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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 hypothetical incentives. We exper-
imentally assess the effectiveness of hypothetical incentives to induce participants’ real effort – an integral
aspect of reliable experimental data. We find that although linking behavior to hypothetical incentives gen-
erates 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 incen-
tive 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 (Plott, 1986; Smith, 1982; Svorenčík & Maas, 2016). While
scholars in other behavioral sciences have long advocated for critical reflection on the use of mone-
tary incentives (seeHertwig & 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

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.
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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 mone-
tary 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.Thedisparity between these two types of non-incentivized conditions raises the question of
whether linking behavior to hypothetical incentives differs fromnotmentioning any link tomonetary
rewards and how both compare to real ones.

Addressing this research question tests whether people can effectively internalize hypothetical
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 men-
tioned. 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 incentives
(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 hypothetical 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 con-
trast, generates substantially larger and statistically significant effects, relative to bothNo-Incentives
(d = 1.66) and Hypothetical (d = 1.41).

While large effects are not uncommon when comparing performance-contingent pay to flat com-
pensation, 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 param-
eters 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: par-
ticipants 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.
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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 pat-
tern 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 hypo-
thetical 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 substan-
tially: participants reciprocate by providing additional effort in a way that is consistent with ‘gift
exchange’ (DellaVigna & Pope, 2018; DellaVigna et al., 2022; Gneezy & List, 2006). Second, it sig-
nificantly 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 andHypothetical, the share of participants who exert only minimal effort, 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. Furthermore, 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 before participants learned their
incentive condition, show no systematic differences. Returning to our initial motivation, these pat-
terns 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 ourmain result clearly supports the use of realmonetary incentives, inmany experimen-
tal settings, e.g., medical decision-making tasks or high-stakes preference elicitation, implementing
incentive-compatible payments is sometimes not possible. In these cases, our results offer practical
guidance. Generous participation fees can partially substitute incentive compatible payments, pro-
ducing 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

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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to address this fundamental question because insights related to effort extend beyond tasks explic-
itly 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 cal-
culations 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
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 Carpenter & Huet-Vaughn, 2019; Charness et al., 2018,
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 & Schotter,
1997) settings. In real-effort paradigms, participants engage in tangible tasks with outcomes deter-
mined by actual performance. Carpenter andHuet-Vaughn (2019) classify real-effort tasks intomotor
tasks such as counting (Abeler et al., 2011) or moving a slider (Gill & Prowse, 2012), and cogni-
tively demanding tasks such as solving puzzles (Charness & Villeval, 2009) or arithmetic problems
(Niederle & Vesterlund, 2007).

We employ a real-effort paradigm based on a decoding task (e.g., Drobner & Orhun, 2025; Lévy-
Garboua et al., 2009; Sillamaa, 1999a; Sillamaa, 1999b). Recent work by Dutcher et al. (2024) demon-
strates 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 differ-
ent 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., Abeler et al., 2011; De Quidt et al., 2018; DellaVigna
& Pope, 2018; Goerg et al., 2019; Jenkins Jr et al., 1998), while a third group finds a non-monotonic
relationship (e.g., Ariely et al., 2009; Gneezy & Rustichini, 2000; Pokorny, 2008).

Variation in piece-ratemagnitude is a keymoderator of this heterogeneity and central to our inves-
tigation. DellaVigna and Pope (2018), for example, report Cohen’s d = 1.0when comparing a 10-cent
piece rate to no incentives, and d = 0.7 for a 1-cent piece rate versus no incentives. Likewise, in
Experiment 3 of DeQuidt 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 ver-
sus no incentives (pooling over demand treatments). We extend this work by systematically varying
both piece-ratemagnitudes and base pay levels across real, hypothetical, and no-incentive conditions.
In doing so, we incorporate insights fromprior literature identifying a range of additionalmoderators
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 & Hogarth, 1999; Rydval & Ortmann, 2004). Third, we
impose no time constraints. Ariely et al. (2009) report evidence consistent with backfiring due to
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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 precaution-
ary 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 opportu-
nity 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 with-
out; 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.
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 & Lancsar, 2023) are present in our setting. Measuring these factors and investi-
gating 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 treatment
conditions that varied the type and size of incentives participants received.We then detail the partici-
pant 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
Wedevelop 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 translat-
ing 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 sub-
sequent 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 num-
ber of correctly solved decoding items, our experimental design also tracks 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).

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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Fig. 1 Sample item of decoding task
Notes:The figure showsa sample itemof thedecoding task forwhich the correct answer is ‘CHFYW’. Each item in thedecoding task requires
translating a 5-digit number into text using a provided decoding key.

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 –

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

HYPOTHETICAL Hyp-B100-P100 £ 1.00 £ 1.00 £ [Piece-Rate] for each correctly solved decoding
task. This bonus payment is only hypothetical and
will not be credited to your Prolific account.

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 employed a between-subjects design in which participants were assigned to one of seven treat-
ments. 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 cate-
gories based on incentive type. In Real treatments, participants received a base pay and a piece-rate
bonus per correctly solved item thatwas paid out. InHypothetical 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. In No-Incentives treatments, participants received
only a base pay with no mention of bonus payments for solving the decoding task. To mitigate poten-
tial 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 pay-
ments 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.
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To ensure that participants fully understood the incentive scheme specific to their treatment, we
incorporated two design features. First, before beginning the task, participants were required to cor-
rectly 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 respectivewave.Thedistribution of participants’ demographic characteris-
tics is presented inAppendixA.1 and shows that the experimental treatment groups arewell balanced.
Study 1 was carried out in wave 1 that took place in August 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 inAugust 2025. It included a direct replication of the treatments of Study 1 and additionally
introduced the treatments No-B320 and Hyp-B100-P100 (pre-registration). Wave 2 took place two
weeks 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 themodel of costly effort fromDellaVigna 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
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 hypothetical
piece rate contributes 𝛽p to themarginal benefit, allowing us to estimate the efficiency of hypothetical
incentives.
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Following DellaVigna and Pope (2018), we recover the structural parameters (k, 𝛾, s) using aver-
age observed effort ̄e 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 equa-
tion (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, whichwe
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 ( ̂k, ̂𝛾, ̂sL). Confidence inter-
vals 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 incentives
(IHyp = 1, IReal = 0) yields 𝛽 = (ke𝛾 − s)/p. For treatments with low participation fee (£ 1.00), we
substitute the core estimates ( ̂k, ̂𝛾, ̂sL) and ̄e from Hyp-B100-P10 (piece rate £ 0.10) and Hyp-B100-
P100 (piece rate £ 1.00) to recover ̂𝛽LL and ̂𝛽LH .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) simpli-
fies to sH = ke𝛾. Using the core parameter estimates ( ̂k, ̂𝛾) and ̄e from No-B320, we recover ̂sH .
Following DellaVigna and Pope (2018), we interpret the increase Δs = sH − sL as a gift-exchange
effect: participants reciprocate the (unexpected) participation fee increase through higher effort.

Finally, for Hyp-B320-P100, which combines high participation fee (£ 3.20) and high hypothetical
piece rate (£ 1.00), we rearrange equation (4) to yield𝛽 = (ke𝛾−s)/p.We substitute the core estimates
( ̂k, ̂𝛾), the highermotivation parameter ̂sH , and ̄e fromHyp-B320-P100 to recover ̂𝛽HH .This allows us
to test whether higher non-pecuniarymotivation 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 observa-
tions 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 inNo-B100 and 10.1 inHyp-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

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).

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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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 not
significant even at the 10% level.

Next, we test whether effort in non-incentivized conditions can be increased by raising hypotheti-
cal piece rates, raising base pay, or combining both. Raising the hypothetical piece rate tenfold from £
0.10 to £ 1.00 producesminimal change: Hyp-B100-P100 yields 7.8 items versus 7.0 inHyp-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, ver-
sus 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 declined
between Study 1 (August 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 partici-
pants 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).
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Before proceeding to the decoding task, participants were required to (a) solve a practice decoding
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 sys-
tematic differences: 5.3% in No-Incentives, 5.1% inHypothetical, 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
( ̂𝛾 = 5.06), yielding an elasticity of effort with respect to the piece rate of approximately 1/ ̂𝛾 = 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 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 ( ̂𝛽LL). Increasing the hypothetical piece rate to £ 1.00 reduces the point esti-
mate of this rate to roughly one-third, approximately 0.04% ( ̂𝛽LH). However, the confidence interval
for ̂𝛽LL includes zero while that for ̂𝛽LH 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 ̂sL = 1.80 × 10−4

to ̂sH = 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 hypo-
thetical incentives. Holding the hypothetical piece rate fixed at £ 1.00, the internalization parameter
increases from ̂𝛽LH = 3.81×10−4 to ̂𝛽HH = 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

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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Table 2. Structural parameter estimates

Estimate 95% CI

Cost function parameters

Curvature 𝛾̂ 5.06 (4.10, 6.25)

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

Non-pecuniary motivation

̂sL (£ 1.00 base pay) 1.80 × 10−4 (3.43 × 10−5, 6.98 × 10−4)

̂sH (£ 3.20 base pay) 1.52 × 10−3 (4.65 × 10−4, 3.86 × 10−3)

Δ ̂s = ̂sH − ̂sL 1.34 × 10−3 —

Responsiveness to hypothetical incentives
̂𝛽LL (£ 1.00 base pay, £ 0.10 hyp. piece-rate) 1.26 × 10−3 (−1.01× 10−3, 5.05× 10−3)
̂𝛽LH (£ 1.00 base pay, £ 1.00 hyp. piece-rate) 3.81 × 10−4 (3.68 × 10−5, 1.20 × 10−3)
̂𝛽HH (£ 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 ̂k, 𝛾̂, and non-pecuniary motivation estimate ̂sL recovered from three moments – average effort in
No-B100, Real-B100-P1, and Real-B100-P10 – under a power cost function. ̂sH calculated from treatmentmean No-B320 using ̂k and 𝛾̂. ̂𝛽LL and

̂𝛽LH calculated from treatment means Hyp-B100-P10 and Hyp-B100-P100 using ̂k, 𝛾̂, and ̂sL. ̂𝛽HH calculated from treatment mean Hyp-B320-
P100 using ̂k, 𝛾̂, and ̂sH . Confidence intervals derived via bootstrap with 1,000 draws, then taking 2.5th and 97.5th percentiles. Δ ̂s computed
from point estimates.

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 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 addi-
tional 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 com-
bined 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 toward
the experimenter. Higher base pay also amplifies responsiveness to hypothetical incentives.This anal-
ysis identifies and qualitatively characterizes interactions between base pay, hypothetical piece-rate
magnitude, and the rate at which participants internalize hypothetical incentives. Measuring these
interactions quantitatively would require pinpointing the functional forms that govern them, which
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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 deteri-
orates 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 dif-
ferent 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.

Supplementary material. The supplementary material for this article can be found at https://doi.org/10.1017/eec.2026.
10068
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