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Abstract
Personal rules such as “I never eat meat” and plans (“I will try not to eat meat”) are common.
Whereas a plan expresses an intention, a personal rule is a categorical principle you vow to
follow without exception. Despite the anecdotal accounts of the value of personal rules as a self-
control device, experimental evidence is scarce. In this study (N = 156), we compared the effect
of a personal rule versus a plan in increasing people’s daily step count over a week-long
intervention. Both personal rules and plans increased step count significantly more than a
comparison no-treatment control group, but there was no difference between personal rules and
plans. While these findings may indicate that personal rules are no more effective than plans,
they may also suggest that the efficacy of personal rules depends on conditions not established in
this intervention.
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No Exceptions: Personal Rules and Self-Control

Self-control conflicts—between immediately rewarding wants and more enduringly
valuable shoulds— are a familiar struggle (Milkman et al, 2008). Failures are commonplace
(Norcross & Vangarelli, 1988), and have significant negative consequences: self-control is as
predictive of life outcomes as intelligence and family socioeconomic status (Moffitt et al., 2011).
Specifically, self-control predicts academic grades, graduation rates, wealth, substance abuse,
criminal activity, obesity, eating behaviors, subjective well-being, weight loss, and exercise
(Crescioni et al., 2011; Duckworth et al., 2019; Fan & Yin, 2013; Moffitt et al., 2011; Wiese et
al., 2017). In fact, self-control has been deemed a “hallmark virtue of human character” (Prelec
& Bodner, 2003, p. 227) from which “human happiness is inseparable” (Rachlin, 2000, p. 8).
Personal rules have been proposed as a potentially powerful self-control strategy (Ainslie &
Haslam, 1992), yet experimental evidence is sparse. Synthesizing previous literature, we define
personal rules as a categorical principle you vow to follow without exception and present results
from an experiment comparing personal rules to plans as strategies for increasing physical
activity.
Self-control

Self-control refers to “the capacity for altering one’s own responses, especially to bring
them in line with standards such as ideals, values, morals, and social expectations, and to support
the pursuit of long-term goals” (Baumeister et al., 2007, p. 351). The need for self-control arises
because long-term goals often conflict with momentarily more gratifying goals. This leads to a
phenomenon called preference reversal: although when asked in advance an individual prefers
actions that align with a long-term goal, when the moment of choice arises, they change their

mind and instead prefer the more rewarding, short-term goal (Berns et al., 2007). For example, at



the start of the week an individual may have a preference to go to the gym on Wednesday to get
fit. However, when Wednesday arrives, the temptation to stay in and watch Netflix overrides the
previous preference and the individual fails to act in alignment with their long-term goal. For
many of our valued goals, rewards depend on consistent repetition over time of actions aligned
with the goal (Rachlin, 2000; Prelec & Bodner, 2003). Working out once does not make you fit;
but working out consistently and repeatedly for several months does. The benefit of self-control
thus depends, in part, on the establishment of patterns of behavior over time (Rachlin, 2000).
Personal Rules

One strategy that can establish patterns of behavior is personal rules (Rachlin, 2000).
Personal rules have been defined and used in a variety of different ways. In existing literature,
personal rules have been defined as internal, or soft, commitment devices (Bénabou & Tirole,
2004; Bryan et al., 2010; Rachlin 2000), promises to oneself (Bénabou & Tirole, 2004; Kirby,
2014), self-enforcing contracts with future selves (Ainslie & Haslam, 1992), choices that align
with the ‘best’ disposition one could have, regardless of the disposition one actually has (Prelec
& Bodner, 2003), and categorical rules that link situational cues to a desired response
(Duckworth et al., 2019). Consistent with these conceptualizations, we define personal rules as a
categorical principle you vow to follow without exception. For example: “I never eat meat,” or “I
always go to sleep before midnight.”

Rules are commonly used to guide behavior. Laws are rules enforced by an external
authority, and principles such as the biblical ten commandments prescribe rules for moral action.
Personal rules in particular have captivated thinkers throughout history. Adam Smith spoke of
the need to master “passive feelings” with “active principles” (Meardon & Ortmann, 1996).

Thomas Schelling urged: “Set yourself the kinds of rules that are enforceable. Use bright lines



and clear definitions, qualitative rather than quantitative limits if possible... Permit no
exceptions.” (Schelling, 1984, p. 7). Mahatma Gandhi achieved fasting, celibacy, and the
practice of non-violence throughout his life by following vows (Kirby, 2014). According to
Gandhi, a vow is a promise to oneself that involves an “unalterable decision to do or not do a
particular thing.” (Gandhi, p. 240). Benjamin Franklin, polymath and Founding Father, used
resolutions in his relentless quest for self-improvement. On realizing the confused nature of his
conduct, he determined: “Let me, therefore, make some resolutions...that, henceforth, I may live
in all respects like a rational creature” (Franklin, 1726).

Personal rules are posited to increase self-control by increasing the cost of temptation,
signaling information about identity traits, and enabling automatic behaviors.
Figure 1

Framework for the Effect of Personal Rules on Self-Control
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Note. Framework of how personal rules lead to increased self-control choices. Increasing the cost
of giving into temptation, enabling automatic behaviors, and identity signaling are three possible
mediators.

Increasing the Cost of Giving into Temptation



Why are people motivated to avoid giving into temptation when they have a personal
rule? First, personal rules make it more difficult to ignore or forget that one has given into
temptation. Second, breaking a rule once undermines one’s expectation of successfully exerting
self-control in the future. Given the importance of repeating self-controlled behaviors over time,
even one lapse can be damaging (Ainslie & Haslam, 1992).

Making Lapses Evident

A personal rule makes it clear when an action is a violation of the rule by using a
categorical qualifier ‘always’ or ‘never’ and pairing it with a specific action. This creates a bright
line, which is a boundary that “cannot be moved just a little bit” (Ainslie & Haslam, 1992, p.
195). For example, an individual who has a rule “I always go to bed before midnight” clearly
violates their rule if they go to bed at 1:00 am. Personal rules are also accompanied by an
implicit or explicit commitment to self-monitor (Bénabou & Tirole, 2004). Self-monitoring is the
process of paying deliberate attention to one’s behavior (Schunk, 1983) and has been shown to
increase self-control (see e.g., Burke et al., 2011; Schmitz & Perels, 2011; Zimmerman &
Paulsen, 1995). By forming a personal rule with a bright line and paying attention to their
behavior, an individual is more likely to recall giving into temptation (Bénabou & Tirole, 2004).
Awareness that one has broken an explicit commitment is aversive as it undermines one’s desire
to be internally consistent (Beshears et al., 2016; Festinger, 1962). Moreover, recalling that you
have broken a rule means you are more likely to experience the cost of reduced expectation of
self-control (Bénabou & Tirole, 2004).

Reducing Expectation of Future Self-Control
Personal rules do not permit exceptions. Breaking a rule even once undermines the force

of the rule: one’s expectation of exerting self-control in the future decreases. Two models specify



how this process occurs. In the hyperbolic discounting model, personal rules group choices into a
category (Ainslie & Haslam, 1992). Linking a series of choices together means a current choice
sets a precedent for future choices in that category, preventing an individual from allowing
themselves to give into temptation “just this once” (Ainslie & Haslam, 1992; Rachlin, 2000).
This changes the cost of giving into temptation relative to exerting self-control. In a self-control
choice, an individual chooses between a large reward received later, and a small reward received
sooner. However, if a rule is specified that makes a choice today indicative of similar choices in
the future, then the rewards from the repeated choices are aggregated: an individual must choose
between the sum of all smaller, sooner rewards and the sum of all larger, later rewards across the
repeated choices. Giving into temptation is no longer preferred: an individual who caves to
temptation loses the sum of larger, later rewards from every future choice in that category
(Ainslie, 1975, 1992, 2012; Ainslie & Haslam, 1992).

Several theorists have compared the consequences of viewing choices as part of a broader
series rather than individually. In choice bracketing, choices are grouped into sets; a choice is
made by taking into account its effect on other choices in the set (Read, Loewenstein, Rabin, et
al., 1999). Choice bracketing “reveals the broader patterns of behavior that are less apparent
when each choice is considered in isolation.” (Fujita & Roberts, 2010, p. 1051). Similarly,
Heyman (1996) differentiates between local framing, where one considers only the value of each
isolated choice, and global framing, where future choices are taken into account. High-level
construal involves abstracting the global features of a set of examples (Fujita & Han, 2009).
Activating high-level construal by asking ‘why’ participants engage in behaviors rather than
‘how’ has been shown to increase participants’ likelihood of opting into self-control strategies,

such as choice bracketing, for valued goals (Fujita & Roberts, 2010).



Researchers showed the efficacy of reward bundling based on a hyperbolic discounting
model in both humans and animals (Ainslie & Monterosso, 2003). In one influential experiment,
researchers calibrated a choice between a small, immediate reward and a large, delayed reward
such that each participant impulsively preferred the smaller, sooner reward. A significant number
of participants switched to choosing the larger, later reward when choices were repeated and
linked together either by force (offering only one choice between the sum of all smaller rewards
and all larger rewards), by suggestion (framing a choice today as “the best indication of how you
will choose every time”), or by simply telling participants that a choice was the first in a series of
similar choices (Kirby & Guastello, 2001, p. 159). Using a similar paradigm focused on smokers,
Hofmeyr et al. (2010) demonstrated that when individual decisions between smaller, sooner
rewards and larger later rewards were bundled into groups (either by forcing participants to make
all decisions at once, or by suggesting that participants consider the decisions as part of a series),
participants increased their preference for the larger, later rewards (Hofmeyr et al., 2010).
Similar results have been observed when participants make choices requiring self-control
simultaneously versus sequentially (Read, Loewenstein, Kalyanaraman, et al., 1999), and when
choices are grouped into triplets by function of a delay after three choices (Kudadjie-Gyamfi &
Rachlin, 1996).

In the self-reputation model, personal rules influence future choices by providing
information about one’s self-control (Bénabou & Tirole). A person has imperfect knowledge of
their self-control in the face of visceral temptations and can thus only infer their self-control
from past actions. If a person gives in to temptation in an immediate self-control conflict and
recalls the lapse, this signals poor self-control and lowers their expectation of successfully

exhibiting self-control in future choices. Personal rules are self-enforcing because individuals



want to avoid the cost of signaling poor self-control and jeopardizing future self-control choices
(Bénabou & Tirole).
Identity signaling

People are motivated to resist temptation not only because it signals likelihood of future
self-control choices, but also because it sends a signal about the ‘kind of person’ they are (Prelec
& Bodner, 2003). People are uncertain about the extent to which they possess desirable traits,
and choose actions based on the information the action provides about these traits (Prelec &
Bodner, 2003; Bodner & Prelec, 2003). Research suggests that identity signaling increases self-
controlled behavior (see, e.g., Berger & Rand, 2008; Magen & Gross, 2007; Quattrone &
Tversky, 1984; Touré-Tillery & Fisbach, 2015).

Personal rules may leverage the effect of identity signaling by making identities
particularly salient. March & Olsen (2011) hold that rules and identities are intimately
connected: people have a collection of identities, each of which entails rules of appropriate
behavior in relevant situations. Rules, identities, and situations are matched through the process
of asking: “What kind of a situation is this? What kind of a person am I? What does a person
such as I do in a situation such as this?”’ (March & Olsen, 2011, p. 479). Patterns of repeated
behavior created by strategies such as personal rules and habits foster self-identification as ‘the
kind of person’ who engages in that behavior (Gardner et al., 2011; Rachlin, 2000; Verplanken &
Sui, 2019). The more strongly an action influences an individual’s conception of their identity,
the more they will tend towards ‘always’ or ‘never’ rules for that action (Prelec & Bodner, 2003;
Bodner & Prelec, 2003).

Enabling Automatic Behaviors
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Forming a personal rule links an environmental cue (such as time of day) with a response
(such as going to bed). This increases the likelihood that when the situation arises, an individual
will automatically act on their personal rule (Duckworth et al., 2019). This phenomenon can be
understood using the process model of self-control. According to this model, behaviors are
generated from four recursive stages: situation, attention, appraisal, and response (Gross, 1998;
Duckworth et al., 2019). People find themselves in an objective situation. They direct their
limited attention, subjectively appraise whether something is good or bad for them, and then
enact a response.

Plans, habits, and personal rules bypass the appraisal stage of the process model by
linking situational cues directly to a response (Duckworth et al., 2019). When an individual with
the personal rule “I never eat meat” sees meat on the menu, they do not need to deliberate
whether it would be good or bad to eat it; they simply enact their rule. Shortcutting the
deliberation phase is helpful for self-control because in the moment, the reward from temptation
is often greater than the reward from the self-controlled choice (Ainslie, 1975; Loewenstein,
1992). If behaviors prompted by a personal rule are repeated over an extended period of time,
they may become habits (Duckworth et al., 2019). Habits are a valuable self-control strategy that
are similarly triggered by context, but are acquired slowly and performed independently of a goal
(Wood & Neal, 2007).

Personal Rules and Plans

Like personal rules and habits, plans enable automatic behaviors by linking an
environmental cue to a desired response (Gollwitzer, 1999). Due to the robust evidence that
plans increase goal attainment and goal striving, plans are a useful benchmark for the efficacy of

personal rules (Gollwitzer, 1999; Milkman et al., 2012; Rogers et al., 2015; Yeomans & Reich,
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2017). Plans bridge the gap between wishes and goal attainment by specifying when, where, and
how to act (Gollwitzer, 1999; Gollwitzer & Bargh, 1996). Plans force people to consider
logistical hurdles to their goals, combat forgetfulness, and link tasks to environmental, temporal
or behavioral cues in an automatic way (Gollwitzer, 1999; Beshears et al., 2016; Rogers et al.,
2015).

There are several important differences between personal rules and plans. First, personal
rules are categorical by definition. Whereas a plan might state: “When I walk into my bedroom, I
will study math,” a personal rule would state: “When I get home, I always do my homework”
(Duckworth et al., 2019). Plans are often tailored to fit one-off circumstances such as attending
an appointment (Milkman et al., 2012; Rogers et al., 2015). In contrast, personal rules apply to
choices repeated over time (Ainslie & Haslam, 1992).
Current Investigation

Physical activity is a domain in which self-control conflicts abound. Health-related
outcomes such as fitness and weight loss require many repetitions of self-controlled choices.
However, it is often more tempting to stay at home than to go to the gym. The prevalence of self-
control conflicts provides insight into why only half of Americans meet physical activity
recommendations (Clarke et al., 2016), despite the benefit of physical activity for long-term
outcomes such as coronary heart disease, cancer, diabetes, depression, weight loss, and quality of
life (Bize et al., 2007; Richardson et al., 2008; Roumen et al., 2009; Sattelmair et al., 2011;
Tardon et al., 2005; Teychenne et al., 2008).

Step count is a useful measure for physical activity because it is objective, easy to
measure, and correlated with important health outcomes (Bassett et al., 2017; Morris &

Hardman, 2012). Behavioral interventions such as planning, goal-setting, self-monitoring,
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precommitment, and gamification have been shown to increase step count (Romeo et al., 2019;
Kramer et al., 2020; Patel et al., 2019; Kanejima et al., 2018). Prior work indicates that
increasingly ubiquitous wearables such as Fitbit accurately track step count (El-Amrawy et al.,
2015).

This study provides empirical evidence on the effect of forming and following a personal
rule. In a one-week intervention, we led participants through the generation of a personal rule
related to step count, and compared the effect of personal rules with plans on step count over the
course of the week. This study used a new method of collecting Fitbit data. Rather than
partnering with costly third-party platforms, we developed a free web app which simply required
users to log into their existing Fitbit account to grant access to their data for 30 days.

Method
Participants

Participants were N = 156 adults recruited via online task crowdsourcing platforms
Prolific and Amazon Mechanical Turk (MTurk) in April 2020. The participants were 87%
White, 8% Asian, 8% Hispanic, 4% Black, and 2% other racial-ethnic backgrounds; 74% were
female. Participants were between the ages of 19 and 71 (M = 34.29, SD = 11.75). All
participants were from the United States and owned a Fitbit which they used regularly.
Participants completed the survey using the Prolific or MTurk platforms, which are
crowdsourcing websites where remote workers can complete surveys posted by researchers in
exchange for compensation. We excluded participants who reported being unable or unwilling to
walk outside during the coronavirus outbreak, did not want to walk more, or did not wear their

Fitbit daily. Participants were rewarded using a bonus scheme. They received $0.15 if they
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started and submitted the survey.! To motivate them to share their Fitbit data, they received a
bonus of $3.00 if they authorized access to valid step count data.
Measures
Step count

Participants authorized access to their daily step count history measured by the wearable
device, Fitbit. We collected the total number of steps taken each day for each participant for 30
days prior to the intervention, and 30 days after the intervention began.
Demographic information

We collected participants’ age, gender, and race at the end of the survey.
Procedure

Participants were prompted to log in to their Fitbit account and check a box to give
researchers access to their activities and exercise history for a duration of 30 days. Activities and
exercise data comprises multiple measurements, such as calories burned and floors climbed, but
we communicated that only the step count measurement would be accessed (Fitbit, 2019). Next,
a back-end web app verified self-reported frequency of Fitbit use by screening participants’ data
for the number of days with 0 step count. Only frequent users, who had a step count of 0 on
fewer than 5 days in the 30 days prior to the intervention, continued in the survey.

Participants were then randomly assigned to two conditions: the personal rule condition
(n = 83) and the planning control (n = 73). In the personal rule condition, subjects were given the
definition of a personal rule as a principle you vow to follow without exception, followed by two

comprehension checks. Participants who failed a comprehension check after two attempts were

! MTurk and Prolific allow participants to submit a survey even if they have not completed the full survey. Paying a
base rate of $0.15 to everyone who submitted the survey was logistically easier, as it ensured that we did not have a
high rate of rejecting participants.
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shown the correct answer, then continued in the survey. Participants then wrote their own
personal rule to follow over the next week. They were first prompted to think of something they
would like to do to increase their step count, then asked: “Now turn it into a rule that starts with
‘I always’”. Participants were required to include ‘I always’ in their response. In the planning
control, participants were prompted to think of something they would like to do to increase their

29

step count, then asked: “Now turn it into a plan that starts with ‘I plan to’”. Participants were
required to include ‘I plan to’ in their response (see Appendix for full intervention text).
Additionally, we compared both the planning control and the personal rule condition to a
comparison no-treatment control group (n = 52). The group consisted of participants from
previous pilot studies whose step count data we were still able to access during the time period of
the study outlined above. We assumed that the no-treatment participants were no longer affected
by our intervention after more than 3 weeks post-survey.

We then collected demographic information. Both conditions were reminded that over the
next week they should try to increase their step count, wear their Fitbit daily, and sync their
Fitbit app on their phone to ensure we could access their data. Participants were sent daily
reminders with the text of their plan or rule and an encouragement to increase their step count.

At any point after the intervention week ended, participants had to sync their Fitbit with
their mobile phone to update the step count data we had access to. If they did not complete this
sync, our data indicated a step count of 0 on each of the days since the participant last synced
their Fitbit and phone.

Analytic strategy

We used an intent-to-treat strategy. We define missing data as days with less than 2000

steps based on similar strategies in previous step count literature (Bachireddy et al., 2019). Days
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with missing data were replaced with the participant’s mean daily step count from the pre-
intervention period for that specific day of the week. We did an additional sensitivity analysis in
which we removed days with less than 2000 steps rather than replacing them with pre-
intervention averages. We used ordinary least squares regression to determine the effect of the
treatment and control conditions on participants’ daily steps during the intervention period. We
included person-by-day-of-week fixed effects to control for daily step count prior to the
intervention and clustered standard errors by person-by-day-of-week to account for participants’
variations in step count activity (e.g., walking more on the weekends than on the weekdays, or
vice versa).

Results

Both personal rules and plans increased step count compared to a comparison no-
treatment control group, but there was no difference between the effect of personal rules and
plans on step count.

In total, 28% of the participants who began the survey provided Fitbit data, were
randomized into conditions, and were included in the analysis (see Figure 2). Of the 565 online
workers who began the survey, 339 participants (60%) dropped out prior to reaching the Fitbit
data sharing instructions page, and 227 participants (40%) reached the instructions. Of these 227
participants, 20 dropped out upon reading the instructions (9%), 51 provided data that had more
than five days of 0 step count (22%), and the remaining 156 participants (69%) provided valid
data and proceeded to be randomized into the two conditions. Three people dropped out before
completing the full survey and one participant revoked access to their step count data during the

intervention week; all are still included in the analysis.
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In the 30 days prior to the intervention, participants took an average of 7,288 steps (see
Table 1). There was no difference between the mean pre-intervention daily step count for the
planning control group and the personal rule condition (707.69, 95% CI: [-339.00, 1754.38]; p =
.184). As context, the average American walks 5,117 steps per day (Bassett et al., 2010) and a
typical day’s step count for a healthy adult is between 6,000 and 7,000, excluding sports and
exercise (Tudor-Locke & Bassett, 2004). One hundred and forty-nine participants walked every
day and synced their Fitbit with their mobile after the intervention week ended — this meant they
had no days with 0 step count. Seven participants had between one and seven days with 0 step
count. There was no significant difference (ps > .05) between the treatment and control groups in
race, age, gender. Baseline step count did not differentially affect during-intervention step count
between conditions.

During the week of the intervention, the planning control group took 103.29 more steps
than they did prior to the intervention (95% CI: [-161.05 to 367.63]; p = .444). The personal rule
group took 183.54 more steps than they did prior to the intervention (95% CI: [-80.42 to 447.50;
p = .173). Participants in the personal rule condition took 80.26 additional daily steps (95% CI: [-
293.36 to 453.88]) relative to the participants in the planning control during the intervention
period (p = .674). This difference was not significant (see Table 2).

Figure 3
Comparison of Step Count Change During Intervention Between Planning Control and Personal

Rule Condition
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Note. The dotted line represents the first day of the seven-day intervention. Negative days
indicate days prior to the intervention; two weeks of pre-intervention data is displayed.

Both the planning control and the personal rules condition increased step count compared
to the no-treatment control group (planning control: 522.34; 95% CI: [20.49 to 1024.19 steps]; p
=.041; personal rules condition: 463.58; 95% CI: [-23.22 to 950.37 steps]; p = .062); see Table
3.2 We found qualitatively similar results when we removed step count data less than 2000 steps

rather than imputing it (see Table 4).

2 The no-treatment control group began their intervention before the coronavirus outbreak. To ensure the pre-
intervention data did not systematically differ across conditions, we used a pre-intervention period based on the 30
days before the no-treatment control began their intervention. Because a different pre-intervention period is used, the
results differ slightly from the analysis with just the planning control and the personal rule condition.
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Discussion

In a one-week intervention administered to online workers, we compared the effect of

personal rules and plans on step count measured by Fitbit. Both personal rules and plans

increased step count compared to a comparison no-treatment control group, but there was no

difference between the effect of personal rules and plans on step count.

What theoretical inferences can be drawn from this study? The study replicated prior

findings that plans increase self-control choices. The lack of significant difference between plans
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and personal rules could be interpreted as evidence that personal rules are no more effective than
plans. An alternative interpretation is that personal rules increase self-control choices more than
plans, but this intervention did not capture their effect. This may be due to the limitations of a
step count intervention, lack of social accountability, lack of iteration, and insufficient self-
monitoring.

The domain of step count may have dampened the effect of personal rules. The
coronavirus pandemic and weather constraints meant some actions to increase step count could
not be consistently taken. This may have caused personal rules to backfire. Studies on dieting
have demonstrated that deviating from a goal can cause people to abandon attempts to exert self-
control; this is known as the “what the hell” effect (Cochran & Tesser, 1996; Polivy & Herman,
1985). Breaking a personal rule once may similarly induce participants to give up on the rule
altogether (Ainslie & Haslam, 1992). Participants may not have been sufficiently motivated; at
baseline, participants already had a higher average daily step count than that of a typical healthy
adult. Low motivation may have prevented participants from forming a genuine internal
commitment to their rule. Finally, walking is a relatively low-effort activity that may not have
made identities such as healthiness salient. It may be necessary to form personal rules about
behaviors that are strongly linked to one’s identity, or prime identities prior to rule formation.

This intervention did not require participants to share their rule with other people.
However, the power of personal rules may stem from social accountability. Vegetarianism,
which entails a rule of not eating meat, regulates self-control in part due to the social identity
surrounding the label (Rosenfeld & Burrow, 2017). Many of Gandhi’s vows were public and
provided justifications for not engaging in an easily observed behavior (Kirby, 2014). The

potential to provide excuses, both internally and externally, is an appealing component of
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personal rules. If an individual makes a rule to “Never respond to emails after 10pm,” they can
easily excuse themselves from responding to emails by citing the rule to others. The individual
can also stop responding to emails at 10pm without sending a signal to themselves about the kind
of person they are; the rule exempts an action from self-signaling traits like laziness.

Personal rules may require iteration and a gradual increase in difficulty over time, a
process which was not possible in this week-long intervention. Self-efficacy has been shown to
be important for self-controlled behavior (Bandura, 1997). To follow personal rules, people need
sufficiently high pre-existing self-efficacy to be willing to stake their perception of their self-
control on a choice (Bénabou & Tirole, 2004). Given people’s tendency to be over-optimistic
about their goals (Norcross & Vangarelli, 1988; Garon et al., 2015), it may be most effective to
start with small rules, iterate to improve them, and increase the difficulty of rules over time.

Personal rules may require more explicit prompts to examine behavior. Bénabou & Tirole
(2004) suggest that a behavioral rule such as “I will save at least $500 each month” should be
accompanied by a cognitive monitoring rule such as “I will check my savings account...every
month” (Bénabou & Tirole, 2004, p. 879). Although the Fitbit app can facilitate self-monitoring,
this study did not require participants to monitor themselves. More explicit prompts, such as a
cognitive rule or a recommendation to check the Fitbit app daily, may be necessary to capture the
effect of personal rules.

Limitations and Future Directions

This study has several limitations. The study was underpowered due to the coronavirus
outbreak; it was not possible to run a large week-long study amid social distancing uncertainty.
A larger sample size would be necessary to detect the small effect sizes often observed for step

count interventions (Romeo et al., 2019). Only 27% of those who began the survey authorized
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access to their Fitbit data and were randomized into conditions. Those who persisted in the
intervention are likely to be different from an average member of the population. We sent
participants daily reminders including the text of their rule and encouragement to increase their
step count. However, outside of a study context, people do not receive reminders and indications
that someone is observing their actions.

Much remains for future research to investigate. To explore the relationship between
personal rules and social accountability, future studies could pair participants and determine the
effect of publicly stated rules, or study personal rules in a socially observable domain such as
social media communication. To attenuate the cost of rigidity, future interventions could use
conditional rules that account for obstacles, such as: “I always go for a run except when it is
raining.” Conditional rules can be consistently followed as they allow for extenuating
circumstances (Kirby, 2014). Additionally, we developed a self-monitoring dashboard that
participants could use to view their step count change during the intervention (although it was
not used in this study). Future studies could employ similar methods to increase self-monitoring.
To link personal rules more strongly to identity, future interventions could include questions
such as: What kind of person am 1? What behaviors would the kind of person that I am follow?

In addition, more clarity is needed on different types of personal rules, how personal rules
increase self-control, and potential moderators. Future research could investigate the difference
between rules related to one’s character such as “I never lie,” excuse-based rules such as “I never
respond to emails after 10pm,” and concrete action-based rules such as “I always walk around
the block every day.” Personal rules have been posited to both change the cost-benefit analysis in
a self-control choice (by increasing the cost of temptation and identity signaling), and skip the

cost-benefit analysis (by enabling automatic behaviors). Personal rules literature would benefit
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from more research on whether and how these processes trade off. Finally, it would be valuable
to test potential moderators of personal rules such as self-efficacy, motivation, and the extent to
which the goal is valued.
Conclusion

Personal rules are a potentially valuable yet under-investigated self-control strategy. This
study demonstrated that personal rules are as effective as plans in the domain of step count.
However, the limitations and conditions of this study may have dampened the effect of personal
rules. Future research is required to determine conditions under which the potential value of

personal rules could be fully harnessed.
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Appendix

Table 1

Step Count Across Conditions Pre- and During-intervention

Pre During
N Mean SD Mean SD
Control 73 6,911 3,325 7,014 3,752
Personal Rule 83 7,619 3,277 7,778 3,456

Total 156 7,288 3,308 7,421 3,606




35

Table 2

Comparison of Step Count Change Across Planning Control and Personal Rule Condition

Estimate SE t-value 95% CI p-value
LL UL
During Intervention 103.29 134.83 0.77 -161.05 367.63  0.444
Personal Rule * During 80.26 190.57 0.42 -293.36  453.88  0.674

Intervention

Note. OLS with person-by-day-of-week fixed effects and clustered standard errors by person-by-

day-of-week.
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Table 3
Comparison of Step Count Change Across Planning Control, Personal Rule Condition, and No-

treatment Control

Estimate SE t-value 95% CI p-value
LL UL
During Intervention -853.71 193.22 -4.42  -1232.50 -474.92  <.001
Planning Control * 522.34 255.99 2.04 20.49 1024.19  0.041

During Intervention
Personal Rule * During 463.58 248.31 1.87 -23.22 950.37 0.062
Intervention

Note. OLS with person-by-day-of-week fixed effects and clustered standard errors by person-by-

day-of-week.
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Table 4
Comparison of Step Count Change Across Planning Control and Personal Rule Condition, Step

Count < 2000 Removed

Estimate SE t-value 95% CI p-value
LL UL
During Intervention 103.26 156.97 0.77 -187.50 428.02  0.444
Personal Rule * During 80.83 216.09 0.374 -342.83 50448  0.708

Intervention

Note. OLS with person-by-day-of-week fixed effects and clustered standard errors by person-by-
day-of-week. Days with steps less than 2000 were removed rather than replaced with pre-

intervention averages.
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Intervention Text

Personal Rule Condition Planning Control

With COVID-19 disrupting our lives, it can be hard to stay healthy. Luckily, this change is
also a great opportunity to create new healthy behaviors.

We want to help you to create healthy behaviors around step count using your Fitbit.

Physical activity is associated with many positive outcomes, including:

e Happier mood

% Less stress

e Less risk of disease

@ More energy
0 Weight reduction

@ Better sleep

Currently, walking and running outside is:

1. Safe (as long as you practice social distancing)
2. Exempt from "stay at home" and "lockdown" orders in the United States

Don't believe us? Check out these reputable news sources that are encouraging outdoor
exercise (New York Times, Today, Insider).

Are you able and willing to walk or run outside in the next week?
® Yes
e No

Great! This is a 5-minute survey to help you increase your step count.

To earn $3.00 today, you must log into your Fitbit account to share your step count history
for 30 days. You must have a pre-existing Fitbit account — you will not get paid if you
created a Fitbit account today!
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What you are sharing from Fitbit What you are not sharing
Step count history for 30 Name
days before and 30 days Email
after this survey Password
Profile

Any health records

Your data will be confidential and strictly used for research purposes only.

e [ own a Fitbit and agree to log into my Fitbit account to share my step count history
e [ do not meet these requirements

Please enter your Prolific ID below. By entering your ID, you acknowledge that you have read
the consent form below and are consenting to participate.

[Textbox]

Informed Consent

We are researchers at the University of Pennsylvania studying decision making.

The survey that linked you to this page will take you approximately 5 minutes to
complete, and you will receive $3.00 for completing the HIT. You must share your step count
history from Fitbit for thirty days before and thirty days after the survey in order to complete
the HIT. You have the right to revoke access to your step count history at any time, and
researcher access to your step count history will automatically expire in 30 days. Every effort
will be made to keep all the information you share during the study strictly confidential,
except as required by law.

Your participation in this research is voluntary. You have the right to withdraw from the
study at any point and for any reason without penalty. This includes withdrawing any
additional history of activity and exercise that you may authorize through Fitbit, such as
previous history beyond thirty days, although researchers will not use that information for their
analysis. Your name and other identifying information will never be connected with the
responses you provide so no one will ever be able to identify you in any publications that will
result from this research.

If you have questions about your rights as a volunteer in this research study you can
contact the Office of Regulatory Affairs at the University of Pennsylvania at (215)-898-2614.

It is often difficult for people to motivate themselves to be active by walking. Would you like
to walk more?
® Yes
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e No

How often do you wear your Fitbit? You will NOT be paid the $3.00 bonus if you forgot to
wear your Fitbit for more than 5 days in the past 30 days.

e [ wear my Fitbit daily

e [ wear my Fitbit occasionally

e [ wear my Fitbit rarely or never

Please read this page carefully on how to earn $3.00.

BN 5015

i fitbit

Log In

[ §) Continue with Facebook

= 33'00

IMPORTANT: You must complete the survey and log into Fitbit to earn $3.00. We worked with

Fitbit and an Ivy League university to build an advanced fraud detection algorithm that can
instantaneously detect if you're cheating on the Fitbit login section.

Please be honest with yourself: If you don't already use a Fitbit regularly, don't waste 5
minutes for a meager $0.15. There are better HITS out there!

e ['m ready to earn the $3.00 bonus by logging into my Fitbit account.
e ['m no longer interested in earning the $3.00 bonus by logging into my Fitbit account.

You're almost halfway done with this survey—you don't want to lose this $3.00 bonus!

Now, log into your Fitbit account HERE to share your step count history and receive the
password to continue with the survey. See the images below for help.
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1. Login 2. Select "Allow All" 3. Submit your MTurk ID
- & fitbit x
= fitbit £>ce © 4 o

Prolific Sleep Study by Wharton Research would like the abi

Log In
Allow All

[ £] Continue with Facebook sleep

to access the following data in your Fitbit account. for 30 day: Conﬁrm yOUr Pr0|ifiC ID

Enter your Prolific ID to continue the survey:

If you allow only some of this data, Prolific Sleep Study may not function as

G Continue with
Google infended. Learm more about these permiseions here =

The data you share with Prolific Sleep Study will be governed by Wharton

Research’s Privacy Policy and Terms of

an revoke this consent

any time in your Fitbit accos

Signed in as
Not you?

Need to reset your Fitbit password? Click the + button for additional help. + Your password
can be reset by clicking on "Forgot password?" with the link provided in Step 1 of the
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[textbox]

People we admire, like Benjamin Franklin and
Mahatma Gandhi, used personal rules to
achieve their goals.

A personal rule is a principle you vow to
stick to without exception. It is something
that you choose to always do, or never do.

So, what is a personal rule?
e Something that you choose to always

or never do

e A preference you have about how to
behave

e Something you wish you did more
often

Which of the following is an example of a
personal rule?
e Try to use the stairs as much as
possible

People we admire, like Benjamin Franklin and
Mahatma Gandhi, made plans to achieve their
goals.

A plan is something you intend to do.
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e Only buy baked goods when you get a
good grade

e Most nights, turn your phone off at
9pm

e Never buy sugary drinks

Now, let's form a personal rule for you to
follow over the next week!
Think of something you'd like to
do that will increase your step
count

Think of something that you can do
frequently and is easy to do. It's
better to start small, and work your
way up! For example, walk around
the block. Make sure you think of
something you can do while social
distancing.

Over the next week, I'd like to...
[textbox]

Now, let’s make a plan for you to follow over
the next week!
Think of something you'd like to
do that will increase your step
count

Think of something that you can do
frequently and is easy to do. It's
better to start small, and work your
way up! For example, walk around
the block. Make sure you think of
something you can do while social
distancing.

Over the next week, I'd like to...
[textbox]

So you want to: {text}? Awesome! Now:
Turn it into a rule that starts with
'I always'

For example, 'l always walk around
the block once per day'. The rule
should be specific, and something
you can follow without exception.

So you want to: {text}? Awesome! Now:
Turn it into a plan that starts with
'I plan to'

For example, 'l plan to walk around
the block once per day'. The plan
should be specific, and something
you can follow.

Great! You've decided to follow the rule:
{text}

A rule is feasible if you think you can follow

Great! You've decided to follow the plan:
{text}

A plan is feasible if you think you can follow
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it without giving up. How feasible is this rule?

{Slider with options:

e 1: Not at all feasible
2: Not very feasible
3: Somewhat feasible
4: Very feasible

°
°
°
e 5: Extremely feasible}

it without giving up. How feasible is this
plan?

{Slider with options:

e 1: Not at all feasible
2: Not very feasible
3: Somewhat feasible
4: Very feasible

°
°
°
e 5: Extremely feasible}

It looks like your rule is not very feasible.

To make sure you can follow your rule,
choose another rule that is more feasible.

The rule should start with 'I always,' be
specific, and something you can follow
without exception.

[textbox]

It looks like your plan is not very feasible.

To make sure you can follow your plan,
choose another plan that is more feasible.

The plan should start with 'I plan to”, be
specific, and something you can follow.

[textbox]

Good job making the feasible rule:

{text}

Just to really make sure you remember, type

out your rule again below:

[textbox]

Good job making the feasible plan:

{text}

Just to really make sure you remember, type

out your plan again below:

[textbox]

Please answer the following last few questions about your demographics.

What is your age?

What is your gender?
e Male
e Female
e Other

What is your race? Select any that apply
e American Indian/Alaskan Native

e Asian, Asian-American or Pacific Islander

o African-American/Black
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e (Caucasian/White
e Hispanic/Latino
e Other

¥ The ultimate reward is a healthier version of yourself, so try your best on the following:

ftext} &

Remember to wear your Fitbit and sync it with your phone every day so your step count
data is recorded!

If you fall off the wagon, don’t worry — try again the next day. We’ll send you daily reminders
over the next 7 days!

Click the next button to claim your $3.00 and a healthier you this week!
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Daily Reminder Email

Hello! Thank you for taking the Fitbit survey about increasing your step count. You’re actively
moving towards a healthier you!

Remember to follow what you wrote to increase your step count: [[personalized text]] — and
practice social distancing while you do.



