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Megastudies improve the impact of applied 
behavioural science

Katherine L. Milkman1 ✉, Dena Gromet2, Hung Ho1,26, Joseph S. Kay2, Timothy W. Lee2,27, 
Pepi Pandiloski3, Yeji Park4, Aneesh Rai1, Max Bazerman5, John Beshears5, Lauri Bonacorsi6, 
Colin Camerer7, Edward Chang5, Gretchen Chapman8, Robert Cialdini9, Hengchen Dai10, 
Lauren Eskreis-Winkler11, Ayelet Fishbach11, James J. Gross12, Samantha Horn8, 
Alexa Hubbard13, Steven J. Jones14, Dean Karlan15, Tim Kautz16, Erika Kirgios1, 
Joowon Klusowski17, Ariella Kristal18, Rahul Ladhania19, George Loewenstein8, Jens Ludwig3, 
Barbara Mellers17, Sendhil Mullainathan11, Silvia Saccardo8, Jann Spiess20, Gaurav Suri21, 
Joachim H. Talloen8, Jamie Taxer12, Yaacov Trope13, Lyle Ungar22, Kevin G. Volpp23, 
Ashley Whillans5, Jonathan Zinman24 & Angela L. Duckworth1,25 ✉

Policy-makers are increasingly turning to behavioural science for insights about how 
to improve citizens’ decisions and outcomes1. Typically, different scientists test 
different intervention ideas in different samples using different outcomes over 
different time intervals2. The lack of comparability of such individual investigations 
limits their potential to inform policy. Here, to address this limitation and accelerate 
the pace of discovery, we introduce the megastudy—a massive field experiment in 
which the effects of many different interventions are compared in the same 
population on the same objectively measured outcome for the same duration. In a 
megastudy targeting physical exercise among 61,293 members of an American fitness 
chain, 30 scientists from 15 different US universities worked in small independent 
teams to design a total of 54 different four-week digital programmes (or 
interventions) encouraging exercise. We show that 45% of these interventions 
significantly increased weekly gym visits by 9% to 27%; the top-performing 
intervention offered microrewards for returning to the gym after a missed workout. 
Only 8% of interventions induced behaviour change that was significant and 
measurable after the four-week intervention. Conditioning on the 45% of 
interventions that increased exercise during the intervention, we detected carry-over 
effects that were proportionally similar to those measured in previous research3–6. 
Forecasts by impartial judges failed to predict which interventions would be most 
effective, underscoring the value of testing many ideas at once and, therefore, the 
potential for megastudies to improve the evidentiary value of behavioural science.

A major impediment to prescribing behaviourally informed policy 
interventions is the inability to make apples-to-apples comparisons 
of their efficacy2. Scientific teams tend to run studies independently, 
recruiting their own samples, making their own decisions about design 
parameters and targeting behavioural outcomes of their own choosing. 

As a consequence, differences in treatment efficacy are obscured 
by massive heterogeneity in sample demographics, treatment and 
follow-up periods, contexts and outcomes. Furthermore, many promis-
ing ideas for changing behaviour do not work in practice7, and it can 
be surprisingly difficult to predict ex ante which seeds will eventually 
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bear fruit7–11. Thus, the ‘one-apple-at-time’ approach is an inefficient 
way to advance behavioural science.

We propose an experimental paradigm for evaluating many behav-
ioural interventions at once: the megastudy is a massive field experi-
ment in which many different treatments are tested synchronously in 
one large sample using a common, objectively measured outcome. This 
approach takes inspiration from the common task framework, which 
has substantially accelerated progress in the field of machine learning12. 
In a common task framework, researchers compete to solve the same 
problem (such as image recognition), subject to the same constraints 
(for example, the same validation method) and using the same data-
set, with complete transparency in terms of hypotheses tested and 
results12,13. There are also precedents for this kind of research in online 
and laboratory environments14,15. Furthermore, scientific tournaments 
have a similar flavour to megastudies16, although they rarely involve 
random assignment and have not focused on behaviour change.

Additional benefits of megastudies include enabling economies of 
scale and publishing null results. The centralized administration of 

megastudies both decreases the marginal costs of conducting field 
research for individual scientists and accelerates the pace of scien-
tific exploration. Further, in the spirit of recent large scientific col-
laborations aimed at improving the openness and reproducibility of 
research17, megastudies enable null findings to be published because 
those null results are part of a larger endeavour.

Here we present a demonstration megastudy involving scientists 
who worked in small teams to create dozens of different online pro-
grammes aimed at promoting gym attendance in American adults. We 
also summarize separate prediction studies in which lay and expert 
third-party observers made ex ante forecasts of the relative efficacy 
of these interventions.

Defining the primary outcome
As policy-makers agree that physical exercise is healthy and because gym 
attendance can be measured objectively and precisely, gym visits are a 
natural target for applied behavioural science research3–5,18. Currently, only 
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d)1. Bonus for Returning after Missed Workoutsb

2. Higher Incentivesa

3. Exercise Social Norms Shared (High and Increasing)

4. Free Audiobook Provided
5. Bonus for Returning after Missed Workoutsa

6. Planning Fallacy Described and Planning Revision Encouraged

7. Choice of Gain− or Loss−Framed Micro−Incentives

8. Exercise Commitment Contract Explained

9. Free Audiobook Provided, Temptation Bundling Explained
10. Following Workout Plan Encouraged

11. Fitness Questionnaire with Decision Support & Cognitive Reappraisal Prompt

12. Values Af�rmation
13. Asked Questions about Workouts

14. Rigidity Rewardeda

15. Defaulted into 3 Weekly Workouts

16. Exercise Fun Facts Shared
17. Exercise Advice Solicited

18. Fitness Questionnaire

19. Planning Revision Encouraged

20. Exercise Social Norms Shared (Low)

21. Exercise Encouraged with Typed Pledge

22. Gain−Framed Micro−Incentives
23. Higher Incentivesb

24. Rigidity Rewardede

25. Exercise Encouraged with Signed Pledge
26. Values Af�rmation Followed by Diagnosis as Gritty

27. Bonus for Consistent Exercise Schedule

28. Rigidity Rewardedc

29. Loss−Framed Micro−Incentives
30. Planning, Reminders & Micro−Incentives to Exercise

31. Fitness Questionnaire with Cognitive Reappraisal Prompt

32. Exercise Encouraged
33. Planning Workouts Encouraged

34. Gym Routine Encouraged

35. Re�ecting on Workouts Encouraged

36. Planning Workouts Rewarded

37. Effective Workouts Encouraged
38. Planning Bene�ts Explained

39. Re�ecting on Workouts Rewarded
40. Fun Workouts Encouraged

41. Mon−Fri Consistency Rewarded, Sat−Sun Consistency Rewarded

42. Exercise Encouraged with E−Signed Pledge

43. Bonus for Variable Exercise Schedule
44. Exercise Commitment Contract Explained Post−Intervention

45. Rewarded for Responding to Questions about Workouts

46. Defaulted into 1 Weekly Workout
47. Exercise Social Norms Shared (Low but Increasing)

48. Rigidity Rewardedd

49. Exercise Commitment Contract Encouraged

50. Fitness Questionnaire with Decision Support

51. Rigidity Rewardedb

52. Exercise Advice Solicited, Shared with Others

53. Exercise Social Norms Shared (High)

0.0 0.5 1.5 2.01.0
Change in Mean Weekly Gym Visits

Legend: Regression−estimated Change Change Predicted by Third−party Observers

Fig. 1 | Measured versus predicted changes in weekly gym visits induced by 
interventions. The measured change (blue) versus change predicted by 
third-party observers (gold) in weekly gym visits induced by each of the 53 
experimental conditions in our megastudy compared with the placebo control 
condition during a four-week intervention period. The error bars represent the 
95% confidence intervals (see Extended Data Table 6 for the complete OLS 
regression results shown here in blue and the sample sizes for each condition; 
Supplementary Information 11 for more details about the prediction data 
shown in gold; and Supplementary Table 1 for full descriptions of each 

treatment condition in our megastudy). Sample weights were included in the 
pooled third-party prediction data to ensure equal weighting of each of our 
three participant samples (professors, practitioners and Prolific respondents). 
The superscripts a–e denote the different incentive amounts offered in 
different versions of the bonus for returning after missed workouts, higher 
incentives and rigidity rewarded conditions, which are described in 
Supplementary Table 1. In conditions with the same name, superscripts that 
come earlier in the alphabet indicate larger incentives.
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49% of American adults exercise at the recommended levels19, and physical 
inactivity accounts for an estimated 9% of premature mortality globally20.

Our final megastudy sample included n = 61,293 participants in 46 
US states (65% female, mean age = 39.13, s.d. = 13.25). The outcomes of 
interest over a four-week intervention period were: (1) the number of 
days participants checked into the gym each week, and (2) an indicator 
for whether participants checked into the gym at least once in a given 
week (following previous research5,6). For simplicity, here we focused on 
the number of days that participants exercised, but include the discrete 
exercise measure in Extended Data Fig. 1, Extended Data Tables 1–3 and 
Supplementary Information 5, in which we show that results with this 
secondary outcome are remarkably similar to our main results below.

Gym attendance data were provided by 24 Hour Fitness, which 
requires members to check in to enter the gym. In the four weeks 
before joining our megastudy, participants' mean number of weekly 
visits to the gym was 1.27 (s.d. = 1.48) and the mean number of par-
ticipants who checked into the gym at least once in a given week was 
47.7% (s.d. = 40.4%).

At least 455 participants were assigned to each megastudy condition 
(mean: n = 1,135; median: n = 839; Extended Data Table 4), yielding at 
least 90% power to detect a mean difference of 0.32 weekly gym visits 
per person between conditions when α is set at 0.05. Furthermore, as 
reported in Extended Data Table 5 and Supplementary Information 1 
and 7, balance checks suggest that randomization was successful and 
participant characteristics were similar across experimental conditions.

The effects of study conditions on exercise
Our megastudy included a placebo control condition in which par-
ticipants received 1,500 points when they enrolled in the study (worth 
US$1.08 when redeemed at https://www.amazon.com, an amount equal 
to the expected earnings of participants in a typical experimental con-
dition; see the ‘Descriptions of the 54 conditions in the megastudy’ 
section of the Supplementary Information). Participants in the placebo 
control condition received no other intervention content.

We also included a baseline intervention called planning, remind-
ers and microincentives to exercise. This condition combined three 
low-cost, evidence-based components that are expected to increase 
exercise. First, as past research has shown that planning prompts facili-
tate follow-through21–23, we prompted participants to plan the dates and 
times when they would exercise each week of the programme. Second, 
as reminders have been shown to enhance goal achievement24, we tex-
ted participants reminders to exercise at these scheduled times. Finally, 
building on past work showing that cash rewards for exercise that are 
an order of magnitude larger than this can promote gym attendance3–6 
and that the effects of very small incentives on goal commitment can be 
surprisingly large25, we offered participants microincentives for each 
gym visit (300 points per visit, redeemable for approximately US$0.22).

The other 52 experimental conditions in our megastudy augmented 
this planning, reminders and microincentives to exercise condition by 
adding new features (Supplementary Table 1).

Compared with the placebo control condition, 45% of the 53 experi-
mental conditions tested in our megastudy produced a statistically 
significant (two-sided P < 0.05) increase in an ordinary least squares 
(OLS) regression model predicting weekly gym visits during our four-
week intervention (significant P  values range from 2.39 × 107 to 0.045; 
Fig. 1a and Extended Data Table 6 present these regressions; Table 2 
shows the percentage of other treatments each experimental condition 
outperformed). In Extended Data Table 7, we present parallel analy-
ses of whether study participants attended the gym at least once per 
week, and we found that, compared with the placebo control condition, 
approximately 34% of the experimental conditions had significantly 
more people visiting the gym at least once per week.

Rather than adjusting our P values for 53 paired comparisons, we 
report unadjusted standard errors, two-sided P values and confidence 

intervals (CI) so readers may choose a preferred correction. Using the 
Storey–Tibshirani method of computing the false-discovery rate26, we 
estimate that the results identified as significant at the 5% level have less 
than a 5.07% chance of being a true null. The 45% of our experimental 
conditions that increased gym visits produced an estimated 0.14 to 
0.40 extra weekly gym visits during the four-week intervention period 
(the CI lower bounds range from 0.004 to 0.21 and the CI upper bounds 
range from 0.23 to 0.59), increasing exercise by an estimated 9% to 27% 
compared with the placebo control condition, in which participants 
visited the gym a mean of 1.48 times per week during the intervention 
period. No treatment significantly reduced gym visits. Furthermore, 
an F-test enables us to reject the null hypothesis that all 53 treatment 
effects have the same true value (F = 1.392, P = 0.032).

The planning, reminders and microincentives to exercise condition 
produced an estimated 0.14 more weekly gym visits per participant (a 
9% increase in exercise) compared with the placebo control condition 
(b = 0.14, 95% CI = 0.04–0.23, P = 0.006).

All of the 24 treatments that significantly increased exercise in com-
parison to the placebo control condition included planning, remind-
ers and incentives to exercise, typically with an additional nudge or 
reward to visit the gym (Fig. 1). Five of these experimental conditions 
stood out, significantly outperforming the planning, reminders and 
microincentives condition according to Wald tests comparing the 
estimated treatment effects. As some effect-size estimates had wider 
confidence intervals than others, these five conditions were not exactly 
the same as the five conditions with the largest estimated effect sizes 
shown in Fig. 1. The conditions in question are presented in Table 1 with 
their estimated effects on exercise. Note that the criteria used for their 
selection (that they are the top performers in a distribution) mean that 
these estimated treatment effects are probably inflated.

As shown in Table 1, we found that rewarding participants with a 
bonus of 125 points (US$0.09) for returning to the gym after a missed 
workout produced an estimated 0.40 more weekly gym visits per 
participant (a 27% increase in exercise) compared with the placebo 
control (b = 0.40, P < 0.001). This condition produced a 16% increase in 
exercise relative to planning, reminders and microincentives (b = 0.27, 
P = 0.010). Second, offering participants larger incentives (that is, 490 

Table 1 | Regression-estimated effects of top-performing 
interventions

Compared with the placebo 
control condition

Compared with the 
planning, reminders and 
microincentives condition

Treatment b 95% CI P b 95% CI P

(1) Bonus for 
returning after 
missed workoutsb

0.403 0.21–0.59 <0.001 0.266 0.06–0.47 0.010

(2) Higher 
incentivesa

0.365 0.18–0.55 <0.001 0.229 0.04–0.42 0.020

(3) Exercise 
social norms 
shared (high and 
increasing)

0.345 0.18–0.51 <0.001 0.209 0.03–0.39 0.020

(5) Bonus for 
returning after 
missed workoutsa

0.336 0.18–0.49 <0.001 0.200 0.03–0.37 0.022

(7) Choice 
of gain- or 
loss-framed 
microincentives

0.284 0.18–0.39 <0.001 0.147 0.02–0.27 0.021

See Extended Data Table 6 for the complete OLS regression results summarized here in 
columns 2–4, and Extended Data Table 8 for the complete OLS regression results summarized 
in columns 5–7.  The superscripts a–b denote the different incentive amounts offered in dif-
ferent versions of the bonus for returning after missed workouts and higher incentives, which 
are described in Supplementary Table 1. In conditions with the same name, superscripts that 
come earlier in the alphabet indicate larger incentives.

https://www.amazon.com
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points per gym visit, or US$1.75) produced an estimated 0.37 more 
weekly gym visits per participant (a 25% increase in exercise) com-
pared with the placebo control (b = 0.37, P < 0.001). This condition 
produced a 14% increase in exercise relative to planning, reminders 
and microincentives (b = 0.23, P = 0.020). Third, telling participants 
that the majority of Americans exercise and the fraction is growing 
produced an estimated 0.35 more weekly gym visits per participant (a 
24% increase in exercise) compared with the placebo control (b = 0.35, 
P < 0.001). This condition produced a 13% increase in exercise rela-
tive to planning, reminders and microincentives (b = 0.21, P = 0.020). 
Fourth, rewarding participants with a bonus of 225 points (US$0.16) 
for returning to the gym after a missed workout produced an estimated 
0.34 more weekly gym visits per participant (a 23% increase in exercise) 
compared with the placebo control (b = 0.34, P < 0.001). This condition 
produced a 12% increase in exercise relative to planning, reminders 
and microincentives (b = 0.20, P = 0.022). Fifth, allowing participants 

Table 2 | The percentage of treatments that each 
experimental condition outperformed

Experimental condition The percentage 
of conditions 
outperformed 
(P < 0.05)

List of conditions 
outperformed (P < 0.05)

(1) Bonus for returning after 
missed workoutsb

55 54***, 30**, 40**, 41**, 
44–53**, 26–29*, 31–39*, 
42*, 43*

(2) Higher incentivesa 47 54***, 47–52**, 28–31*, 
33*, 35–46*, 53*

(3) Exercise social norms shared 
(high and increasing)

40 54***, 47–52**, 30*, 33*, 
35–37*, 39–46*, 53*

(4) Free audiobook provided 15 54**, 47–53*

(5) Bonus for returning after 
missed workoutsa

38 54***, 47–52**, 30*, 33*, 
36*, 37*, 39–46*, 53*

(6) Planning fallacy described 
and planning revision 
encouraged

11 54**, 48–52*

(7) Choice of gain- or loss-framed 
microincentives

32 54***, 47–52**, 30*, 37*, 
40–46*, 53*

(8) Exercise commitment 
contract explained

11 54**, 48–52*

(9) Free audiobook provided, 
temptation bundling explained

17 54**, 45*, 47–53*

(10) Following workout plan 
encouraged

13 54**, 47–52*

(11) Fitness questionnaire with 
decision support and cognitive 
reappraisal prompt

11 54**, 48–52*

(12) Values affirmation 4 51*, 54*

(13) Asked questions about 
workouts

2 54*

(14) Rigidity rewardeda 6 54**, 51*, 52*

(15) Defaulted into three weekly 
workouts

2 54*

(16) Exercise fun facts shared 2 54*

(17) Exercise advice solicited 2 54*

(18) Fitness questionnaire 2 54**

(19) Planning revision 
encouraged

2 54*

(20) Exercise social norms shared 
(low)

2 54*

(21) Exercise encouraged with 
typed pledge

0

(22) Gain-framed microincentives 2 54*

(23) Higher incentivesb 2 54*

(24) Rigidity rewardede 2 54*

(25) Exercise encouraged with 
signed pledge

0

(26) Values affirmation followed 
by diagnosis as gritty

0

(27) Bonus for consistent exercise 
schedule

0

(28) Rigidity rewardedc 0

(29) Loss-framed microincentives 0

(30) Planning, reminders and 
microincentives to exercise

2 54**

(31) Fitness questionnaire with 
cognitive reappraisal prompt

0

(32) Exercise encouraged 0

(33) Planning workouts 
encouraged

0

Continued

Experimental condition The percentage 
of conditions 
outperformed 
(P < 0.05)

List of conditions 
outperformed (P < 0.05)

(34) Gym routine encouraged 0

(35) Reflecting on workouts 
encouraged

0

(36) Planning workouts rewarded 0

(37) Effective workouts 
encouraged

0

(38) Planning benefits explained 0

(39) Reflecting on workouts 
rewarded

0

(40) Fun workouts encouraged 0

(41) Monday–Friday consistency 
rewarded, Saturday–Sunday 
consistency rewarded

0

(42) Exercise encouraged with 
electronically signed pledge

0

(43) Bonus for variable exercise 
schedule

0

(44) Exercise commitment 
contract explained 
post-intervention

0

(45) Rewarded for responding to 
questions about workouts

0

(46) Defaulted into one weekly 
workout

0

(47) Exercise social norms shared 
(low but increasing)

0

(48) Rigidity rewardedd 0

(49) Exercise commitment 
contract encouraged

0

(50) Fitness questionnaire with 
decision support

0

(51) Rigidity rewardedb 0

(52) Exercise advice solicited, 
shared with others

0

(53) Exercise social norms shared 
(high)

0

(54) Placebo control 0

The percentage of conditions outperformed (P < 0.05) was obtained by conducting pairwise 
Wald tests to assess whether paired regression coefficients significantly differed from 
one another in Extended Data Table 6.  The superscripts a–e denote the different incentive 
amounts offered in different versions of the bonus for returning after missed workouts, higher 
incentives and rigidity rewarded conditions, which are described in Supplementary Table 1. In 
conditions with the same name, superscripts that come earlier in the alphabet indicate larger 
incentives. *P < 0.05; **P < 0.01; ***P < 0.001.
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to choose whether their rewards for gym visits would be framed as 
gains (such that they would earn points each day that they visited the 
gym) or losses (such that they would lose points each day that they did 
not visit the gym) produced an estimated 0.28 more weekly gym visits 
per participant (a 19% increase in exercise) compared with the placebo 
control (b = 0.28, P < 0.001). This condition produced a 9% increase in 
exercise relative to planning, reminders and microincentives (b = 0.15, 
P = 0.021). Note that, in different conditions, points had different cash 
values (Supplementary Table 1).

Enduring effects of study conditions
Although 45% of the experimental conditions in our megastudy outper-
formed the placebo control condition during our four-week interven-
tion, only 8% produced significant increases in the frequency of gym 
visits during the four weeks post-intervention, compared with 2.5% 
that would be expected to do so by chance (Extended Data Table 9). 
An F-test enabled us to reject the null hypothesis that all 53 treatments 
have null effects beyond the treatment period (F = 1.418, P = 0.024).

Focusing on the 45% of interventions that outperformed the placebo 
control during the four-week intervention period, each extra gym visit 
that was generated during the four-week intervention period corre-
sponded to between −0.07 and 0.76 extra gym visits during the ten weeks 
post-intervention (median = 0.354 extra gym visits post-intervention, 
25th percentile = 0.085 extra gym visits post-intervention, 75th percen-
tile = 0.522 extra gym visits post-intervention; Supplementary Table 5). 
We also pooled data from these interventions into a single category and 
estimated that they generated a mean of 0.30 extra gym visits during 
the 10-week post-intervention period for every additional gym visit 
that they produced during the four-week intervention (skew-corrected 
95% CI=0.13–0.54; see Supplementary Information 3 for details). These 
post-intervention returns are consistent with those from previous 
studies of gym attendance and habit formation3–6, in which analogous 
returns range from 0.16 to 0.46 extra gym visits post-intervention for 
every extra gym visit induced during the intervention (Supplementary 
Table 5).

By selecting on the basis of those interventions that increased exer-
cise significantly during the four-week intervention period, we focused 
on experimental conditions that will be of the greatest interest to policy 
makers, but we also probably overstate their post-intervention effects 
due to the winner’s curse. To address this, we pooled data from all 53 
experimental conditions into a single category. We estimate that inter-
ventions in our study generated a mean of 0.28 extra gym visits during 
the 10-week post-intervention period for every additional gym visit 
that they produced during the four-week intervention (skew-corrected 
95% CI = 0.07–0.59).

Prediction accuracy
One could argue that the harder it is to predict the results of experi-
ments, the more valuable the megastudy approach. The more difficult 
it is to forecast ex ante which interventions will work, the harder it is to 
decide in advance which interventions to prioritize for testing, and the 
more useful it is to instead test a large number of treatment approaches.

To assess forecasting accuracy, we conducted a series of separate 
preregistered studies (see the ‘Data availability’ section) in which 
third-party observers were asked to predict the impact of three ran-
domly selected interventions from our megastudy. We collected these 
data 14 months after conducting our megastudy. One study included 
301 participants recruited from Prolific (who made a total of 903 pre-
dictions, or a mean of 17 predictions per treatment condition); another 
included 156 professors from the top 50 schools of public health as 
rated by U.S. News & World Report in 2019 (who made a total of 468 
predictions, or a mean of 9 predictions per treatment condition; a list of 
schools is provided in Supplementary Information 11); and a final study 

included 90 practitioners recruited from companies that specialize in 
applied behavioural science (who made a total of 270 predictions, or 
a mean of 5 predictions per treatment condition). See the ‘Prediction 
study participants’ section in the Methods for demographic informa-
tion about the study participants.

We found no robust correlations (weighted pooled r = 0.02, P = 0.89) 
between these populations’ estimated treatment effects and observed 
treatment effects (Prolific participants r = 0.25, P = 0.07; professors’ 
r = −0.07, P = 0.63; practitioners r = −0.18, P = 0.19). Furthermore, pre-
dictions about the benefits of our interventions were a mean of 9.1 
times too optimistic (Fig. 1b). Predictions of treatment effects for our 
secondary dependent variable—the likelihood of making a gym visit in 
a week—were similarly inaccurate and are presented in Supplementary 
Information 11.

Taken together, these results highlight how difficult it is to predict 
ex ante the efficacy of interventions and why it is therefore so valuable 
that megastudies enable the synchronous testing of many different 
approaches to changing behaviour.

Conclusions
The megastudy paradigm enables apples-to-apples comparisons of 
dozens of different behaviour change interventions, each designed by 
an independent scientific team. If we had tested only one or two inter-
ventions (as is typical in behavioural science research27,28), we probably 
would not have picked many top performers and failed to gain valuable 
new insights. Relatedly, few of the 20 preregistered studies embedded 
within our megastudy yielded results that were consistent with their 
preregistered hypotheses. The megastudy paradigm ensures that all 
results, including null results, are published and that insights can still 
be gleaned from comparing treatments across studies, as illustrated 
both by this megastudy and a follow-up megastudy testing the best 
strategies for nudging vaccination29.

The megastudy paradigm has limitations. First, the insights of a 
megastudy depend on the strength of the included interventions. In 
the current demonstration, it is probable that more extensive inter-
action (such as in-person coaching) or greater financial incentives 
would have produced larger treatment effects3–6,18. Second, constrain-
ing scientists to a specific sample, dependent variable and timeframe 
arguably limits creativity in intervention design. Third, the effect sizes 
of top-performing interventions in megastudies will typically be over-
estimated, whereas the effect sizes of the worst-performing interven-
tions in megastudies will typically be underestimated due to noise 
and mean reversion30. Replicating the effects of outlier interventions 
identified in megastudies will therefore be important for establishing 
their true impact.

Regarding contexts that are especially well-suited for megastudies, 
one prerequisite is a sufficiently large population for testing more 
than a handful of interventions with adequate statistical power. Fur-
thermore, as is the case with any study intended to influence policy, 
a cost–benefit analysis should suggest that, if tested interventions 
yield plausible treatment effects, deploying those interventions widely 
would be a wise investment. For example, our use of microincentives 
in this megastudy (rather than the substantially larger incentives that 
have been proven impactful in previous gym studies) was informed by 
cost-effectiveness calculations that suggested that large incentives 
could not be justified by the expected treatment effects and the value of 
exercise to society (Supplementary Information 3 and 4). Furthermore, 
as megastudies add value to policy-makers by separating the wheat 
from the chaff, they are especially valuable when the targeted behaviour 
is of unambiguous consequence to individual and societal wellbeing. 
Finally, as megastudies reduce the downside of individual study fail-
ures, they may create incentives for scientists to design interventions 
with a low probability of a notable result, so they may be well-suited to 
environments where risk-taking could have a particularly large upside.
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By enabling direct comparisons of diverse intervention ideas, 
megastudies can accelerate the generation and testing of new insights 
about human behaviour and the relevance of these insights for public 
policy.
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Methods

Ethics approval
The Institutional Review Board at the University of Pennsylvania 
approved our study’s protocols, and this research was deemed to 
comply with all of the relevant ethical regulations. Informed consent 
was obtained from all of the study participants as part of the enrolment 
process. The reference number for the field experiment was 827107 and 
the reference number for the prediction accuracy studies was 833336.

Megastudy setting
We conducted our megastudy in partnership with 24 Hour Fitness, one 
of the largest gym chains in the United States. At the time of the study, 
24 Hour Fitness had over four million members and 450 gym loca-
tions in 14 states (although some members of 24 Hour Fitness reside 
in states without a 24 Hour Fitness location, so our study participants 
came from more than 14 US states). The cost of a basic membership 
at 24 Hour Fitness varies by location, but ranges from approximately 
US$30 to US$60 per month. Members check in to 24 Hour Fitness 
gyms by either (1) giving their ID to a staff member at the front desk, 
(2) swiping or scanning a member card or (3) using a fingerprint reader 
and unique check-in code. We used 24 Hour Fitness check-in data to 
track gym attendance.

Participant recruitment and enrolment
All of the approximately 4 million adult members of 24 Hour Fitness 
gyms whose memberships were active between 21 March 2018 and 
31 January 2019 were eligible to participate. Recruitment involved 
a multichannel marketing campaign advertising “a habit-building, 
science-based workout program” called StepUp, and 24 Hour Fitness 
members could sign up online anytime between 21 March 2018 and 31 
January 2019. All of the recruitment materials informed members that 
they could sign up for free for the StepUp Program and earn Amazon 
cash rewards for exercising. Members were also told that they would 
earn a chance to receive a US$50 Amazon gift card by simply register-
ing for the programme. Three participants were randomly selected to 
receive a US$50 gift card.

All of the recruitment materials included a URL that directed gym 
members to the StepUp Program website, which conveyed that StepUp 
was a 28-day digital experience being offered exclusively to 24 Hour 
Fitness members. Participants who visited the StepUp Program web-
site were first prompted to consent to participate in research. Par-
ticipants then provided their gym check-in code and date of birth to 
verify their gym membership. Finally, participants were prompted to 
provide their name, email address and phone number, and they were 
required to verify that their phone could receive text messages from 
StepUp (details are provided in the ‘Registration experience’ section 
of the Supplementary Information). After verifying that they could 
receive text messages, the participants were randomly assigned to 
one of twenty different preregistered substudies (all involving dif-
ferent versions of the StepUp Program) aimed at increasing gym visit 
frequency, and they were then randomly assigned to one of the 54 
different experimental conditions within these studies. Participants 
were blind to study hypotheses.

Our initial, preregistered recruitment goal was to include at least 
3,000 participants per experimental condition in our megastudy. 
However, shortly after launching recruitment, it became apparent 
that this would take nearly a decade. As a consequence, we updated our 
preregistrations early on in the 10 month study to reflect a more realistic 
stopping rule of recruiting at least 400 participants per condition.

In total, 62,746 participants were randomized to one of the 54 study 
conditions in our megastudy, with at least 455 participants in each con-
dition (Extended Data Table 4). Participants were excluded from analy-
ses if they requested to withdraw (n = 123), signed up more than once 
for the StepUp Program (n = 355) or experienced severe technology 

glitches (n = 975). Further details about these exclusions are provided 
in Supplementary Information 9 and 10.

Thus, our final sample includes n = 61,293 study participants.  
24 Hour Fitness shared a record of every gym visit made by study par-
ticipants starting one year before each participant’s enrolment in the 
programme and continuing until one year after each participant’s pro-
gramme participation concluded (for a total of 758 d of observations 
per participant).

As reported in Extended Data Table 6 and Supplementary Informa-
tion 1 and 7, balance checks suggest that randomization was successful. 
As we obtained informed consent to analyse data on study participants 
only, we unfortunately cannot determine how representative our final 
sample is of the 24 Hour Fitness membership.

Megastudy intervention content
After enrolling, participants in all 54 conditions of our megastudy were 
shown descriptions of the StepUp Program. All of the participants 
learned that they would receive points during the intervention period 
that were redeemable for an Amazon gift card after they completed 
the intervention. Participants in the 53 experimental conditions (that 
is, every condition except for the placebo control condition) received 
100 points for registering and learned how they could earn incentives 
(through points that were redeemable for an Amazon gift card at the 
conclusion of the programme; notably, the conversion rate differed by 
experimental condition). Most conditions awarded points for gym visits. 
A number of the conditions offered additional bonuses based on the 
time of a participant’s gym visit or other observable behaviours (such as 
responding to text messages). Complete information about study stimuli 
and incentives in each condition is provided in the ‘Descriptions of the 54 
conditions in the megastudy’ section of the Supplementary Information.

In 53 experimental conditions (all of the conditions except for the 
placebo control condition), the participants were prompted to create 
a weekly schedule of the days and times that they planned to work out 
during the four-week programme. The registration experience for the 
experimental conditions also included other content specific to the study 
condition (such as survey questions, instructions, images and videos). 
At the conclusion of the registration experience, all of the participants 
were informed that their four-week programme started the next day.

Participants across all 54 study conditions received a welcome text 
message shortly after they completed enrolment confirming the points 
that they received for registering, as well as a final text message on the 
last (28th) day of the programme confirming the programme’s end.

In all 53 experimental conditions, the participants received workout 
reminders by text 30 min before each scheduled workout (the language 
of these texts varied across conditions); most of the experimental con-
ditions included additional text messages reinforcing intervention 
content. Moreover, the participants in all 53 experimental conditions 
received an email shortly after registration and once a week thereafter 
for four weeks. Each email confirmed the workout schedule that they 
had created and reinforced study-specific content.

The simplest experimental condition was the planning, reminders 
and microincentives to exercise condition. This condition included 
components that have previously been shown to increase exercise—
prompts to plan workouts, reminders to exercise at planned times and 
microincentives for gym visits6. The study participants in this condition 
were prompted to create a weekly workout schedule after registering 
for StepUp. Over the next four weeks, the participants received text 
message reminders before each scheduled gym visit, weekly emails 
containing their workout schedules and 300 points (worth a total of 
US$0.22) each time they visited the gym that were redeemable for an 
Amazon gift card at the conclusion of the study.

To develop our study’s 52 other experimental conditions, members 
of an interdisciplinary group of 34 scientists who study behaviour 
change were invited to independently submit designs (‘tournament’ 
entries) along with additional collaborators of their choosing, and 



submissions were then revised in partnership with the project’s prin-
cipal investigators (a process that required extensive coordination). 
The first and last author invited all of the scientists affiliated with the 
University of Pennsylvania’s Behaviour Change for Good Initiative 
(BCFG) to contribute submissions, and the 23 affiliated scientists who 
submitted study designs brought 13 of their own collaborators and 
graduate students to the project.

The participants in the placebo control condition received 1,500 
points (US$1.08) when they signed up for our programme. This value 
was equivalent to the expected earnings of participants in our plan-
ning, reminders and microincentives condition, which was determined 
by calculating the mean historical gym attendance of the 24 Hour Fit-
ness members and the point values that participants would earn in the 
planning, reminders and microincentives condition if they attended 
the gym at this frequency (100 points for registering and 300 points 
per gym visit × 1.17 expected gym visits per week for 4 weeks = 1,500 
expected points). The participants in the placebo control condition 
did not create a workout schedule or receive any additional interven-
tion content.

The other 52 experimental conditions in our megastudy involved 
augmentations to our planning, reminders and microincentives to 
exercise condition designed by scientists affiliated with BCFG. Scien-
tists were invited to vary the (1) online registration experience delivered 
immediately after participants completed study enrolment, (2) text 
messages and emails sent during the four-week programme and (3) 
incentives for activities completed during the programme.

Megastudy randomization
The 54 conditions in our megastudy comprised 20 separate prereg-
istered studies (links to all study preregistrations are provided in the 
‘Full descriptions of each study condition’ section of the Supplemen-
tary Information). To offset the risk of underpowering all studies if we 
failed to reach our recruitment targets, megastudy participants were 
randomized using a weighted, time-varying algorithm as follows. At 
any given time, the plurality of participants (40–60%) was assigned 
with equal probability to conditions within one of the 20 studies noted 
above (the target study), 5% of participants were assigned to our pla-
cebo control condition and the remaining participants were randomly 
assigned with equal probability to treatment conditions in the other 
19 studies. The randomization algorithm switched to a different target 
study after a predetermined number of participants enrolled, and this 
happened 26 times, creating 27 megastudy ‘stratification cohorts’. Our 
data analyses are weighted to account for these 27 different stratifi-
cation cohorts, as described below. More details on randomization 
weighting are included in Supplementary Information 8.

Megastudy statistical analysis
Each of the 20 studies in our megastudy was preregistered on the 
Open Science Framework (details are provided in the ‘Data availability’ 
section). For analyses of our megastudy, we scaled up our standard, 
preregistered regression analysis strategy (including all of the study 
conditions in one giant regression model) to identify which of the 53 
conditions across all 20 preregistered studies increased the frequency 
of gym visits during our intervention relative to our placebo control 
condition.

Although all 20 of the substudies in this megastudy were preregis-
tered, the megastudy itself was not. This was an oversight on our part. 
We had planned to publish analyses on the totality of preregistered 
substudies within our megastudy, which is why we used a weighted 
random assignment scheme rather than sequential random assign-
ment. Preregistering the individual substudies obviated concerns 
about selective inclusion of treatment arms in substudy analyses. We 
recommend that future megastudies are preregistered themselves.

To identify which experimental conditions were effective at increas-
ing the frequency of gym visits during our megastudy’s four-week 

intervention period, we evaluated the mean estimated effect of each 
of the 53 experimental conditions compared with the placebo control 
condition. We used OLS regressions and weighted observations to 
account for the different probabilities of assignment across stratifica-
tion cohorts.

Specifically, we used an OLS regression with participant fixed effects 
to estimate the following equation:
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where Yict is the outcome (that is, gym attendance) of participant i from 
stratification cohort c in week t, α is a constant, dit

g  is an indicator for 
both whether participant i is in experimental condition g and whether 
week t is during the intervention period, βg is the effect of experimen-
tal condition g during the intervention period, δct is a cohort-by-week 
fixed effect, vi is a participant fixed effect and εict is a random error term. 
G is the number of treatment conditions in the analysis (53 when esti-
mating the treatment effect of experimental conditions relative to the 
placebo control reference group). We estimate the cohort-by-week 
fixed effects by including cohort-by-week indicator variables in the 
regression. To account for clustering, we estimated cluster-robust 
standard errors that allowed for arbitrary correlations of the error term 
within individuals over time31. This regression estimates the treatment 
effect of experimental condition g relative to the reference group 
(either the placebo control, or the planning, reminders and microin-
centives treatment) across all of the cohorts. Participant fixed effects 
are not collinear with the indicators for whether an individual is in an 
experimental condition during the intervention period d( )it

g  because 
even though each individual can be in only one condition (which would 
normally create collinearity) our model includes data on participants’ 
preintervention gym visits for up to 52 weeks (fewer weeks are included 
when fewer are available for new gym members).

To adjust for the compositional differences across cohorts, we 
weighted each observation such that each condition is equally weighted 
within a cohort, and each cohort is weighted proportionally to the 
length of the cohort in days. This weighting, along with the inclusion of 
individual and cohort-by-week fixed effects described above, accounts 
for differences in cohort assignment and seasonality and ensures that 
our regression produces unbiased estimates of treatment effects. By 
design, the probability of assignment to each study condition differs 
by cohort, which would produce unbalanced estimates without the use 
of sample weighting and fixed effects in our regression specification. 
Thus, we included sample weights that ensure that, for each cohort, 
each experimental group is equally represented such that the estimates 
are equivalent to those from an experiment with equal probabilities 
of assignment and are therefore balanced estimates. Furthermore, 
to control for chance imbalances and improve statistical precision, 
our models include individual fixed effects and cohort-by-week fixed 
effects. As cohorts were determined by when participants signed up 
for the StepUp Program, these fixed effects should absorb any remain-
ing seasonal variation in gym attendance. Our simulations, which are 
presented in the ‘Simulation to ensure validity of analyses’ section 
of the Supplementary Information, show that this approach yields 
unbiased estimates of the mean treatment effects and our balance tests 
reveal that experimental groups do not systematically differ in ways 
that could lead to biases in our estimates (details about our weighting 
strategy are provided in Supplementary Information 8). We rely on this 
statistical analysis strategy for additional regression analyses presented 
in Supplementary Information 5 and 6.

Approximately 6.6% of the megastudy participants were not 
assigned to the experimental condition that they were intended to 
experience according to a predefined randomization matrix due to a 
bug that manifested when there was heavy traffic on our website (lead-
ing occasional skips or repeats in the conditions to which subsequent 
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participants were assigned). Our weighting accounts for this error 
because it is based on the number of people who were actually assigned 
to each condition within a cohort, rather than the number of people to 
whom we intended to assign each condition within a cohort. Analyses 
based on the intended condition assignment are provided in the Sup-
plementary Information (see Supplementary Information 5a–g for 
robustness checks) and provide very similar results to those presented 
here.

In addition to estimating treatment effects during the four-week 
StepUp Program, we also estimated treatment effects during the 
four-week post-intervention period. To measure the mean estimated 
effect of experimental conditions on post-intervention gym attend-
ance, we ran a similar regression with an additional indicator term for 
the post-intervention period:
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Here, pit
g is an indicator for whether participant i is both in experimen-

tal condition g and the week t is during the four-week post-intervention 
period, β g

1  is the mean effect of experimental condition g during the 
intervention period, β g

2  is the mean effect of experimental condition 
g during the four-week post-intervention period and all of the other 
variables are as defined above.

Across all analyses, to identify the most effective interventions, we 
conducted Wald tests to compare effects across all of the experimental 
conditions. Specifically, each Wald test assessed the null hypothesis 
that the estimated treatment effect of experimental condition g (βg) 
minus the estimated treatment effect of experimental condition k 
(βk) equalled 0.

Prediction study participants
Study 1: lay participants. We recruited 301 workers from Prolific 
to answer questions about different gym programmes in exchange 
for US$1.25. Participants each made predictions about the effects of 
three experimental conditions from our megastudy, producing a total 
of 903 predictions and a mean of 17 predictions per condition. The 
participants had the following demographic characteristics: mean 
age = 30.8 (s.d. = 10.5); 55% female; mean years of work experience = 10.9 
(s.d. = 9.8); 66% reported having a gym membership in the past 10 years; 
degree level: high school or less = 11.3%, some college = 28.9%, asso-
ciate’s degree = 9.6%, bachelor’s degree = 38.9%, master’s, doctoral 
or professional degree = 11.3%. This study was preregistered and the 
preregistration is available in the ‘Data availability’ section.

Study 2: public health school faculty. We recruited faculty members 
from the top 50 public health schools according to the 2019 U.S. News 
& World Report to participate in this study. We contacted 1,037 fac-
ulty members (assistant, associate or full professors) from the depart-
ment in each of the schools that most closely aligned with behavioural 
health (such as social and behavioural sciences, health promotion 
and behaviour, exercise science and health policy). If there was not a 
relevant department listed, we selected faculty members on the basis 
of whether one of their listed areas of expertise fell under behavioural 
health. Faculty members were emailed with a request to complete a 
short survey to identify techniques that scientists believe effectively 
promote exercise. They were offered a chance to win a US$50 Amazon 
gift card and provided with a link to our survey; a reminder email was 
sent 3 d later.

A total of 156 faculty members (mean age = 48.3, s.d. = 10.7; 68% 
female; academic title: assistant professor = 35.9%, associate profes-
sor = 39.1%, full professor = 25.0%; 79% reported having a gym member-
ship in the past 10 years; research expertise: health education = 13.5%, 
health policy = 11.5%, mental health = 12.2%, nutrition = 9.6%, physical 
activity = 10.9%, other = 42.3%) responded to our survey. They made a 

total of 465 predictions about the effects of experimental conditions 
from our megastudy, giving a mean of 9 predictions per experimental 
condition. The study was preregistered and the preregistration is avail-
able in the ‘Data availability’ section.

Study 3: behavioural science practitioners. We recruited practition-
ers at leading for-profit and non-profit organizations with a specialty 
in the application of behavioural science to real world issues to partici-
pate in this study. Leaders at 15 different organizations were emailed 
a request to forward an invitation to participate in a short survey to 
their colleagues on a strictly volunteer basis. The email described the 
survey as asking for predictions about the efficacy of a random sample 
of three nudges designed to increase gym visits. A total of 90 practition-
ers (mean age = 33.2, s.d. = 7.2; 62% female; 85% reported having a gym 
membership in the past 10 years; mean years of work experience = 10.1, 
s.d. = 7.6; 71% reported a degree in behavioural science; reported fre-
quency of using behavioural science at work: every day: 69.7%, often: 
16.9%, sometimes: 10.1%, rarely: 2.3%, never: 1.1%) responded to our 
survey. They made a total of 270 predictions about the effects of the 
experimental conditions from our megastudy, giving a mean of 5 fore-
casts per experimental condition. The study was preregistered and the 
preregistration is available in the ‘Data availability’ section.

Prediction study content
Before beginning the survey (which was the same for all participant 
populations with the exception of the demographic questions asked 
at the end), potential participants were screened out if they reported 
being familiar with any of the results from the megastudy (which were 
featured on an episode of the Freakonomics Radio podcast32). The 
participants were first shown an overall description of the StepUp Pro-
gram, and they were then asked to compare three of the megastudy’s 
experimental conditions with the placebo control condition (one at a 
time). The three conditions that the participants reviewed were ran-
domly selected from the megastudy’s 53 experimental conditions and 
were presented in a random order.

For each experimental condition that they were prompted to exam-
ine, the participants were presented with a summary table comparing 
the key features of the experimental condition with the placebo control 
condition. The participants next viewed screenshots of the registration 
experience and a summary of the text messages and emails sent during 
the programme in both the experimental condition and the placebo 
control condition. Sample stimuli comparing the planning, reminders 
and microincentives to exercise condition with the placebo control 
condition are available in Prediction Study Stimuli on the Open Science 
Framework (https://osf.io/kyt7d/?view_only=8bb9282111c24f81a19c2
237e7d7eba3). The participants were informed of how many days per 
week an average participant in the placebo control condition visited 
the gym during the StepUp Program as well as how likely a participant 
was to visit the gym in a given week, on average, in the placebo control 
condition. The participants were then asked to forecast the average 
number of days per week that gym members would visit the gym and 
the percentage of the time that members would visit the gym at least 
once in a given week in the StepUp Program experimental condition 
that they had just reviewed. Specifically, participants answered these 
two questions:
(1)  On average, how many days per week do you think members in 

the enhanced version of StepUp went to the gym? (For reference, 
people in the basic version went to the gym 1.5 days per week.)

(2)  In an average week, what percent of the time do you think mem-
bers in the enhanced version of StepUp made it to the gym? (For 
reference, in a given week, members in the basic version of StepUp 
made it to the gym at least once 57% of the time)

For each study, our key dependent variable was the predicted 
increase in gym attendance induced by a given experimental condi-
tion (compared with the placebo control condition). To determine 

https://osf.io/kyt7d/?view_only=8bb9282111c24f81a19c2237e7d7eba3
https://osf.io/kyt7d/?view_only=8bb9282111c24f81a19c2237e7d7eba3


the extra number of gym visits per week that a participant predicted 
a condition would induce, we subtracted the placebo control condi-
tion’s mean of 1.5 d of gym visits per week from the participants’ esti-
mated total weekly gym visits for a given experimental condition (the 
possible range of values was −1.5 to 5.5, as weeks include only 7 d). To 
determine the added likelihood of visiting the gym at least once in a 
given week that a participant predicted a condition would induce, we 
subtracted the placebo control condition’s mean visit likelihood of 
57% from the participants’ estimated weekly visit likelihood for a given 
experimental condition (the possible range of values was −57% to 43% 
as the maximum likelihood was 100%). As any weekly gym attendance is 
not our primary focus, we present these results in Extended Data Fig. 1, 
Extended Data Tables 1–3 and 7 and Supplementary Information 2. 
Finally, we computed an unweighted correlation between the actual 
regression-estimated change in gym attendance induced by a given 
experimental condition in our megastudy (see estimates in Extended 
Data Tables 6 and 7) and the mean predicted change in gym attendance 
induced by that same experimental condition.

Reporting summary
Further information on research design is available in the Nature 
Research Reporting Summary linked to this paper.

Data availability
The data analysed in this paper were provided by 24 Hour Fitness 
and we have their legal permission to share the deidentified data. 
We have therefore made deidentified data available at https://osf.
io/9av87/?view_only=8bb9282111c24f81a19c2237e7d7eba3. Further-
more, tables of all of the preregistration links for each of the substud-
ies with the interventions and the prediction studies are available in 
Supplementary Tables 2 and 30.

Code availability
The code to replicate the analyses and figures in the paper and Supple-
mentary Information is available online (https://osf.io/9av87/?view_onl
y=8bb9282111c24f81a19c2237e7d7eba3).
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Extended Data Fig. 1 | Measured vs. predicted change in likelihood of gym 
visit in a given week. The measured change (blue) vs. change predicted by 
third-party observers (gold) in whether participants visited the gym that was 
induced by each of our megastudy’s 53 experimental conditions compared to a 
Placebo Control condition during a four-week intervention period is depicted 
here. Error bars represent 95% confidence intervals. See Extended Data Table 7 
for complete OLS regression results graphed here in blue, Supplementary 
Information 11 for more details about the prediction data graphed here in gold, 
and Supplementary Table 1 for full descriptions of each treatment condition in 

our megastudy. Sample weights were included in the pooled third-party 
prediction data to ensure equal weighting of each of our three participant 
samples (professors, practitioners and prolific respondents). The superscripts 
a–e denote the different incentive amounts offered in different versions of the 
bonus for returning after missed workouts, higher incentives and rigidity 
rewarded conditions, which are described in Supplementary Table 1. In 
conditions with the same name, superscripts that come earlier in the alphabet 
indicate larger incentives.



Extended Data Table 1 | Regression-estimated effects of each experimental condition on whether participants visited the 
gym in a given week during the four-week intervention period relative to the Planning, Reminders and Micro-Incentives to 
Exercise condition

The table reports the results of an ordinary least squares regression predicting whether participants visited the gym in a given week during the four-week intervention period with indicators for 
experimental condition during the four-week intervention period, participants fixed effects, and cohort-week interactions. Robust standard errors were clustered by participant. Observations 
in the regression were weighted to ensure that each condition was equally weighted within a cohort and each cohort was weighted proportionally to its length. The reference group was the 
Planning, Reminders, and Micro-Incentives to Exercise condition. See Table S1 in the Supplementary Information for descriptions of each experimental condition. a, b, c, d, e These superscripts 
denote the different incentive amounts offered in different versions of the Bonus for Returning after Missed Workouts, Higher Incentives, and Rigidity Rewarded conditions, which are detailed in 
Table S1 in the Supplementary Information. In conditions with the same name, superscripts that come earlier in the alphabet indicate larger incentives.
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Extended Data Table 2 | Regression-estimated effects of each experimental condition on whether participants visited the 
gym in a given week during the four-week post-intervention period relative to the Placebo Control condition

The table reports the results of an ordinary least squares regression predicting whether participants visited the gym during a given week in the first four weeks after the intervention period with 
indicators for experimental condition during the four-week intervention period, indicators for experimental condition during the first four weeks post-intervention, participants fixed effects, 
and cohort-week interactions. Robust standard errors were clustered by participant. Observations in the regression were weighted to ensure that each condition was equally weighted within 
a cohort and each cohort was weighted proportionally to its length. The reference group was the Placebo Control condition. See Table S1 in the Supplementary Information for descriptions of 
each experimental condition. a, b, c, d, e These superscripts denote the different incentive amounts offered in different versions of the Bonus for Returning after Missed Workouts, Higher Incentives, 
and Rigidity Rewarded conditions, which are detailed in Table S1 in the Supplementary Information. In conditions with the same name, superscripts that come earlier in the alphabet indicate 
larger incentives.



Extended Data Table 3 | The percentage of other conditions that each experimental condition outperformed for our 
dependent variable measuring whether participants visited the gym in a given week at p < .05 during the four-week 
intervention period

The percentage of conditions outperformed (p < .05) was obtained from conducting pairwise Wald tests to assess whether paired regression coefficients significantly differed from one another 
in the regression presented in Extended Data Table 7. a, b, c, d, e These superscripts denote the different incentive amounts offered in different versions of the Bonus for Returning after Missed Work-
outs, Higher Incentives, and Rigidity Rewarded conditions, which are detailed in Table S1 in the Supplementary Information. In conditions with the same name, superscripts that come earlier in 
the alphabet indicate larger incentives.
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Extended Data Table 4 | Participants’ mean age (in years), gender, length of gym membership (in weeks), and mean weekly 
gym visits in the four-week pre-intervention period across the 54 study conditions

Standard deviations for means are reported in parentheses. For summary statistics in this table, mean weekly gym visits prior to the intervention were calculated with a balanced panel con-
structed by inserting 0’s for weeks with no recorded gym visits. Conditions are numbered in descending order based on the beta coefficients from our primary analysis reported in the paper and 
in Extended Data Table 6, and the Placebo Control is always labeled 54. The values shown in the table are unweighted. a, b, c, d, e These superscripts denote the different incentive amounts offered 
in different versions of the Bonus for Returning after Missed Workouts, Higher Incentives, and Rigidity Rewarded conditions, which are detailed in Table S1 in the Supplementary Information. In 
conditions with the same name, superscripts that come earlier in the alphabet indicate larger incentives.



Extended Data Table 5 | Percentage of significant p-values and absolute difference in coefficients from pairwise 
comparisons of the 54 study conditions in our megastudy on each variable listed (alpha = .05)

The table summarizes the results of Wald tests of equality for all pairwise comparisons of the 54 megastudy conditions based on ordinary least squares regressions testing if the composition of 
participants in these experimental conditions differed by age, membership tenure at 24 Hour Fitness, mean weekly gym visits in the four weeks prior to the start of the intervention, and gender. 
Regressions included robust standard errors. Observations in the regressions were weighted to ensure that each condition was weighted equally within a cohort and each cohort was weighted 
proportionally to its length.
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Extended Data Table 6 | Regression-estimated effects of each experimental condition on total weekly gym visits during the 
four-week intervention period relative to the Placebo Control condition

The table reports the results of an ordinary least squares regression predicting participants’ weekly gym visits during the four-week intervention period with indicators for experimental condi-
tion during the four-week intervention period, participants fixed effects, and cohort-week interactions. Robust standard errors were clustered by participant. Observations in the regression 
were weighted to ensure that each condition was equally weighted within a cohort and each cohort was weighted proportionally to its length. The reference group was the Placebo Control 
condition. See Table S1 in the Supplementary Information for descriptions of each experimental condition. a, b, c, d, e These superscripts denote the different incentive amounts offered in different 
versions of the Bonus for Returning after Missed Workouts, Higher Incentives, and Rigidity Rewarded conditions, which are detailed in Table S1 in the Supplementary Information. In conditions 
with the same name, superscripts that come earlier in the alphabet indicate larger incentives.



Extended Data Table 7 | Regression-estimated effects of each experimental condition on whether participants visited the 
gym in a given week during the four-week intervention period relative to the Placebo Control condition

The table reports the results of an ordinary least squares regression predicting whether participants visited the gym in a given week during the four-week intervention period with indicators for 
experimental condition during the four-week intervention period, participants fixed effects, and cohort-week interactions. Robust standard errors were clustered by participant. Observations 
in the regression were weighted to ensure that each condition was equally weighted within a cohort and each cohort was weighted proportionally to its length. The reference group was the 
Placebo Control condition. See Table S1 in the Supplementary Information for descriptions of each experimental condition. a, b, c, d, e These superscripts denote the different incentive amounts 
offered in different versions of the Bonus for Returning after Missed Workouts, Higher Incentives, and Rigidity Rewarded conditions, which are detailed in Table S1 in the Supplementary Informa-
tion. In conditions with the same name, superscripts that come earlier in the alphabet indicate larger incentives.
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Extended Data Table 8 | Regression-estimated effects of each experimental condition on total weekly gym visits during the 
four-week intervention period relative to the Planning, Reminders, and Micro-Incentives to Exercise condition

The table reports the results of an ordinary least squares regression predicting participants’ weekly gym visits during the four-week intervention period with indicators for experimental condi-
tion during the four-week intervention period, participants fixed effects, and cohort-week interactions. Robust standard errors were clustered by participant. Observations in the regression 
were weighted to ensure that each condition was equally weighted within a cohort and each cohort was weighted proportionally to its length. The reference group was the Planning, Remind-
ers, and Micro-Incentives to Exercise condition. See Table S1 in the Supplementary Information for descriptions of each experimental condition. a, b, c, d, e These superscripts denote the different 
incentive amounts offered in different versions of the Bonus for Returning after Missed Workouts, Higher Incentives, and Rigidity Rewarded conditions, which are detailed in Table S1 in the Sup-
plementary Information. In conditions with the same name, superscripts that come earlier in the alphabet indicate larger incentives.



Extended Data Table 9 | Regression-estimated effects of each experimental condition on total weekly gym visits during the 
four-week post-intervention period relative to the Placebo Control condition

The table reports the results of an ordinary least squares regression predicting participants’ weekly gym visits during the first four weeks after the intervention period with indicators for 
experimental condition during the four-week intervention period, indicators for experimental condition during the first four weeks post-intervention, participants fixed effects, and cohort-week 
interactions. Robust standard errors were clustered by participant. Observations in the regression were weighted to ensure that each condition was equally weighted within a cohort and each 
cohort was weighted proportionally to its length. The reference group was the Placebo Control condition. See Table S1 in the Supplementary Information for descriptions of each experimen-
tal condition. a, b, c, d, e These superscripts denote the different incentive amounts offered in different versions of the Bonus for Returning after Missed Workouts, Higher Incentives, and Rigidity 
Rewarded conditions, which are detailed in Table S1 in the Supplementary Information. In conditions with the same name, superscripts that come earlier in the alphabet indicate larger  
incentives.
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection Data about gym attendance and participant characteristics were collected from 24 Hour Fitness records. Data on the prediction of the tested 
interventions' effects were collected via Qualtrics.

Data analysis Data analysis was conducted in R Studio (3.6) and Stata 15. All code and data files are stored on a secure server at the University of 
Pennsylvania and are also available on the Open Science Framework at https://osf.io/9av87/?
view_only=8bb9282111c24f81a19c2237e7d7eba3

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A list of figures that have associated raw data 
- A description of any restrictions on data availability

The data analyzed in this paper was provided by 24 Hour Fitness. We have made de-identified data available for replication at https://osf.io/9av87/?
view_only=8bb9282111c24f81a19c2237e7d7eba3. 
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Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description The data are quantitative (experimental and observational). A randomized control trial was conducted with 54 different arms from 20 
different sub-studies. Additionally, survey data were collected for three prediction accuracy studies.

Research sample Experimental: The megastudy required a partner with a large member base. We partnered with 24 Hour Fitness, a gym whose 
roughly  4 million members were eligible to participate in the study. The final sample included N = 61,293 gym members who signed 
up to participate. Participants came from  46 U.S. states (65% female, average age = 39.13, SD = 13.25). The sample is not 
representative of the US population. 
 
Observational: Prolific users from the US (N = 301), behavioral science practitioners (N = 90), and public health faculty from the U.S. 
News & World Report's top public health programs (N = 156) were recruited to provide predictions regarding which conditions would 
be the most effective. These samples are not representative of the US population.

Sampling strategy Our field experiment recruited as many participants as possible with an organizational partner, and therefore the sample size could 
not be determined before the study. The smallest experimental condition includes 455 participants, providing 90% power to detect a 
difference of 0.32 weekly gym visits on average per person across conditions when α is set at 0.05 (all tests are two-tailed). The 54 
conditions in the megastudy comprise 20 separate, pre-registered studies (see Full Descriptions of Each Study Condition in the 
Supplementary Information for links to all study pre-registrations). To offset the risk of under-powering all studies if we failed to 
reach our recruitment targets, megastudy participants were randomized using a weighted, time-varying algorithm as follows. At any 
given time, the plurality of participants (40%-60%) were assigned with equal probability to conditions within one of the 20 studies 
noted above (the “target study”), 5% of participants were assigned to our Placebo Control condition, and the remaining participants 
were randomly assigned with equal probability to treatment conditions in the other 19 studies. The randomization algorithm 
switched to a different target study after a predetermined number of participants enrolled, and this happened 26 times, creating 27 
megastudy “stratification cohorts.” Our data analyses are weighted to account for these 27 different stratification cohorts, as 
described below. More details on randomization weighting are included in Weighting of Data in Megastudy in the Supplementary 
Information 
 
For the prediction component of our study, we sampled participants with a wide variety of backgrounds in behavioral science: 1) lay 
people (Prolific survey respondents), 2) behavioral science practitioners, and 3) public health faculty from the U.S. News and World 
Report's top 50 public health programs. In our study of lay people, we asked each person to make 3 predictions and sought a total of 
20 predictions of 53 stimuli sets. We needed approximately 300 participants to achieve our goal (53 interventions x 20 evaluations / 
3 per person = 301 participants). For behavior science practitioners and public health faculty, given uncertainty around how many 
participants we would be able to recruit, we pre-registered a stopping point so that the final sample size for each population would 
include at least 80 people, giving us a minimum of 4.5 predictions of 53 stimuli sets. More details on our pre-registered recruitment 
stopping rules can be found in the Methods.

Data collection For our field experiment, gym visit data and gym member demographics were collected by 24 Hour Fitness. For the prediction 
component of our study, data were collected via Qualtrics.

Timing Participants for our field experiment were recruited from March 21, 2018 through January 31, 2019. For the prediction component 
of the study, data were collected from (1) Prolific participants on April 13, 2020, (2) behavioral science practitioners from April 16, 
2020 to May 6, 2020, and (3) public health faculty from April 28, 2020 to May 8, 2020. More details about each panel can be found in 
the Methods. The researchers were not blinded to the experimental conditions or study hypotheses when analyzing data, but 
participants never interacted with researchers during the study, as all components were administered digitally. 

Data exclusions A total of 62,746 participants enrolled in our field experiment. Participants were excluded from analyses if they requested to 
withdraw (n = 123), signed up more than once for the program (n = 355), or experienced severe, technology glitches (n = 975). 
Balance checks are reported in our Methods.  
 
For the prediction component of our study, no observations were excluded. 

Non-participation All members of 24 Hour Fitness (approximately 4 million) were invited to join the study, but since the number of members fluctuated 
during the study period and we were not privy to the exact size of the 24 Hour Fitness member base, we are unable to determine the 
exact participation rate. A total of 123 participants enrolled and then requested to withdraw from the study. No participants 
requested to withdraw their predictions. 

Randomization Participants in our field experiment were randomly assigned to one of 54 conditions, which were components of 20 separate, pre-
registered studies (see Full Descriptions of Each Study Condition in the Supplementary Information for links to study pre-
registrations). To offset the risk of under-powering all studies if recruiting went poorly, megastudy participants were randomized 
using a weighted, time-varying algorithm as follows: At any given time, the plurality of participants (40%-60%) were assigned with 
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equal probability to conditions within a single study (one of the 20 studies noted above), 5% of participants were assigned to our 
Placebo Control condition, and remaining participants were randomly assigned with equal, low probability to treatment conditions in 
the other 19 studies. The study that received the plurality of participants switched after a predetermined number of participants 
enrolled, and this happened 26 times, creating 27 megastudy “cohorts.” Our data analyses are weighted to account for these 27 
different stratification cohorts, as described in the Weighting of Data in Megastudy in the Supplementary Information.  
 
For the prediction component of our study, participants were randomly assigned to review stimuli from one of our field experiment's 
53 experimental study conditions.  Then they were randomly assigned to review stimuli for one of the 52 remaining conditions, and 
then for one of the remaining 51 conditions.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Human research participants

Clinical data

Dual use research of concern

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Human research participants
Policy information about studies involving human research participants

Population characteristics See above and the Methods for more information about participant characteristics.

Recruitment Participants in our field experiment were recruited from March 21, 2018 through January 31, 2019. 24 Hour Fitness invited 
their members to sign up for the StepUp Program through multiple channels, including via emails, app notifications, social 
media advertisements, phone calls, postcards and posters in the gyms, and on-location, in-person recruitment. All 
recruitment materials informed members that they could sign up for free for the StepUp Program and earn Amazon cash 
rewards for exercising. Members were also told that they would earn a chance to receive a $50 Amazon gift card by simply 
registering for the program. Three participants were randomly selected to receive a $50 gift card. There is potential for  self-
selection bias, as participants had to have a gym membership with 24 Hour Fitness and opt-in to participate in the research. 
The present results might not be generalizable to populations that do not have access to a gym membership or are 
uninterested in participating in research. 
 
Our prediction study included three samples: 1) Lay participants were recruited on Prolific on April 13, 2020 in exchange for 
$1.25. 2) Faculty members from the top 50 public health schools according to the 2019 U.S. News & World Report rankings 
were recruited by email. Faculty were emailed with a request to complete a short survey on April 28, 2020 and a reminder 
was sent to those who had not yet completed the survey on May 1, 2020; the survey remained open until May 8, 2020. One 
participant was randomly selected to receive a $50 gift card. 3) Behavioral science practitioners at leading for-profit and non-
profit organizations were recruited by email from April 16 through April 30 and the survey remained open until May 6, 2020. 
Organizational leaders were emailed with a request to forward an invitation to participate in a short survey to their 
colleagues on a strictly volunteer basis. There is potential for self-selection bias, as participants had to opt-in to participate in 
the research, which may affect the generalizability of the results to the entire US population. 

Ethics oversight The Institutional Review Board at the University of Pennsylvania approved our study’s protocols, and this research was 
deemed to comply with all relevant ethical regulations. Informed consent was obtained from all study participants as part of 
the enrollment process. The Field Experiment’s IRB Reference Number is 827107, and the Prediction Studies’ IRB Reference 
Number is 833336.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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