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Delay discounting is a measure of preferences for smaller immediate rewards over larger delayed rewards. Discounting has been assessed in many ways; these
methods have variably and inconsistently involved measures of different lengths (single vs. multiple items), forced-choice methods, self-report methods, online
and laboratory assessments, monetary and non-monetary compensation. The majority of these studies have been conducted in laboratory settings. However, over
the past 20 years, behavioral data collection has increasingly shifted online. Usually, these experiments involve completing short tasks for small amounts of
money, and are thus qualitatively different than experiments in the lab, which are typically more involved and in a strongly controlled environment. The present
study aimed to determine how to best measure future discounting in a crowdsourced sample using three discounting measures (a single shot measure, the 27-item
Kirby Monetary Choice Questionnaire, and a one-time Matching Task). We examined associations of these measures with theoretically related variables, and
assessed influence of payment on responding. Results indicated that correlations between the discounting tasks and conceptually related measures were smaller
than in prior laboratory experiments. Moreover, our results suggest providing monetary compensation may attenuate correlations between discounting measures
and related variables. These findings suggest that incentivizing discounting measures changes the nature of measurement in these tasks.
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INTRODUCTION

Decision-makers must consistently engage with trade-offs between
certain, immediately available outcomes and the possibility of
distal, but superior outcomes in the uncertain future. Depending on
the parameters of the choice, this trade-off may result in delay
discounting — where a smaller immediate reward is preferred over
larger distal rewards (reviewed in Frederick, Loewenstein &
O’Donoghue, 2002). However, individual differences in delay
discounting have been widely documented, and these individual
differences have been associated with a wide array of meaningful
and relevant outcomes, ranging from drug use to criminal behavior
(Green & Myerson, 2004). Despite the apparent importance of
delay discounting, there is some ambiguity as to the best practices
for measuring discounting. Given the growing ubiquity of the use
of online crowdsourcing platforms for psychological research, we
explored the predictive validity of three simple-to-administer tools
with two different compensation methods using a quasi-
experimental design on Amazon Mechanical Turk, a widely used
crowdsourcing platform.
Most simple-to-administer measures of discounting involve a

relatively small number of monetary choices. For example, the
widely-used Monetary-Choice Questionnaire (MCQ; Kirby, Petry
& Bickel, 1999) presents participants with a series of 27 choices
between relatively smaller monetary amounts available now, and
relatively larger monetary amounts available later (e.g., “Would
you rather have $50 tonight, or $80 in 70 days?”). Kirby’s MCQ
specifically presents participants with a series of small, medium,
and large choices, and from each series of choices, a “switch point”

can be identified where participants’ preferences shift from present
rewards to future rewards. This switch point can be used to
calculate a discounting parameter (k), which quantifies one’s
position on a hyperbola of time preference (ranging from persistent
immediate-focus to persistent future-focus). One-shot discounting
measures present participants with a single choice between
amounts now and later (e.g., a choice between £45 in 3 days or
£70 in 3 months; Reimers, Maylor, Stewart & Chater, 2009).
Matching methods require participants to indicate the minimal
amount of money they would be willing to receive to wait an
additional period for compensation (e.g., a choice of $10 now, vs.
$10 + X in 30 days, where participants report what minimum X
they would be willing to accept; Hardisty, Thompson, Krantz &
Weber, 2013).
Regardless of the specific measure used, delay discounting

instruments have been robustly associated with several
theoretically consistent, impulsive real-world behaviors and
outcomes, including criminal behavior, antisocial conduct,
gambling, obesity, promiscuity, cigarette use, alcohol use, and drug
use, among many others (e.g., Alessi & Petry, 2003; Hanoch,
Rolison & Gummerum, 2013; Kirby & Petry, 2004; Kirby et al.,
1999; Mishra & Lalumi�ere, 2017; Petry, 2001; Reimers et al.,
2009; Reynolds, 2006). Behavioral discounting has also been
associated with trait measures of impulsivity and self-control,
consistent with suggestions that delay discounting itself represents
a stable trait (Mishra & Lalumi�ere, 2017; Odum, 2011). Evidence
suggests that choice methods (as opposed to matching methods)
appear to be superior at predicting real-world outcomes (Hardisty
et al., 2013), although this work did not tie participant
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compensation to decisions made within discounting measures. It
remains an open question of what simple measure is best to use on
crowdsourcing platforms, and what compensation method to use.
Extant research suggests that different payment structures have

meaningful influences on participants’ behavior in decision-
making tasks. Generally, both generous pay and performance-
based payment have been associated with superior task
performance and higher task completion rates in experiments
(Brase, 2009; Camerer & Hogarth, 1999). Some investigations
also suggest more nuanced effects of compensation on decision-
making (Camerer & Hogarth, 1999; Ferrey & Mishra, 2014). For
example, Ferrey and Mishra (2014) showed that in the widely-
used Balloon Analogue Risk Task, participants who received
session-based compensation (i.e., a consistent lump sum payment,
regardless of task decisions) engaged in significantly greater risk-
taking compared to those who were paid based on their actual
decisions, and those who were not paid at all. For delay
discounting measures specifically, evidence suggests discounting
does not systematically differ when assessed using hypothetical
rewards versus real rewards (Johnson & Bickel, 2002; Lagorio &
Madden, 2005; Madden, Begotka, Raiff & Kastern, 2003;
Madden et al., 2004).
In the present study, we examined the “real-world” predictive

ability of three widely used delay discounting tasks—k-parameter
elicitation from the monetary choice questionnaire, single-shot
discounting, and matching task, and examined whether different
compensation methods affected predictive ability. Although this
was an exploratory study, given that prior evidence suggested that
discounting does not differ according to compensation, we made a
weak prediction that there would be no difference in the strength
of correlations between the payment and hypothetical conditions.
We specifically examined these associations among a
crowdsourced Amazon Mechanical Turk sample, given the
growing ubiquity of such platforms for psychological research.
We pre-registered our measures, analyses, and power calculations
and sample size determination at https://osf.io/r7jfd/. The dataset
and analysis code is available at: https://osf.io/6x38u/.

METHOD

Two hundred forty-eight participants from the United States
completed a 10-min survey for US$1.20 on Amazon Mechanical
Turk (MTurk). We excluded participants who answered the
survey in less than two minutes or made inconsistent choices on a
questionnaire (N = 27), resulting in a final sample of 221
participants (Mage = 36.22; 37% female).

Delay discounting

Monetary-choice questionnaire (MCQ). Participants completed
the 27-item Monetary-Choice Questionnaire (MCQ; Kirby et al.,
1999). They viewed three blocks of nine items, where they chose
between an amount available today and an amount available at a
future time (e.g. “Would you prefer $0.11 today or $0.30 in
7 days?”). Each choice was associated with a discounting
parameter, which is a value of how much the future is discounted
if the immediate reward is chosen. The blocks varied based on the
amount of money offered (small, medium, and large), and were

presented in that order (see Appendix S1). Within each of the
three blocks, the discounting parameter was averaged for the two
values where participants “switched” from preferring the
immediate reward to the delayed reward, which was done using R
code developed by Gray, Amlung, Palmer and MacKillop (2016).
Once the discounting parameter was calculated for each of the
three blocks, we took the mean to obtain the total MCQ score.
Because MTurk workers are used to completing short tasks for
small sums of money, we adapted Kirby et al. (1999) scale to an
online format by dividing the dollar amount offered by 100. No
changes were made to the time delay or the discounting
parameters of the items. Cronbach’s alpha indicated that this scale
had good internal consistency, a = 0.88, 95% CI [0.87, 0.89].

Single-shot discounting (SSD). We adapted a single-shot
discounting measure (Mishra & Lalumi�ere, 2011, 2017; Reimers
et al., 2009) to an online format after piloting various payment
structures (see Table S1). Participants were presented with the
following question: “Would you prefer: $0.15 today or $0.23 in
21 days?” Those who chose the immediate option (i.e., those who
discounted the future) were coded as 1 and those who chose the
delayed option were coded as �1, such that positive scores
indicated greater discounting.

Matching task. Using Hardisty et al. (2013) matching methods as
a model, we adapted a single-item measure to the present study
by asking participants, “If you were choosing between $10 now
versus more money in 1 month (30 days), what is the least
amount of money it would take to get you to wait 30 days for
that money?” Participants could respond with values between $10
and $100.

Conceptually related outcome measures

Eysenck impulsivity scale (EIS). The EIS (Eysenck, Pearson,
Easting & Allsopp, 1985) involves 19 yes/no questions about
impulsive behaviors (e.g. “Do you often buy things on
impulse?”). The number of “yes” responses were averaged. These
items were reliable, a = 0.84, 95% CI [0.79, 0.88].

Barratt impulsiveness scale short-form (BIS). The BIS (Spinella,
2007) contains 15 items that assess the frequency of impulsive
behaviors (e.g. “I say things without thinking”) on a four-point
scale (1 = rarely/never, 4 = almost always/always). Scale items
were averaged to obtain a total score. Cronbach’s alpha indicated
this scale had good reliability, a = 0.84, 95% CI [0.81, 0.86].

Personal relative deprivation scale (PRDS). The PRDS (Callan,
Shead & Olson, 2011) is a 5-item scale that assesses subjective
feelings of relative deprivation. Participants responded to items
such as “I feel deprived when I think about what I have compared
to what other people like me have” on a six-point scale
(1 = strongly disagree, 6 = strongly agree). The final PRDS
score was obtained by averaging the five items. This scale had
very good reliability, a = 0.87, 95% CI [0.83, 0.90].

The problem gambling severity index (PGSI). The PGSI
(Brooker, Clara & Cox, 2009) is a 9-item measure that assesses
the frequency of behaviors associated with problem and
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pathological gambling. Items such as “How often have you felt
that you might have a problem with gambling?” were rated on a
four-point scale (1 = never, 4 = almost always). A total score
was obtained by averaging the items. Cronbach’s alpha
demonstrated that this scale had excellent internal consistency,
a = 0.91, 95% CI [0.88, 0.94].

Procrastination. Participants rated how much they agree with the
statement “I procrastinate on most tasks” on a seven-point Likert
scale, ranging from (1) strongly disagree to (7) strongly agree.

Alcohol intake frequency. Participants responded to “How often
do you drink alcohol?” on a seven-point Likert scale, ranging
from (1) never to (7) several times a day.

Other measures. We asked participants if they smoked cigarettes
and if they have ever been arrested (yes/no). Additionally, we
presented participants with items that we predicted to be
uncorrelated (rs = 0.00, see pre-registration) with our discounting
measures (e.g., “I have a favorite pair of pants”). These analyses
are presented in Appendix S1.

PROCEDURE

Participants first completed the three discounting measures (as
described above), and were then presented with the EIS, BIS,
PRDS, and PGSI in randomized order. We varied the presentation
order of the discounting measures so that participants either
received the MCQ or SSD first, while the Matching Task was
always presented between these two other measures (the order
effect analyses are presented in Appendix S1). The Matching
Task was used for exploratory purposes, so we did not manipulate
payment or order effects. All other measures were presented at the
end of the survey along with demographic variables. We chose
the outcome measures because delay discounting has been
previously related to impulsivity (Alessi & Petry, 2003; Mishra &
Lalumi�ere, 2011, 2017), relative deprivation (Callan et al., 2011;
Mishra & Novakowski, 2016), problem gambling (Alessi & Petry,
2003; Mishra & Lalumi�ere, 2017; reviewed in Reynolds, 2006),
procrastination (Schouwenburg & Groenewoud, 2001), and
alcoholism (Petry, 2001; reviewed in Reynolds, 2006).
Payment incentives were also manipulated. All participants

received a baseline payment for participation (US$1.20).
Participants in the payment condition also received the outcome
they chose on one randomly selected item of the MCQ and for
their choice on the SSD. All participants in the payment condition
received remuneration for the same item, which was chosen in
advance to data collection by a random number generator;
participants did not know which item was chosen. Participants
who chose the immediate reward were compensated on the same
day they completed the study and those who chose the delayed
option received payment at the specified time delay. Participants
in the hypothetical condition did not receive payment, but were
asked to make decisions as if they involved real money.

ANALYSIS

Although our pre-registration specified that Pearson correlations
would be used, all discounting measures violated either the

assumptions of skewness or kurtosis (values >1; see Table S2).
Thus, we analyzed the data using Spearman’s rho correlations
with 95% confidence intervals which we bootstrapped with 1,000
repetitions using the RVAideMemoire package (Herv�e, 2018).
Significance levels were obtained using the Hmisc (Harrell, 2018)
package for R (R Core Team, 2018), and the scale Cronbach’s
alpha levels were obtained using the ltm package (Rizopoulos,
2006), with 1,000 bootstraps for the confidence intervals.
Correlation magnitudes were visually compared across conditions
for interpretation, and Fisher’s r-to-z tests were computed to
compare correlations in the payment and hypothetical conditions.
Corrections for multiple comparisons were not applied because
these were exploratory analyses.
To compare responses between conditions, we computed chi-

square analyses using the psych package (Revelle, 2018) for the
single-shot discounting measure, and Mann-Whitney U tests on
the MCQ discounting functions and Matching Task responses.
These analyses were not pre-registered, but will facilitate
comparison to previous studies investigating how incentivizing
delay discounting measures influences its measurement.

RESULTS

Checks and demographics

Discounting measures were not related to gender (rss = �0.04 to
0.02, ps > 0.54) or age (rss = �0.13 to �0.07, ps > 0.06). We
correlated the three discounting measures (Monetary Choice
[MCQ], Single-Shot [SSD], and Matching Task) with the relevant
continuous variables: Eysenck Impulsivity Scale (EIS), Barratt
Impulsiveness Scale (BIS), Problem Gambling Severity Index
(PGSI), Personal Relative Deprivation Scale (PRDS),
procrastination, and alcohol intake frequency. Overall, the three
discounting measures were all highly correlated with one another
(rss = 0.59 to 0.73, ps < 0.001) and all outcome variables were
related with each other (rss = 0.16 to 0.67, ps < 0.05), with the
exception of most correlations with the alcohol frequency
outcome variable (rss = �0.002 to 0.075, ps > 0.10).

Discounting measurement and relationships with theoretically
related measures

Small to moderate correlations were found between all three
discounting measures and the BIS (rss = 0.13 to 0.18, ps < 0.05).
However, only the Matching Task was associated with scores on
the EIS (rs = 0.20, p = 0.002). Problem gambling tendencies as
measured using the PGSI were related to scores on the MCQ and
SSD (rss = 0.13 to 0.20, ps < 0.06), but not the Matching Task
(rs = 0.063, p = 0.36). None of the discounting measures were
associated with personal relative deprivation (rss = �0.048 to
�0.023, ps > 0.47) or procrastination (rss = 0.077 to 0.11,
ps > 0.09). Only the Matching Task was trending towards
significance with alcohol intake frequency (rs = 0.13, p = 0.059)
(see Table 1, Figure S1). These results suggest that all three
measures have some predictive validity for theoretically related
variables. Somewhat unexpectedly, however, not a single method
produced correlations with all conceptually related measures, and
these relationships were smaller than effects found in previous lab
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experiments. Moreover, these results suggest that different
discounting tasks may produce stronger relationships with
different outcome measures. For example, only the forced-choice
measures (i.e., MCQ and SSD) were related to problem gambling,
while the matching task was the only measure related to both
impulsivity scales.

Discounting measurement and payment incentives

To determine if payment incentives influenced correlations
between discounting and theoretically relevant outcome variables,
we compared the payment and hypothetical conditions, and then
correlated the discounting measures with the continuous outcome
measures (see Table 2B, C, Figure S2). In the hypothetical
condition (Table 2B) all delay discounting measures were
correlated with BIS scores (rss = 0.19 to 0.27, ps < 0.05).
Additionally, the MCQ was correlated with scores on the PGSI
(rs = 0.26, p = 0.005), and the Matching Task was correlated
with scores on the EIS (rs = 0.31, p = 0.001) and alcohol intake
frequency (rs = �0.27, p = 0.005). There were no significant
correlations between any of the discounting and outcome
measures in the payment condition (all rss = �0.007 to 0.17,
ps > 0.076). Fisher’s r-to-z tests (two-tailed) indicated that
correlations were larger in the hypothetical condition compared to
the payment condition for the Matching Task and alcohol intake
frequency (z = 2.15, p = 0.032) and marginally for the Matching
Task and EIS (z = 1.93, p = 0.054). No other effects were
statistically significant, likely due to the limited sample size of the
present study. Payment by order effect results are presented in
Table S3.
To address concerns about multiple comparisons, we combined

all three delay discounting tasks into a single overall discounting
measure by averaging participants’ standardized scores across the
three tasks (a = 0.74, 95% CI [0.68, 0.80]). We then correlated
the overall discounting measure with theoretically related
variables in the payment and hypothetical conditions (see
Table 2A). No correlations reached statistical significance in the
payment condition (0.008 < rss < 0.161, ps > 0.091). However,
three of the six correlations reached statistical significance in the
hypothetical condition (i.e., EIS, BIS, and PGSI;
0.214 < rss < 0.249), although Fisher’s r-to-z tests did not reach
statistical significance (0.126 < ps < 0.374), likely because this
study was underpowered to detect small differences in
correlations (i.e., rs differences between 0.12 and 0.17).
Correlations with personal relative deprivation or with
procrastination were not statistically significant, rs = �0.106,
p = 0.269, and rs = 0.007, p = 0.486, respectively.

Discounting measurement responses by condition

For the single-shot discounting (SSD) measure, the number of
participants who chose immediate or delayed rewards did not
differ by payment condition, v2 (1) = 0.063, p = 0.80. Similarly,
Mann-Whitney U-tests indicated that means of distributions did
not differ according to payment for the MCQ (W = 5692.5,
p = 0.450) or Matching Task (W = 6516.5, p = 0.319). These
results suggest that hypothetical and real payment conditions have
similar distribution shapes for all three discounting measures.T
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Moreover, the means of the distributions did not differ according
to payment for the EIS (W = 6079.5, p = 0.96), BIS (W = 6093,
p = 0.98), or PGSI (W = 5692.5, p = 0.23), which suggests that
differences in correlation magnitude as a consequence of payment
condition are not due to different patterns of responding in the
dependent measures.

DISCUSSION

Preliminary results suggest that payment may reduce the strength
of association between delay discounting measures and
theoretically-related individual differences and outcome measures
(e.g., impulsivity, gambling, and alcohol intake), with the
strongest correlations being observed in the hypothetical payment
condition. Despite these differences, the distribution of responses
for these discounting measures did not vary with payment, which
is consistent with previous studies (Dixon, Lik, Green &
Myerson, 2013; Johnson & Bickel, 2002; Lagorio & Madden,
2005; Madden et al., 2003, 2004). Furthermore, the distributions
of responses for our dependent measures (i.e., EIS, BIS, and
PGSI) did not vary with payment in the largest sample
investigating this question to-date. Together, these findings
suggest that financially incentivizing delay discounting tasks does
not affect the distribution of responses on the task, but provides
preliminary evidence that payment may influence how
discounting is associated with other instantiations of impulsivity.
We do note, however, that the differences in effects were small
(0.11 < rss < 0.21). Because the obtained correlations were
smaller than expected, these planned analyses were
underpowered, and thus results should be considered tentative.
More research is needed to confirm results.
Previous research has shown mixed influence of payment

incentives on decisions in delay discounting behavioral tasks.
Some studies found that payment (compared to unpaid controls)
reduces the amount of money transferred in economic games
(Amir, Rand & Gal, 2012; B€uhren & Kundt, 2015), but not always
(Amir et al., 2012). Payment has also been found to reduce risk-
taking (see Irwin, McClelland & Schulze, 1992). As an alternative
explanation, larger effects in hypothetical conditions may be due to
participants overstating their preferences (List & Gallet, 2001), or
due to “presentation effects” (Camerer & Hogarth, 1999).
However, these interpretations may not account for the results of
the present study. Rather, the present examination suggests that
incentives eliminate or reduce associations between discounting
and other theoretically-relevant instantiations of impulsivity.
Contrary to previous findings, delay discounting was not

associated with personal relative deprivation (e.g., Callan et al.,
2011; Tabri, Shead & Wohl, 2017), smoking cigarettes (e.g.,
Bickel, Odum & Madden, 1999; Reimers et al., 2009), or
procrastination (Schouwenburg & Groenewoud, 2001).
Additionally, delay discounting was only sometimes related to
arrests (e.g., Mishra & Lalumi�ere, 2017) and frequency of
drinking alcohol. However, these differences may be due to the
measurement differences in the present study; that is, we assessed
frequency of alcohol intake instead of alcoholism (e.g., Petry,
2001). Alternatively, discounting responses may be characterized
by high levels of random error, and therefore findings may be
inconsistent.T
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The present study had several limitations that provide directions
for future research. First, our sample was a convenience sample
crowdsourced on Amazon Mechanical Turk, which is a
crowdsourcing website commonly used by researchers across
disciplines to collect large amounts of quality data for relatively
small costs (Amir et al., 2012; Bohannon, 2016; Buhrmester,
Kwang & Gosling, 2011; Chandler & Shapiro, 2016; Goodman &
Paolacci, 2017; Robinson, Rosenzweig, Moss & Litman, 2019).
Although our goal was to determine how to measure delay
discounting in this population, and results using such populations
may be generalizable to other online users who do tasks for
relatively small amounts of money, we cannot generalize to other
populations who are accustomed to doing tasks or making decisions
involving larger amounts of money. We will also note that there is a
possibility that the results may be an artifact of the very low reward
amounts resulting in very steep discount functions, relative to other
studies with fewer subjects and larger amounts (e.g., Green,
Myerson, & Ostaszewski, 1999). Thus, these results are
generalizable to similar contexts and methods, but not when larger
rewards are used. The discounting function of large amounts may
differ in some ways from that of small amounts, and perhaps
change the relationships found in the present study. As such, future
studies are needed to determine how the size of the payment reward
influences delay discounting functions, and if the size of the reward
changes the relationship between discounting and other
theoretically-related measures in paid and unpaid contexts.
Moreover, we cannot generalize these results to in-lab studies with
special populations. Future research is needed to test the effect of
incentivization on delay discounting for larger monetary amounts.
Second, despite having a much larger sample size than

previous studies examining payment effects on measuring time
preferences (e.g., Dixon et al., 2013; Johnson & Bickel, 2002;
Lagorio & Madden, 2005; Madden et al., 2003, 2004), we did
not have a large enough sample in each condition to test for
statistically significant differences in effect sizes (i.e., would need
approximately 5,000 participants). In fact, the correlations we
obtained were smaller than what was reported in previous in-lab
studies (e.g., Mishra & Lalumi�ere, 2017), which were used to
project required sample size for the present study. Still, all
statistically significant effect sizes were found in the hypothetical
payment condition, while none were found in the payment
condition, indicating that there may be a broader, consistent
pattern of results. Because most correlations were smaller in this
study than in previous in-lab delay discounting studies, we
recommend that when using delay discounting tasks online
researchers use conservative effect size estimates to estimate the
required number of participants in their studies.
The associations were inconsistent between delay discounting

and other relevant variables, in that some but not all measures of
discounting were associated with the other variables; though these
findings may be due to some of our chosen measures being less
psychometrically established and subject to high error variances
(e.g., one-item procrastination question, and a one-item alcohol
intake frequency question). Moreover, although personal relative
deprivation is conceptually related to delay discounting, it is
related indirectly (e.g., feelings of relative deprivation lead to
more impulsive and discounted choices because deprived
individuals feel less competitive in their respective environment).

Notably, however, we found correlations between delay
discounting and all other conceptually-related and well-established
scales (i.e., Eysenck Impulsivity Scale, Barratt Impulsiveness
Scale, and Problem Gambling Severity Index); although not with
all measures of discounting. For example, the Matching Task was
the only measure associated with Eysenck’s Impulsivity Scale, but
also the only measure unrelated to problem gambling. This
pattern of findings suggests that various discounting measures
may relate differently to conceptually related variables. In
particular, the results provide preliminary suggestions that forced-
choice tasks (i.e., MCQ and SSD) may be better predictors of
gambling, but the Matching Task may be a better predictor of
impulsivity.
Third, we did not manipulate conditions for the Matching Task,

but did so for the MCQ and single-shot discounting. Interestingly,
the correlations with the Matching Task were smaller in the paid
condition, despite never having been incentivized in this study.
This finding suggests that payment effects might extend to the
next task, or that fill-in-the-blank methods may be influenced by
incentivization. Given that these methods are valuable measures
of discounting (e.g. Weatherly & Derenne, 2011) replications are
needed to confirm this result.
Fourth, we only tested three delay discounting measures.

Although these methods are commonly used, there are several
other frequently used tasks. For example, the 5-trial task which
presents a series of questions between some amount of a delayed
commodity and half that amount available immediately, and
varies the delay at which the full commodity would be available
(Koffarnus & Bickel, 2014). Moreover, there are titrating amounts
tasks where participants are presented six choices at seven delays,
where the first choice between a delayed reward and an
immediate reward calibrates the immediate value of subsequent
choices. For example, if participants had chosen the immediate
reward, the next immediate reward would decrease. This
procedure allows researchers to converge on the subjective value
of the delayed reward (Du, Green & Myerson, 2002). We did not
include these measures in the present study because investigating
several measures in a single experiment can be problematic; it
would introduce additional confounds, which include participant
boredom, habituation to the stimuli (as for eyespots in Sparks &
Barclay, 2013), and can produce demand characteristics. Future
research should look at the effect of incentivization the 5-trial
tasks and titrating amounts.
Last, the current study produced the unanticipated result that

payment may attenuate correlations between discounting and
some instantiations of impulsivity. We tentatively propose that
incentivization may better predict “real” or incentivized behaviors,
which were not assessed in the present study. On the other hand,
hypothetical incentives may be better correlated with other non-
incentivized measures. If either of these speculations is accurate,
it calls into question the validity of delay discounting measures.
That is, if payment changes what is being measured, what are
incentivized delay discounting measures actually measuring? We
speculate that it may restrict what is being measured to financial
risk-taking, and no longer generalize to other manifestations of
impulsivity. In fact, a recent study on self-regulation, a related
construct to delay discounting, suggests that behavioral measures
have lower test-retest reliabilities than survey measures (Enkavi,
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Eisenberg, Bissett et al., 2019). This finding may reflect the fact
that behavioural measures largely assess situation-specific
behaviours while self-report measures largely assess traits.
Consequently, it is possible that hypothetical delay discounting
measures may assess more trait-based discounting while
incentivized delay discounting tasks may assess more situation-
contingent behaviors. This hypothesis would offer the prediction
that correlations would be stronger between theoretically-related
surveys (e.g., impulsivity) and hypothetical discounting tasks than
for incentivized tasks, which is what we observed. However, future
research is necessary to appropriately address these hypotheses.

CONCLUSION

Our results demonstrate the importance of testing different
discounting measurements. At present, there is little consistency
in how discounting tasks are administered, which may have
critical consequences on study outcomes. It is often thought that
offering incentives for one or more delay discounting choices
yields more attentive responding from participants and is more
ecologically valid. The present study finds that providing
incentives may reduce relationships between delay discounting
and measures that are theoretically related, which brings into
question the ecological validity of the incentivized measure. In
other words, what do incentivized delay discounting measures
assess, if not time preference? This preliminary result suggests
that experimental costs may be reduced by eliminating
measurement incentives in online contexts. However, more
research is needed for a stronger conclusion. Moreover, we found
that correlations between delay discounting and theoretically
related measures were smaller than reported in other studies,
suggesting that online studies using delay discounting tasks
should use conservative estimates to calculate power. We look
forward to further work in this area.
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