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Abstract
Research suggests that breaking overarching goals into more granular subgoals is beneficial for
goal progress. However, making goals more granular often involves reducing the flexibility
provided to complete them, and recent work shows that flexibility can also be beneficial for goal
pursuit. We examine this tradeoff between granularity and flexibility in subgoals in a preregistered, large-scale field experiment (N = 9,108) conducted over several months with
volunteers at a national crisis counseling organization. A pre-registered vignette pilot study (N =
900) suggests that the subgoal framing tested in the field could benefit goal-seekers by bolstering
their self-efficacy and goal commitment, and by discouraging procrastination. Our field
experiment finds that reframing an overarching goal of 200 hours of volunteering into more
granular subgoals (either 4 hours of volunteering every week or 8 hours every two weeks)
increased hours volunteered by 8% over a 12-week period. Further, increasing subgoal flexibility
by breaking an annual 200-hour volunteering goal into a subgoal of volunteering 8 hours every
two weeks, rather than 4 hours every week, led to more durable benefits.
Keywords: goals; subgoals; field experiment; flexibility
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A Field Experiment on Subgoal Framing to Boost Volunteering: The Tradeoff between
Goal Granularity and Flexibility
Goals vary on many dimensions, including their granularity. For example, one could
commit to a volunteering goal of 200 hours in a year. However, that same overall goal could be
broken down into more granular subgoals, such as committing to volunteering 8 hours every two
weeks or 4 hours every week for a year. Increasingly granular subgoals have the benefit of
breaking large targets down into more manageable parts, but they inherently have less flexibility
(i.e., they allow for fewer possible ways of achieving a goal). In this paper, we explore the
tradeoff between increasing subgoal flexibility and subgoal granularity in a pre-registered,
longitudinal field experiment with thousands of volunteer crisis counselors.
Dividing goals into more granular subgoals may be beneficial for several reasons. First,
past research has found that it can increase self-efficacy to achieve subgoals, in turn making
overarching goals seem more attainable (Bandura & Schunk, 1981; Latham & Seijts, 1999). In
addition, dividing goals into more granular subgoals may reduce procrastination by creating
more frequent and imminent deadlines (Ariely & Wertenbroch, 2002; Janakiraman, & Ordóñez,
2012; Lieberman et al., 2021). Finally, it can increase commitment to overarching goals by
helping people focus on making small, near-term sacrifices of time, which are less daunting than
large, distant sacrifices (Gourville, 1998; Hershfield et al., 2020). As subgoals become more
granular, each of these benefits should be magnified.
However, breaking large goals down into specific subgoals also means reducing the
amount of flexibility available to a goal seeker in terms of how the goal is achieved. Reduced
flexibility means greater chances for goal failure or other setbacks, which have been shown to
increase the risk of goal abandonment (Cochran & Tesser, 1996; Soman & Cheema, 2004; cf.
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Bandura & Cervone, 1986). In addition, allowing goal-seekers to pursue their goals more
flexibly has been shown to have various benefits, such as increasing control over scheduling—
which can boost well-being—as well as improving performance and elevating persistence in the
face of failure to achieve a goal (Beshears, et al., 2021; Moen et al., 2016; Sharif & Shu, 2017;
2021).
We examine the tradeoff between the granularity and flexibility of subgoals in a large,
pre-registered field experiment in which we assess the effects of framing the same goal
differently on objective hours of volunteering on a crisis counseling platform over a 3-month
period. Specifically, we vary whether a volunteering goal is framed as “200 hours in a year”
(least granular and most flexible) or whether that goal is broken down into increasingly granular
but less flexible subgoals—either volunteering “eight hours every two weeks” (more granular
and less flexible) or “four hours every week” (even more granular and even less flexible). We
also present results from a pre-registered, online pilot study mirroring our field experiment and,
as theorized, we find that subgoal framing influences forecasted self-efficacy, procrastination,
and goal commitment.
Our paper makes several key contributions to the goal-setting literature. First, previous
work examining the benefits of subgoals has largely examined one-time decisions studied in the
laboratory (Amir & Ariely, 2008; Fishbach, Dhar, & Zhang, 2006; Latham & Seijts, 1999; Seijts
& Latham, 2001; Stock & Cervone, 1990), and the few existing field studies have included 70 or
fewer participants per condition, raising concerns about statistical power (Bandura & Schunk,
1981; Bandura & Simon, 1977; Huang et al., 2017; Latham & Brown, 2006). Here we present a
well-powered (over 3,000 participants per condition) and ecologically valid examination of the
value of subgoals in a field context where we measure objective levels of goal progress over
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time. Further, we explore the tradeoff between more granular versus more flexibly framed
subgoals. We also expand on previous theory by highlighting several possible benefits of
subgoals that have previously been overlooked—namely, that they may reduce procrastination
by creating more imminent deadlines, and that they may increase goal commitment by requiring
smaller, near-term sacrifices of time.
Theoretical Foundations and Hypotheses
The Benefits of Granular Subgoals
Previous laboratory research suggests that breaking a large goal down into more granular
subgoals can be beneficial for goal pursuit (Amir & Ariely, 2008; Latham and Seijts, 1999;
Stock & Cervone, 1990). For example, in one study, participants took part in a complex, multiround business simulation where goal-relevant information changed across rounds (Latham and
Seijts, 1999). Those who were encouraged to try to earn a certain amount of money in each
round (i.e., those assigned granular subgoals) as well as to pursue an overall earnings goal (i.e.,
those assigned a less granular overarching goal) outperformed their peers who were only
provided with an overarching goal. These findings have been extended to small field studies
examining outcomes such as weight loss, academic performance among MBA students,
arithmetic performance among elementary school students, and the number of photos taken for a
market intelligence task (Bandura & Schunk, 1981; Bandura & Simon, 1977; Huang et al., 2017;
Latham & Brown, 2006).
Why are subgoals beneficial? Past research has posited that they increase self-efficacy by
providing early markers of accomplishment and making distal goals seem more attainable
(Bandura & Schunk, 1981; Latham & Seijts, 1999). Self-efficacy is generally theorized to be
beneficial for goal pursuit (Bandura & Schunk, 1981; Locke & Latham, 2019; cf. Vancouver,
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Thompson, & Williams, 2001). For example, Latham and Seijts (1999) found that assigning
people granular subgoals (but not less granular overarching goals) in a laboratory task led to an
increase in participants’ self-efficacy, which in turn was correlated with better performance. 1
In addition, we propose that more granular subgoals may discourage procrastination. The
rewards for achieving overarching goals (i.e., goal completion) are in the distant future, and
people have a well-established tendency to impatiently choose smaller, short-term rewards over
larger, long-term rewards (Ainslie, 1975; Schouwenburg & Groenewoud, 2001; Steel, 2007).
This often leads to procrastination, which is a key obstacle to goal initiation and completion
(Krause & Freund, 2014). The risk of procrastination may be reduced by more granular subgoals
because subgoals yield more immediate consequences. Specifically, breaking an overarching
goal into a series of more granular subgoals produces more frequent and immediate deadlines,
and more frequent and immediate deadlines help combat procrastination (Ariely & Wertenbroch,
2002; Janakiraman, & Ordóñez, 2012; Lieberman et al., 2021; Zhu et al., 2019). For example,
Ariely and Wertenbroch (2002) found that participants who were assigned subgoals in the form
of three intermediate deadlines for different proofreading tasks were more proficient at their
work than participants who were simply assigned an overarching deadline for all assignments.
Another way we theorize that more granular subgoals may improve goal progress is by
making it easier for people to commit to goals because, by design, more granular subgoals
require smaller commitments of time than overarching goals. Recent research has shown the
benefits of reframing large goals by describing them in terms of subgoals that are perceived as

1

Past work has also theorized that subgoals encourage people to try new strategies and make errors quickly. This
can increase the frequency of feedback and facilitate the discovery of successful goal pursuit strategies, particularly
for complex tasks (Bandura & Simon, 1977; Frese & Zapf, 1994; Latham & Seijts, 1999). However, past theory
would not predict that this mechanism would apply to settings like the one we study, where the task is simply
logging into an online platform to complete committed hours of work.
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smaller commitments (Gourville, 1998; Hershfield et al., 2020). In one study, Hershfield,
Benartzi, and Shu (2020) found that consumers were 45% more likely to sign up for a savings
program framed as deducting $35 from their bank account weekly than an identical program
framed in a less granular way as deducting $150 from their bank account monthly. However,
framing the savings program to be even more granular—deducting $5 a day from their account—
led to the most signups, with a fourfold increase relative to the monthly condition and an almost
threefold increase relative to the weekly condition. Hershfield et al. theorized that consumers
found it less psychologically painful to give up smaller amounts of money at a higher frequency
than an equivalent one-time lump sum. While this research examined a one-time, effortless
decision, we argue that even in the domain of effortful goal pursuit, people may find it easier to
commit to a series of more granular subgoals rather than a single, overarching goal.
The Risks of More Granular Subgoals and the Benefits of Flexibility
While more granular subgoals have a number of theorized benefits, they also come with
several risks. First, more granular goals generally provide less flexibility to goal-seekers
regarding ways to accomplish their goal. This is always the case when goal granularity is
achieved by framing overarching goals in terms of a series of smaller, more temporally proximal
subgoals, which is the tactic we study (see Figure 1). For example, there are objectively more
possible ways to accomplish an annual goal of visiting the gym 120 times than ways to achieve a
year-long goal of making 10 gym visits every month.
-----------------------------------Insert Figure 1 about here
------------------------------------

A key reason flexibility can be helpful to anyone pursuing an overarching goal is that it
reduces the negative consequences of goal violations, which can lead people to completely give
up on their overarching goal. Research on the “what-the-hell effect” has demonstrated that goal
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violations increase the chances of goal abandonment (Cochran & Tesser, 1996). For example,
Herman and Mack (1975) found that dieters who went over their daily calorie limit (i.e., a goal
violation) often ended up overindulging (i.e., abandoning goal progress entirely). Work by
Soman and Cheema (2004) also found that when assigning participants to a proofreading task
with either standard goals, subgoals, or no goals, participants who failed to reach their assigned
goal performed worse than those who never set goals because goal failures were so
demotivating.2
Recent work has demonstrated the benefits of flexibility for goal pursuit and buffering
against the demotivating effects of goal failures. One study by Sharif and Shu (2021)
demonstrated the benefits of incorporating psychological flexibility into goals by giving people a
way to avoid perceiving a misstep as a goal failure. Framing goals with “emergency reserves”
(e.g., a goal of going to the gym 7 days of the week with 2 “emergency” skip days) improved
goal performance by reducing people’s sense that their goal progress had been interrupted by a
violation. In another study, Beshears et al. (2021) found that encouraging aspiring gym-goers to
build an exercise habit on a flexible schedule (making gym visits at variable times) for a month
led people to exercise significantly more often in the long run than encouraging people to build a
more rigid exercise habit (making most gym visits at the same time of day). In other words, more
possible paths to success simply produced better outcomes. Finally, flexibility in goal pursuit
increases schedule control (i.e., the ability to decide when to work), and schedule control is
associated with various benefits, including greater well-being and work-life balance (Kelly et al.,
2011; Moen et al., 2016).

2

Notably, goal failures do not always harm future performance, and when goal failure is harmful has been theorized
to depend on factors such as self-efficacy, self-dissatisfaction with the goal failure, and level of goal failure
(Bandura & Cervone, 1986).

9

To summarize, more granular subgoals of the type we study may improve goal progress
by bolstering self-efficacy and goal commitment and by reducing procrastination. However, as
goals are broken down into more and more granular subgoals, they become less flexible,
which—in the extreme—may end up hampering success, producing an inverted U-shaped
relationship between goal granularity and goal progress such that more granular subgoals are
beneficial only up to a point.
There is another risk of breaking large goals down into more granular subgoals: breeding
a sense of complacency. Subgoals provide salient reference points as well as early markers of
accomplishment (Bandura & Schunk, 1981; Heath et al., 1999). Feelings of accomplishment can
boost self-efficacy, which is generally considered beneficial for goal pursuit (Bandura & Schunk,
1981; Locke & Latham, 2019), but high self-efficacy can also undermine goal pursuit by
promoting a sense of complacency once a subgoal is achieved (Fishbach et al., 2006; Vancouver
et al., 2001; Vancouver et al., 2002). Laboratory studies corroborate the notion that subgoals can
sometimes backfire by promoting a sense of complacency (Amar et al., 2011; Amir & Ariely,
2008; Fishbach, Dhar, & Zhang, 2006). However, Gal & McShane (2012) theorize that while
people might focus on subgoals in the short-run, their attention should refocus on their
overarching goal over time, which should reduce the risks of goal complacency produced by
more granular subgoals over long time horizons like in our field experiment.
Hypotheses
In this paper, we test the effects of reframing an overarching goal as a series of smaller,
more temporally proximal subgoals, and we vary the granularity (and therefore flexibility) of
those subgoals. Past theory and research suggest that breaking a large, overarching goal down
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into a series of more granular subgoals should be generally beneficial, even with the loss of
flexibility that accompanies this shift. Therefore, we hypothesize the following:
Hypothesis 1: Reframing an overarching goal as a series of more granular subgoals
(e.g., focusing on objectives to accomplish “every two weeks” or “every week” instead of
“this year”) will increase goal progress.
However, goal flexibility is also an asset. We therefore propose a curvilinear relationship
between goal granularity and goal progress such that when goals become too granular—and
therefore, inflexible—the benefits of subgoals diminish and may reverse.
Hypothesis 2: There is a limit to the benefits of making subgoals more granular (e.g.,
focusing on objectives to accomplish “every week,” “every day,” or “every hour”);
excessively granular (and inflexible) subgoals will cease to improve goal progress and
will instead harm it.
Finally, the benefits of goal flexibility may be particularly important over the long run
because opportunities for goal failure tend to accumulate over time (Norcross & Vangarelli,
1988; Oscarsson et al., 2020). For example, Oscarsson and colleagues (2020) found that people
become increasingly likely to fail at their New Year’s resolutions as the calendar year
progresses. If flexible goals buffer against the negative consequences of goal violations, then
those benefits should become more pronounced over time, thereby producing more durable
benefits compared to inflexible goals.
Hypothesis 3: Subgoals that offer more flexibility (e.g., “every two weeks” goals) will
produce longer-lasting increases in goal progress than subgoals that offer less flexibility
(e.g., “every week” goals).
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We present the results of a pre-registered field experiment to test these hypotheses. We
also present a pre-registered online vignette pilot study to confirm that we manipulated goal
granularity and flexibility as intended and to test for evidence suggesting that the mechanisms we
theorize could drive the benefits of subgoals might be at play.
Method
This research was approved by the Institutional Review Board of the University of
Pennsylvania (Protocol #831988 “Increasing Volunteer Motivation”).
Transparency and Openness
We describe our sampling plan, data exclusions, manipulations, and measures in the
study. We adhered to the Journal of Applied Psychology methodological checklist. Data,
analysis code and research materials are available at:
https://osf.io/7t8sz/?view_only=11668e16d2a44b8e972073472319dfca. Note that only a subset
of our field experiment data can be made available due to their proprietary nature. Data were
analyzed using R, version 3.6.0 (R Core Team, 2019) and the packages aod, version 1.3.1
(Lesnoff & Lancelot, 2012), fixest, version 0.10.4 (Berge, 2018), lfe, version 2.8-3 (Gaure,
2013), lmtest, version 0.9-40 (Zeileis & Hothorn, 2002), MASS, version 7.3-57 (Venables &
Ripley, 2002), pscl, version 1.5.2 (Zeileis, Kleiber, & Jackman, 2008), rio, version 0.5.16 (Chan,
Chan, Leeper, & Becker, 2021), rstatix, version 0.7.0 (Kassambara, 2021), sandwich, version
3.0-2 (Zeileis, Köll, & Graham, 2020; Zeileis, 2006), and tidyverse, version 1.2.1 (Wickham,
2017). The study design and analyses were pre-registered: https://osf.io/fyhbx/files.
Field Experiment Setting
We conducted a pre-registered field experiment in collaboration with Crisis Text Line
(CTL), a national non-profit organization that provides free crisis counseling via text message for
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a wide variety of issues, including suicidal ideation, mental health challenges, and abuse.
Volunteers use an online text messaging platform maintained by CTL—thus, volunteering takes
place online and remotely, and can be measured objectively by CTL.
At the time of our study, CTL had approximately 4,000 active volunteers in the United
States, who all committed to an overarching goal of completing 200 hours of volunteering within
a year of joining. Despite this target being oft-repeated to volunteers both during and after their
volunteer training, as of October 31, 2019, fewer than 5% of volunteers who had been with the
organization for at least a year had met their 200-hour commitment. While CTL does not
penalize volunteers for failing to meet their 200-hour volunteering goal, this shortfall motivated
the organization to explore interventions to boost volunteer motivation and goal pursuit.
Volunteers are encouraged to schedule weekly texting shifts, and CTL’s online platform
contains a scheduling tool that sends reminders prior to scheduled shifts.3 The online platform
also has a dashboard that allows volunteers to track how many hours they have volunteered.
Whenever volunteers sign on to CTL’s online platform, the landing page they see first displays
the dashboard. In other words, volunteers see their dashboard every time they volunteer, and thus
have easy access to feedback about goal progress.
Field Experiment Sample
CTL included all 3,805 active volunteers in the United States who had not yet
volunteered 200 hours on February 4, 2019, in our experiment. In addition (following our preregistration), all new volunteers who joined CTL between February 5, 2019, and June 10, 2019,
were also added to the experiment. This process led to a total sample size of N = 9,108
volunteers. Of the 34% (n = 3,122) of volunteers in our sample who opted to report their gender

3

We were unable to obtain data from this scheduler tool. CTL estimated that roughly 50% of volunteers use the
scheduler on a monthly basis (as of March 4, 2020).
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to CTL, 79% (n = 2,477) identified as female. Of the 99% (n = 9,015) who opted to report their
age, the average age was 28.9 years (SD = 9.7 years).
Field Experiment Design
We randomly assigned all 9,108 volunteers in our study to three different experimental
conditions: a maximally granular and inflexible subgoal condition, a moderately granular and
flexible subgoal condition, and a maximally flexible and minimally granular control condition. In
the maximally granular and inflexible subgoal condition (n = 3,037)—which we will refer to as
the 4 hours every week condition—volunteers were encouraged to reach their 200-hour
volunteering goal by volunteering “four hours every week.” In the moderately granular and
flexible subgoal condition (n = 3,036)—which we will refer to as the 8 hours every two weeks
condition—volunteers were encouraged to reach their 200-hour goal by volunteering “eight
hours every two weeks” and were also told “for example, you can volunteer 6 hours in one week
and 2 hours the next, or 4 hours every week” to ensure they understood they could reach this
goal in different ways (i.e., flexibly). The maximally flexible and minimally granular control
condition (n = 3,035)—which we will refer to as the 200 hours a year control condition—which
mirrored CTL’s standard messaging, volunteers were encouraged to reach their 200-hour goal by
volunteering “some hours every week.”
Our intervention was delivered through six emails, sent over the course of 12 weeks, all
via CTL’s usual email system for communicating with volunteers.4 Each email offered a
recommendation as to how volunteers should fulfill their 200-hour commitment: either by
volunteering “some hours” every week, 4 hours every week, or 8 hours every 2 weeks

4

Volunteers had the ability to opt out of receiving all emails from CTL at any point. Two hundred and fifty-one
participants (2.8% of our total sample) in our study availed themselves of this option during their intervention period
and thus did not receive all six emails. Since our analyses are “intention-to-treat,” this does not change who is
included in our analyses or results.
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(depending on volunteers’ experimental condition). The first email also provided a visual
example of a volunteering schedule displayed over a two-week time interval, with four evenly
distributed two-hour shifts in the 4 hours every week condition, and four unevenly distributed
two-hour shifts (three in the first week, one in the second week) in the 200 hours a year control
and 8 hours every two weeks conditions. Finally, each email encouraged volunteers to schedule
their volunteering hours for the next two weeks using CTL’s online scheduling tool.
Volunteers then received five reminder emails, one every two weeks after the first email,
to reinforce the initial message. These reminder emails reiterated the recommendations made in
the original message. Complete email stimuli for the study can be found in Online Supplement
Figures S1-S2.5
Pilot Study
Before presenting our analysis strategy and findings from this field experiment, we
present results from a pilot vignette study. We ran this pilot study to confirm that our field
experiment stimuli changed people’s perceptions of goal granularity and flexibility as intended.
We also ran this pilot to test for the mechanisms theorized to be at work in our field experiment.
Method
We recruited N = 900 participants on Mechanical Turk to complete a 5-minute pilot
survey for $0.75 (44% identified as men; 77% identified as White; Mage = 41.7 years; SDage =
13.5 years). This study was pre-registered on AsPredicted.org (https://aspredicted.org/SYJ_4JC).
Pilot participants were asked to imagine they were volunteers at Crisis Text Line—
described as “a national nonprofit that provides text-based mental health support to people in
need”—and to imagine that they had committed to volunteering 200 hours within a year.

5

Our Online Supplement can be found here: https://osf.io/7t8sz/?view_only=11668e16d2a44b8e972073472319dfca.
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Participants were then asked to imagine that they received two versions of an email from Crisis
Text Line with different recommendations about how volunteers should work toward their 200hour commitment.
Next, participants were shown abbreviated versions of two of the intervention emails sent
in our field experiment, side-by-side. Participants were randomly assigned to either see the 200
hours a year control condition and 4 hours every week condition emails (labeled Emails 1 and 2
at random in counterbalanced order), the 200 hours a year control condition and 8 hours every
two weeks condition emails (again with the same neutral, counterbalanced labels), or the 4 hours
every week condition and 8 hours every two weeks condition emails (again with neutral and
counterbalanced labels). Participants then answered a series of questions comparing the two
emails on a 6-point Likert scale (reporting which email would elicit more of a certain reaction).
These questions included two manipulation checks measuring the perceived (i) granularity and
(ii) flexibility of the goals described, as well as two-item measures of the degree to which they
imagined receiving each email would (iii) lead them to procrastinate on volunteering (adapted
from Yockey (2016); Spearman-Brown = 0.90), (iv) boost their self-efficacy (adapted from Giles
et al. (2004); Spearman-Brown = 0.96), and (v) increase their goal commitment (adapted from
Klein et al. (2001); Spearman-Brown = 0.95). Complete study materials are available in the
Online Supplement.
Pilot Results
A correlation matrix of all variables collected in this study (Table S1) is available in the
Online Supplement. Following our pre-registered analysis plan, we ran one-sample t-tests
comparing each dependent variable within each comparison group to each Likert scale’s
midpoint (3.5), which would indicate no difference in which email would elicit more of a certain
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reaction.6 First, our field study manipulations had the intended effect in our pilot. Participants
reported that the 4 hours every week email’s goal was more granular (M = 4.48, SD = 1.59,
t(301) = 10.72, p < .001, Cohen’s d = 0.617) and less flexible (M = 2.35, SD = 1.69, t(301) = 11.87, p < .001, Cohen’s d = -0.683) than the 200 hours a year control email’s goal. Participants
also reported that the 8 hours every two weeks email’s goal was more granular (M = 4.35, SD =
1.73, t(298) = 8.49, p < .001, Cohen’s d = 0.491), and less flexible (M = 2.51, SD = 1.75, t(298)
= -9.79, p < .001, Cohen’s d = -0.566) than the 200 hours a year control email’s goal. Finally,
participants reported that the 8 hours every two weeks email’s goal was less granular (M = 2.50,
SD = 1.55, t(298) = -11.18, p < .001, Cohen’s d = -0.647) and more flexible (M = 4.00, SD =
1.95, t(298) = 4.43, p < .001, Cohen’s d = 0.256) than the 4 hours every week email’s goal.
We also find evidence from our pilot that our manipulations elicit the theorized
psychological processes. First, as theorized, pilot study participants forecasted that the 4 hours
every week goal email would reduce procrastination (M = 2.46, SD = 1.24, t(301) = -14.53, p <
.001, Cohen’s d = -0.836), boost self-efficacy (M = 4.40, SD = 1.56, t(301) = 10.07, p < .001,
Cohen’s d = 0.579), and enhance goal commitment (M = 4.61, SD = 1.43, t(301) = 13.43, p <
.001, Cohen’s d = 0.773) relative to the 200 hours a year control email. They also forecasted
that the 8 hours every two weeks goal email would reduce procrastination (M = 2.64, SD = 1.41,
t(298) = -10.49, p < .001, Cohen’s d = -0.607), boost self-efficacy (M = 4.09, SD = 1.77, t(298)
= 5.77, p < .001, Cohen’s d = 0.333), and enhance goal commitment (M = 4.34, SD = 1.66,
t(298) = 8.78, p < .001, Cohen’s d = 0.507) relative to the 200 hours a year control email. But
compared to the 4 hours every week email, participants forecasted that the 8 hours every two

6

We stated in our pre-registration that we would standardize each scale item before analysis, which was an error
given our analysis strategy. Our analysis relies on comparison against the unstandardized scale midpoint of 3.5,
which means that standardizing scale items would invalidate this test. Therefore, we report results without
standardizing any scale items.
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weeks goal email would produce more procrastination (M = 4.05, SD = 1.29, t(298) = 7.39, p <
.001, Cohen’s d = 0.427), less self-efficacy (M = 2.94, SD = 1.66, t(298) = -5.78, p = .004,
Cohen’s d = -0.334), and less goal commitment (M = 2.80, SD = 1.50, t(298) = -8.03, p < .001,
Cohen’s d = -0.464).
Consistent with our theorizing, more granular subgoals were predicted to reduce
procrastination and boost self-efficacy and goal commitment. However, more granular subgoals
were also seen as sacrificing flexibility. This comes with downsides based on our theorizing and
prior research, such as a greater risk of goal abandonment in the face of setbacks, diminished
performance on goals, and less control over one’s schedule (Beshears, et al., 2021; Moen et al.,
2016; Sharif & Shu, 2017; 2021). Thus, this study supports our theorizing about the conflicting
forces that come into play as goals become more granular but simultaneously less flexible.
Taken together, this pilot supports our theorizing regarding how our field experiment
stimuli should change people’s thinking about their goals.
Statistical Analyses of Field Experiment Data
Our field experiment’s primary, pre-registered dependent measure was the average
number of minutes a participant volunteered for CTL each week during our study period. This
was captured objectively by CTL as time spent on the organization’s online volunteering
platform. Following our pre-registration, we log-transformed this dependent measure because we
expected it to be skewed. 7 Our pre-registered study period was divided into two phases. The first
phase was a 12-week intervention period, during which participants received our intervention
emails every two weeks. This phase started on the date when a participant received our first
email and ended two weeks after they received our sixth and final reminder email.

7

Specifically, our dependent variable is log(number of minutes volunteered +1) to handle cases where zero minutes
were volunteered, since log(0) is undefined.
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The second phase of our study period was a 12-week post-intervention period that
immediately followed the intervention period. In this phase, participants no longer received any
intervention emails. Following our pre-registration, for each participant, we analyzed weekly
data on their time spent volunteering during both our study’s 12-week intervention period and
12-week post-intervention period (i.e., a 24-week study period).8
To analyze our experimental data and assess the impact of our experimental treatments
on participants’ time spent volunteering during both the intervention period and the postintervention period, we relied on pre-registered ordinary least squares (OLS) regressions
analyses. We predicted each study participant’s (log-transformed) weekly number of minutes
volunteered during the pre-registered 24-week study period. Our key independent variables were
separate binary indicators for assignment to each of our subgoal treatment conditions (4 hours
every week and 8 hours every two weeks) during the relevant time period (the 12-week
intervention period or the 12-week post-intervention period) with an indicator omitted for the
200 hours a year control condition. We included the following participant-level control variables
in our primary pre-registered analysis:9 an indicator for whether a participant was male, an
indicator for whether a participant’s gender was unknown, a measure of a participant’s age, an
indicator for whether a participant’s age was unknown, a tally of the total number of minutes a
participant volunteered with CTL prior to their intervention start date, a tally of the total number
of minutes a participant volunteered with CTL during the 4 weeks prior to their intervention start
date, an indicator for whether a participant ever volunteered with CTL prior to their intervention

8

On May 28, 2019, we were informed of an error made by CTL in sending out emails to 1,611 participants, leading
us to exclude these participants’ data from the moment they received the incorrect email onwards (we retained their
data prior to the incorrect email being sent). This process is detailed in an addendum to our pre-registration (which
can be found here: https://osf.io/y9zsk/) as well as in our Online Supplement.
9
See Online Supplement for an explanation for why we included these control variables, as well as a description of
how each control variable was measured (Becker, 2005).
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start date, a measure of the number of days separating a participant’s first time volunteering for
CTL and their intervention start date, and the number of weeks separating an observation and the
corresponding intervention start date. We also included fixed effects for the calendar week of the
year to account for seasonality. Finally, we clustered errors at the participant level to account for
the longitudinal nature of our study. See Online Supplement for the exact specification of our
OLS model.
In addition to obtaining data on the time participants spent volunteering for CTL duringand post-intervention, we also obtained weekly pre-intervention records of participants’ time
spent volunteering. We exploited this historical pre-intervention data in a second OLS regression
specification, which was identical to our first model except that it replaced participant-level
controls with participant fixed effects and included all available pre-intervention weeks of data
on participants’ hours spent volunteering.
Following the recommendation of Becker (2005), we present our findings both with
control variables (as pre-registered) and without control variables (to demonstrate robustness).
The inclusion of controls does not change any of our key results, and we focus our discussion on
our pre-registered analyses, following best practices in open science (Logg & Dorison, 2021).
Results
Summary Statistics
Tables 1 and 2 summarize descriptive statistics from our study sample. Table 1 reports
means for participant demographic variables and pre-intervention volunteering patterns, both for
our full participant sample (Column 2) and for participants in each experimental condition
(Columns 3-5). As shown in Column 6, F-tests verify that randomization was balanced across
conditions on observables before the intervention. Table 2 summarizes volunteering rates
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throughout our study period. Online Supplement Table S2 presents a full correlation matrix of all
variables analyzed and Tables S3-4 summarize volunteering rates throughout our study period by
experimental condition.
-----------------------------------Insert Table 1 about here
----------------------------------------------------------------------Insert Table 2 about here
------------------------------------

The skewness coefficient for weekly minutes volunteered during our 12-week
intervention period was 4.05 (values further from 0 suggest greater skewness, while the sign of
the coefficient indicates the direction of skewness), confirming that our outcome variable was
positively skewed as expected (Joanes & Gill, 1998). Log-transforming this variable—following
our pre-registration—reduced the skewness coefficient to 1.14.
Goal Progress during the Intervention Period
Figure 2 shows the average weekly minutes volunteered by experimental condition
during each week of the 12-week intervention period and shows more volunteering in both the 4
hours every week and 8 hours every two weeks conditions than the 200 hours a year control
condition. Table 3 presents results from our primary regression models demonstrating that
participants in the 4 hours every week and 8 hours every two weeks conditions volunteered
significantly more during our 12-week intervention period than participants in the 200 hours a
year control condition (supporting Hypothesis 1). As Column 2 shows (using the model with
participant-level control variables), compared to the 200 hours a year control condition, our
primary regression model estimates that assignment to the 4 hours every week condition
produced an 8.4% increase (corresponding to an average of 3.76 extra weekly minutes spent
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volunteering per person)10 in weekly volunteering during our 12-week intervention period (p =
.014; Cohen’s d = 0.034), while assignment to the 8 hours every two weeks condition produced a
comparable 9.2% boost (corresponding to an average of 4.12 extra weekly minutes spent
volunteering per person) in weekly volunteering (p = .008; Cohen’s d = 0.053) over the same
time period.11 Similarly, Column 3 (which presents a model with participant fixed effects rather
than a model including controls for various participant characteristics) estimates an 8.2% boost
(corresponding to an average of 3.67 extra weekly minutes spent volunteering per person) in
weekly volunteering in the 4 hours every week condition (p = .021), and a 7.1% increase
(corresponding to an average of 3.18 extra weekly minutes spent volunteering per person) in the
8 hours every two weeks condition (p = .043), relative to the 200 hours a year control condition.
Wald tests comparing the estimated effects of our two treatment conditions show that these
conditions did not significantly differ from one another in either model (ps > .78), which means
we do not find support for Hypothesis 2.
-----------------------------------Insert Figure 2 about here
----------------------------------------------------------------------Insert Table 3 about here
------------------------------------

Our outcome measure (weekly minutes spent volunteering) included many zeros (i.e.,
weeks where a participant did not volunteer at all), so we re-analyzed our intervention-period
data using a zero-inflated negative binomial model (ZINB) as an exploratory (i.e., not preregistered) test (see Online Supplement Table S5). A ZINB is a mixture model consisting of a

10

To estimate the extra weekly minutes spent volunteering per person, we calculated the average weekly minutes
volunteered during the 12-week intervention in the 200 hours a year control condition (44.8 minutes) and multiplied
it by the corresponding percent change effect size.
11
Since we are running OLS with a log-transformed dependent variable (y), our regression coefficients (β)
correspond to percent changes in the dependent variable using the formula: %∆y = 100 * (e β - 1)
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binary logit model that predicts the excess zeros in the data and a negative binomial count model
to predict the remaining count data.
We find in the binary model part of the ZINB (see Table S5, Column 1) that both subgoal
treatments marginally reduced the likelihood of zero volunteering in a given week relative to the
200 hours a year control condition (b4hours = -0.075, p4hours = .075, OR = 0.93; b8hours = -0.079,
p8hours = .059, OR = 0.92), supporting Hypothesis 1. There was no significant difference between
the two subgoal treatments (p = .914), however (not supporting Hypothesis 2). This means both
subgoal treatments had a statistically indistinguishable impact on the decision to volunteer at all.
We find in the count model part of the ZINB (see Table S5, Column 2) that relative to the
200 hours a year control condition, the 8 hours every two weeks condition increased the number
of minutes volunteered by 4.6% (corresponding to an average of 8.06 extra weekly minutes spent
volunteering per person) after accounting for the excess zeroes in the data (b = 0.045, p = .038),
while the 4 hours every week condition did not significantly increase minutes volunteered among
those who made non-zero commitments of time (b = 0.013, p = .549), thus only providing partial
support for Hypothesis 1.12 Further, the 8 hours every two weeks condition increased minutes
volunteered marginally more than the 4 hours every week condition by 3.3% (corresponding to
an average of 5.86 extra weekly minutes spent volunteering per person) 13 providing some
evidence for Hypothesis 2 (b = 0.032, p = .063). This means that after accounting for the
decision of whether to volunteer at all, the 8 hours every two weeks condition had a marginally

12

Once again, we convert the coefficients in a negative binomial regression to percent changes in the dependent
variable through exponentiation.
13
To estimate the extra weekly minutes spent volunteering per person, we calculated the average weekly minutes
volunteered—excluding instances of zero volunteering—during the 12-week intervention in the 200 hours a year
control condition (175.2 minutes) or the 4 hours every week condition (177.5 minutes) and multiplied it by the
corresponding percent change effect size. Note that this provides an imperfect estimated effect size, since the count
model in the ZINB only accounts for excess zeros in the data, and not all zeros.
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larger, positive impact on the number of hours people volunteered than the 4 hours every week
condition.
Procrastination during the Intervention Period
We ran exploratory analyses to test whether our subgoal treatments successfully reduced
procrastination as theorized. We first measured procrastination by looking at the number of days
that passed in a given week before a participant first volunteered in that week (more days passed
before a first volunteering session were interpreted as more procrastination). We ran a discretetime survival analysis model with this outcome variable for each week in our intervention period
using daily volunteering data (see Online Supplement Table S6, Column 1). We find that the 4
hours every week condition significantly reduced procrastination on volunteering relative to the
200 hours a year control condition (b = 0.077, p = .035, OR = 1.08), and the 8 hours every two
weeks condition also marginally significantly reduced procrastination on volunteering relative to
the 200 hours a year control condition (b = 0.070, p = .056, OR = 1.07). There was not a
significant difference in procrastination between the two subgoal conditions (p = .862).
We also measured procrastination by examining the number of times that participants
volunteered in a given week during the 12-week intervention period (more instances of
volunteering in a week were interpreted as less procrastination). We ran an OLS regression
model with this outcome variable (see Online Supplement Table S6, Column 2). We find that the
4 hours every week condition significantly increased the number of times participants
volunteered in a given week by 7.7% (from an average of 0.402 times per week to 0.433 times
per week)14 relative to the 200 hours a year control condition (b = 0.027, p = .033). The 8 hours

14

To estimate the extra weekly times volunteered, we calculated the average weekly times volunteered during the
12-week intervention in the 200 hours a year control condition (0.402 times) and multiplied it by the corresponding
percent change effect size.
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every two weeks condition also increased the number of times participants volunteered in a given
week by 10.2% (from an average of 0.402 times per week to 0.443 times per week) relative to
the 200 hours a year control condition (b = 0.036, p = .006). Again, however, there was not a
significant difference between the two subgoal conditions (p = .496).
These results, combined with our pilot study data, suggest that, as theorized, breaking an
overarching goal down into subgoals may have increased goal progress in part by reducing
procrastination.
Treatment Effect Durability during the Intervention Period
To test Hypothesis 3, we also examine the durability of our treatment effects over the
course of our 12-week intervention period. Following our pre-registration, we ran a regression
model where we interacted the indicators for each treatment condition with a continuous measure
of the (mean-centered) week of the 12-week intervention period (see Table 4). We find that the
effect of assignment to our 8 hours every two weeks treatment does not significantly change over
time relative to the 200 hours a year control condition (Columns 2-3; ps > .79). However, the
effect of assignment to our 4 hours every week condition drops an estimated 0.8-0.9% per week
during the 12-week intervention period relative to the effect of assignment to our 200 hours a
year control condition. That decline is marginally significant in our regression specification with
participant fixed effects (p = .055; see Column 3 of Table 4), but it is not statistically significant
in our regression specification with participant-level control variables (p = .109; see Column 2 of
Table 4).
To examine whether there were differences in treatment durability between the 8 hours
every two weeks and 4 hours every week conditions, we ran Wald tests comparing the coefficient
estimates on these interaction terms in Table 4, Columns 2-3. These interaction terms differed
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either marginally in our pre-registered OLS regression specification with controls (Column 2, p =
.067) or significantly in our pre-registered OLS regression specification with participant fixed
effects (Column 3, p = .049). This provides suggestive evidence that the effect of the 8 hours
every two weeks treatment declines more slowly than the effect of the 4 hours every week
treatment, consistent with Hypothesis 3.
-----------------------------------Insert Table 4 about here
------------------------------------

Goal Progress Post-Intervention
We also examine whether the effects of subgoal framing endured after our 12-week
intervention concluded. Figure 3 displays the average weekly minutes volunteered by
experimental condition during each week of the 12-week post-intervention period and shows
directionally more volunteering in both the 4 hours every week and 8 hours every two weeks
condition than the 200 hours a year control condition. Table 3 presents the results of our preregistered regression models estimating the impact of our treatment conditions on volunteering in
the post-intervention period. As Columns 2-3 show, although estimates of the effects of
assignment to the 4 hours every week and 8 hours every two weeks treatment conditions
remained positive, they are not statistically significant post-intervention (all ps > .22).
We also do not see differences between the decay rates of our two treatment conditions in
the 12-week post-intervention period (see Online Supplement Table S7).
-----------------------------------Insert Figure 3 about here
------------------------------------

Robustness Checks
We performed several robustness checks, all of which yield results largely consistent
with those generated by our pre-registered analyses, and all of which can be found in the Online
Supplement (Tables S5 and S8-S14). First, we analyzed the raw number of weekly minutes
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volunteered as the dependent variable (instead of analyzing the log of this variable to account for
skew). Second, we analyzed a binary dependent variable capturing whether or not participants
volunteered at all in a given week, and we analyzed this outcome with both OLS and logistic
regressions. Third, we analyzed a binary dependent variable capturing whether or not
participants volunteered at least 4 hours in a given week (which would keep them on track for
200 hours of yearly volunteering), and again, we analyzed this outcome with both OLS and
logistic regressions. Fourth, we reran our regression models analyzing two weeks of volunteering
at a time rather than week-by-week volunteering to align with the cadence of our emails to
participants (which were sent every two weeks). Fifth, we reran our primary regression model
first predicting the total number of minutes participants volunteered during the entire study and
then predicting the total number of minutes volunteered during the entire post-study period.
Sixth, we re-ran our analyses using repeated-measures ANOVA and ANCOVA instead of OLS.
Finally, we tested the robustness of our ZINB results by running a two-stage OLS model. These
analyses all support the same conclusions presented previously.
Exploration of possible heterogeneity in treatment effects revealed a lack of variation by
volunteers’ gender, tenure, or prior progress towards their 200-hour goal (see Online Supplement
Tables S15-S19). However, treatment effects did vary by volunteers’ age, such that older
volunteers’ volunteering time responded more positively to the 8 hours every two weeks framing
than either the 200 hours a year control framing or the 4 hours every week framing (see Online
Supplement Table S20 and section “Additional Details on Heterogeneity by Volunteer Age”).
General Discussion
Previous scholarship examining how subgoals affect goal progress has largely relied on
one-shot studies in the laboratory (Amir & Ariely, 2008; Latham & Brown, 2006; Latham &
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Seijts, 1999; Stock & Cervone, 1990) or small-sample studies in the field (Bandura & Schunk,
1981; Bandura & Simon, 1977; Huang et al., 2017; Latham & Brown, 2006) to measure impact.
In a large, pre-registered, longitudinal field experiment, we show that subgoals substantially and
robustly increase goal progress. Specifically, we find that breaking down volunteers’ annual 200hour commitment to a nonprofit into more granular subgoals—to volunteer either 4 hours every
week (a granular and relatively inflexible subgoal) or 8 hours every two weeks (a less granular
and more flexible subgoal)—boosts minutes volunteered by 7-8% over a period of several
months. The benefits of subgoal framing do not vary by gender, tenure, or prior goal progress. In
addition, our pre-registered vignette pilot study provides suggestive evidence that granular
subgoals may boost goal progress by improving self-efficacy and goal commitment and by
reducing procrastination.
However, there is a tradeoff between granularity and flexibility in goals, because
breaking overarching goals into more granular subgoals also involves reducing the amount of
flexibility available to goal-seekers. Despite the greater flexibility afforded by describing
volunteers’ subgoal as contributing “eight hours every two weeks” rather than “four hours every
week” and the demonstrated benefits of goal flexibility (Beshears et al., 2020; Sharif & Shu,
2017; 2021), we largely do not find significant productivity differences between the two subgoal
conditions as hypothesized. That said, we do find suggestive evidence in an exploratory ZINB
analysis that conditional on volunteering more than zero minutes in a week, the more flexible
subgoal does boost people’s time spent volunteering relative to the more inflexible subgoal.
Moreover, we find that this more flexible and less granular subgoal also produces more durable
benefits than the more granular, less flexible “four hours every week” subgoal, as hypothesized.
Together, these results suggest that goal flexibility may matter more when it comes to enhancing
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and maintaining goal commitment over time than motivating initial goal pursuit. Future research
replicating these patterns and delving further into the underlying mechanisms would be valuable.
Theoretical Contributions
Our work contributes to the goal-setting literature in several ways. First, in a large, preregistered, longitudinal experiment, we demonstrate the robustness of the theory that subgoals
reliably increase goal progress. Some have theorized and provided data from the laboratory
suggesting that subgoals can fuel complacency and impair goal striving in environments where
progress towards goals is observable (Amir & Ariely, 2008). However, our field data suggests
that subgoals create value even under these circumstances. Building on past theorizing put forth
by Gal and McShane (2012), we propose that this may be because, over longer time horizons
(e.g., months rather than minutes), people’s attention refocuses on the overarching goal, which
reduces the potential risks of subgoals (e.g., complacency).
We also extend past theory by positing benefits of subgoals that have previously been
overlooked. One potential benefit of subgoals we propose is that they lead to the creation of
more imminent deadlines, which have been shown to effectively combat procrastination (Ariely
& Wertenbroch, 2002; Janakiraman, & Ordóñez, 2012; Lieberman et al., 2021). We test for this
in our field experiment by looking at the number of days that passed before a participant first
volunteered in a given week, and we find evidence that both of our subgoal treatments reduced
this form of procrastination. We also find that both subgoal treatments increased the number of
times participants volunteered in a given week, which we interpret as additional evidence of
reduced procrastination.
Another possible benefit of subgoals that has been overlooked is that they require smaller
time commitments than overarching goals by design. This should make goal commitment more
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attractive, similar to the “pennies-a-day” effect (Gourville, 1998; Hershfield et al., 2020). We
hope our investigation spurs future research on these and other benefits of subgoal framing.
Finally, we expand the goal-setting literature by exploring how the degree of flexibility in
a subgoal may affect its impact, both theoretically and in practice. Prior research has
operationalized goal flexibility in many different ways. Depending on the way it is
operationalized, flexibility has been found to sometimes be helpful for goal pursuit (Beshears et
al., 2021; Sharif & Shu, 2017), sometimes harmful (Koch & Nafziger, 2020; Shin & Milkman,
2018), and sometimes have no effect (Scott & Nowlis, 2013; van Lent, 2019). We manipulate
goal flexibility by reframing the same overarching goal in a more or less granular way rather
than by objectively limiting flexibility. We find evidence that with increasing granularity and
reduced flexibility comes a cost in terms of slightly steeper declines in goal progress over time.
Limitations and Future Research
Our research has several important limitations. First, our sample came from a single U.S.
organization’s volunteer workforce. Additional research replicating and extending these findings
to other samples, contexts, outcomes, and time periods would be valuable (List, 2020). For
example, future work is necessary to establish whether our results would generalize to companies
that pay their employees rather than those that rely on volunteers. Furthermore, the rates at which
volunteers actually attained their overall 200-hour volunteering goal (or their subgoal of
volunteering 4 hours every week or 8 hours every two weeks) were very low in our field
experiment. It would be valuable for future work to examine whether interventions like the one
we tested might produce different results in settings where average rates of goal attainment are
higher, and where the goals under study might therefore be perceived as more feasible.
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Second, our intervention lasted only 12 weeks, and as is typical in the literature, after our
reminders reframing goals concluded, their benefits dissipated (Calzolari & Nardotto, 2017). It
would be valuable for future research to test how long the benefits of an intervention reframing
overarching goals into more granular subgoals can endure if reminders continue to be delivered
not for months but for years. It would also be valuable to explore whether educating people
about how to break overarching goals into subgoals can produce lasting benefits that persist in
the absence of reminders (Hertwig & Grüne-Yanoff, 2017). While our field experiment focused
on an organizational application of subgoal framing, future work should also explore how this
strategy can be used to motivate individual goal pursuit. For example, if individuals are pursuing
large goals in the workplace, it would likely be beneficial for them to break those large goals
down into more granular subgoals. Future work should also explore whether this strategy can be
used in the domain of personal goal pursuit, e.g., if individuals can learn to successfully create
subgoals to achieve their personal ambitions, such as practicing a new skill, exercising, or
healthy eating.
We also test the effects of subgoals in the context of a simple, albeit long-term,
unidimensional goal. While there are many organizational settings involving unidimensional
goals like this (e.g., in sales, call centers, or other volunteering contexts), it is worth considering
what may happen in the context of more complex goals. In some settings, people work toward
multi-faceted goals that can be achieved by pursuing different types of subgoals (e.g., an
overarching goal to “become a better software engineer” can be pursued by achieving different
subgoals like “learning new programming languages,” “doing more code reviews,” “practicing
important algorithms,” etc.). In these settings, past research suggests that subgoals may distract
people from their overarching goals (Fishbach et al., 2006; Fishbach & Dhar, 2005). In addition,
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these contexts may raise the risk of goal substitution, whereby progress on one type of subgoal
distracts people from making progress on other types of subgoals, ultimately harming progress
towards their overarching goal (Fishbach et al., 2006; Fishbach & Dhar, 2005). There are also
cases where people are simultaneously pursuing multiple distinct goals (e.g., concurrent goals to
“read more research papers” and “engage in more service work”). Future research is needed to
explore how subgoal framing at different levels of granularity and flexibility would apply in
these different types of goal contexts.
Finally, we proposed several novel mechanisms to explain the benefits of subgoals in our
field experiment, and our pilot study provides supportive evidence for these mechanisms, as does
our exploratory analysis of how long people procrastinated each week in our field data.
However, future work is needed to more directly establish which mechanisms drive the benefits
of subgoals in field contexts like the one we studied.
Practical Implications
At an individual level, the gains from reframing an overarching volunteering goal as a
series of more granular weekly or biweekly subgoals are on the order of magnitude of a few
extra minutes volunteered every week. However, when scaled across a large organization like
CTL over time, the 8% lift in volunteering we generate is much more meaningful. For example,
if CTL rolled out our best-performing treatment across all of its volunteers for a year’s time, we
could expect it to produce an estimated 19,900 hours of additional volunteering (bootstrapped
95% confidence interval: 14,200 hours to 25,500 hours) at essentially zero cost. 15

15

Calculations based on a mean difference of 5.75 minutes in weekly minutes volunteered between the 200 hours a
year control condition and the 8 hours every two weeks condition from the data, scaled across 4,000 volunteers over
a 52-week period. The confidence interval was calculated by (1) resampling within the 200 hours a year control
condition, (2) resampling within the 8 hours every two weeks condition, (3) computing the mean difference between
the two resampled groups, (4) Repeating steps (1)-(3) 10,000 times, and (5) taking the 2.5th and 97.5th percentiles
of the mean differences.
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Thus, our findings suggest that subgoal framing can be a cost-effective and powerful tool
for managers and organizations to motivate goal progress over time. There may also be ways to
amplify the benefits of reframing an overarching goal into more granular subgoals by
communicating via more channels than emails sent every other week.
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Figure 1
Goals Lie on a Continuum from More Granular to Less Granular

Note. When goal granularity is achieved by framing overarching goals in terms of a series of
smaller, more temporally proximal subgoals, those subgoals become less flexible.
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Figure 2
Average Weekly Minutes Volunteered During Each Week of the 12-Week Intervention Period
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Figure 3
Average Weekly Minutes Volunteered During Each Week of the 12-Week Post-Intervention
Period

41

Table 1
Descriptive Statistics and Randomization Checks

Variable

Full
Sample
0.81

200 Hours a year
Control condition
0.80

(0.39)

(0.40)

(0.39)

(0.39)

(p = 0.81)

0.66

0.65

0.66

0.67

1.60

(0.48)

(0.48)

(0.48)

(0.47)

(p = 0.20)

28.9

28.9

29.0

28.8

0.2

(9.7)

(9.8)

(9.7)

(9.6)

(p = 0.82)

0.01

0.01

0.01

0.01

0.13

(0.10)

(0.10)

(0.10)

(0.10)

(p = 0.88)

0.09

0.08

0.10

0.09

2.10s

(0.28)

(0.27)

(0.29)

(0.28)

(p = 0.12)

29.5

28.9

29.4

30.2

1.01

(34.8)

(33.8)

(35.0)

(35.5)

(p = 0.36)

3.73

3.66

3.72

3.81

0.58

(5.66)

(5.58)

(5.66)

(5.73)

(p = 0.56)

6.64

6.70

6.52

6.69

0.37

instance of volunteering

(8.94)

(8.95)

(8.85)

(9.01)

(p = 0.69)

N

9,108

3,035

3,037

3,036

Proportion female

Proportion not reporting gender

Age (in years)

Proportion not reporting age

Proportion with no volunteering
prior to intervention start date
Total volunteering before
intervention start date (in hours)
Volunteering during the four
weeks prior to intervention start

4 hours every
week condition
0.81

8 hours every two
weeks condition
0.81

F-statistics
0.21

date (in hours)
Number of months since first

Notes: This table reports means or proportions of key variables for the full sample and for each experimental condition separately.
Standard deviations are reported in the first four columns in parentheses. The F-statistics column reports results from F-tests as to
whether the experimental conditions significantly differed on any key observable variables. Age was calculated by subtracting birth year
from 2019, the year the intervention was run. The Proportion female row uses data from the 3,122 participants who opted to report their
gender, and the Age (in years) row uses data from the 9,015 participants who opted to report their birth year. All other rows use data
from the full sample of 9,108 participants.
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Table 2
Summary of Participant Volunteering During the Study Period
Proportion
Volunteering 4
Hours or More

Minutes Volunteered
10th
Mean
90th
Percentile
(Standard
Percentile
Deviation)

Intervention Period
Week 1

12.6%

0

82.5 (142.2)

256

Week 2

8.9%

0

64.3 (127.1)

230

Week 3

8.2%

0

59.4 (119.0)

221

Week 4

6.7%

0

51.1 (111.8)

190

Week 5

5.9%

0

46.0 (102.6)

166

Week 6

5.2%

0

40.7 (101.4)

149

Week 7

4.5%

0

36.7 (93.0)

136

Week 8

4.1%

0

33.6 (88.0)

128

Week 9

4.0%

0

31.5 (86.7)

123

Week 10

3.5%

0

29.4 (85.6)

117

Week 11

3.0%

0

25.2 (76.7)

108

Week 12

3.0%

0

24.5 (79.4)

101

Week 13

3.5%

0

28.5 (83.6)

114.3

Week 14

3.0%

0

26.2 (81.5)

108

Week 15

3.4%

0

27.8 (85.8)

113

Week 16

2.7%

0

25.3 (79.9)

102

Week 17

3.3%

0

28.1 (88.9)

111

Week 18

2.8%

0

25.2 (84.2)

97

Week 19

2.7%

0

25.2 (89.6)

94

Week 20

2.4%

0

23.4 (80.6)

89

Week 21

2.6%

0

23.0 (85.1)

80

Week 22

2.6%

0

20.7 (74.4)

66.3

Week 23

3.0%

0

24.2 (82.7)

87.3

Week 24

2.8%

0

21.5 (81.4)

66

Post-Intervention Period

Note. This table reports summary statistics for the full sample (N=9,108) both during the
intervention period (Weeks 1-12) and immediately after the intervention period (Weeks 1324).
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Table 3
Regression-Estimated Effects of Subgoal Treatments on Weekly Volunteering During- and
Post-Intervention

Dependent Variable = Weekly Volunteering (Logtransformed)
(1)
(2)
(3)
During-intervention
4 hours every week

8 hours every two weeks

Post-intervention
4 hours every week

8 hours every two weeks

0.090* (0.042)
p = 0.032

0.081* (0.033)
p = 0.014

0.078* (0.034)
p = 0.021

0.106* (0.042)
p = 0.012

0.088** (0.033)
p = 0.008

0.069* (0.034)
p = 0.043

0.047 (0.036)
p = 0.187

0.036 (0.032)
p = 0.267

0.022 (0.038)
p = 0.563

0.063+ (0.036)
p = 0.080
p = 0.708

0.039 (0.032)
p = 0.226
p = 0.834

0.014 (0.038)
p = 0.720
p = 0.784

Wald test comparing 4 hours
vs. 8 hours (During)
Wald test comparing 4 hours
p = 0.671
p = 0.914
p = 0.830
vs. 8 hours (Post)
Control Variables?
No
Yes
No
Calendar Week Fixed Effects?
No
Yes
Yes
Participant Fixed Effects?
No
No
Yes
Pre-Intervention Data?
No
No
Yes
Number of Participants
9,108
9,108
9,108
Observations
189,784
189,784
485,082
R2
0.022
0.203
0.317
Note. This table shows results from OLS regressions predicting weekly volunteering in
number of minutes (log-transformed) across the experimental conditions for the 12-week
intervention period, as well as the 12-week post-intervention period. Robust standard errors,
clustered at the participant level, are in parentheses. The control condition, as described intext, serves as the reference category. When controls are present, regressions include
gender, age, total number of minutes volunteered prior to the intervention start date, number
of minutes volunteered during the 4 weeks prior to the intervention start date, tenure as a
volunteer, and the number of weeks since the intervention start date.
+ p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001
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Table 4
Regression-Estimated Effects of How Subgoal Treatment Effects Change over Time During
12-Week Intervention Period

4 hours every week

8 hours every two weeks

Weeks since start of
intervention (centered)
4 hours every week * Weeks
since start of intervention

DV: log-transformed number of minutes volunteered in a given week
(1)
(2)
(3)
0.090* (0.042)
0.080* (0.033)
0.126** (0.039)
p = 0.032
p = 0.013
p = 0.001
0.106 (0.042)
p = 0.012

0.086** (0.033)
p = 0.008

0.069+ (0.039)
p = 0.079

-0.096*** (0.004)
p < 0.001

-0.112*** (0.007)
p < 0.001

-0.113*** (0.004)
p < 0.001

-0.007 (0.005)
p = 0.162

-0.008 (0.005)
p = 0.109

-0.009+ (0.005)
p = 0.055

8 hours every two weeks *
0.002 (0.005)
0.001 (0.005)
0.0004 (0.005)
Weeks since start of
p = 0.646
p = 0.800
p = 0.938
intervention
Wald test comparing 4 hours
p = 0.066+
p = 0.067+
p = 0.049*
vs. 8 hours interaction terms
Control Variables?
No
Yes
No
Calendar Week Fixed
No
Yes
Yes
Effects?
Participant Fixed Effects?
No
No
Yes
Pre-Intervention Data?
No
No
Yes
Number of Participants
9,108
9,108
9,108
Observations
99,808
99,808
395,106
R2
0.023
0.240
0.318
Note. This table presents a series of OLS regressions predicting weekly volunteering in number of minutes (logtransformed) across the experimental conditions for the 12-week intervention period. Weeks since start of intervention
ranged from 1-12 during the intervention period, takes the value 0 in pre-intervention data, and was mean-centered. Robust
standard errors, clustered at the participant level, are in parentheses. When controls are present, regressions include gender,
age, total number of minutes volunteered prior to the intervention start date, number of minutes volunteered during the 4
weeks prior to the intervention start date, and tenure as a volunteer.
+ p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001

