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Abstract

A number of developmental theories have been proposed that make differential predictions about 

the links between age and temporal discounting, or the devaluation of future rewards. Most 

empirical studies examining adult age differences in temporal discounting have relied on economic 

intertemporal choice tasks, which pit choosing a smaller, sooner monetary reward against choosing 

a larger, later one. Although initial studies using these tasks suggested older adults discount 

less than younger adults, follow-up studies provided heterogeneous, and thus inconclusive, 

results. Using an open science approach, we test the replicability of adult age differences in 

temporal discounting by conducting a preregistered systematic literature search and meta-analysis 

of adult age differences in intertemporal choice tasks. Across 37 cross-sectional studies (Total 

N = 104,737), a planned meta-analysis found no sizeable relation between age and temporal 

discounting (r = −0.068, 95% CI [−0.170, 0.035]). We also found little evidence of publication 

bias or p-hacking. Exploratory analyses of moderators found no effect of research design (e.g., 
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extreme-group vs. continuous age), incentives (hypothetical vs. real rewards), duration of delay 

(e.g., days, weeks, months, or years), or quantification of discounting behavior (e.g., proportion 

of immediate choices vs. parameters from computational modeling). Additional analyses of 12 

participant-level data sets found little support for a nonlinear relation between age and temporal 

discounting across adulthood. Overall, the results suggest that younger, middle-aged, and older 

adults show similar preferences for smaller, sooner over larger, later rewards. We provide 

recommendations for future empirical work on temporal discounting across the adult life span.
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aging; time preference; meta-analysis; life span development

“Patience is just another word for getting old”

from Fireworks, lyrics by Maracin Oez, Sebastian 

Maschat, and Erland Oeye of The Whitest Boy Alive

“At my age, nothing should be postponed”

Alexander von Humboldt, at 60 years of age (Wulf, 

2015)

Many everyday decisions involve tradeoffs between immediate satisfaction and long-term 

well-being. Should one spend a monetary bonus now or save it for a later occasion, 

by investing the money in a retirement fund? When faced with such tradeoffs, people 

show a tendency to discount future rewards (i.e., diminish the value of future relative to 

immediate or sooner rewards)—a phenomenon known as temporal or time discounting 

(Frederick et al., 2002). There is debate about whether temporal discounting changes 

systematically throughout adulthood as a function of socioemotional or neurobiological 

age-related changes (cf. Eppinger et al., 2012; Samanez-Larkin et al., 2011). Although some 

lay and scientific theories favor the idea that patience increases with age (e.g., Duckworth 

& Steinberg, 2015), others share Alexander von Humboldt’s idea that old age can accept 

no delays in gratification (e.g., Carstensen, 2006). In this paper, we test these views 

by offering a preregistered systematic review and meta-analysis of potential age-related 

differences in temporal discounting. We first provide an overview of theoretical perspectives 

and associated mechanisms that could produce age differences in temporal discounting. 

Second, we briefly review extant empirical findings, and, third, give an overview of and 

offer a rationale for the present quantitative review.

Theoretical Perspectives on Age Differences in Temporal Discounting

There are a number of theoretical frameworks or models that suggest that temporal 

discounting may change across adulthood (cf. Read & Read, 2004). In what follows, we 

describe some of these theories and their hypothesized age effect on temporal discounting. 

Table 1 offers an overview of the different theories discussed.

Some adult developmental theories suggest that because their future time is more limited 

than younger adults, older adults are more present-oriented (Carstensen, 2006; Lang & 
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Carstensen, 2002). It follows that because of their limited time horizons, older adults may 

view the future as more uncertain. This uncertainty may lead older adults to discount future 

rewards more than younger adults (Trostel & Taylor, 2001), particularly over larger time 

delays (Richter & Mata, 2018). However, there are several other theoretical reasons why 

one would predict the opposite relationship between age and temporal discounting. For 

instance, the subjective perception that time passes faster as we age (Block et al., 1998; 

Löckenhoff, 2011) could lead older adults to view a potential delay as shorter in duration. 

This subjectively shorter delay may make the delayed reward seem subjectively closer to 

older adults, and thus lead them to discount less. Likewise, studies have suggested that 

older adults may be better than younger adults at predicting their future emotions (i.e., 

affective forecasting; Scheibe et al., 2011). This enhanced ability to imagine and predict 

future states in older adults may make the future seem subjectively closer to them, and 

thus lead them to discount less (Löckenhoff, 2011). Further, early adult development of 

stronger volitional processes with age, including better executive function and metacognitive 

strategies (Duckworth & Steinberg, 2015), could decrease the influence of impulsigenic 

processes such as reward sensitivity and sensation seeking. If this process continues across 

adulthood it could lead to less discounting in older individuals. Consistent with this idea, 

there is some evidence that overall self-control in everyday life is higher at older compared 

to younger ages (Burr et al., 2020). Thus, prominent developmental theories make opposite 

predictions about the direction of age-related change in temporal discounting.

In contrast to the linear patterns above, other theories posit more complex trajectories. For 

instance, because risk taking is increased for younger adults and mortality is increased for 

older adults, it is possible that younger and older individuals will die before a delayed 

reward is realized. Because of this potential delay cost, these age groups display more 

discounting than middle-aged persons, creating a U-shaped function with age (Sozou 

& Seymour, 2003). Similarly-shaped functions are predicted by combining theories. For 

instance, combining declining impulsivity with limited time horizons predicts a U-shaped 

curve—increasing volitional control in early adulthood decreases discounting in middle-

aged adults, where limited time horizons then change goals to be more present-oriented, 

leading to increased discounting in older adults. Likewise, combining declining impulsivity 

with age-related declines in executive function can create a U-shaped function. Whereas 

increasing volitional control in early adulthood leads to decreases in discounting, declining 

executive function in older adulthood (Verhaeghen & Cerella, 2002) could lead to increases 

in discounting. Further, declining executive function in adulthood could also lead to choice-

inconsistency, depending on how demanding the choice task is (Olschewski et al., 2018). 

As summarized in Table 1, there is great diversity in theoretical predictions about the 

development of temporal discounting across the adult life span.

Empirical Findings on Temporal Discounting Across Adulthood and Aging

The empirical literature on aging and temporal discounting is decidedly mixed. Although 

initial studies of temporal discounting and aging suggested that people become more 

patient with age and discount less (Green et al., 1994), follow-up studies suggested that 

socioeconomic status was a stronger predictor of temporal discounting than age (Green et 

al., 1996). More recent behavioral studies are equally inconsistent, with studies reporting 
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increased discounting with age (e.g., Read & Read, 2004), no discounting with age (e.g., 

Rieger & Mata, 2015), and decreased discounting with age (e.g., Löckenhoff et al., 2011). 

Similarly, neuroimaging studies have shown mixed results, with smaller, initial studies 

showing age differences in functional neural activity during temporal discounting (Eppinger 

et al., 2012; Samanez-Larkin et al., 2011) but larger, subsequent studies showing no age 

differences in functional neural activity during temporal discounting across adulthood 

(Seaman et al., 2018). These contradictory results make it difficult to summarize or draw 

conclusions about the impact of aging on temporal discounting. We aim to address this 

current state of affairs by systematically gathering and summarizing the existing research in 

a meta-analysis.

Overview and Rationale for the Present Meta-analysis

Because of the theoretical and empirical heterogeneity introduced above, we decided 

to investigate adult age-related differences in temporal discounting. The goal of our 

study was to systematically gather and summarize the existing research in a meta-

analysis that was preregistered on the Open Science Framework (OSF) at https://

osf.io/e4anc and ResearchGate at https://www.researchgate.net/project/Age-differences-in-

temporal-discounting. Fully embracing an open science approach, we have also provided 

study-level data and code for all analyses on OSF (https://osf.io/ch9eg). Based on our 

intuitive reading of the literature and our own work, we predicted a nonsignificant or very 

small negative effect of age on time discounting (i.e., older adults discount less than younger 

adults). It should be noted, however, that because the authors had some prior knowledge of 

some of the studies included in this meta-analysis, this prediction is not an ideal a priori 
hypothesis (Nosek et al., 2018).

Our analysis followed four main steps. First, we conducted a systematic literature search 

following PRISMA guidelines (Liberati et al., 2009). Consequently, we identified potentially 

relevant studies for the meta-analysis, defining relevant studies as original research articles 

that compared either temporal discounting in younger and older adults or correlations 

between age and temporal discounting in an adult sample. We also solicited unpublished 

results via decision-making listservs, online preregistrations, and follow-up emails to authors 

presenting unpublished results at decision-making conferences.

Second, we used meta-analytic methods to summarize the relation between age and temporal 

discounting as well as to test the role of potential moderators in determining the link 

between age and temporal discounting. We selected a number of potential moderators: 

The first potential moderator was research design; specifically, we classified studies as to 

whether age was treated as a continuous variable or a grouping variable. Prior studies have 

shown that extreme-group designs can bias estimates (Preacher et al., 2005). The second 

potential moderator identified was whether the incentives used were real or hypothetical. 

Although there are strong correlations between real and hypothetical incentives (e.g., 

Seaman et al., 2018), the use of real rewards (vs. hypothetical rewards) has been shown to 

reduce discounting (e.g., Coller & Williams, 1999). The third potential moderator identified 

was the duration of delay (e.g., days, weeks, months, or years). Prior work has shown 

that the duration of delay can impact discounting (e.g., Richter and Mata, 2018). The 
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final potential moderator identified was the quantification of discounting behavior (e.g., 

parameter estimation of discount rate or proportion of delayed options chosen). Again, 

although prior studies have found a strong correlation between parameter estimates and 

proportional measures (e.g., Seaman et al., 2018), parameter estimation may be more 

sensitive to small effects than proportional measures. Each of these potential moderators 

was tested in a separate analysis.

Third, it has been argued that the field of aging may be affected by research practices that 

lead to bias in published results due to incentives associated with identifying significant age 

differences. Thus, it is important to quantify possible bias in the aging literature (Isaacowitz 

& Lind, 2019). We looked for evidence of publication bias and p-hacking in the studies 

included in our analysis. Publication bias, or the file drawer problem, refers to the tendency 

to publish studies showing a significant effect whereas studies that show a null effect 

go unpublished. We examine the included studies for publication bias using funnel plots, 

which visualize the effect sizes versus study precision, and Egger’s test, which tests for 

asymmetry in the distribution. Asymmetry suggests that there may be a publication bias 

in the literature. P-hacking refers to situations where the researcher selectively reports 

only data or analyses that show a significant effect. We examine the included studies for 

p-hacking using p-curve analysis, which plots the p-value versus the percentage of studies in 

the sample. A left-skewed p-curve suggests that researchers may be p-hacking in order to get 

to p = 0.05.

Fourth, and finally, we explored curvilinear relationships between age and temporal 

discounting for those raw data sets that were publicly available or we received from our 

requests to authors. As noted in Table 1, some theories have suggested that temporal 

discounting differs in a nonlinear fashion across the adult life span. Thus, we were interested 

in assessing whether current data sets reveal any significant convex (or concave) effects of 

age on temporal discounting.

Methods

Literature Search

We conducted a systematic review of the literature on January 2, 2019 to identify 

original empirical articles that estimated adult age differences in temporal discounting. Our 

procedure is illustrated in a flow diagram based on the PRISMA guidelines (Figure 1) and a 

detailed description follows:

1. We used the digital databases PsycINFO, PubMED and Web of Science 

(WoS) core collection database for our literature search with a combination 

of keywords related to time preferences (e.g., delay of gratification, delay 

discounting, temporal discounting, intertemporal choice, delay aversion). The 

keywords also included the names of frequently used questionnaires or tasks to 

measure temporal discounting. These instruments had to be noted in the general 

literature reviews of temporal discounting. We also included terms concerning 

age differences or aging (e.g., aging, older adults, elderly, age differences).
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2. In addition, we performed a literature search in PsycINFO, PubMED and 

WoS for articles citing the original paper reporting any of the discounting 

measures mentioned in the general literature review described above (The Kirby 

questionnaire; Kirby et al., 1999; Kirby & Maraković, 1996; Delay Discounting 

Task, Coller & Williams, 1999; and Delay of Gratification Task, Mischel et al., 

1989).

3. Papers cited in the reviews on aging and decision making were either 

individually searched in PubMED or cross referenced (Brown & Ridderinkhof, 

2009; Hsu et al., 2008; Lim & Yu, 2015; Löckenhoff, 2011; Mather, 2006; Peters 

et al., 2007; Spreng, 2016).

4. After completing an initial literature review, we checked the references of the 

articles that met our inclusion criteria.

5. In December 2017 we emailed two listservs for unpublished results or data 

(Society for Judgment and Decision Making; European Association for Decision 

Making);

6. In April 2017 we uploaded our preregistration onto the Open Science Framework 

(https://osf.io/e4anc) and ResearchGate (https://www.researchgate.net/project/

Age-differences-in-temporal-discounting), advertising our efforts and asking for 

any additional references, results, or data.

Most of our procedures were outlined in our preregistration (see below for a list and 

rationale for deviations from the preregistered protocol). Details of the search can be found 

on our OSF repository at https://osf.io/ch9eg/. The keyword search (Point 1 above) resulted 

in the following numbers of hits: PubMED (167), PsycInfo (152), and WoS (714). The 

article citation search (Point 2 above) resulted in the following number of hits: PubMED 

(801), PsycInfo (598) and WoS (2603). An additional 2,526 articles were added from 

references included in reviews on aging and decision making (Point 3 above) and from 

references of included articles (Point 4 above). All papers retrieved were collected in a 

Zotero group and then uploaded into the online software, Covidence (Covidence Systematic 

Review Software, 2020). In the literature-review process, we used Covidence for the abstract 

and full-text screening, and also for extracting the relevant data for our analysis. All articles 

were first screened by abstract and studies were excluded if they clearly did not meet the 

inclusion criteria listed below. If the information was ambiguous, the study was included for 

full-text screening. For example, if the age range was not explicitly stated in the abstract 

(e.g., undergraduates) the study was included for the full-text screen. At all stages there 

were two individuals performing the screening (Z. F. & S. A.). In the event of a conflict a 

third independent individual (K. S.) resolved the issue by going through the disagreed-upon 

studies.

Inclusion Criteria

Studies or measures were included if they reported:

Seaman et al. Page 6

Psychol Aging. Author manuscript; available in PMC 2023 February 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://osf.io/e4anc
https://www.researchgate.net/project/Age-differences-in-temporal-discounting
https://www.researchgate.net/project/Age-differences-in-temporal-discounting
https://osf.io/ch9eg/


• results based on a behavioral measure of temporal discounting involving real or 

hypothetical rewards, or results based on a self-report questionnaire of temporal 

discounting behavior,

• a temporal discounting outcome (e.g., proportion of choices, k parameter, area 

under the curve, indifference points) concerning at least one comparison between 

a group of younger (approx. 18–35 years) and older (approx. 65–85 years) 

individuals, reporting the outcome for each age group (mean, standard deviation) 

in numerical or graphical format, a test statistic that can be used to compute 

an effect size corresponding to age-related differences, or this information is 

attainable from the authors, or

• a correlation between age and at least one measure of temporal discounting in 

an adult sample (i.e., majority of respondents are older than 18 years of age) 

and a minimum age range of 25 years, or this information is attainable from the 

authors.

Exclusion Criteria

We limited our analyses to those studies that focus on the effect of age on temporal 

discounting. Studies or measures were excluded if:

• the sample was a subsample of another included study,

• the sample primarily consisted of people with cognitive impairment (e.g., 

Parkinson’s disease, Alzheimer’s disease, or mild cognitive impairment) or other 

disorders that are known to influence cognition (e.g., depression, attention deficit 

hyperactivity disorder, addictive disorders),

• the measure examined probability or effort discounting or combined temporal 

discounting with probability or effort discounting,

• a non-monetary reward was used (e.g., juice), or

• the study was not included in a peer-reviewed publication (e.g., thesis or book 

chapter).

Title and abstract screening resulted in 779 references that were then subjected to full-text 

screening. This resulted in a total of 30 studies for inclusion in our analyses. Reasons 

for exclusions, along with numbers of studies excluded for those reasons, can be seen 

in Supplementary Materials Table 1. In addition to the systematic literature search, direct 

contact with researchers (Points 5 and 6) resulted in four unpublished data sets and three 

additional published data sets. Collectively, a total of 37 independent studies were included.

Changes to Initial Preregistration

Our procedures were outlined in the preregistration; however, we made a number of 

changes to our protocol as we began the systematic review, with the goal of ensuring 

comprehensiveness of our search or clarifying exclusion criteria. We list these here: First, 

the Web of Science database search and an expanded list of keyword search terms were 

added (see Supplementary Materials for full list of search terms) to the search criteria to 
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further increase the comprehensiveness of our review. Second, we expanded the exclusion 

criteria to explicitly exclude addiction disorders such as drug or alcohol addiction and 

pathological gambling. Third, we explicitly excluded studies using nonmonetary rewards. 

Fourth, we excluded book chapters and dissertations, with the reasoning that they are not 

peer reviewed, could not be comprehensively assessed, and could be published in another 

form. Fifth, we excluded studies that we could not access through the University of Basel 

or Duke University libraries and were not freely available online. Sixth, we excluded loss 

discounting conditions, as discounting for losses is not commonly investigated and it shows 

different response pattern than discounting for gains (e.g. Estle et al., 2006).

Acquisition of Raw Data Sets

We emailed listservs—Judgment and Decision Making Society (www.sjdm.com) and the 

European Association for Decision Making (eadm.eu)—to identify unpublished data sets 

that met our inclusion criteria (N = 2; O’Hora et al., 2016; Sisso, Itay, n.d.). Here we 

opted to include unreviewed material because (1) we would review the data and supporting 

material when it was shared with us and (2) we would be completing the data analyses 

ourselves. The first author also reached out to inquire about unpublished data sets that were 

presented at the 2017 Association for Consumer Research conference and the 2018 Society 

for Neuroscience conference (N = 3; Hampton et al., 2018; Lempert et al., 2018; Li et al., 

2020). After a preliminary literature review in Fall 2017, a research assistant contacted the 

first and last authors of all papers to request raw data (N = 5; (Chao et al., 2009; Halfmann et 

al., 2013; Kirby et al., 2002; Löckenhoff et al., 2011; Tschernegg et al., 2015). One raw data 

set was downloaded from OSF (N = 1; Lee 2018). The first author also contributed her own 

data set (N = 1; Seaman et al., 2016). Through these efforts, we gained access to the 12 raw 

data sets used in the nonlinear analyses described below.

Analyses—We analyzed all temporal discounting outcomes (e.g., proportion of delay 

options, k values, area under the curve, indifference points) that were used in more than 

one study. To estimate the effect of age on temporal discounting, we used the metafor 

(Viechtbauer, 2010) and esc (Lüdecke, 2019) packages in R. For each study we calculated 

the Fisher’s z transformation of either:

• the standardized mean difference (d) in discounting between two age groups 

using group means and standard deviations or standard errors, F values from 

ANOVAs or t values from t-tests comparing two age groups (Table 2), or

• the correlation (r) between age and discounting (Table 3).

Data Cleaning and Missing Information

There were several studies that reported multiple measurements of discounting for each 

individual, either under different conditions or in separate sessions (N = 7; Eppinger et 

al., 2018; Hampton et al., 2018; Johnson et al., 2015; Li et al., 2013; Liu et al., 2016; 

Mahalingam et al., 2018; Whelan & McHugh, 2009). In these instances, we calculated the 

average effect size across all conditions/sessions. Similarly, there were a number of studies 

that reported multiple age groups (N = 2; Garza et al., 2016; Liu et al., 2016). In these 

instances, we averaged the effect sizes across age group comparisons, reasoning that if there 
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is a linear effect of age, the true effect would be best captured by the average of these 

estimates. For studies that did not report all of the necessary information for calculating 

effect size in the main text or the tables, we either calculated the necessary information 

from raw data (N = 2; Halfmann et al., 2013; Whelan & McHugh, 2009) or extracted 

information from graphs using Web Plot Digitizier (Rohatgi, 2019); N = 3, Eppinger et al., 

2018; Sparrow et al., 2019; Sparrow & Spaniol, 2018).

Due to the various ways discounting behavior was quantified, some measures of discounting 

were coded such that higher values reflected more discounting whereas others were coded 

such that higher values reflected less discounting (e.g., discount rate or factor). To account 

for these differences in direction, the effect sizes in studies using discounting measures 

where higher values reflected less discounting (N = 8; Green et al., 1994; Hampton et al., 

2018; Li et al., 2013; Löckenhoff et al., 2011; Sparrow et al., 2019; Sparrow & Spaniol, 

2018; Wolfe & Patel, 2017) were reverse coded. Thus, in our analysis positive effect sizes 

reflect more discounting with age whereas negative effect sizes reflect less discounting with 

age.

Meta-Analytic Procedures

Given the wide variation in methodology and in the reported outcome measures, the 

measures of effect size (Fisher’s z) were entered into a random-effects model as it assumes 

between-study variance unlike the fixed-effects model and allows for greater generalization 

(Field & Gillett, 2010). The random-effects model was estimated using the meta package 

in R (Balduzzi et al., 2019) using the Hartung-Knapp-Sidik-Jonkman (HKSJ) method for 

estimating between-study variance (IntHout et al., 2014). We report effect sizes along 

with 95% prediction intervals (IntHout et al., 2016). We also ran a post hoc Bayesian 

meta-analysis using the brms package in R (Bürkner, 2017, 2018) upon a request from an 

anonymous reviewer. To explore the amount of heterogeneity in the meta-analytic data set, 

we calculate and report Cochran’s Q and I2. as well as performing outlier and influence 

analyses using the dmetar package in R (Harrer et al., 2019).

Next, we ran meta-regressions to examine the potential moderator variables. The potential 

moderators explored were: (a) research design, (b) incentive type, (c) magnitude of delay, 

and (d) quantification. Research design was coded as “age continuous” if age was treated 

as a continuous variable or “extreme group” if age groups were used. Incentive type was 

coded as either “real” if participants were compensated based on their performance or 

“hypothetical” if they were not. Magnitude of delay was coded based as “hours”, “days”, 

“weeks”, “months” or “years”. If more than one label applied, the longest time delay was 

used for the moderator analysis. Quantification was coded as “parameter” if an estimated 

model parameter was reported or “proportion” if the proportion of delayed options chosen 

was reported. Each potential moderator was first entered into a separate mixed-effects 

model. Then, significant moderators were all entered into a single mixed-effects model to 

test for potential confounding among moderators.

We explored possible sources of bias in the meta-analysis using the dmetar package in 

R (Harrer et al., 2019). First, we examined funnel plots, or plots of effect sizes by their 

standard error. These plots were assessed for symmetry both visually and statistically using 
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the Egger test (Egger et al., 1997). This test uses regression to determine whether the effect 

size decreases with increasing sample size and asymmetry in the funnel plot is significant. 

Next, we used “p-curve” analyses (Simonsohn et al., 2014) to examine the distribution of 

p-values. This analysis tests whether there were more p-values near the alpha level (e.g., 

0.05) than would be expected by chance (Nuzzo, 2014).

Analyses of Raw Data Sets

We were able to identify and analyze 12 data sets for which the majority of participants 

was over 18 years of age, the range of ages spanned at least 25 years, and the temporal 

discounting outcome was on an ordinal or continuous scale (i.e., we did not consider 

studies that consisted of a single binary outcome per participant because these would be 

difficult to compare). For those studies that included both gains and losses we considered 

only the gains conditions (Halfmann et al., 2013; Loeckenhoff et al., 2011). We recoded 

the outcome measure of some studies so that across studies higher values of the temporal 

discounting measure reflect more discounting. We also recoded age as decades. For each 

data set we fit and compared regression models (Gaussian family) that estimated either 

(a) a linear effect of age or (b) both a linear and quadratic effect of age on temporal 

discounting. We also conducted an additional analysis that relaxes the assumption of a 

specific functional-form, the two-lines test, an algorithm developed to provide higher power 

to detect U-shaped relations (Simonsohn, 2018). In this manner, we aimed to obtain an 

assessment of the proportion of studies that revealed significant nonlinear effects of age on 

temporal discounting using these different methods.

Results

Meta-analysis

A random-effects meta-analysis suggested that there are no significant adult age differences 

in temporal discounting (r = −0.068, 95% CI [−0.170, 0.035], Fisher’s z = −1.30, p = 

0.193). Figure 2 presents a forest plot with the correlation and respective 95% confidence 

intervals (CI) for each study included in the meta-analysis, as well as the sample size (N) 

and the weight given to each study in both the fixed- and random-effects analysis. The 

strongest effect was found for the earliest study of aging and temporal discounting: Green 

et al. (1994). However, all subsequent studies found smaller effects, no effects, or effects 

in the opposite direction. There was also evidence of a small study effect (Sterne et al., 

2000)—strong effects in either direction came from small studies (N < 200) whereas studies 

with very large sample sizes (N > 10,000) tended to show small or no effects of age on 

discounting behavior.

There was substantial heterogeneity in our set of studies, Cochran’s Q(40) = 327.79, p 
< .001 and I2 = 87.8%, 95% CI [84.4%; 90.5%], so we conducted an outlier analysis. 

This analysis identified eight outliers in the random-effects model, four of which had large 

negative effects (Eppinger et al., 2012; Green et al., 1994; Sparrow & Spaniol, 2018 Study 

1; Stoeckel et al., 2013) and one of which had a large positive effect (Kirby et al., 2002). 

Even excluding these outliers, there was still significant heterogeneity in the analysis (Q(32) 

= 196,81, p; < 001; I2 = 82.2%, 95% CI [76.2%; 86.7%]) and still no significant relationship 
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between age and temporal discounting (r = −0.004, 95% CI [−0.046; 0.038], z = −0.18, p = 

0.855).

We also conducted a post hoc Bayesian meta-analysis upon a request from an anonymous 

reviewer (see Supplemental Materials for more details). Consistent with our frequentist 

analysis, the model produced a very small estimate of the pooled effect size, μ = −0.05, 

95% CI [−0.13, 0.03] whose credible interval contains zero, and an estimate of study 

heterogeneity, τ = 0.27, 95% CI [0.22, 0.34], Using the posterior distribution (Figure S1), 

we found little support for the effect of age on discounting being greater than zero (9% 

probability z > 0), strong evidence to support the hypothesis that the effect of age on 

discounting was less than zero (91% probability z < 0), and little support for the hypothesis 

that this was a medium or strong effect (13.1% probability that z < −0.1). Collectively, these 

results suggest that age has no sizeable effect on discounting, with zero being included in 

the credible interval for both the frequentist and Bayesian meta-analyses. However, the latter 

analysis provides support for the hypothesis that age may have a negative, albeit very small, 

effect on discounting.

The position of the squares on the x-axis indicates the effect size for each study; the 

bars indicate the 95% confidence interval for the effect size and the squares represent the 

inverse of the standard error. Positive effect sizes reflect more discounting with age whereas 

negative effect sizes reflect less discounting with age.

A funnel plot, Egger’s test, and a p-curve analysis were conducted to examine publication 

bias. Although the funnel plot shows some asymmetry in the data (Figure 3), the Egger’s 

test was not significant (t = −0.17, p = 0.865). We also conducted a full p-curve analysis 

that included the 15 studies (36.59% of sample) with significant effect sizes (p < .05) and 

a half p-curve analysis that included the 10 studies (24.39% of the sample) with p < .025. 

For both analyses, the right-skew analysis was significant (full: z = −10.281, p < .001; 

half: z = −13.125, p < .001), indicating that the significant results likely did not arise from 

p-hacking. Also, for both analyses the flatness test was not significant (full: z = 7.873, p 
> 0.999; half: z = 11.719, p > 0.999) and power was adequate (power = 99%, 95%CI [96%–

99%]), suggesting that the power of the studies included is sufficient to detect an effect. 

Collectively, these analyses provide no support for the idea that the meta-analytic results are 

the product of publication bias or p-hacking.

We explored several possible moderators to determine whether methodological differences 

could account for some of the heterogeneity in effect sizes. We tested four meta-regression 

models, each with a different moderator. The potential moderators explored were: (a) 

research design, (b) incentive type, (c) magnitude of delay, and (d) quantification. There was 

no significant difference in effects based on research design (only 0.93% of heterogeneity 

accounted for, χ2(1) = 1.30, p = 0.255), incentive type (3.11% of heterogeneity accounted 

for, χ2(1) = 2.12, p = 0.145), magnitude of delay (0.00% of heterogeneity accounted for, 

χ2(4) = 134, p = 0.854) or method of quantification (1.22% of heterogeneity accounted for, 

χ2(1) = 1.428, p = 0.232). Because none of these moderators were significant, we did not 

explore any models with multiple moderators.
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Analyses of Raw Data Sets

Table 4 shows the results for each of the raw data sets that were independently analyzed. 

Across the 12 data sets, only one study showed a significantly better fit for the quadratic 

relative to a simple linear effect of age (Tschemegg et al., 2015), showing relatively stable 

discount rates until approximately 30 years, and a decrease from 30 years onwards. The 

two-lines test (Simonsohn, 2018) showed a significant effect for another study (Li et al., 

2020), denoting an increase in temporal discounting until approximately aged 55 years and 

a decrease from 55 years onwards, but neither the increase nor decrease was significant 

according to the two-line test. All in all, these results provide little support for a systematic 

nonlinear relation between age and temporal discounting in these samples.

Discussion

Given the large heterogeneity in theoretical predictions and empirical findings in the 

literature concerning the link between age and temporal discounting, we conducted a 

preregistered systematic literature search and meta-analysis of adult age differences in 

intertemporal choice tasks. Contrary to the rich psychological literature on the possible 

links between aging and temporal discounting, our results suggest overall no sizeable effect 

of adult age on intertemporal choice and a lack of moderation by a number of possible 

factors. Both frequentist and Bayesian analyses estimated a very small, negative effect of 

age on discounting, with zero (no effect of age) being included in both the confidence 

and credible intervals. Both the frequentist and Bayesian estimates of effect size are well 

below the recommended minimum effect size that represents a practically significant effect 

for the social sciences generally (Ferguson, 2016), and gerontology specifically (Brydges, 

2019).This means an effect of this size would not be useful for individual difference or 

group analyses; only at the population level could an effect this small be of practical use 

(Rutledge et al., 2016).

In what follows, we discuss the strengths and limitations of our work and associated 

implications for additional work on temporal discounting across adulthood.

Strengths and Limitations

Our approach to describing potential age differences in temporal discounting has a number 

of strengths, including the use of a systematic literature review, preregistration, open 

materials and code, coordination across judges from different labs and using appropriate 

software to ensure reliability and independence (e.g., Covidence), and statistical checks for 

publication biases (e.g., p-curve).

Our work also has a number of limitations. First and foremost, one should note that the use 

of meta-analysis does not guarantee an appropriate estimate of a true effect because it is by 

its very nature constrained by the extant available literature. Notably, some seminal studies 

(e.g., Read & Read, 2004) did not provide enough information to estimate the effect size 

and thus could not be included in this meta-analysis. Ideally, future studies will share data to 

avoid this problem, but at a minimum, studies should include bivariate correlations between 

effects of interest or group means with some measure of variance to facilitate inclusion in 
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future meta-analyses. In addition to missing studies, comparisons of meta-analytic estimates 

and preregistered multiple-laboratory replication projects show inflated effects estimated 

from the former relative to the latter, suggesting that meta-analysis cannot fully eliminate 

underlying publication and reporting biases (Kvarven et al., 2020).

Second, there are specific limitations in the execution of our work, including small 

deviations from our initial preregistration and the lack of a systematic assessment of 

study quality (e.g., assessment of bias in sample selection or attrition in the primary 

studies included in the meta-analysis). Our main deviations from our preregistered protocol 

followed from our goal to increase the comprehensiveness of our search. In turn, we did 

not engage in a detailed assessment of bias in the primary studies because such aspects 

are overall poorly detailed in the primary literature. Naturally, ensuring a more detailed 

protocol and assessment of bias would be desirable in future systematic reviews of the aging 

literature.

Third, we were unable to consider an important mediator: socioeconomic status. Over 

half of the studies included in this meta-analysis (N=20) did not report any measure of 

socioeconomic status or income, and for those that did report income, inconstancy in 

reporting made it difficult to include as a moderator. As first noted by Green and colleagues 

(1996), socioeconomic status is a strong predictor of discounting behavior such that those 

with lower incomes tend to show greater discounting than those with higher levels of 

income. Further, recent work has suggested that discounting increases with age for those 

with lower income, but remains constant with age for those with higher incomes (Burro et 

al., 2020). It is important to note that it can be difficult to disentangle socioeconomic status 

from age because typical markers of socioeconomic status reliably shift over the lifespan. 

For instance, income will increase as individuals begin work in early adulthood, increase 

more as individuals gain status and work experience, and then decrease when individuals 

leave the workforce with retirement. Likewise, wealth generally increases across working 

life and then begins to decrease after retirement. Thus, including multiple measures of 

socioeconomic status—including income, wealth, and subjective estimates of status—may 

be necessary to separate out the contributions of socioeconomic status and age to temporal 

discounting.

Fourth, our work is limited by our focus on a single operationalization of temporal 

discounting, the intertemporal choice task. Choice in intertemporal choice tasks is 

multidetermined and may fail to isolate a single psychological mechanism responsible for 

age differences in temporal discounting because it involves expectations of changing utility, 

beliefs about the probability of obtaining the future reward, and some cognitive demands 

(Frederick et al., 2002; Olschewski et al., 2018). One should also note that intertemporal 

choice tasks are often treated as capturing impulsivity but do not show strong convergent 

validity with other measures of impulsivity, perhaps reflecting a unique set of demands (e.g., 

Duckworth & Kern, 2011; Sharma et al., 2014). Future work could consider alternatives to 

intertemporal choice tasks to capture age differences in temporal preferences. For example, 

time preferences can be studied using foraging-like problems including patch-leaving 

(Stephens & Krebs, 1986) or temporal sequencing tasks (Löckenhoff et al., 2019). Past aging 

research using foraging tasks suggests that older adults are more patient relative to younger 
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adults, in the sense of staying longer in patches with dwindling resources (Mata et al., 2009, 

2013), but it is unclear whether such differences are accounted for by age differences in 

the representations of the distribution of resources and/or perception or valuation of time 

intervals. Past research using temporal sequencing has yielded mixed findings that also 

suggest a lack of consistent age differences in temporal preferences (Löckenhoff et al., 2012, 

2019, 2020; Löckenhoff & Samanez-Larkin, 2019; Strough et al., 2019).

Lastly, our review is limited by a focus on monetary gains. Some theories (Carstensen et al., 

2000) and empirical findings (Seaman et al., 2016) suggest that monetary and social rewards 

are differentially salient to older adults, which could have implications for age differences in 

temporal discounting for these different types of rewards. Similar arguments could be made 

for other types of rewards, including differences between primary (e.g., juice) and secondary 

(i.e., money) rewards (Jimura et al., 2011), or the role of gains versus losses (Halfmann 

et al., 2013; Löckenhoff et al., 2011; Sparrow et al., 2019; Sparrow & Spaniol, 2018). Of 

course, meta-analyses cannot ensure sufficient power to assess the role of these and other 

theoretically relevant factors that have not been thoroughly examined across several primary 

studies.

All in all, one possible avenue for future work could involve preregistered projects that 

systematically assess the link between age and temporal discounting using multiple tasks 

and outcomes, and assessing potential moderators.

An alternative path forward, given the meta-analytic evidence for a lack of adult age 

differences in temporal discounting, would be the evaluation of what accounts for individual 

differences in intertemporal choice within age groups, in particular within older populations. 

Future work should consider the possibility that changes in discounting with age may 

be a predictor of mild cognitive impairment or other cognitive decline (Lempert et al., 

2018). In many situations, prioritizing the present may be wise for older adults but in 

other situations it could be maladaptive. For example, many adults are making shortsighted 

financial decisions at retirement by underestimating both their own longevity and their 

growing financial needs in very old age. Early retirement and early withdrawal of Social 

Security benefits in the U.S. and other retirement income suggests that discounting the 

future may have long-term financial and physical health consequences. Many interventions 

have focused on reducing time discounting in young adulthood (Rung & Madden, 2018) 

but fewer have focused on the flexibility of discounting in older age (Sasse et al., 2017). 

Identifying individual factors that account for discounting in older age specifically (e.g., 

Lempert et al., 2020) may provide insight into the development of interventions for 

optimizing future-oriented choice later in life.

Conclusion

Some have asked whether aging research has systematically produced a literature that 

overestimates age-related effects (Isaacowitz & Lind, 2019). Our results suggest that despite 

the proliferation of theory and empirical work on the relation between adult age and 

temporal discounting, the current picture is that there is overall no sizeable association 

between age and temporal discounting across adulthood. This pattern of results might be 
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seen as an example of the “winner’s curse” in the scientific literature (Young et al., 2008), 

in which seminal studies tend to provide exaggerated estimates of the effects of interest. 

The first study of aging and temporal discounting (Green et al., 1994) found the strongest 

effect of age on temporal discounting and has been highly influential on the development 

of this literature, having been cited the most frequently of all studies reported here (1317 

times, according to Google Scholar on May 1, 2020), almost four times more than the next 

most-frequently cited study (Reimers et al., 2009; 362 citations as of May 1, 2021). Despite 

a follow-up study showing that the age effects reported in the 1994 paper were likely due 

to socioeconomic status (Green et al., 1996; 565 citations as of May 1, 2021), the notion 

that temporal discounting systematically decreases with age may still be prevalent in the 

literature, given that the seminal article has been cited many times more often than any other 

study in this literature. We hope that the results of our systematic review can help introduce 

a healthy dose of skepticism and critical examination of both theory and measurement not 

only on the topic of age differences in temporal discounting, but also of aging research more 

generally.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Systematic Review Diagram
Prisma flow chart detailing the database searches, the number of abstracts screened and the 

full texts retrieved. Seven additional raw data sets were acquired outside of this systematic 

review.
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Figure 2. Forest Plot for all Studies.
The position of the squares on the x-axis indicates the effect size for each study; the 

bars indicate the 95% confidence interval for the effect size and the squares represent the 

inverse of the standard error. Positive effect sizes reflect more discounting with age whereas 

negative effect sizes reflect less discounting with age.
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Figure 3. Funnel plot.
Diagram showing the effect size of each study on the x-axis and the standard error of each 

study on the y-axis (with larger studies plotted towards the top of the y-axis).
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Figure 4. P-curve analysis
Plot showing the p-value of each study on the x-axis and the percentage of study results 
at that level on the y-axis. The solid blue line denotes the observed p-curve, which has an 
estimated power of 99%. There is no evidence of a right-skewness (green dashed line) or 

flatness (red dotted line) in the included data.
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Table 1

Overview of Potential Mechanisms Linking Age and Temporal Discounting

Mechanism(s) Age effect

Limited time horizon: Reduction in the perceived probability of future reward due to a limited time horizon 
(Carstensen, 2006)

↑ discounting with age

Limited time horizon + Delay: Limited time horizon in older adults (Carstensen, 2006) only operates for 
long(er) delays (e.g., months/years vs. days/weeks; Richter & Mata, 2018)

↑ discounting with age for 
longer delays

Affective forecasting: Improvement in affective forecasting with age (Scheibe et al., 2011) increases 
salience of future needs (cf. Löckenhoff et al., 2011)

↓ discounting with age

Time perception: Perceived speeding up of time with age (Block et al., 1998) reduces salience of time delay 
(cf. Löckenhoff, 2011)

↓ discounting with age

Impulsivity: Reductions in impulsive behavior from adolescence to adulthood due to reductions in reward 
sensitivity and increased cognitive control (e.g., Duckworth & Steinberg, 2015)

↓ discounting with age, 
particularly between young 
adulthood and middle-age

Impulsivity + Limited time horizon: Reductions in impulsivity from adolescence to adulthood (Duckworth 
& Steinberg, 2015) + limited time horizon in old age (Carstensen, 2006; Trostel & Taylor, 2001)

U-shaped function of age

Impulsivity + Declines in executive function: Reductions in impulsivity from adolescence to adulthood 
(Duckworth & Steinberg, 2015) + age-related declines in executive function (Verhaeghen & Cerella, 2002) 
leading to increased impulsivity

U-shaped function of age

Mortality: increased likelihood of mortality and the associated cost of waiting leads to more discounting 
in older and younger adults, respectively (Sozou & Seymour, 2003), although this may vary based on life 
history (Griskevicius et al., 2011).

U-shaped function of age

Confound of cognitive ability: Age-related reductions in cognitive ability leads to differences in temporal 
discounting due to choice-inconsistency (Olschewski et al., 2018)

Varies by task demands
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Table 3

Continuous Age Studies Included in Meta-analysis

Study Incentive Delay Measure
Age

N z Var z
Mean SD

Bickel 2014 hypothetical days parameter 31.64 11.25 1163 −0.05 0.00

Boyle 2012 hypothetical months parameter 83.1 6.7 388 −0.04 0.00

Chao 2009 hypothetical days parameter 46.52 15.09 175 0.08 0.01

Göllner 2018 hypothetical days parameter 46.48 -- 96 0.13 0.01

Halfmann 2013 hypothetical weeks parameter 68.19 19.74 48 0.05 0.02

Hampton 2018 hypothetical years parameter 41 -- 2564 −0.04 0.00

Johnson 2015 hypothetical hours parameter 35.57 -- 197 −0.23 0.01

Kirby 2002 real days parameter 27.4* -- 154 0.31 0.01

Lee 2018 hypothetical days parameter 26.79 9.1 11157 −0.07 0.00

Lempert 2018 hypothetical days parameter 72.07 6.83 74 −0.07 0.01

Li 2020 Study 2 hypothetical days parameter 45.52 16.28 619 0.06 0.00

Löckenhoff 2011 real days parameter 52 20.5 98 −0.34 0.01

Mahalingam 2018 Sample 3 hypothetical/real year parameter 36.16 12.11 189 −0.02 0.01

Mahalingam 2018 Sample 4 hypothetical year parameter 38.01 13.42 208 0.10 0.00

Mahalingam 2018 Sample 5 hypothetical year parameter 27.81 18.71 151 0.01 0.01

Mahalingam 2018 Sample 6 hypothetical year parameter 35.79 11.5 420 0.03 0.00

O’Hora 2016 hypothetical years parameter 30.93 12.1 840 −0.01 0.00

Reimers 2009 hypothetical months proportion -- -- 42863 −0.05 0.00

Sanchez-Roige 2018 hypothetical days parameter 53.79 16.08 23664 0.00 0.00

Seaman 2018 real weeks parameter 49.71 17.92 89 0.12 0.01

Sheffer 2016 hypothetical days parameter 34 11 1122 0.05 0.00

Sisso 2020 hypothetical weeks proportion 49.34 14.64 2630 −0.01 0.00

Stoeckel 2013 real days parameter 33.4 9.8 19 −0.67 0.06

Tschernegg 2015 hypothetical months proportion 25.22 -- 70 −0.10 0.01

Wolfe 2017 hypothetical years proportion 36.92 11.7 13198 0.04 0.00
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