6 Appendix

6.1 Attrition

The attrition rates for the different stages of the experiment are as follows:

Table 4: Sample sizes and attrition at each stage of the experiment

No. of participants Responses
P P P Attrition rate

allocated to group received

Survey 2
Control 314 259 18%
AppTreat 315 261 17%
Survey 3
Control 259 236 9%
AppTreat 261 237 9%
Survey 4
Control 236 232 2%
AppTreat 237 231 3%

Given that the main difference between the intervention the treatment and the control participants under-
take is in the increased survey length for treatment participants, I would expect to see higher attrition in the
treatment participants, if differential attrition surfaces. There does not appear to be differential attrition

between the different participant groups.
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6.2 Balance Table

Table 5: Balance table for app treatment

1) 2) ()
Control  Treatment T-test p-value
Variable Mean/SD  Mean/SD (1)-(2)
Baseline Phone Usage (mins) 309.17 318.68 0.382
(116.60)  (128.54)
Baseline FB Usage (mins) 53.71 55.78 0.604
(45.54) (45.16)
Baseline Insta Usage (mins) 29.43 28.10 0.601
(29.63) (22.77)
Female 0.573 0.575 0.973
(0.50) (0.50)
Age 23.56 23.30 0.462
(4.41) (4.42)
College 0.506 0.514 0.843
(0.50) (0.50)
White 0.704 0.708 0.910
(0.46) (0.46)
Instagram 0.863 0.832 0.276
(0.34) (0.38)
Observations 314 315
F-test of joint significance (p-value) 0.8106

Notes: Columns (1) and (2) present the demographics for the Control and App Treatment groups.
Column (3) details the p-values of the difference-in-means between the two groups.
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6.3 Model and Proofs

Note that this is only one such model that could explain the effectiveness of commitment devices, and that
I do not use the empirical data from my experiment to estimate the parameters of this model.

Consider an individual ¢ with a horizon of infinite periods, ¢t = 0,1,2... and so on. At ¢t = 0, the agent
is faced with the option of whether to adopt a soft commitment device (e.g., an app limit). At any time ¢,

an individual ¢’s lifetime utility can be represented by:

Uit = Ri(xit)— At L(zir > i) Qi(zit—yi)+5i Z {5:1 [Ri (i t4n)—Ait1n L(Ti,t4m > yi)Qi(xi,t+n_yi)_6571Ci(fl'i,tJrnfl)}
n=1

where z; ; is the amount of time that individual ¢ chooses to spend on the given platform on an average day
in period ¢, and y; is the time limit that individual ¢ sets for the platform, where y; = 0 if they choose not to
adopt app limits. Individuals are assumed to exhibit quasi-hyperbolic discounting, where 3;, §; < 1 for all
individuals i. R;(-) is a function that denotes the returns to platform usage that is assumed to be concave
and increasing in x. C;(-), on the other hand, is a increasing function of x that characterizes the costs of
platform usage. Returns to platform usage are assumed to be immediate (e.g., Fulfillment at having shared
a post with friends, the benefits of consuming media, etc.) and costs are incurred at a later time period
(e.g., Putting off work or school, leading to pejorative impacts on future long-term goal fulfillment, etc.) —
specifically k € Z* time periods after the returns to social media are realized. Thus, costs are therefore
further discounted by 6. A;, is a binary variable denoting whether or not individual i had an app limit
instituted at time ¢, where A4, ; = 1 if they did.

Q:(*) is an increasing function of = that represents the additional cost that the individual incurs if they
exceed the time limit specified by their adopted soft commitment device (e.g., Psychological cost of exceeding
a pre-set commitment and ignoring a reminder, the actual cost of having to press “Ignore Limit”, etc). I
assume that participants are unaware of the app limit option so they choose A; = 0 regardless of their
preferences; my treatment makes all treated participants aware.

Now, consider an arbitrary time period ¢’ > 0. Denote the decision-maker’s optimal choice for time ¢’

from the perspective of the ¢t = 0 self by:

0 _
xi’t, = argmaxu;,o
Ty ¢ ex

Note that as u; is additively separable across time, the individual’s optimal decision at ¢ doesn’t vary
depending on their decision at ¢’ — 1 and so on. Assume that if the agent sets an app limit for themselves
at t = 0, they will set the magnitude of the limit at their optimal choice x?;/. Further denote the agent’s
optimal choice for time ¢ should they not adopt a time limit, and make the decision at ', by:

t'A=0 __ A —0
Ty = {argmax u; ¢/|A; v = 0}

xi,t/E

5:54:1 = {argmaxu; /|A; + = 1} denotes the choice at ¢’ if the agent adopts a time limit.

Ii,tIGX

Conversely, x

Proposition 1: In absence of app limits, agents spend more time at time ¢ than they would’ve chosen
to for that time period in ¢ = 0; i.e. x?,t/ < let’,A:O. Assumptions: [;,0; < 1, as future outcomes are

discounted; R;(-) is concave and increasing in x due to diminishing marginal utility of social media use.
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Proof: First, consider the optimisation problem that yields x?t, = argmaxu;g. Since u;; is additively
’ Tyoqt ex

separable across time (i.e., the individual’s optimal decision at ¢’ doesn’t vary depending on their decision
at t' — 1, etc.), we have that:

duio  O(Bid! Ri(wi ) — Bi6§+tlci($i,t’))

= == 0
a%?’t/ 81‘1#
8 ; ;) — k ; ;4
- (Ri(ziw) — 67 Ci(win)) -0
8.1‘1'7,5/
86’1'(1’1',,5/) - 1 8Ri(xi7t/)
= Ox;p  OF X 0x; v

Similarly, consider the optimisation problem that yields xﬁjgfﬁl:o = {argmaxu, ¢/|A; v = 0}. We have that:
T; €

Ou p _ O(Ri(zip) — BidFCi(zip)) _0
8;10?,;?4:0 Ox;p
80@(131'715/) - 1 % aRi(zi,t’)
&vi,t/ - ,@Z(Szk &vi,t/

Recall that 3; < 1 and R (x;;) <0 . Thus, it must be that 9, < xz:;&:o.

Proposition 2: Agents spend less (or equal) time on the platform at time ¢’ if they implement an app limit

than if they did not; i.e., xf f:l < xf ,;f4:0. Assumptions: f;,0; < 1, as future outcomes are discounted;

R;(-) is concave and increasing in & due to diminishing marginal utility of social media use; 8%;(') > 0, as
the additional costs of exceeding the time limit increase with the amount of time individuals spend on the

platform (e.g. the more an individual exceeds their pre-set limit, the higher the psychological costs).

Proof: First, consider the optimisation problem that yields xﬁjle = {argmaxu;y|A; ¢+ = 1}. We have

Ty ex
that:
Qui,p _ O(Ri(wiy) — Waiw > y:)Qi(wip — yi) — BidrCiaip)) 0
du} ! Ox; 4
aCz‘(xi,f/) _ 1 aRi(.’L‘i)t/) B a(Qi(([;i’t/ — yi)l(wi,t’ > ﬁ%))
6xiyt/ 67455 ax’i,t/ 8,I1'7t/

Comparing this to the expression of afﬁfj;o in the proof for Proposition 1, we know that since Q}(z;—y;) > 0

it/
’ _ ’ _ / _ ’ —
and R/(xz;+) < 0, it must be the case that xf 274_1 <zt ’A_O, where xf 274_1 = A0 ¢ Zip > y; and

— it it
t' A=1 t',A=0

z; 3 < otherwise.

31



6.4 Sample Questions

Figure 7: Daily screen time input

Now, please enter the daily screen time for each individual day, found in the content of
the same screenshot. To do so, please follow these instructions:

1. Hold down on the bar for the first day (leftmost bar) until the bar turns green

2. Record the number of minutes displayed for that day (e.g. for the example below, you
would record 2h52m = 172m for Day 2, as seen in the red box)

3. Repeat for all 7 days (from left to right)

Please input your answer in minutes (one hour = 60 minutes). If you do not have a time
displayed for a certain day, please enter '0'.

Here's an example of what the page would look like:

Day 1
Day 2
Day 3
Day 4
Day 5
Day 6

Day 7

£ Screen Time

-s iPhone
SCREEN TIME Today at 5:52 PM

Illllll

Social Networking
1h27m 1h19m

42m

32

Number of minutes spent on
phone



Estimate On average, how many minutes do you estimate you spend on your phone/Facebook/Instagram

daily? (one hour = 60 mins)

Estimate (Peers) On average, how many minutes do you estimate your closest friends spend on their phones/
Facebook/Instagram daily?

Ideal and Predicted
Recall that:

e You spent a daily average of XX minutes on Facebook, in the last 7 days
e Last week, you expressed that you ideally wanted to spend XX minutes on Facebook daily
e Last week, you predicted that you would spend XX minutes on Facebook daily
In the next 7 days, how much time would you ideally want to spend on your phone/Facebook/Instagram
per day, in minutes?
In the next 7 days, how much time do you predict you will actually spend on your phone per day,
in minutes?
Tangney Brief Self-Control Scale

For the questions below, please indicate how much each of the following statements reflects how
you typically are in general (not just in context of social media), using the scale provided. [Scale
options from 1 (Not at all) to 5 (Very Much)]

1. T am good at resisting temptation.

2. T have a hard time breaking bad habits.

3. T am lazy.

4. 1 say inappropriate things.

5. I do certain things that are bad for me, if they are fun.

6. I refuse things that are bad for me.

7. I wish I had more self-discipline.

8. People would say that I have iron self- discipline.

9. Pleasure and fun sometimes keep me from getting work done.
10. T have trouble concentrating.
11. T am able to work effectively toward long-term goals.
12. Sometimes I can’t stop myself from doing something, even if I know it’s wrong.

13. T often act without thinking through all the alternatives.

Present-bias parameter elicitation

In the following questions, assume hypothetically that you have been offered a choice of receiving
$20 today. We will ask you how much you would be willing to accept at a later date, instead of $20
today.
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[Note that these questions are hypothetical and are unrelated to your actual survey payment for
this study. As long as you complete all four surveys, you will receive your $20 payment within a

couple days of Survey 4 completion.]
If we paid you in one/two/four month, what’s the lowest amount that you would be willing to
accept (instead of receiving $20 today)?

App limit encouragement nudge

Earlier, you said that you would ideally want to spend:

e XX minutes on your phone daily

e XX minutes on Facebook daily

iOS 12’s “Screen Time” has a feature called “App Limits” that allows you to set time limits for
apps. If you set an app limit, a reminder will pop up on your phone once you have reached your
daily time limit. At that point, you can choose to ignore and dismiss the message: the limit will

not prevent you from using our phone if you need to continue using it.

Would you be willing to set time limits on your phone, equivalent to the ideal time(s) you specified
previously (or lower, if you wish)? (Note that agreeing to set time limits is not a requirement for
you to be able to continue to participate in the study, though we highly encourage you to do so.

Remember that setting a time limit is not binding - you can always choose to ignore the limit later.)
[0 Yes, and I currently do not have time limits set on my phone
O T already have time limits set on my phone
0 No
(If participant already had time limits set on your phone) If you already have time limits set on
your phone, kindly detail (i) which apps you have time limits set for, and (ii) the amount of minutes

each of the limits are set at: If you do not want to set a time limit, kindly detail your reasons for

not doing so.

(If participant chose not to set a limit) If you do not want to set a time limit, kindly detail your

reasons for not doing so.

(If participant agreed to setting limits) First, let’s set an app limit for your phone time usage. Please
go to Settings >> Screen Time >> App Limits >> Add Limit.

Select “All Apps Categories”, and then click ” Add” on the top right corner of the page. Please set

the limit to XX minutes or less, as you previously stated as your ideal phone time usage.

Once you have set your limit, please enter the number of minutes you set as your ”All Apps

Categories” limit.

Please upload a screenshot of your “App Limits” page, displaying all the limits you have set.
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6.5 Descriptive Time Statistics

Table 6a: Average daily time usage data, phone
n  Mean Std Error [95% Confidence Int.]

Baseline
Estimated, self 629 245.11 5.33 234.65 255.58
Estimated, peers 629 244.24 5.20 234.03 254.46
Actual (Week 0) 507 319.62 5.73 308.37 330.87
Week 1
Ideal (Week 1) 629 159.82 3.79 152.38 167.26
Predicted (Week 1) 629 260.72 5.67 249.58 271.86
Actual (Week 1) 510 313.92 5.43 303.25 324.60
Week 2
Ideal (Week 2) 518 189.88 4.53 180.97 198.78
Predicted (Week 2) 518 261.08 5.85 249.59 272.58
Actual (Week 2) 470  304.33 5.52 293.48 315.18
Week 6
Ideal (Week 6) 473 20251 475 193.18 211.84
Predicted (Week 4) 473 258.66 5.35 248.16 269.17
Actual (Week 6) 451 307.18 5.65 296.08 318.29

Table 6b: Difference-in-means results, phone

n  Mean Std Err  Std Dev  [95% Conf Int]  p-value, p, — 1y >0

Misperceptions
Actual - Estd
(Baseline)
Actual - Pred
(Week 1)
Actual - Pred
(Week 2)
Actual - Pred
(Week 6)
Self-Control
Actual - Ideal
(Week 1)
Actual - Ideal
(Week 2)
Actual - Ideal
(Week 6)

507  74.59 5.83 128.94 63.13  86.05 0.000***

510  55.67 4.94 111.54 4597  65.38 0.000***

469  45.26 5.14 111.22 35.17  55.36 0.000***

451  48.81 4.10 87.05 40.75  56.86 0.000***

510 154.07 5.26 118.86  143.73 164.41 0.000***

469 116.46 4.58 99.26 107.45 125.46 0.000***

451  104.52 4.77 101.37 95.14  113.90 0.000***

Notes: The former table presents phone time statistics (both self-reports and direct-measurements)
across all four surveys. The latter table presents difference-in-means results in phone times correspond-
ing to misperceptions (difference between actual and estimated/predicted times) and self-control issues
(difference between actual and self-reported ideal times for that week).
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Table 7a: Average daily time usage data, Facebook
n  Mean Std Error [95% Confidence Int.]

Baseline
Estimated, self 629 80.36 3.09 74.28 86.43
Estimated, peers 629 85.45 3.65 78.27 92.63
Actual (Week 0) 509 57.54 2.20 53.23 61.86
Week 1
Ideal (Week 1) 629 41.06 1.91 37.31 44.81
Predicted (Week 1) 629 71.93 3.79 64.47 79.38
Actual (Week 1) 516  54.74 2.00 50.82 58.66
Week 2
Ideal (Week 2) 518  40.98 2.19 36.68 45.28
Predicted (Week 2) 518 60.78 3.60 53.71 67.85
Actual (Week 2) 469  48.96 1.86 45.30 52.62
Week 6
Ideal (Week 6) 473 40.28 2.04 36.28 44.28
Predicted (Week 6) 473 53.18 2.66 47.95 58.41
Actual (Week 6) 457 48.00 1.96 44.15 51.85

Table 7b: Difference-in-means results, Facebook

-val
n  Mean Std Err  Std Dev  [95% Conf Int] prvatie
Ha — o >0
Misperceptions
Actual - Estd
ctual - &8 509 -20.91  3.02 6822  -26.85 -14.97  1.000
(Baseline)
Actual - Pred
516 -11.70 3.18 72.30 -17.96 -5.45 1.000
(Week 1)
Actual - Pred
AT 468 s9.01 2.72 58.84  -14.36  -3.67 0.999
(Week 2)
Actual - Pred
457  -4.31 2.28 48.73 -8.79 0.174 0.970
(Week 6)

Self-Control

Actual - Ideal
516 17.25 1.98 45.04 13.35 21.14 0.000***

(Week 1)
A 1 - Ideal
ctual - Ideal = c0 1030 1.01 4135 654 1405  0.000%*
(Week 2)
Actual - Ideal
457 8.21 2.01 42.87 4.27 12.15 0.000***
(Week 6)

Notes: The former table presents Facebook time statistics (both self-reports and direct-measurements)
across all four surveys. The latter table presents difference-in-means results in Facebook times corre-
sponding to misperceptions (difference between actual and estimated/predicted times) and self-control
issues (difference between actual and self-reported times for that week).
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Table 8a: Average daily time usage data, Instagram

n  Mean Std Error [95% Conf Int]
Baseline
Estimated, self 533 61.15 2.96 55.34  66.96
Estimated, peers 533 87.64 3.79 80.19  95.09
Actual (Week 0) 426 32.02 1.44 29.18  34.85
Week 1
Ideal (Week 1) 533 30.55 1.69 27.23  33.88
Predicted (Week 1) 533  49.10 3.16 42.89  55.31
Actual (Week 1) 436 28.79 1.27 26.29  31.28
Week 2
Ideal (Week 2) 438  26.24 1.95 22.42  30.07
Predicted (Week 2) 438  36.47 2.91 30.76  42.18
Actual (Week 2) 393 2745 121  25.08 29.83
Week 6
Ideal (Week 6) 398  25.07 1.53 22.05  28.08
Predicted (Week 6) 398 33.61 2.21 29.27  37.96
Actual (Week 6) 386  27.48 1.29 24.95 30.01

Table 8b: Difference-in-means results, Instagram

-val
n  Mean Std Err  Std Dev  [95% Conf Int] prvatie
Ha — Hb >0
Misperceptions
A 1- Es
ctual - Estd 06 2007 307 6341  -35.31 -23.24  1.000
(Baseline)
Actual - Pred
436  -19.18 3.30 68.98 -25.67 -12.69 1.000
(Week 1)
Actual - Pred
393 -6.42 1.62 32.14 -9.60 -3.23 1.000
(Week 2)
Actual - Pred
386  -6.12 1.98 38.98 -10.03  -2.23 0.999
(Week 6)
Self-Control
Actual - Ideal
GRS 436 104 181 3788 460 253 0.716
(Week 1)
A 1 - Ideal
ctual -ddeal 00 904 136 27.05 026 562 0016
(Week 2)
Actual - Ideal
38  2.37 1.52 29.95 -0.63 5.37 0.061*
(Week 6)
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Table 9: Difference-in-means results, Baseline Actual - Week 1 Actual

—val
n  Mean Std Err  Std Dev  [95% Conf Int] prvatue

Ha — pp >0
Phone 426 4.013 3.27 67.48 -2.41 10.44 0.1102
Facebook 432 1.74 1.28 26.66 -0.78 4.26 0.088*

Instagram 364  2.19 0.823 15.80 0.57 3.82 0.0042***

***p < 0.01,** p < 0.05,* p < 0.1

Notes: This table presents difference-in-means results between baseline “Screen Time” (collected in
Survey 1) and Week 1 “Screen Time” on each of the phone, Facebook and Instagram platforms.

Usage by Demographic Characteristics

Given substantial variation in baseline usage of smartphones, Facebook, and Instagram, I break down the
level of baseline usage of each platform by age, gender and education. As one would expect, Figure 8 shows
a negative relationship between average daily phone/Instagram usage and age, though the relationship is not
statistically significant. I omit participants aged 35 and over, as there are only two observations. Interestingly,
there is a highly strong and significant positive relationship between age and the time respondents spend
on Facebook. Given that the Facebook platform started in 2007 with the intention of targeting then-college
students, the majority of highly active Facebook users would now be in their 30s. It is possible that the
younger generation of teenagers and college-students are less reliant on Facebook as a mainstay of their

social media (despite being active Facebook users), relying more heavily on other social media apps.

Figure 8: Relationship between age, and platform use
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Week 1 usage (mins/day)
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Notes: The black dots represent the binned scatterpoints, generated using binscatter with 20 equal-sized
bins over age. The grey dots represent each individual observation with available Week 1 “Screen Time”
data. The range of the y-axis varies by graph. Shaded area reflects 95 percent confidence intervals.
Figure 9 shows that, on average, females spend more time across all platforms than males. Furthermore,
college graduates spend less time on their phones than non-college graduates, but spend more time on Face-
book. This is consistent with the view that college-graduates are more active Facebook users — after all,

they were the original target demographic of the platform.
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Figure 9: Relationship between gender/education, and platform use
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Notes: The y-axis represents pre-treatment Week 1 “Screen Time” actual usage data. The graph on the
left presents average phone, Facebook, and Instagram use by gender; the graph on the right presents
average phone and social media use by education level. Error bars represent 95% confidence intervals.

6.6 Treatment Effects, App Intervention

Table 10: First-stage between treatment assignment and actual treatment

Short-term Long-term
1) @) 3) @
Variables w/o Controls w/ Controls w/o Controls w/ Controls
Apptreat 0.506%** 0.505%** 0.376%** 0.370%**
(0.0299) (0.0297) (0.0308) (0.0308)
Education -0.0225 0.000213
(0.0208) (0.0215)
Female 0.0156 0.0357
(0.0302) (0.0312)
White -0.0102 -0.000282
(0.0332) (0.0345)
Age 0.0107** 0.00795*
(0.00422) (0.00431)
Instagram -0.0914** -0.0976**
(0.0418) (0.0427)
Constant 0 -0.190* 0 -0.123
(0.0212) (0.0992) (0.0217) (0.101)
Observations 518 518 461 461
R-squared 0.357 0.377 0.244 0.265

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Note: Columns 1, 3 present the first-stage relationship between treatment assignment and actual treat-
ment without controls, whilst Columns 2, 4 present the relationship when controls are added.
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Using Time as an outcome variable instead of logTime

Due to the expectation that the app treatment would have a constant proportional rather than a constant
level effect on individuals, I use log Time as the outcome variable in the main specification. For diagnostic
purposes, I plot the histogram of both Time and log Time and find that the distribution of log Time more

approximately resembles a normal distribution.

Figure 10: Histogram of Week 1 platform use,

absolute time (in minutes) and log time (in minutes)
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Notes: Figures on the left side present the distributions of average Week 1 daily phone, Facebook and
Instagram use, in minutes. Figures on the right present the distributions of average Week 1 daily phone,
Facebook and Instagram use in log minutes.

Here, I present the intention-to-treat effects of the app limit assignment on the amount of time spent on
social media (in minutes). Table 1la presents the main results of the impacts of app limits. Assignment
into the app limit treatment has a significant negative impact on the amount of time participants spend on
their phones and Facebook, reducing overall phone usage by 11 minutes and Facebook usage by 6 minutes
respectively. It also reduces Instagram usage by roughly 2 minutes a day, although this is not significant,

possibly because there were less observations for the Instagram platform.
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Table 11a: Intention-to-treat effects of app limits

Short-term Long-term
(1) (2) (3) (4) (5) (6)

Variables Phone Facebook  Instagram  Phone Facebook Instagram
Apptreat -11.14%%  _5.635*** -2.007* -3.908 -5.565*** -1.810

(5.110) (1.803) (1.107) (6.135) (2.029) (1.262)
Constant 319.5%**  54.38%** 28.31%FF*  323.0%F*  55.20%F* 29.46%**

(3.127) (1.100) (0.677) (3.092) (1.082) (0.692)
Observations 5,345 5,415 4,558 5,178 5,278 4,478
R-squared 0.004 0.006 0.008 0.004 0.006 0.005
Number of id 455 456 385 445 445 376

Notes: Columns (1) through (3) present the short-term intention-to-treat effects (i.e. the duration of
one week, between Survey 2 and Survey 3), and Columns (4) through (6) present the longer-term effects
(over the course of five weeks, between Survey 2 and Survey 4). Apptreat is the binary variable indicating

treatment assignment.

Table 11b presents the treatment-on-treated (ToT) effects of app limits on the amount of time spent on
social media (in minutes). Overall, the estimated ToT effect of the app limit intervention is relatively large
and significant — the app treatment significantly decreases phone usage by 21 minutes and Facebook usage

by 11 minutes. The ToT effect on Instagram is a reduction of Instagram daily usage by 4 minutes, though

the result is not significant.

Table 11b: Treatment-on-treated effects of app limits

Short-term Long-term
(1) (2) (3) (4) (5) (6)
Variables Phone Facebook  Instagram  Phone Facebook  Instagram
Actual treatment -20.82**  -10.59%** -4.069* -9.730 -13.76%** -4.970
(9.342) (3.268) (2.193) (15.23) (5.019) (3.441)
Constant 319.5%**  54.3]%** 28.31%**  323.0%**  55.20%** 29.47%**
(3.125) (1.095) (0.677) (3.096) (1.084) (0.696)
Observations 5,339 5,409 4,558 5,178 5,278 4,478
Number of id 454 455 385 445 445 376

Notes: Columns (1) through (3) present the short-term treatment-on-treated effects (i.e. the duration of
one week, between Survey 2 and Survey 3), and Columns (4) through (6) present the longer-term effects
(over the course of five weeks, between Survey 2 and Survey 4).
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Average time spent on platform daily, by app intervention treatment group

Figure 11la: Average time spent on smartphone (mins)
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Figure 11b: Average time spent on Facebook (mins)
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Figure 11c: Average time spent on Instagram (mins)
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Notes: Red dots represent the mean time the app treatment group spent on the platform on any given
day relative to the app treatment, whilst the blue dots represent the mean time the control group spent
on the platform on any given day. Error bars represent 95 percent confidence intervals. The red line
denotes the time of the app treatment, and the dotted blue line demarcates the privacy treatment.

42



6.7 Heterogeneous Treatment Effects
By Baseline Discrepancy Between Actual and Ideal Usage (Lack of Self-Control)

Figure 12a: Heterogeneous treatment effects of app limits on phone usage
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Figure 12b: Heterogeneous treatment effects of app limits on Facebook usage

Figure 12c: Heterogeneous treatment effects of app limits on Instagram usage
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Notes: This figure presents intention-to-treat, first-stage, and treatment-on-treated effects of the app
limit intervention, by baseline discrepancy between actual and ideal usage. Short-term effects
(duration of one week, between Survey 2 and 3) are in blue, whilst long-term effects (over the course of
four weeks, between Survey 3 and 4) are in red. Error bars reflect 95 percent confidence intervals.
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Table 12a: Regression results — Interaction of baseline lack of self-control

(actual - ideal) with app treatment assignment

(1) (2) (3) (4) (5) (6)
Variables Phone, ST Phone, LT FB, ST FB, LT Insta, ST Insta, LT
Apptreat 0.0507* 0.0765** -0.0985%** -0.0773%* -0.0439 -0.110%*
(0.0303) (0.0337) (0.0370) (0.0453)  (0.0388)  (0.0451)
Apptreat * Actual-Ideal -0.000522***  -0.000602***
(Phone) (0.000128)  (0.000146)
Apptreat * Actual-Ideal -0.00274***  -0.00277***
(FB) (0.000848)  (0.000889)
Apptreat * Actual-Ideal -0.00266**  -0.00223**
(Insta) (0.00120)  (0.000930)
Constant 5.643%** 5.665%** 3.547F** 3.566%** 2.876%** 2.945%**
(0.0106) (0.0111) (0.0219) (0.0243)  (0.0263)  (0.0259)
Observations 5.173 5,127 5.195 5.170 4116 4,073
R-squared 0.008 0.010 0.015 0.011 0.010 0.010
Number of id 437 437 442 442 370 370

Table 12b: Regression results — Interaction of baseline lack of self-control (actual - ideal)

binary variable with app treatment assignment

0 @) ) ) ) (©)
Variables Phone, ST  Phone, LT  FB, ST FB, LT  Insta, ST Insta, LT
Apptreat 0.0263 0.0627* -0.0317 0.00997 0.168*** 0.0408
(0.0292)  (0.0337)  (0.0480)  (0.0572)  (0.0499)  (0.0694)
Apptreat * Actual-Ideal — -0.107***  -0.151%**
(Phone, Above Median)  (0.0358) (0.0421)
Apptreat * Actual-Ideal -0.228%**  .(0.273%**
(FB, Above Median) (0.0747)  (0.0800)
Apptreat * Actual-Ideal -0.400%**  _(0.282%**
(Insta, Above Median) (0.0726)  (0.0891)
Constant 5.6447%** 5.661%** 3.546%F** 3 HEH*HR QBT 2 945%HK
(0.0106)  (0.0110)  (0.0219)  (0.0243)  (0.0262)  (0.0258)
Observations 5,205 5,175 5,213 5,188 4128 4,085
R-squared 0.006 0.009 0.015 0.012 0.017 0.012
Number of id 444 445 445 445 372 372

Notes: The former table presents regression results for the interaction of the discrepancy between actual
and ideal platform usage with app treatment. The latter table presents regression results for the inter-
action of a binary variable (=1 when the discrepancy between actual and ideal is above median) with
app treatment assignment. Columns (1) through (3) present the short-term intention-to-treat effects (i.e.
the duration of one week, between Survey 2 and Survey 3), and Columns (4) through (6) present the
longer-term effects (over the course of five weeks, between Survey 2 and Survey 4).
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By Platform Usage

Figure 13a: Heterogeneous treatment effects of app limits on phone usage
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Figure 13b: Heterogeneous treatment effects of app limits on Facebook usage
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Figure 13c: Heterogeneous treatment effects of app limits on Instagram usage
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Notes: This figure presents intention-to-treat, first-stage, and treatment-on-treated effects of the app
limit intervention, by Week 1 usage. Short-term effects (duration of one week, between Survey 2 and
3) are in blue, whilst long-term effects (over the course of four weeks, between Survey 3 and 4) are in
red. Error bars reflect 95 percent confidence intervals.

45



Table 13a: Regression results — Interaction of Week 1 platform usage

with app treatment assignment

) @) ) ) B (©)
Variables Phone, ST Phone, LT FB, ST FB, LT Insta, ST Insta, LT
Apptreat 0.145%*** 0.188*** -0.0627 0.0272 0.194*** 0.0173
(0.0547) (0.0623) (0.0530)  (0.0626) (0.0644)  (0.0764)
Apptreat * Phone Use -0.000548***  -0.000640***
(0.000145)  (0.000163)
Apptreat * FB Use -0.00154**  -0.00275%**
(0.000668)  (0.000715)
Apptreat * Insta Use -0.00769***  -0.00400**
(0.00172)  (0.00161)
Constant 5.643%** 5.665%** 3.547F** 3.566%** 2.8T7*** 2.945%**
(0.0106) (0.0110) (0.0220)  (0.0243) (0.0264)  (0.0259)
Observations 5,173 5,127 5,195 5,170 4116 4,073
R-squared 0.009 0.011 0.012 0.012 0.015 0.010
Number of id 437 437 442 442 370 370

Robust standard errors in parentheses, ***p < 0.01,"* p < 0.05,* p < 0.1

Table 13b: Regression results — Interaction of Week 1 platform usage

(below/above median) with app treatment assignment

1) @) ) ) 5) (6)
Variables Phone, ST Phone, LT FB, ST FB, LT  Insta, ST Insta, LT
Apptreat 0.0423 0.0694** -0.0668 -0.00239 0.107* 0.00622
(0.0281) (0.0337) (0.0517)  (0.0637)  (0.0550)  (0.0710)
Apptreat * Phone (Above Median)  -0.138%**  -0.162***
(0.0351)  (0.0421)
Apptreat * FB (Above Median) -0.152%*  -0.236***
(0.0754)  (0.0815)
Apptreat * Insta (Above Median) -0.261FF*%  -0.202%*
(0.0765)  (0.0912)
Constant 5.644%F* 5.661***  3.546%**  3.565%FF  2.87RFFK 2 946%**
(0.0106) (0.0110) (0.0221)  (0.0243)  (0.0262)  (0.0259)
Observations 5,205 5,175 5,213 5,188 4,128 4,085
R-squared 0.008 0.010 0.013 0.011 0.011 0.010
Number of id 444 445 445 445 372 372

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Notes: The former table presents regression results for the interaction of Week 1 “Screen Time” with app
treatment. The latter table presents regression results for the interaction of a binary variable (=1 when
the Week 1 “Screen Time” is above median) with app treatment assignment. Columns (1) through (3)
present the short-term intention-to-treat effects (i.e. the duration of one week, between Survey 2 and 3),
and Columns (4) through (6) present the longer-term effects (duration of four weeks, between Survey 3

and 4).
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By Self-Control Measures

Figure 14a: Heterogeneous treatment effects of app limits on phone usage
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Figure 14b: Heterogeneous treatment effects of app limits on Facebook usage
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Figure 14c: Heterogeneous treatment effects of app limits on Instagram usage
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Notes: This figure presents intention-to-treat, first-stage, and treatment-on-treated effects of the app
limit intervention, by Tangney self-control score. Short-term effects (duration of one week, between
Survey 2 and 3) are in blue, whilst long-term effects (over the course of four weeks, between Survey 3
and 4) are in red. Error bars reflect 95 percent confidence intervals.
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Table 14a: Regression results — Interaction of Tangney self-control score

with app treatment assignment

(1)

(2)

3)

(4)

(5)

(6)

Variables Phone, ST Phone, LT FB, ST  FB, LT Insta, ST Insta, LT
Apptreat 0.116 -0.0250 -0.382%* -0.160 0.417**  -0.00796
(0.0796)  (0.102)  (0.186)  (0.193)  (0.164)  (0.202)
Apptreat * Self-Control Score  -0.0474* 0.00237 0.0745 0.0107  -0.145***  -0.0315
(0.0253) (0.0325) (0.0604) (0.0614)  (0.0521)  (0.0611)
Constant 5.644%** 5.661%** 3.546%*F* 3 565¥F* 2. 878F*¥* 2 946 **
(0.0107)  (0.0112)  (0.0221) (0.0245)  (0.0262)  (0.0258)
Observations 5,205 5,175 5,213 5,188 4,128 4,085
R-squared 0.004 0.003 0.012 0.008 0.010 0.008
Number of id 444 445 445 445 372 372

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Table 14b: Regression results — Interaction of binary Tangney self-control score

(below/above median) with app treatment assignment

(1)

(2)

(3)

(4)

(5)

(6)

Variables Phone, ST Phone, LT  FB, ST FB, LT  Insta, ST Insta, LT
Apptreat 0.00295 -0.00633  -0.151%**  -0.148%** 0.0538 -0.0776
(0.0233) (0.0278) (0.0466) (0.0549) (0.0497) (0.0641)
Apptreat * Self-Control Score  -0.0801** -0.0259 0.00564 0.0477 -0.203%* -0.0661
(Above Median) (0.0355) (0.0435) (0.0791) (0.0829) (0.0798) (0.0901)
Constant 5.643%+* 5.661***  3.546%F**  3.566FF*  2.878FFF  2.0946%**
(0.0107) (0.0112) (0.0221) (0.0245) (0.0262) (0.0259)
Observations 5,205 5,175 5,213 5,188 4,128 4,085
R-squared 0.004 0.003 0.011 0.008 0.010 0.008
Number of id 444 445 445 445 372 372

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Notes: The former table presents regression results for the interaction of Tangney’s brief self-control score
with app treatment. The latter table presents regression results for the interaction of a binary variable
(=1 when the score is above median) with app treatment assignment. Columns (1) through (3) present
the short-term intention-to-treat effects (i.e. the duration of one week, between Survey 2 and Survey 3),
and Columns (4) through (6) present the longer-term effects (duration of five weeks, between Survey 2

and Survey 4).
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Figure 15a: Heterogeneous treatment effects of app limits on phone usage
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Figure 15b: Heterogeneous treatment effects of app limits on Facebook usage
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Figure 15c: Heterogeneous treatment effects of app limits on Instagram usage
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Notes: This figure presents intention-to-treat, first-stage, and treatment-on-treated effects of the app
limit intervention, by present-bias parameter. Short-term effects (duration of one week, between
Survey 2 and 3) are in blue, whilst long-term effects (over the course of four weeks, between Survey 3
and 4) are in red. Error bars reflect 95 percent confidence intervals.

49



Table 15a: Regression results — Interaction of present-bias parameter

with app treatment assignment

(1) (2) (3) (4) (7) (8)
Variables Phone, ST  Phone, LT  FB, ST FB, LT Insta, ST  Insta, LT
Apptreat -0.0339* -0.0198 -0.147**%  J0.119%** -0.0431 -0.0919**

(0.0185)  (0.0222)  (0.0393)  (0.0423) (0.0407)  (0.0464)
Apptreat * Beta  0.00146%¥*  0.000578  -0.00137  -0.00661%***  0.00607***  -0.00206
(0.000419)  (0.000528) (0.00175)  (0.00132)  (0.00197)  (0.00157)

Constant 5.643%*** 5.660%** 3.541%** 3.560%** 2.884%** 2.943***
(0.0108) (0.0113) (0.0222) (0.0247) (0.0263) (0.0259)
Observations 5,151 5,121 5,153 5,128 4,081 4,037
R-squared 0.003 0.003 0.011 0.009 0.008 0.007
Number of id 439 440 440 440 368 368

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Table 15b: Regression results — Interaction of binary present-bias parameter

(below/above median) with app treatment assignment

(1) (2) (3) (4) (5) (6)
Variables Phone, ST  Phone, LT FB, ST FB, LT  Insta, ST Insta, LT
Apptreat -0.0346 -0.0564 -0.0886*  -0.176%**  -0.00733 -0.123*
(0.0285) (0.0378) (0.0508)  (0.0676) (0.0667) (0.0728)
Apptreat * Beta 0.00497 0.0644 -0.0985 0.0816 -0.0449 0.0275
(Above Median) (0.0365) (0.0454) (0.0739)  (0.0850) (0.0829) (0.0934)
Constant 5.643%** 5.661%**  3.546%**  3.566***F  2.878*FF  2.946***
(0.0107) (0.0112) (0.0221)  (0.0245) (0.0262) (0.0258)
Observations 5,205 5,175 5,213 5,188 4,128 4,085
R-squared 0.002 0.004 0.012 0.008 0.007 0.008
Number of id 444 445 445 445 372 372

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05, p < 0.1

Notes: The former table presents regression results for the interaction of the present-bias parameter with
app treatment. The latter table presents regression results for the interaction of a binary variable (=1
when the present-bias parameter is above median) with app treatment assignment. Columns (1) through
(3) present the short-term intention-to-treat effects (i.e. the duration of one week, between Survey 2 and
Survey 3), and Columns (4) through (6) present the longer-term effects (duration of five weeks, between
Survey 2 and Survey 4).
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By Gender

Figure 16a: Heterogeneous treatment effects of app limits on phone usage, by gender
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Figure 16b: Heterogeneous treatment effects of app limits on Facebook usage, by gender
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Figure 16c: Heterogeneous treatment effects of app limits on Instagram usage, by gender
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Notes: This figure presents intention-to-treat, first-stage, and treatment-on-treated effects of the app
limit intervention, by gender. Short-term effects (duration of one week, between Survey 2 and 3) are in
blue, whilst long-term effects (over the course of four weeks, between Survey 3 and 4) are in red. Error
bars reflect 95 percent confidence intervals.
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Table 16: Regression results — Interaction of gender

with app treatment assignment

M) ) () @ 5) ©)
Variables Phone, ST  Phone, LT  FB, ST FB, LT Insta, ST Insta, LT
Apptreat -0.0430 -0.0311 -0.248%**  _0.147**  -0.0647 -0.159%*
(0.0272)  (0.0344)  (0.0640)  (0.0618)  (0.0596)  (0.0771)
Apptreat * Female 0.0204 0.0245 0.178** 0.0375 0.0497 0.0878
(0.0359) (0.0437) (0.0781)  (0.0828)  (0.0798)  (0.0954)
Constant 5.643%** 5.661%** 3.545%F*% 3. 565%*¥* 2. R79¥F*k 2 g46***
(0.0107)  (0.0112)  (0.0220)  (0.0245)  (0.0262)  (0.0259)
Observations 5,198 5,168 5,206 5,181 4,123 4,078
R-squared 0.002 0.003 0.013 0.008 0.007 0.008
Number of id 443 444 444 444 371 371

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Notes: This table presents regression results for the interaction of a binary variable indicating gender
(where Female = 1) with app treatment assignment. Columns (1) through (3) present the short-term
intention-to-treat effects (i.e. the duration of one week, between Survey 2 and Survey 3), and Columns
(4) through (6) present the longer-term effects (duration of five weeks, between Survey 2 and Survey 4).

By Age

Figure 17a: Heterogeneous treatment effects of app limits on phone usage, by age
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Figure 17b: Heterogeneous treatment effects of app limits on Facebook usage, by age
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Figure 17c: Heterogeneous treatment effects of app limits on Instagram usage, by age
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Notes: This figure presents intention-to-treat, first-stage, and treatment-on-treated effects of the app
limit intervention, by age. Short-term effects (duration of one week, between Survey 2 and 3) are in
blue, whilst long-term effects (over the course of four weeks, between Survey 3 and 4) are in red. Error
bars reflect 95 percent confidence intervals.
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Table 17a: Regression results — Interaction of age

with app treatment assignment

(1) (2) (3) (4) (5) (6)
Variables Phone, ST  Phone, LT FB, ST FB, LT  Insta, ST Insta, LT
Apptreat -0.00669 -0.0671 -0.195 -0.490** 0.0128 -0.104
(0.0922) (0.114) (0.204) (0.207) (0.199) (0.254)
Apptreat * Age  -0.00105 0.00210 0.00197 0.0154*  -0.00207  -0.00007
(0.00375) (0.00475)  (0.00825) (0.00829) (0.00833)  (0.0106)

Constant 5.643%** 5.661%** 3.546***  3.566%FF  2.87T8*F*F  2.946***
(0.0107) (0.0112) (0.0222) (0.0245) (0.0262) (0.0258)
Observations 5,205 5,175 5,213 5,188 4,128 4,085
R-squared 0.002 0.003 0.011 0.009 0.007 0.008
Number of id 444 445 445 445 372 372

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Table 17b: Regression results — Interaction of binary age

(below/above median) with app treatment assignment

1) ) () ) (5) (6)
Variables Phone, ST Phone, LT FB, ST FB, LT Insta, ST Insta, LT
Apptreat -0.0122 -0.0138 -0.129**  -0.135%*  -0.00987 -0.0855
(0.0249) (0.0281) (0.0541)  (0.0601)  (0.0553) (0.0643)
Apptreat * Age (Above Median) -0.0389 -0.00777 -0.0390 0.0179 -0.0537 -0.0444
(0.0355) (0.0430) (0.0767)  (0.0822)  (0.0794) (0.0909)
Constant 5.643%** 5.661***  3.546%**  3.566%FF 2. 878F** 2 .946%HF
(0.0107) (0.0112) (0.0222)  (0.0245)  (0.0262) (0.0258)
Observations 5,205 5,175 5,213 5,188 4,128 4,085
R-squared 0.003 0.003 0.011 0.008 0.007 0.008
Number of id 444 445 445 445 372 372

Robust standard errors in parentheses, ***p < 0.01,** p < 0.05,* p < 0.1

Notes: The former table presents regression results for the interaction of age with app treatment. The
latter table presents regression results for the interaction of a binary variable (=1 when age is above
median) with app treatment assignment. Columns (1) through (3) present the short-term intention-to-
treat effects (i.e. the duration of one week, between Survey 2 and Survey 3), and Columns (4) through
(6) present the longer-term effects (duration of five weeks, between Survey 2 and Survey 4).
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6.7.1 Estimating Treatment Heterogeneity Using Causal Forests, Facebook use

Following Athey and Wager’s (2019) application of causal forests to the National Study of Learning Mind-
sets dataset, I apply causal forests to estimate conditional average treatment effects (Athey, Tibshirani, and
Wager, 2019; Nie and Wager, 2017). I base my analysis on data from n = 459 individuals who completed

the third survey with valid Facebook time usage results.

Assessing Treatment Heterogeneity Across Subgroups

I first test for heterogeneity by creating quartiled subpopulations based on predicted treatment effect
strength. I compute the average treatment effect within each subgroup through the augmented inverse-
propensity weighted (AIPW) average treatment effect, using doubly robust scores. Note that since the app
treatment is randomized, the method will yield unbiased estimates of the group-specific treatment effect.
This gives some indication of heterogeneity in the data: the ATE is clearly not constant across the quartiles.

Using the Wald test, I reject the null hypothesis that the ATE is constant across quartiles.

Table 18: AIPW ATE estimates, by quartile

Quartile 1 -15.982
(4.189)
Quartile 2 -2.232
(1.963)
Quartile 3 1.519
(2.062)
Quartile 4  6.668
(2.660)
p-value 0.0003

Figure 18: AIPW ATE estimates, by quartile

Method
AIPW ATE

ATE Estimate

-201

N-tile
Assessing Treatment Heterogeneity Across Covariates

Another way of checking heterogeneity is by checking if different groups have varying average covariate levels

across quartiles of estimated conditional average treatment effects (CATES).
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Table 19: Average covariate values in each quartile

Covariate Quartile 1  Quartile 2 Quartile 3  Quartile 4
Female 0.663 0.514 0.598 0.497
(0.036) (0.036) (0.036) (0.036)
Age 23.88 23.03 23.88 23.03
(0.327) (0.328) (0.327) (0.328)
White 0.75 0.716 0.706 0.71
(0.033) (0.033) (0.033) (0.033)
Education 1.647 1.519 1.668 1.71
(0.065) (0.066) (0.065) (0.066)
Present-bias parameter 0.936 0.881 3.059 3.22
(0.013) (0.013) (0.013) (0.013)
Tangney Self-control Score 3.059 3.220 3.213 3.352
(0.05) (0.05) (0.05) (0.05)
Week 1 FB Usage 94.10 39.15 38.72 43.45
(2.912) (2.92) (2.912) (2.92)
Week 1 Act-Ideal, FB Usage 50.78 8.14 4.21 6.84
(3.023) (3.032) (3.023) (3.032)
Privacy Violations 0.174 0.200 0.082 0.008
(0.015) (0.015) (0.015) (0.015)
Clicked on social media links 0.002 0.033 0.027 0.033

(0.011) (0.011) (0.011) (0.011)

Table 20: Covariate variation across quartiles

Week 1 FB Usage 0.2593
Week 1 Act-Ideal, FB Usage 0.1817
Privacy Violations 0.1256
Present-bias parameter 0.0387

Tangney Self-control Score 0.0233

There is clearly some heterogeneity across covariates: Table 20 displays the top 5 covariates with variation
across quartiles. It makes sense that treatment strength would vary with pre-treatment Facebook usage,
pre-treatment discrepancies between ideal and actual usage, and also with self-control proxies. Interestingly,
there is also varying levels of privacy violations across quartiles of estimated CATEs, suggesting that people
who have experienced privacy violations on Facebook before are more responsive to treatment (i.e., are more

likely to experience stronger negative treatment effects).

Interaction between baseline Facebook usage and Tangney self-control score

In the body of my paper, I note that whilst heavy users experience stronger treatment effects, participants
with higher Tangney self-control scores appear to benefit more from the treatment: thus, it would be
instructive to look at the interaction of these two variables and their relationship with the conditional average

treatment effect. As seen in Figure 19 below, I find that treatment effects are predicted to be strongest for
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those with very high discrepancies between their professed ideal times and the time they actually spent on

Facebook, and that had a relatively moderate level of self-control.

Figure 19: Interaction between self-control score and pre-treatment discrepancies

between ideal and actual time spent on Facebook
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Lastly, we can evaluate the quality of our causal forest heterogeneity estimates using a method that
estimates the best linear predictor of CATE using out-of-bag predictions (Chernozhukov et al., 2018). Using

an omnibus test for the presence of heterogeneity, I reject the null of lack of heterogeneity.

Table 21: Omnibus test for heterogeneity
Estimate Std. Error t-value Pr(>t)
Mean Forest Prediction 0.985 0.637 1.545  0.0614
Differential Forest Prediction 2.584 0.925 2.795  0.0027

Notes: This table displays the best linear fit using forest predictions (on held-out data) as well as the mean
forest prediction as regressors, along with one-sided heteroskedasticity-robust (HC3) standard errors.
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6.8 Self-control Measures

Table 22: Regression results: Discrepancy between actual and ideal time on Tangney Brief
Self-Control Score

1) @) 3)
Variables Phone Facebook Instagram
selfcontrols -0.399***  _(0.225%* -0.0715
(0.132) (0.0934) (0.0959)
Constant 2.825%** 1 B70*H* 0.576*
(0.432) (0.305) (0.312)

Observations 509 511 424

R-squared 0.018 0.011 0.001
Standard errors in parentheses, ***p < 0.01,"* p < 0.05,* p < 0.1

Notes: This table presents regression results of the discrepancy between actual and ideal platform usage
on Tangney’s Brief Self-Control Score. Column (1) details results for phone usage, Column (2) for
Facebook usage, and Column (3) for Instagram use.

Table 23: Regression results: Discrepancy between actual and ideal time on present-bias

parameter

(1) (2) 3)

Variables Phone  Facebook Instagram

beta -0.128 0.322 0.479
(0.575) (0.344) (0.417)

Constant 1.720%%* 0.514* -0.0238

(0.484)  (0.288) (0.350)

Observations 332 333 272

R-squared 0.000 0.003 0.005
Standard errors in parentheses, ***p < 0.01,"* p < 0.05,* p < 0.1

Notes: This table presents regression results of the discrepancy between actual and ideal platform usage
on the present-bias parameter. Column (1) details results for phone usage, Column (2) for Facebook
usage, and Column (3) for Instagram use.
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6.9 Robustness Checks
6.9.1 Robustness to the inclusion of participants that already have an app limit
prior to experiment

Note that in the body of the paper, users that already had existing app limits were omitted from the analysis.
Here, I perform a robustness check, assigning participants that already have an app limit prior to experiment
a treatment value of 1. Though some of the treatment effects are slightly diminished, there are no changes

to the significance of the effects.

Table 25: Treatment-on-treated effects of app limits on logtime spent on Phone/FB/Insta

Short-term Long-term
(1) (2) (3) (4) (5) (6)

Variables Phone Facebook  Instagram  Phone Facebook  Instagram
Actual Treatment -0.0589*  -0.277*** -0.0710 -0.0438  -0.314***%  _0.292%**

(0.0327) (0.0678) (0.0794) (0.0532) (0.104) (0.129)
Constant 5.643*** 3 545%k* 2.878%F* 56617 3.565%FF 2.946%+*

(0.0107) (0.0220) (0.0262) (0.0112) (0.0245) (0.0261)
Observations 5,199 5,207 4,128 5,175 5,188 4,085
Number of id 443 444 372 445 445 372

Notes: Columns (1) through (3) present the short-term treatment-on-treated effects (i.e. the duration of
one week, between Survey 2 and Survey 3), and Columns (4) through (6) present the longer-term effects
(over the course of five weeks, between Survey 2 and Survey 4). Note that actual treatment is coded as
1 for participants that already have an app limit prior to experiment.

6.9.2 Robustness check omitting participants that submitted inaccurate data

Recall that in every survey, I asked participants to input their phone/Facebook/Instagram usage times for
the previous 7 days, as well as their weekly average as it appears on the “Screen Time” page. Additionally,
participants submitted screenshots of their “Screen Time” page. To double-check for accuracy, I computed
the average time over the 7 days and made sure that it was equal to the average specified by the participant.
If there was a discrepancy between the two figures, I manually checked the uploaded screenshot to ensure that
data has been inputted accurately. About 10% of participants had daily averages that did not match their
inputted averages; upon manually checking their uploaded screenshots, these were mostly due to accidental
misreporting. A small handful of participants consistently reported times that were at odds with their
screnshotted “Screen Time”. Where possible, I manually inputted their real “Screen Time” as harvested
from their screenshots, or otherwise omitted their observations.

Here, I run a robustness check omitting participants who ever had inaccurate data from the the analysis,

yielding similar results.
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Table 25: Treatment-on-treated effects of app limits on logtime spent on Phone/FB /Insta

Short-term Long-term
(1) (2) () (4) (5) (6)
Variables Phone Facebook  Instagram  Phone Facebook  Instagram

Actual Treatment -0.0733%*  -0.338%%*  _0.0687  -0.0388  -0.361***  -0.398%**
(0.0358)  (0.0784)  (0.0895)  (0.0592)  (0.106) (0.134)

Constant 5.626%FF  3B10FFE 2.863%KF 5 GAATRE 3 5pFRF 2 993wk
(0.0120)  (0.0256)  (0.0286)  (0.0124)  (0.0272)  (0.0298)

Observations 4,319 4,332 3,418 4,201 4,214 3,307

Number of id 369 370 309 362 362 302

Notes: Columns (1) through (3) present the short-term treatment-on-treated effects (i.e. the duration of
one week, between Survey 2 and Survey 3), and Columns (4) through (6) present the longer-term effects
(over the course of five weeks, between Survey 2 and Survey 4). Note that actual treatment is coded as
1 for participants that already have an app limit prior to experiment.
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