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Similarity models provide an alternative approach to intertemporal choice. Instead of calculating
an overall value for options, decision makers compare the similarity of option attributes and
make a decision based on similarity. Similarity judgments for reward amounts and time delays
depend on both the numerical difference (x2 − x1) and ratio (x1/x2) of quantitative values.
Changing units of these attribute values (e.g., days vs. weeks) can alter the numerical difference
while maintaining the ratio. For example, framing a pair of delays in the unit of weeks (1 vs. 2)
or days (7 vs. 14) both result in a ratio of 1/2. Yet the numerical difference between the delays
differs depending on the unit (1 for weeks and 7 for days). Here we had participants make
similarity judgments and intertemporal choices with amounts framed as dollars or cents and
delays framed as days or weeks. We predicted that they units of amounts and delays would
influence similarity judgments which would then influence intertemporal choices. We found
that participants judged amounts framed as cents as less similar than dollars, and this resulted in
more patient intertemporal choices. Additionally, they judged delays framed as weeks as more
similar than days, but the framing did not influence choice. These findings suggest that the units
in which amounts and delays are framed can influence their similarity judgments, which can
shape intertemporal choices. These unit effects may guide stakeholders in framing aspects of
intertemporal choices in different units to nudge decision makers into either more impulsive or
patient choice.
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Introduction

From choosing between healthy and unhealthy foods to decid-
ing whether to invest in retirement, we frequently face impor-
tant intertemporal choices that involve benefits available at
different times in the future. Each option comprises a reward
amount and a time delay to receive the reward. The dominant
theoretical framework for understanding these decisions (tem-
poral discounting) involves calculating the discounted value
of options, that is, the value of the reward discounted by the
time delay to receiving the reward (Doyle, 2013; Regenwetter
et al., 2018). Decision makers then compare the discounted
values to make a choice.

Similarity models instead focus on comparing decision at-
tributes (reward amounts, time delays) rather than options
(Goh & Stevens, 2021). In similarity models of intertemporal
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choice, decision makers compare the similarity of the benefit
attribute reward amounts and the similarity of time delays
using a decision tree. If one attribute is similar and the other
dissimilar, decision makers will use the dissimilar attribute
to make the choice (Rubinstein, 1988; Leland, 2002). For
instance, for the choice between $5 in 2 days and $7 in 14
days, $5 and $7 may be considered similar, whereas 2 days
and 14 days may be dissimilar. Therefore, a decision maker
may ignore the similar reward amounts, focus on the dissim-
ilar time delays, and choose the sooner option. Though the
similarity models faces limits to its application, decision tree
models have shown superior predictive ability in a variety
of domains (e.g., Luan et al., 2011; Delgado-Gomez et al.,
2016; Morris & Perna, 2018), and similarity models can pre-
dict choice quite well, outperforming discounting models of
intertemporal choice (Stevens, 2016).

Models of intertemporal choice are important because they
can predict cognitive processes in these decisions. Because
intertemporal choices are implicated in critical parts of indi-
vidual and societal well-being—including physical and men-
tal health (Story et al., 2014; Amlung et al., 2017; Bickel
et al., 2019), financial decisions (Kim & McKinnon, 2020),
and environmental sustainability (Hardisty & Weber, 2009)—
understanding the cognitive processes of these choices can
allow us to frame them in a way that may nudge people into
making better decisions. For example, fuzzy trace theory
and query theory predict that making certain attributes more
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salient or presenting attributes in a particular order can in-
fluence cognitive processing and thus choice (Weber et al.,
2007; Rahimi-Golkhandan et al., 2017). Here, we argue that
varying the numerical framing of attributes of intertemporal
choices can alter similarity judgments, thereby influencing
intertemporal choice.

Numerical framing

The way numerical values are framed affects choice. For
instance, consumers’ perceptions of products can vary de-
pending on whether price reductions are framed in currency
amounts or percentage terms (e.g., save $10 vs. save 10% of
$100, Chen et al., 1998), when product attributes are presented
in small compared to large ratio frames (e.g., there is a smaller
perceived difference between 99% and 99.7% vs. 0.3% and
1%, Kwong & Wong, 2006), and by the separation of the thou-
sands digit from the hundreds digit in four-digit dollar prices
(e.g., $1493 vs. $1,493, Coulter et al., 2012). In risky choice,
presenting risk statistics on a larger scale (e.g., 1,286 cases
out of 10,000 people) compared to a smaller scale (e.g., 24.14
cases out of 100 people) can lead to increased risk perception
even when the actual risk is lower (Yamagishi, 1997). Simi-
larly, people prefer lotteries that present the chance of winning
on a larger scale (e.g., 9 out of 100 chances) compared to when
it is presented on a smaller scale (e.g., 1 out of 10 chances)
even if the chances are lower (Pacini & Epstein, 1999). Such
numerical framing effects may occur due to the so-called
unit effect, where differences between values are perceived as
larger for quantitative information presented on a scale with
many units compared to a scale with fewer units (Burson et
al., 2009; Pandelaere et al., 2011; Camilleri & Larrick, 2014;
Cadario et al., 2016; Skylark et al., 2021). People tend to
focus on numeric information while ignoring unit information
(Shen & Urminsky, 2013; Schley et al., 2017). The unit effect
is related to the numerosity heuristic, in which people infer
higher counts of an item to mean greater magnitude (Pelham
et al., 1994; Bagchi & Davis, 2016).

Though the unit effect has been applied primarily to monetary
amounts, analogous effects occur with time delays. Temporal
framing research has shown that people prefer a cost framed
in days compared to months and a cost framed in months
compared to years (Gourville, 2003). This unit framing effect
generalizes across a variety of contexts such as car leases,
meal delivery services, and savings programs (Goldstein et
al., 2016; Atlas & Bartels, 2018; Hershfield et al., 2020).
In intertemporal choice, changing the way dates are framed
affects choice. The date/delay effect suggests that people
choose the larger, later option more when time is presented in
calendar date format compared to delay period (Read et al.,
2005; LeBoeuf, 2006; DeHart & Odum, 2015). Additionally,
people prefer larger, later options when delays to hedonic
rewards are expressed in larger compared to smaller units

(e.g., days versus hours, Siddiqui et al., 2018).

We propose that the unit effect observed in both monetary
amounts and time delays may be attributable to similarity
judgments. In Rubinstein’s (1988) original formulation of the
similarity model, he suggested two key relationships within
attribute values that may influence similarity judgments: nu-
merical differences (x2 − x1) and numerical ratios (x1/x2).
Though Buschena and Zilberman (1999) demonstrated that
only differences influence similarity judgments of probabili-
ties in risky choice, Stevens and Soh (2018) showed that both
difference and ratio independently drive similarity judgments
for reward amounts and time delays in intertemporal choice.
Thus, if ratio is held constant, changes in numerical difference
influence similarity judgments. For example, though 1 vs. 3
and 100 vs. 300 have the same ratio of 1/3, the difference
of 200 results in 100 vs. 300 being judged as less similar
than 1 vs. 3. Changing units from cents to dollars or days
to weeks results in maintaining consistent numerical ratios
but changing differences. We suggest that the changes in
numerical difference alters similarity judgments, which have
downstream effects on choice.

Present study

The primary aim of the present study was to investigate how
the framing of reward amounts and time delays can influence
people’s similarity judgments, which can in turn shape their
intertemporal choices. To address this question, we framed re-
ward amounts and time delays in different units and measured
participants’ similarity judgments and intertemporal choices.
Specifically, we framed rewards as dollars or cents and delays
as days or weeks. Shifting rewards from dollars to cents
will increase the numerical difference, which should decrease
amount similarity judgments for cents, thereby inducing pref-
erences for the larger, later option. Shifting delays from days
to weeks will decrease the numerical difference, which should
increase delay similarity judgments for weeks, again inducing
stronger preferences for the larger, later option. Therefore,
cognitive processes generating similarity judgments may offer
a mechanism that results in the unit effect.

Another aim of this study was to investigate whether an indi-
vidual’s mathematical abilities would moderate the relation-
ship between unit frames and judgments and choices. We
assessed participant statistical numeracy (understanding of
statistical and probabilistic computations, Cokely et al., 2012).
More numerate individuals are less influenced by choice fram-
ing effects, can better evaluate everyday risks, and tend to
prefer delayed but larger rewards in intertemporal choice (Pe-
ters, 2012; Ghazal et al., 2014). We also assessed number
line estimation accuracy (representations of numerical magni-
tude, Peters et al., 2008) because it has a unique relationship
with decision making, above and beyond statistical numeracy
(Park & Cho, 2019). Therefore, we predicted that individuals
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with higher levels of numeracy and more accurate estimation
should be less susceptible to unit framing.

To investigate these aims, we conducted a series of exper-
iments on similarity judgments and intertemporal choices.
The first set of experiments varied whether reward amounts
were framed as dollars or cents to explore effects on amount
similarity judgments and intertemporal choices. The second
set of experiments varied whether time delays were framed as
days or weeks to explore effects of delay similarity judgments
and intertemporal choices.

Amount similarity in intertemporal choice

In the first set of experiments, we framed reward amounts as
dollars and cents (100 cents in every dollar). Because cents
involve larger numerals due to more individual units, we pre-
dicted that, compared to participants in the dollars condition,
participants in the cents condition would (1) judge reward
amounts as less similar. These similarity judgments should
in turn drive participants to (2) choose the larger, later op-
tions more often, thereby producing the unit effect on choice.
Further, we predicted that (3) amount similarity judgments
would mediate the relationship between the frames and the
intertemporal choice supporting similarity judgments as a
mechanism of the unit effect. Finally, we predicted that (4)
numeracy and numerical estimation errors would moderate
the unit effect, with highly numerate participants showing
weaker effects.

Methods

We collected data on amount similarity judgments in two data
sets with independent sets of participants.
Participants. For the first data set, we recruited a sample of
participants from the University of Nebraska-Lincoln (UNL)
Department of Psychology subject pool between Nov 2017
- Mar 2020. We collected data from 234 undergraduate stu-
dents in total. We excluded 48 participants who failed atten-
tion checks (e.g., rated identical values as dissimilar, rated
very different values as similar, or chose the later intertempo-
ral choice option when the amounts were identical), leaving
186 participants. We used sequential hypothesis testing with
Bayes factors (Schönbrodt et al., 2017) to determine the final
sample size (see Data analysis section). This resulted in a
final sample size of 112 participant who were on average
19.8 (range = 18-26) years of age and of whom 74 (66.1%)
identified as female, 38 (33.9%) identified as male, and 0
(0%) identified as neither male nor female (full demographics
in Table S1).

For the second data set, we recruited a new sample of partic-
ipants from the same subject pool between Mar 2020 - Oct
2020. We collected data from 259 undergraduate students in
total. We excluded 59 participants who failed attention checks,
leaving 200 participants. After sequential hypothesis testing,

the final sample size was 98 participants who were on average
20.0 (range = 18-38) years of age and of whom 70 (71.4%)
identified as female, 26 (26.5%) identified as male, and 2
(2%) identified as neither male nor female (full demographics
in Table S1).

Participants in both studies received research credit for their
participation. All procedures were conducted in an ethical and
responsible manner, in full compliance with all relevant codes
of experimentation and legislation and were approved by the
UNL Internal Review Board (protocol # 13118). All partici-
pants gave consent to participate, and they acknowledged that
de-identified data could be published publicly.
Procedures. For data set 1, participants experienced the
experiment on a desktop computer in a private room with at
most one other participant in the room and the experimenter
outside of the room. The experimental stimuli were presented
using PsychoPy (Peirce et al., 2019). For data set 2, the
experiment switched to an online study on Qualtrics that the
participants could complete on their own in whatever location
they chose.

Participants provided responses to intertemporal choices, bi-
nary choice amount similarity judgments, slider-based amount
similarity judgments, binary choice delay similarity judg-
ments, slider-based delay similarity judgments, numeracy
questions, slider-based number line estimation questions, and
demographics. Intertemporal choices involved 34 hypotheti-
cal choices between smaller, sooner and larger, later payoffs
(e.g., “Which would you prefer to receive? 11 dollars in 7
days or 13 dollars in 14 days?”) (Table S2). Participants in
both data sets experienced the same intertemporal choices in
a random order.

Binary amount similarity judgments involved 34 judgments
between two monetary amounts (e.g., Do you consider these
values to be similar or dissimilar? 11 dollars and 13 dollars)
using all amount pairs in Table S2 in a random order. Binary
delay similarity judgments were comparable to the amount
judgments but adapted for delays (e.g., 7 days vs. 14 days;
Table S3). In addition to judgments between amount and
delay pairs, participants made slider-based judgments. For
these judgments, participants were instructed to “Choose the
smallest value that you would consider to be dissimilar from
[reference value].” They then were presented with a slider
that ranged from the reference value + 1 to the reference value
+ 7. For example, if the reference amount were 3 dollars, they
would see 4, 5, 6, 7, 8, 9, and 10 on the slider. Both amounts
and delays used the following reference values: 3, 5, 6, 8, 10,
12, 14, 16. Slider-based data were not analyzed for this study.

We assessed numeracy with the four multiple choice ques-
tions from the Berlin Numeracy Test (Cokely et al., 2012) and
scored them as correct or incorrect. As an additional measure
of numerical skill, we assessed errors with 22 questions from
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a mental number line task (Peters et al., 2008), which included
a slider ranging from 1 to 1000 (initially anchored at 500). We
instructed participants to “Click on the number line between
1 and 1000 where you think the number [reference value]
falls.” Participants experienced the following reference values
in random order: 2, 5, 18, 34, 56, 78, 100, 122, 147, 150,
163, 179, 246, 366, 486, 606, 722, 725, 738, 754, 818, 938.
We subtracted the response from the reference value and took
the absolute value to measure accuracy. Participants then
provided their age, gender, racial/ethnic identity, university
major, and parental income level.
Experimental conditions. Monetary amounts were framed
in either US dollars or cents. So for all intertemporal choices
and amount similarity judgments, participants were randomly
assigned to view the monetary amounts as dollars (e.g., “11
dollars”) or the equivalent number of cents (e.g., “1100
cents”). The words “dollars” and “cents” were also used in
the instructions any time monetary amounts were referenced.
Time delays were always in days.
Data analysis. We analyzed data from the project using R
[Version 4.1.1; R Core Team (2017)] and the R-packages
BayesFactor [Version 0.9.12.4.2; Morey and Rouder (2015)],
bayestestR [Version 0.10.5; Makowski et al. (2019)], ggdist
[Version 3.0.0; Kay (2021)], here [Version 1.0.1; Müller
(2017)], lme4 [Version 1.1.27.1; Bates et al. (2015)], media-
tion [Version 4.5.0; Tingley et al. (2014); Imai et al. (2010b);
Imai et al. (2010a); Imai et al. (2011); Imai and Yamamoto
(2013)], papaja [Version 0.1.0.9997; Aust and Barth (2017)],
performance [Version 0.7.3; Lüdecke et al. (2020)], and tidy-
verse [Version 1.3.1; Wickham et al. (2019)]. Data, analysis
scripts, supplementary materials, and the reproducible re-
search materials are available at the Open Science Framework
(https://osf.io/xnwra/).

We calculated Bayes factors (BF10) to provide the weight of
evidence for the alternative hypothesis relative to the null
hypothesis (Wagenmakers, 2007). For example, BF10 =

10 means that the evidence for the alternative hypothesis is
10 times stronger than the evidence for the null hypothesis.
Bayes factors between 1-3 provide only anecdotal evidence,
those between 3-10 provides moderate evidence, those be-
tween 10-100 provide strong evidence, and those above 100
provide very strong evidence for the alternative over the null
hypothesis (Andraszewicz et al., 2015). Bayes factors asso-
ciated with generalized linear mixed models were converted
from Bayesian Information Criterion (BIC) using BF10 =

e
BICnull−BICalternative

2 (Wagenmakers, 2007).

The sample size for both studies was determined by an op-
tional stopping rule based on Bayes factors (Schönbrodt et al.,
2017). We calculated the Bayes factors for the t-tests between
conditions for the binary amount similarity judgments and
the intertemporal choices and stopped analysis when both
reached either 0.33 or 3. We analyzed the first 40 participants

in each condition and sequentially added pairs of participants
(one for each condition) in order of testing until our Bayes
factor thresholds were met.

To compare similarity judgments and intertemporal choices
between the two framing conditions, we computed frequentist
and Bayes factor t-tests. For the Bayes factor t-tests, we
used the ttestBF() function from the BayesFactor package
(Morey & Rouder, 2015) using the default settings for the
priors (Cauchy distributions for effect sizes and noninforma-
tive/uniform distributions for variance, Rouder et al., 2009).
Between-subjects 95% confidence intervals are presented in
brackets after parameter estimates.

For mediation analysis, we used the mediate() function
from the mediation package (Tingley et al., 2014). We first
computed two generalized linear mixed models using the
glmer() function from the lme4 package (Bates et al., 2015).
The first model had the similarity judgment (similar = 1,
dissimilar = 0) as the response variable, condition (dollars
or cents) as a fixed effect, participant as a random effect,
and a binomial error distribution. The second model had the
intertemporal choice as the response variable (larger, later = 1,
smaller, sooner = 0), condition and the similarity judgment as
fixed effects (no interaction included), participant as a random
effect, and a binomial error distribution. The models were
conducted at the individual trial level, so condition, similarity
judgment, and intertemporal choice were all binary variables.
We inputted these models into the mediate() function to
calculate the average causal mediation effect, average direct
effect, and total effect. We used the default quasi-Bayesian
approximation for 95% confidence intervals for effects.

To assess moderation effects of numerical ability on similarity
judgments and intertemporal choice, we conducted model
selection procedures comparing the intercept only model, nu-
merical ability model (numeracy or number line estimation
errors), condition model (dollars/cents or delays/weeks), con-
dition and numerical ability model without an interaction, and
condition and numerical ability model with an interaction.
We calculated Bayes factors for each model with the inter-
cept only model as the null model using the BIC estimation
procedure.

Results

Our first hypothesis predicted that, compared to participants
in the dollars condition, participants in the cents condition
would judge reward amounts as less similar. In data set 1,
participants in the cents condition judged 44.2% [37.4, 51.0]
of the questions as similar, whereas participants in the dol-
lars condition judged 57.4% [49.2, 65.5] as similar (Figure
1a). This provided moderate evidence of fewer similarity
judgments in the cents condition (∆M = 13.21, 95% CI
[2.73, 23.70], t(106.69) = 2.50, p = .014, BF10 = 3.16). In

https://osf.io/xnwra/
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(a) Amount (b) Intertemporal choice (c) Amount and choice

(d) Amount (e) Intertemporal choice (f) Amount and choice

Figure 1. Amount framing similarity judgments, intertemporal choices, and interactions for cents vs. dollars conditions for (a-c) data set 1
(N=56 per condition) and (d-f) data set 2 (N=49 per condition). (a, d) Participants judged pairs of reward amounts as similar or dissimilar,
and we calculated the mean percent similarity rating over all pairs for each participant. (b, e) Participants choose between smaller, sooner
and larger, later options, and we calculated the mean percent choice for the larger, later per participant. (c, f) We calculated the percent
choice for the larger, latter option conditional on whether participants judged the amount pair in the choice as similar or dissimilar for each
condition. Small dots represent individual means for participants, filled circles/triangles and error bars represent condition means and 95%
between-subjects confidence intervals, boxes represent condition interquartile ranges, horizontal lines represent condition medians, and
whiskers represent 1.5 times the interquartile range.

data set 2, participants in the cents condition judged 38.4%
[28.9, 48.0] of the questions as similar, whereas participants
in the dollars condition judged 54.7% [46.3, 63.1] as similar
(Figure 1d). This provided moderate evidence of fewer simi-
larity judgments in the cents condition (∆M = 16.26, 95% CI
[3.67, 28.85], t(94.43) = 2.56, p = .012, BF10 = 3.72). Thus,
framing condition influenced amount similarity judgments in
the predicted direction in both data sets.

Our second hypothesis predicted that, compared to partici-
pants in the dollars condition, participants in the cents condi-
tion would choose the larger, later option more often. In data
set 1, participants in the cents condition chose larger, later
options 43.7% [35.9, 51.4] of the time, whereas participants
in the dollars condition chose 29.3% [23.8, 34.9] larger, later
(Figure 1b). This provided strong evidence of fewer similar-
ity judgments in the cents condition (∆M = 14.35, 95% CI
[4.91, 23.78], t(99.70) = 3.02, p = .003, BF10 = 10.79). In
data set 2, participants in the cents condition chose larger, later
options 48.8% [39.7, 57.9] of the time, whereas participants

in the dollars condition chose 33.0% [25.4, 40.6] larger, later
(Figure 1e). This provided moderate evidence of fewer sim-
ilarity judgments in the cents condition (∆M = 15.78, 95%
CI [4.07, 27.49], t(92.91) = 2.68, p = .009, BF10 = 4.79).
Thus, framing condition influenced intertemporal choices in
the predicted direction in both data sets.

Our third hypothesis predicted that amount similarity judg-
ments would mediate the relationship between the framing
condition and intertemporal choice (Figures 1c&f). In data set
1, the causal mediation analysis found a direct effect of -0.11
[-0.19, -0.02] (p = .014) and a mediation effect of -0.03 [-0.06,
-0.01] (p = .014), which accounted for 23.0% [4.5, 63.2] of
the total effect (-0.14 [-0.23, -0.05], p = .006). In data set 2,
the causal mediation analysis found a direct effect of -0.13
[-0.25, -0.02] (p = .034) and a mediation effect of -0.05 [-0.08,
-0.02] (p = .008), which accounted for 25.9% [9.1, 76.1] of the
total effect (-0.18 [-0.29, -0.06], p = < .001). Thus, amount
similarity judgments partially mediated the effect of framing
on intertemporal choice in both data sets.
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Our fourth hypothesis predicted that numeracy and number
line estimation errors would moderate the relationship be-
tween the framing condition and both amount similarity judg-
ments and intertemporal choice. In data set 1, there was
strong evidence that numeracy and number line estimate er-
rors (log-transformed) negatively correlated (r = −.31, 95%
CI [−.47,−.12], t(102) = −3.24, p = .002, BF10 = 25.34).
Model selection procedures did not favor the interaction
model with condition and numeracy or number line error for
either similarity judgments or intertemporal choice (Table S5).
In data set 2, there was moderate evidence that numeracy and
number line estimate errors were not correlated (r = .02, 95%
CI [−.18, .22], t(92) = 0.19, p = .853, BF10 = 0.24). Model
selection procedures did not favor the interaction model with
condition and numeracy or number line errors for either sim-
ilarity judgments or intertemporal choice (Table S5). Thus,
numerical ability did not moderate the effect of condition on
amount similarity judgments or intertemporal choices.

Summary

In two data sets, participants made amount similarity judg-
ments and intertemporal choices with the reward amounts
framed as either dollars or cents. On average, participants
in the dollars condition rated reward amount pairs as more
similar than participants in the cents condition. This finding
supports the notion that, though both frames have the same
numerical ratio between reward amounts, the cents condition
results in a larger numerical difference, which resulted in those
reward amounts being perceived as more dissimilar than dol-
lars, even though the ratios and monetary values are identical.
Participants in the cents condition also chose the larger, later
option more frequently than those in the dollars condition.
This follows from their amount similarity judgments. Partici-
pants who judge amounts as less similar should focus more
on amounts compared to delays when making intertemporal
choices, which would result in choosing the larger, later op-
tion more frequently. Thus, the difference between conditions
aligns with the similarity account of intertemporal choice. To
more formally test whether the similarity judgments mediated
the relationship between framing condition and intertemporal
choice, we conducted a mediation analysis. This analysis,
in fact, demonstrated that similarity judgments partially me-
diated the effect of framing condition on choice. Finally,
we investigated whether numerical abilities (as assessed by
numeracy and number line estimation errors) moderated the
effect of framing condition on amount similarity judgments
and intertemporal choice. Though the two measures of numer-
ical ability correlated in one data set, neither moderated the
effect of framing condition on similarity judgments or choice.

Delay similarity in intertemporal choice

Our second experiment mirrored the research questions and
methods of the first experiment, focusing on the time delay

component of intertemporal choice. For this experiment, we
framed time delays as days and weeks. Because days involve
larger numerals, we predicted that, compared to participants in
the weeks condition, participants in the days condition would
(1) judge time delays as less similar and therefore (2) choose
the larger, later options more often. Further, we predicted that
(3) delay similarity judgments would mediate the relationship
between the frames and intertemporal choice. Finally, we
predicted that (4) numeracy and numerical estimation errors
would moderate the unit framing effect, with highly numerate
participants showing weaker effects.

Methods

We collected data on delay similarity judgments in three data
sets with independent sets of participants. The first two data
sets paralleled those from the amount experiment with experi-
mentally naive participants from the UNL subject pool. Due
to slightly different findings between these two data sets, we
replicated them in an Amazon Mechanical Turk population
for the third data set.
Participants. For the first data set, we recruited a sample of
participants from the UNL Department of Psychology subject
pool between Feb 2018 - Mar 2020. We collected data from
247 undergraduate students in total. We excluded 41 partic-
ipants who failed attention checks, leaving 206 participants.
We used sequential hypothesis testing with Bayes factors to
determine the final sample size. This resulted in a final sample
size of 172 participants who were on average 19.8 (range =

17-26) years of age and of whom 128 (74.4%) identified as
female, 43 (25%) identified as male, and 1 (0.6%) identified
as neither male nor female (full demographics in Table S4).

For the second data set, we recruited a new sample of partic-
ipants from the same subject pool between Mar 2020 - Apr
2020. We collected data from 236 undergraduate students in
total. We excluded 50 participants who failed attention checks,
leaving 186 participants. After sequential hypothesis testing,
the final sample size was 92 participants who were on average
19.8 (range = 18-25) years of age and of whom 67 (72.8%)
identified as female, 25 (27.2%) identified as male, and 0
(0%) identified as neither male nor female (full demographics
in Table S4).

For the third data set, we recruited a sample of participants
from Amazon’s Mechanical Turk (MTurk) from the United
States in Feb 2021. We collected data from 229 participants
in total. We excluded 73 participants who failed attention
checks, leaving 156 participants. After sequential hypothesis
testing, the final sample size was 128 participants who were
on average 38.1 (range = 21-70) years of age and of whom
68 (53.1%) identified as female, 60 (46.9%) identified as
male, and 0 (0%) identified as neither male nor female (full
demographics in Table S4).

Participants in the UNL studies received research credit for
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their participation, whereas those in MTurk received $1.50.
The study took about 15-20 minutes for the UNL students and
10-15 minutes for the MTurk participants.
Procedures. For data set 1, participants experienced the ex-
periment on a desktop computer in a private room with at most
one other participant in the room and the experimenter outside
of the room. The experimental stimuli were presented using
PsychoPy. For data sets 2 and 3, the experiment switched
to an online study on Qualtrics that the participants could
complete on their own in whatever location they chose.

Participants provided responses to the same tasks and ques-
tions as the amount similarity experiments: intertemporal
choices, binary choice delay similarity judgments, slider-
based delay similarity judgments, binary choice amount simi-
larity judgments, slider-based amount similarity judgments,
numeracy questions, slider-based number line estimation ques-
tions, and demographics. The only difference in procedure is
that the delay similarity tasks preceded the amount similarity
tasks in these experiments. Also, MTurk participants only
experienced intertemporal choices, binary choice delay simi-
larity judgments, numeracy questions, and demographics (no
slider-based similarity judgments or number line estimations).
Experimental conditions. Time delays were framed in ei-
ther days or weeks. So for all intertemporal choices and delay
similarity judgments, participants were randomly assigned to
view the time delays as days (e.g., “7 days”) or the equivalent
number of weeks (e.g., “1 week”). The words “days” and
“weeks” were also used in the instructions any time delays
were referenced. Amounts were always in dollars.
Data Analysis. We used the same data analysis plan as we
used for the amount experiment.

Results

Our first hypothesis predicted that, compared to participants
in the weeks condition, participants in the days condition
would judge time delays as less similar. In data set 1, par-
ticipants in the days condition judged 40.0% [35.1, 44.8] of
the questions as similar, whereas participants in the weeks
condition judged 60.1% [55.3, 64.8] as similar (Figure 2a).
This provided extreme evidence of fewer similarity judgments
in the days condition (∆M = 20.07, 95% CI [13.35, 26.80],
t(169.92) = 5.89, p < .001, BF10 = 5.34 × 105). In data set 2,
participants in the days condition judged 35.2% [29.1, 41.2] of
the questions as similar, whereas participants in the weeks con-
dition judged 50.3% [44.0, 56.6] as similar (Figure 2d). This
provided very strong evidence of fewer similarity judgments
in the days condition (∆M = 15.12, 95% CI [6.47, 23.78],
t(89.85) = 3.47, p = .001, BF10 = 36.37). In data set 3,
participants in the days condition judged 54.7% [48.6, 60.8]
of the questions as similar, whereas participants in the weeks
condition judged 59.7% [52.1, 67.3] as similar (Figure 2g).
This provided moderate evidence of no effect of condition
on similarity judgments (∆M = 5.03, 95% CI [−4.63, 14.68],

t(120.43) = 1.03, p = .305, BF10 = 0.31). Thus, framing con-
dition influenced delay similarity judgments in the predicted
direction in two of the three data sets.

Our second hypothesis predicted that, compared to partici-
pants in the weeks condition, participants in the days condi-
tion would choose the larger, later option more often. In data
set 1, participants in the days condition chose larger, later
options 28.8% [23.9, 33.7] of the time, whereas participants
in the weeks condition chose 37.9% [33.1, 42.8] larger, later
(Figure 2b). This provided moderate evidence of fewer simi-
larity judgments in the days condition (∆M = 9.15, 95% CI
[2.30, 15.99], t(169.98) = 2.64, p = .009, BF10 = 4.00). In
data set 2, participants in the days condition chose larger, later
options 34.4% [26.2, 42.7] of the time, whereas participants
in the weeks condition chose 38.3% [30.4, 46.3] larger, later
(Figure 2e). This provided moderate evidence of no effect
of condition on similarity judgments (∆M = 3.91, 95% CI
[−7.37, 15.20], t(89.89) = 0.69, p = .493, BF10 = 0.27). In
data set 3, participants in the days condition chose larger, later
options 47.8% [38.3, 57.3] of the time, whereas participants
in the weeks condition chose 55.2% [45.7, 64.7] larger, later
(Figure 2h). This provided moderate evidence of no effect
of condition on similarity judgments (∆M = 7.45, 95% CI
[−5.87, 20.77], t(126.00) = 1.11, p = .271, BF10 = 0.33).
Thus, framing condition influenced intertemporal choices in
the predicted direction in one of three data sets.

Our third hypothesis predicted that delay similarity judgments
would mediate the relationship between the framing condition
and intertemporal choice (Figures 2c,f,i). In data set 1, the
causal mediation analysis found a direct effect of 0.13 [0.06,
0.20] (p = < .001) and a mediation effect of -0.03 [-0.04,
-0.02] (p = < .001), which accounted for 25.6% [79.6, 11.3] of
the total effect (0.11 [0.03, 0.18], p = .004). In data set 2, the
causal mediation analysis found a mediation effect of -0.02
[-0.04, 0.00] (p = .002) but no direct effect (0.06 [-0.05, 0.18]
(p = .332) or total effect (0.04 [-0.08, 0.16], p = .530). In data
set 3, the causal mediation analysis found a mediation effect
of -0.02 [-0.04, -0.01] (p = < .001) but no direct effect (0.08
[-0.05, 0.22] (p = .274) or total effect (0.06 [-0.08, 0.21], p
= .412). Thus, delay similarity judgments partially mediated
the effect of framing condition on intertemporal choice in one
data set, but the other two data sets showed no total effects.

Our fourth hypothesis predicted that numeracy and number
line estimation errors would moderate the relationship be-
tween the framing condition and both delay similarity judg-
ments and intertemporal choice. In data set 1, there was
anecdotal evidence that numeracy and number line estimate
errors negatively correlated (r = −.19, 95% CI [−.34,−.03],
t(152) = −2.40, p = .018, BF10 = 2.84). Model selection
procedures did not favor the interaction model with condition
and numeracy or number line errors for either similarity judg-
ments or intertemporal choice (Table S5). In data set 2, there
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(a) Delay (b) Intertemporal choice (c) Delay and choice

(d) Delay (e) Intertemporal choice (f) Delay and choice

(g) Delay (h) Intertemporal choice (i) Delay and choice

Figure 2. Delay framing similarity judgments, intertemporal choices, and interactions for days vs. weeks conditions for (a-c) data set 1 (N=86
per condition), (d-f) data set 2 (N=46 per condition), and (g-i) data set 3 (N=64 per condition). (a, d, g) Participants judged pairs of time
delays as similar or dissimilar, and we calculated the mean percent similarity rating over all pairs for each participant. (b, e, h) Participants
choose between smaller, sooner and larger, later options, and we calculated the mean percent choice for the larger, later per participant. (c, f,
i) We calculated the percent choice for the larger, latter option conditional on whether participants judged the delay pair in the choice as
similar or dissimilar for each condition. Small dots represent individual means for participants, filled circles/triangles and error bars represent
condition means and 95% between-subjects confidence intervals, boxes represent condition interquartile ranges, horizontal lines represent
condition medians, and whiskers represent 1.5 times the interquartile range.

was anecdotal evidence that numeracy and number line esti-
mate errors were not correlated (r = .13, 95% CI [−.08, .32],
t(89) = 1.20, p = .235, BF10 = 0.47). Model selection
procedures did not favor the interaction model with condi-
tion and numeracy or number line errors for either similarity
judgments or intertemporal choice (Table S5). In data set 3,

model selection procedures did not favor the interaction model
with condition and numeracy for either similarity judgments
or intertemporal choice (Table S5). Thus, numerical ability
did not moderate the effect of condition on delay similarity
judgments or intertemporal choices.
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Summary

In this experiment, participants made delay similarity judg-
ments and intertemporal choices with the time delays framed
as either days or weeks. The results for the delay similarity
experiment were mixed. In two of three data sets, participants
in the weeks condition rated time delay pairs as more similar
than participants in the days condition. This finding supports
the notion that, though both frames have the same numerical
ratio between time delays, the days condition results in a larger
numerical difference, which resulted in those time delays be-
ing perceived as more dissimilar than weeks, even though the
ratios and actual delays are identical. The MTurk data set
showed no difference between the two framing conditions on
similarity judgments. In one of three data sets, participants in
the weeks condition also chose the larger, later option more
frequently than those in the days condition. This follows from
the delay similarity judgments because, if participants judge
delays in the days condition as less similar than those in the
weeks condition, they should be more likely to focus on time
delays in their intertemporal choices, which would result in
choosing the smaller, sooner option more frequently. Thus,
the difference between conditions aligns with the similarity
account of intertemporal choice for that data set. For the
other two data sets, however, intertemporal choices did not
differ between framing conditions, contradicting the simi-
larity model account. Mediation analysis demonstrated that
similarity judgments partially mediated the effect of framing
condition on choice, but only in one of three data sets. Finally,
numeracy did not moderate the effect of framing condition on
similarity judgments or choice.

General Discussion

The present study investigated how the framing of reward
amounts and time delays influenced people’s similarity judg-
ments and intertemporal choices. We found that framing
reward amounts using larger units led participants to judge
amounts as less similar and prefer the larger, later intertem-
poral choice option. Moreover, amount similarity judgments
partially mediated the relationship between framing condition
and intertemporal choice. In contrast, though framing time
delays using larger units led participants to judge delays as
less similar in two of three data sets, this led participants to
prefer the larger, later intertemporal choice option in only one
of the three data sets. Moreover, delay similarity judgments
mediated the relationship between framing condition and in-
tertemporal choice in only one data set. Finally, numeracy did
not moderate the relationship between framing condition and
similarity judgments or choice for both reward amounts and
time delays.

Implications

The effect of unit framing on similarity judgments and in-
tertemporal choices has a number of implications. First, we
found that framing reward amounts and time delays using
a scale with more individual units leads to fewer similarity
judgments. This provides a potential explanation for the
mechanism underlying the unit effect that leads people to
perceive a greater difference between two values. The unit
effect has been attributed to an increase in the salience of
quantitative information while ignoring unit information for
numbers (Pandelaere et al., 2011). That is, people only con-
sider the size of the numbers and fail to consider that this
quantitative information can be expressed in other units. Our
findings provide a potential mechanism for the unit effect:
similarity. Pairs of values that have the same numerical ratio
but varying numerical differences produce different judgments
of similarity. These similarity judgments then feed into de-
cision processes for various forms of decision making such
as intertemporal choice, risky choice, and strategic choice
(Rubinstein, 1988; Leland, 2002, 2013).

Second, unit framing in intertemporal choices could poten-
tially help people make better decisions. Impulsive decision
making is a problem in many important decision-making
domains such as diet, exercise, substance abuse, environ-
mental sustainability, and saving for retirement (Hirsh et al.,
2015; Knoll et al., 2015; Stevens, 2017). Framing reward
amounts using scales that contain more units could nudge
people into being less impulsive. Though framing monetary
amounts as cents rather than dollars may not be practical in
many contexts, there may be other situations in which using
representations with more units could be useful in framing
reward amounts. For instance, Camilleri and Larrick (2014)
studied how describing vehicles on different scales influenced
people’s preferences for fuel-efficient vehicles that were more
environmentally friendly. They found that describing the cost
of gas for driving a fuel-efficient vehicle 100,000 miles led par-
ticipants to prefer the fuel-efficient option compared to when
a smaller scale of 15,000 miles was used. Framing amounts
on a larger scale can thus lead people to prefer options that
will promote environmental sustainability. Similarly, the man-
ner in which time delays are framed can affect impulsivity.
People wait for the larger, later option more often when the
delay is communicated in terms of calendar dates compared
to units of delay (e.g., days and weeks, Read et al., 2005;
LeBoeuf, 2006) and when the delay is presented in units that
contain a smaller scale (e.g., weeks vs. days, Siddiqui et al.,
2018). Thus, stakeholder who may want to nudge people into
choosing options that will provide them with greater benefits
in the long term may do well to present delays in either date
format or smaller-scaled units to decrease the perception of
wait time.

Third, our results can extend to other domains of choice. The
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similarity approach has already been applied to risky choice
(Rubinstein, 1988; Leland, 1994, 1998) and strategic choice
in games (Leland, 2013), and it can easily extend to other
forms of multi-attribute choice. For risky choice, framing
options using a larger frame can affect subjective perception
of risk. For instance, presenting the probability of disease risk
using a 1-in-X format compared to an N-in-X×N format (e.g.,
1 in 100 vs. 5 in 500) increases risk perception (Pighin et al.,
2011; Oudhoff & Timmermans, 2015; Freeman et al., 2021).
Our finding that framing reward amounts in larger units led to
fewer similarity judgments between amount values suggests
that presenting choice options using larger numerators and de-
nominators (even though the ratios for options are equivalent)
could lead people to consider the amount of risk for options
to be less similar which would in turn lead them to choose the
less risky option. In terms of consumer choice, our findings
corroborate those that found that the use of expanded scales to
describe product attributes can emphasize differences among
similar products which can lead people to choose the option
with the higher value on the scale (e.g., Pandelaere et al., 2011;
Camilleri & Larrick, 2014; Cadario et al., 2016). Conversa-
tional logic may provide an explanation for this effect where
a greater number of units translates to greater importance
of the attribute under consideration because there is more
detail about the attribute (Schwarz, 1994). Our finding that
framing reward amounts in larger units led to fewer similar-
ity judgments provides support for the notion that marketers
would benefit from using larger scales to emphasize attribute
differences when using comparative advertising because it
would encourage consumers to judge product attributes to be
less similar to one another.

Potential issues an limitations

Though the effects of unit framing on reward amounts were ro-
bust across data sets, the effects of unit framing on time delays
were mixed. The first data set showed effects of framing on
judgments and choice, the second data set only showed effects
on judgments, and the third showed no effects. A possible
explanation for the mixed results could be the lower ratio used
for time delays compared to reward amounts. Specifically,
we framed amount values in dollars and cents with a ratio of
1:100, whereas delay values were framed in days and weeks
with a ratio of 1:7. The much smaller ratio for delays could
have simply not been large enough to allow for the unit effect
to be observed like for amounts. Research that found effects of
unit framing on time delays used higher ratios of 1:24 for days
vs. hours (Siddiqui et al., 2018). Thus, framing delays in units
that would allow for larger ratios (e.g., hours vs. days or days
vs. months) might result in stronger unit effects. Moreover,
Siddiqui et al. (2018) reported that the unit framing effect
only applied to time delays when the reward was hedonic
(compared to utilitarian) in nature. Therefore, another reason
why we did not find a preference for the larger, later option

when we framed delays in larger compared to smaller units
could have been due to participants considering the nature of
our dollar amount rewards utilitarian instead of hedonic.

Additionally, the range of individual variation among partic-
ipants was especially high in the third data set for the delay
unit manipulation (Figure 2g-i), which could have led to the
mixed findings for framing effects on similarity judgments
and intertemporal choice. Individual variation in time per-
ception can affect intertemporal choice (Takahashi, 2005;
Kim & Zauberman, 2009; Wittmann, 2009; Zauberman et al.,
2009). Thus, the participants in these data sets could just be
an anomalous sample. However, there are two notable fea-
tures of this sample that could also account for the difference.
First, the third data set was drawn from a pool of Mechanical
Turk workers rather than university students. Differences
that we observed in this data set could have resulted from a
lack of generalizability from students to the general public
(McNemar, 1946; Gordon et al., 1986) or from lower quality
data from Mechanical Turk workers (Aruguete et al., 2019;
Chmielewski & Kucker, 2020; Gupta et al., 2021). Second,
this data set was collected during the COVID-19 pandemic of
2021, which can influence people’s decision making, includ-
ing risky choice (Yue et al., 2020). Thus, this data set may
not be indicative of non-pandemic decision making.

We predicted that numeracy would moderate the relationship
between framing condition and similarity judgments and in-
tertemporal choice based on work that found more numerate
individuals were less susceptible to framing effects (Peters,
2012; Ghazal et al., 2014). However, we did not find these
effects. One reason for this discrepancy could be because
we used the multiple choice version of the Berlin Numeracy
Test to assess participants’ numeracy, which may not have
had sufficient sensitivity to detect numeracy effects. Future
research should explore if other numeracy measures yield
findings similar to those of the present study.

Finally, participants made similarity judgments for amount
and delay values using binary response options (i.e., similar
or dissimilar). A drawback of this approach is that it does
not capture instances in which participants may consider the
values for both amount and delay attributes as similar but with
one attribute more similar than the other. When both attributes
are considered similar, similarity models suggest that people
will either make a choice at random (Leland, 2002) or rely on
other choice criteria (Rubinstein, 2003). Using a continuous
similarity measure that ranges from similar on one end to
dissimilar on the other would allow us to pinpoint the degree
of similarity for attributes, resulting in the attribute with a
lower degree of similarity being considered the dissimilar
attribute. This may then allow similarity models to better
predict intertemporal choices. Moreover, for future studies,
continuous measures of similarity may assess the degree of
similarity for attributes more accurately and sensitively, lead-
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ing to a better ability to detect potential unit framing effects.

Conclusions

Intertemporal choices are ubiquitous in life. The present
research investigated how using different unit frames for re-
ward amounts and time delays affected people’s similarity
judgments for option attributes and subsequent intertemporal
choice. We showed that framing reward amounts in larger
units caused people to judge amounts as less similar and
prefer the larger, later option but that this effect was mixed
when it came to time delays. Taken together, our findings
suggest that unit choice matters in the communication of
intertemporal choice options and that similarity judgments
play an underlying role in people’s choices. While certain
individual differences could potentially attenuate the effect of
unit frames, numeracy may be an insufficient buffer against it.
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