the main estimation.

General effort expression. Extending the first-order condition in equation (4) to allow s and β
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to vary with B:

k̂ eγ̂ = ŝ(B) + β̂(B) · p · IHyp + p · IReal,

and solving for e∗ exactly as equation (3) is derived from equation (2), we obtain:

e∗ =

(
ŝ(B) + β̂(B) · p · IHyp + p · IReal

k̂

)1/γ̂

.

The three counterfactual curves follow by substituting the relevant budget allocation into the budget

constraint and effort expression above.

Real piece-rate curve (IReal = 1, IHyp = 0). We fix B = £1.00, so ŝ(B) = ŝL is point-identified and

no interpolation is required. Substituting into the effort expression:

e∗Real =

(
ŝL + p

k̂

)1/γ̂

.

Substituting into the budget constraint:

C = £1.00 + p ·
(
ŝL + p

k̂

)1/γ̂

.

Define f(p) ≡ p ·
(
(ŝL+p)/k̂

)1/γ̂
. Since f is strictly increasing in p, there exists for every C > £1.00

a unique solution p∗(C) to f(p) = C −£1.00, which we solve numerically. Predicted effort on the

real curve is:

e∗Real(C) =

(
ŝL + p∗(C)

k̂

)1/γ̂

.

This curve is built entirely from point-identified parameters (k̂, γ̂, ŝL) and does not rely on the

linearity assumptions above.

Hypothetical piece-rate curve (IHyp = 1, IReal = 0). Since hypothetical piece rates are costless, the

budget constraint gives C = B, so the entire budget is available for base pay. We fix p = £1.00—

the highest piece rate tested, providing an upper bound on achievable hypothetical effort at any
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given budget.11 Substituting B = C and p = £1.00 into the effort expression:

e∗Hyp(C) =

(
ŝ(C) + β̂(C) ·£1.00

k̂

)1/γ̂

.

Base-pay-only curve (IReal = 0, IHyp = 0, p = 0). Again C = B, so:

e∗Base(C) =

(
ŝ(C)

k̂

)1/γ̂

.

Since β̂(C) > 0 throughout our budget range, e∗Hyp(C) > e∗Base(C) at every C, as expected.

11This choice is dictated by identification: p = £1.00 is the only piece-rate level at which β is observed at both
base-pay levels, providing the two anchors β̂LH and β̂HH required for linear interpolation in B. At p = £0.10, β is
observed only at B = £1.00, leaving the interpolation under-identified: a single anchor point does not determine a
line.
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Figure A5: Budget-constrained counterfactual. The x-axis shows total per-participant budget
C ∈ [£1.00, £3.20]; the y-axis shows predicted effort e∗. Treatment means are shown as markers
(see legend); those at a curve’s anchor points lie on it by construction, not model fit. Hyp-B100-P10
(open circle) falls below the hypothetical curve because it uses p = £0.10, not £1.00.
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Please select "Strongly agree" to show that you are paying attention to this question. 

• Strongly agree 

• Agree 

• Disagree 

• Strongly disagree  

 

  

B Experimental Instructions
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Welcome to our study! As a reminder, you must complete this survey on a desktop computer. 

No mobile devices are allowed. Please click next to continue.  
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Consent Form 

 

Principal Investigator: Sebastian J. Goerg (Technical University of Munich) 

Co-investigator: Orestis Kopsacheilis (Technical University of Munich) 

Co-investigator: Christoph Drobner (Technical University of Munich) 

  

You are invited to participate in a research study about decision-making. If you agree to be part 

of the research study, you will be asked to make decisions on your computer.   

    

Data collected during this study will be linked only to your Prolific ID, and in no way will it be 

linked to your name. Therefore, your behavior during this study is completely anonymous.   

  

Participating in this study is completely voluntary. If you have questions about this research 

study, please contact Christoph Drobner (christoph.drobner@tum.de). 

 

The study is a no-deception study. All the instructions and information you will receive in this 

study are true and accurate. 

 

Please click the arrow button if you attest to being at least 18 years old and agree to take part in 

the study. Please close the browser window if you are not willing to take part in the study. 
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In this study, you can work on a series of decoding tasks.   

    

One such decoding task is illustrated below. Your task is to decode text using a number key that 

is provided in the bottom of the screen and enter the answer into an input field. In this example, 

the correct answer is WKBLE  (the non-capitalized version "wkble" also counts as correct). This 

solution is achieved by looking up the corresponding letter for each number in the panel.   

 

  
 

To gain experience with this task, we ask you to solve one example on the following page. In 

this example, you will receive feedback whether you solved the task correctly but during the 

main task you will receive no feedback.
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Please decode the number into text. This is achieved by looking up the corresponding letter for 

each number.   
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IF PARTICIPANT FAILED TO CORRECTLY SOLVE THE PRACTICE DECODING TASK: 

 

You did not solve the decoding task correctly. Please try again by decoding the number into 

text. This is achieved by looking up the corresponding letter for each number. 

 
 

 

 

IF PARTICIPANT CORRECTLY SOLVED THE PRACTICE DECODING TASK: 

 

Correct! You can now proceed with the study.  
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IF PARTICIPANT WAS ASSIGNED TO ONE OF THE HIGH BASE PAY TREATMENTS: 

 

On top of the advertised £1 you are guaranteed to receive an additional £2.2 for participating in 

this study. Therefore, irrespective of the choices and answers you give during this study, you 

are guaranteed to receive a total of £3.2 as long as you submit your completion code. 

 

 

 

IF PARTICIPANT WAS ASSIGNED TO ONE OF THE LOW BASE PAY TREATMENTS: 

 

You receive £1 for participating in this study. Therefore, irrespective of the choices and answers 

you give during this study, you are guaranteed to receive a total of £1 as long as you submit 

your completion code.  
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INSTRUCTIONS IN “RED” VARY BETWEEN TREATMENTS 

 

Please read the following instructions carefully.     

 

The maximum number of decoding tasks you can solve is 25. 

 

After completing the first task, you can decide how much you want to work. After completing 

each decoding task, you can decide whether you want to continue or stop working. You will 

receive no feedback whether you solved the task correctly. You will receive the participation fee 

of £[1, 3.2] regardless of when you decide to stop working. You will receive [no bonus payment 

for solving the decoding tasks; a bonus payment of 10 pence for each correctly solved decoding 

task. This bonus payment is only hypothetical and will not be credited to your Prolific account; a 

bonus payment of £1 for each correctly solved decoding task. This bonus payment is only 

hypothetical and will not be credited to your Prolific account; a bonus payment of 10 pence for 

each correctly solved decoding task. This bonus payment will be credited to your Prolific 

account; a bonus payment of 1 pence for each correctly solved decoding task. This bonus 

payment will be credited to your Prolific account]. 

 

Please answer the following comprehension question. Which of the following statements 

are true? (please select all correct answers) 

• You will receive [no bonus payment for solving the decoding tasks; a bonus payment of 

10 pence for each correctly solved decoding task. This bonus payment is only 

hypothetical and will not be credited to your Prolific account; a bonus payment of £1 for 

each correctly solved decoding task. This bonus payment is only hypothetical and will 

not be credited to your Prolific account; a bonus payment of 10 pence for each correctly 

solved decoding task. This bonus payment will be credited to your Prolific account; a 

bonus payment of 1 pence for each correctly solved decoding task. This bonus payment 

will be credited to your Prolific account]. 

• After completing each decoding task, you can decide whether you want to continue or 

stop working. 

• You will only receive the participation fee of £[1, 3.2] if you solve all decoding tasks. 

• You will receive the participation fee of £[1, 3.2] regardless of when you decide to stop 

working. 

• The maximum number of decoding tasks that you can solve is 10. 

• The maximum number of decoding tasks that you can solve is 25.  
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IF PARTICIPANT FAILED TO CORRECTLY SOLVE THE COMPREHENSION CHECK 

QUESTION ABOUT TASK AND INCENTIVES: 

 

You either selected an incorrect answer or did not select a correct one. Please carefully 

review the instructions below and answer the comprehension question again.  

 

Please answer the following comprehension question. Which of the following statements 

are true? (please select all correct answers) 

• You will receive [no bonus payment for solving the decoding tasks; a bonus payment of 

10 pence for each correctly solved decoding task. This bonus payment is only 

hypothetical and will not be credited to your Prolific account; a bonus payment of £1 for 

each correctly solved decoding task. This bonus payment is only hypothetical and will 

not be credited to your Prolific account; a bonus payment of 10 pence for each correctly 

solved decoding task. This bonus payment will be credited to your Prolific account; a 

bonus payment of 1 pence for each correctly solved decoding task. This bonus payment 

will be credited to your Prolific account]. 

• After completing each decoding task, you can decide whether you want to continue or 

stop working. 

• You will only receive the participation fee of £[1, 3.2] if you solve all decoding tasks. 

• You will receive the participation fee of £[1, 3.2] regardless of when you decide to stop 

working. 

• The maximum number of decoding tasks that you can solve is 10. 

• The maximum number of decoding tasks that you can solve is 25.  

 

 

 

IF PARTICIPANT CORRECTLY SOLVED THE COMPREHENSION CHECK QUESTION 

ABOUT TASK AND INCENTIVES: 

 

Thank you. You have answered the comprehension question correctly.  Please click the arrow 

button when you are ready to start working. 
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Please decode the number into text. This is achieved by looking up the corresponding letter for 

each number. 
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Recall that you will receive [no bonus payment for solving the decoding tasks; a bonus payment 

of 10 pence for each correctly solved decoding task. This bonus payment is only hypothetical 

and will not be credited to your Prolific account; a bonus payment of £1 for each correctly solved 

decoding task. This bonus payment is only hypothetical and will not be credited to your Prolific 

account; a bonus payment of 10 pence for each correctly solved decoding task. This bonus 

payment will be credited to your Prolific account; a bonus payment of 1 pence for each correctly 

solved decoding task. This bonus payment will be credited to your Prolific account]. 

    

Do you want to continue or stop? 

• Continue working  

• Stop working  
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Thank you. Please take your time to answer the following questions. 

 

How old are you? 

• Under 18 

• 18-24 years old 

• 25-34 years old 

• 35-44 years old 

• 45-54 years old 

• 55-64 years old 

• 65+ years old  

 

How do you describe yourself? 

• Male 

• Female 

• Non-binary / third gender  

• Prefer to self-describe: 

• Prefer not to say  

 

What is the highest level of education you have completed? 

• Some Primary 

• Completed Primary School 

• Some Secondary 

• Completed Secondary School 

• Vocational or Similar 

• Some University but no degree 

• University Bachelor’s Degree 

• Graduate or professional degree (MA, MS, MBA, PhD, JD, MD, DDS) 

• Prefer not to say  

 

What was your total household income before taxes during the past 12 months? 

• Less than 20,000 pounds 

• 20,000-39,999 pounds 

• 40,000-59,999 pounds 

• 60,000-99,999 pounds 

• More than 100,000 pounds  
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Please enter your Prolific ID: 
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