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Our supplementary material is structured as follows. Section A provides additional details
related to the conceptual framework. Section B includes additional tables and figures.
Section C provides additional evidence on robustness. In Section D, we provide additional
details on the open-ended data, including the coding scheme. Section F provides evidence
including the pilot data from Instagram. Section E examines non-user utility in luxury
good markets. Finally, Appendix G presents the instructions for all experiments described
in the paper.
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A Additional framework details

Changes in Market Share. Our model specified above allows for comparative statics
on how welfare changes for distinct groups (e.g., users who lose out from the product) as
the observed market share X

⇤ changes. Figure A1 provides an illustrative example of how
an increase in the number of users can, simultaneously, 1) increase the marginal utility
from using the product relative to not using it (positive network e↵ects) and 2) decrease
the utility of both using and not using the product. Our empirical application to social
media elicits portions of these two curves using experimental methods, allowing us to assess
key comparative statics related to how welfare changes with total equilibrium use.

Appendix Figure A1: Utility and Negative Consumption Spillovers from Product Use
as a Function of Aggregate Use X
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Notes: Figure A1 presents an example of individual utilities as a function of aggregate use X, as well as individual
consumer surplus, product market surplus, and network e↵ects. In this example there are negative consumption
spillovers (to both users and non-users), negative product market surplus, positive individual consumer surplus, and
positive network e↵ects.

Incentive Compatibility. Table A1 helps illustrate the incentive compatibility of our
empirical procedure. It presents, for each of the three steps in our survey, the payo↵s
that individual i gets when given an o↵er y to deactivate their social media account and
the conditions under which i chooses to select “deactivate” or “not deactivate” in the
decision screen. For simplicity and without loss of generality, we assume that participants
face a single decision screen, as opposed to the multiple decision screens that they face in
our procedure. Moreover, we assume that participants face some small hassle cost such
that they choose to not deactivate if they are indi↵erent between deactivating and not
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deactivating. Note that the table incorporates the option-value that participants have
when choosing to deactivate or to not deactivate in the decision screen; they can always
change their mind afterward, although doing so implies that they can lose their monetary
compensation or cancel the deactivation experiment for everyone else (in the case of step 3
in our experiment). For example, a participant that receives positive o↵er $y to individually
deactivate their account in step 1 will have a payo↵ of max{ui(0, X) + y, ui(1, X)} if they
accept to deactivate. The reason is that they receive ui(0, X)+y if they follow through with
deactivation but a payo↵ ui(1, X) if they change their mind and reactivate. Note that the
table shows that there is no incentive compatibility for negative o↵ers in the case of steps
1 and 2 (which estimate the valuation keeping and removing network, respectively). The
reason is that the individual can always deactivate for free, so, when faced with the option
to deactivate vs. not deactivate and receive $y (how one would implement in practice a
negative o↵er to deactivate), it is a dominant strategy to choose to not deactivate (even if
i were willing to pay to deactivate).

Appendix Table A1: Payo↵s and Decisions for Di↵erent O↵ers to Deactivate

O↵er y > 0 O↵er y  0
Valuation keeping network
Payo↵ of “deactivate” max{ui(0, X) + y, ui(1, X)} max{ui(0, X), ui(1, X)}
Payo↵ of “do not deactivate” max{ui(0, X), ui(1, X)} max{ui(0, X), ui(1, X)}+ |y|
i clicks “deactivate” if y > ui(1, X)� ui(0, X) N/A
i clicks “do not deactivate” if y  ui(1, X)� ui(0, X) For all y  0

Valuation removing network
Payo↵ of “deactivate” max{ui(0, 0) + y, ui(1, 0)} max{ui(0, 0), ui(1, 0)}
Payo↵ of “do not deactivate” max{ui(0, 0), ui(1, 0)} max{ui(0, 0), ui(1, 0)}+ |y|
i clicks “deactivate” if y > ui(1, 0)� ui(0, 0) N/A
i clicks “do not deactivate” if y  ui(1, 0)� ui(0, 0) For all y  0

Product market valuation
Payo↵ of “deactivate” max{ui(0, 0) + y, ui(1, X)} max{ui(0, 0), ui(1, X)}
Payo↵ of “do not deactivate” max{ui(0, 0), ui(1, X)} max{ui(0, X), ui(1, X)}+ |y|
i clicks “deactivate” if y > max{ui(1, X), ui(0, X)}� ui(0, 0)
i clicks “do not deactivate” if y  max{ui(1, X), ui(0, X)}� ui(0, 0)

Notes: The table presents the payo↵s that individual i gets when given an o↵er y to deactivate their
social media, and the conditions under which i selects “deactivate” or “not deactivate” in the decision
screen. “Payo↵ of ‘deactivate”’ and “Payo↵ of ‘do not deactivate”’ corresponds to the case when i selects
the option to deactivate and not deactivate in the survey, respectively. Without loss of generality, we
that i faces a single decision. For simplicity, we assume quasilinear preferences, a static framework, and
perfect monitoring on our end (that is, that we can perfectly follow through when participants do not
comply with deactivation). Moreover, we assume that i faces some small hassle costs such that they
choose to not deactivate if they are indi↵erent between deactivating and not deactivating.
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B Additional tables and figures
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Appendix Table A2: Correlates of Consumer Surplus

Valuation Valuation Product
Keeping Removing Market
Network Network Valuation

(1) (2) (3)

Panel A: TikTok

Age 3.13* 2.94* 1.10
(1.76) (1.62) (3.20)

Female -6.09 -3.63 -5.94
(6.94) (6.56) (12.26)

Daily usage 23.21*** 23.28*** 13.58
(5.99) (5.59) (10.62)

Dep. var. mean 55.18 39.22 -23.91
Dep. var sd 58.68 53.89 96.02
Observations 371 371 371

Panel B: Instagram

Age -0.06 0.47 3.01
(2.27) (2.24) (4.49)

Female -1.18 -9.60 -8.88
(8.39) (8.86) (17.70)

Daily usage 14.16* 14.91** -1.82
(7.41) (7.55) (14.96)

Network size 0.09 0.12 0.19
(0.13) (0.12) (0.30)

Dep. var. mean 46.02 36.94 -5.61
Dep. var sd 55.20 53.56 105.63
Observations 196 196 196

Notes: The table presents coe�cient estimates from OLS regressions. Panel A displays the results for
TikTok and Panel B displays the results for Instagram. Columns 1-3 correspond to the elicitations in
steps 1-3 in our survey, respectively. The independent variables are age, dummy variables for identifying
as female and self-reported daily platform usage, and self-reported fraction of college students who are
mutual friends on Instagram, labeled Network size in the table. Network size is only available in
the Instagram survey and contains missing observations. Respondents who agree with their elicited
valuations and those who pass all of the attention checks are included. Standard errors are given in
parentheses. Standard errors are clustered at the individual level. *, **, and *** denote statistical
significance at the 10%, 5%, and 1% levels, respectively.
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Appendix Table A3: Summary Statistics

Obs. Mean Std. dev. Median Min Max

Panel A: Willingness to accept (WTA) elicitations

Panel A.1: TikTok
Valuation Keeping Network 371 55.18 58.68 30 -10 210
Valuation Removing Network 371 39.22 53.89 30 -10 210
Product Market Valuation 371 -23.91 96.02 -10 -210 210
Product Market Valuation (with non-users) 707 -43.44 100.83 -10 -210 210

Panel A.2: Instagram
Valuation Keeping Network 235 47.02 55.99 30 -10 210
Valuation Removing Network 235 37.06 53.58 10 -10 210
Product Market Valuation 235 -6.34 106.39 10 -210 210
Product Market Valuation (with non-users) 260 -9.46 106.79 10 -210 210

Panel A.3: Navigation/maps apps
Valuation Keeping Network 272 48.82 50.98 30 -10 210
Valuation Removing Network 272 41.18 52.58 30 -10 210
Product Market Valuation 272 16.62 98.60 30 -210 210

Panel B: Comprehension checks

Panel B.1: TikTok
% Regretted elicited preferences 1,174 5.37 22.54 0 0 100
% Passed attention checks 1,174 63.97 48.03 100 0 100

Panel B.2: Instagram
% Regretted elicited preferences 436 5.50 22.83 0 0 100
% Passed attention checks 436 62.84 48.38 100 0 100

Panel B.3: Navigation/maps apps
% Regretted elicited preferences 468 4.27 20.25 0 0 100
% Passed attention checks 468 60.68 48.90 100 0 100

Panel C: Sample demographics

Panel C.1: TikTok
% Active user 707 52.48 49.97 100 0 100
% Female 707 66.05 47.39 100 0 100
Age 707 20.89 2.03 21 18 30

Panel C.2: Instagram
% Active user 260 90.38 29.54 100 0 100
% Female 260 68.08 46.71 100 0 100
Age 260 20.84 2.15 20.5 18 30

Panel C.3: Navigation/maps apps
% Active user 272 100.00 0.00 100 100 100
% Female 272 70.96 45.48 100 0 100
Age 272 20.87 1.98 21 18 30

Notes: The table presents summary statistics across all platforms, TikTok, Instagram, and naviga-
tion/maps applications. The data collection for TikTok took place in July and the data collection for
Instagram and navigation/maps apps took place in August in a cross-randomized survey. The statistics
depicting % of respondents are derived from dummy variables multiplied by 100. The % active user
represents the fraction of respondents in the final sample who have used the platform at least once in
the past month, after filtering those who do not wish to participate in the study and applying regret
and attention checks.
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Appendix Table A4: E↵ect of Consumption Spillovers on Welfare Estimates

Consumer surplus Negative surplus

(1) (2) (3) (4) (5) (6)

Instagram -1.98 -1.87 0.06* 0.06*
(4.87) (3.97) (0.03) (0.03)

Product Market Valuation -32.21*** -32.21*** -32.21*** 0.19*** 0.19*** 0.19***
(5.71) (5.72) (5.70) (0.03) (0.03) (0.03)

Instagram ⇥ -21.16** -21.16** -21.16*** 0.13*** 0.13*** 0.13***
Product Market Valuation (8.20) (8.21) (8.18) (0.04) (0.04) (0.04)

Uber Valuation 0.70*** -0.00***
(0.07) (0.00)

Dep. var. mean 26.98 26.98 26.98 0.23 0.23 0.23
Dep. var sd 84.51 84.51 84.51 0.42 0.42 0.42
Observations 1,014 1,014 1,014 1,014 1,014 1,014

Individual controls Yes Yes No Yes Yes No
Individual FEs No No Yes No No Yes

Notes: The table presents Di↵erence-in-Di↵erences (DiD) coe�cient estimates, comparing the elicited individual and product market
surplus across two platforms: Instagram and navigation/maps applications. The two dependent variables are (i) the quantitative
measure of consumer surplus, denoted as Consumer surplus, and (ii) the direction of the consumer surplus, denoted as Negative
surplus, represented by a binary variable coded as 1 if the surplus is negative and 0 otherwise. Columns 1 and 4 include the following
individual control variables: age, gender, and the frequency of platform use, which is determined through a set of qualitative questions.
Columns 2 and 5 additionally control for the valuation of the practice good, Uber. Columns 3 and 6 include individual fixed e↵ects.
Respondents who agree with their elicited valuations and those who pass all of the attention checks are included. Standard errors are
given in parentheses. Standard errors are clustered at the individual level. *, **, and *** denote statistical significance at the 10%,
5%, and 1% levels, respectively.

7



Appendix Figure A2: Reasons for Unwillingness to Participate in Deactivation Study
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Notes: The figure presents data on the motives behind people’s unwillingness to participate in the deactivation study.
The respondents who declined participating in the study were asked the following question: “Why were you unwilling
to participate in the study? Please select all that apply.” The figure displays the fraction of respondents that were
unwilling to participate because they (i) had privacy concerns, (ii) were unwilling to deactivate their account, and
(iii) had a fear of missing out (FOMO). An additional “Other reason not listed above” option was available to ensure
genuine feedback. As multiple selections were allowed, the categories presented above are not mutually exclusive.
Error bars represent 95% confidence intervals.
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Appendix Figure A3: Inverse Demand Function Across Welfare Measures

(a) TikTok
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Notes: Figure A3 displays the inverse demand function of respondents’ valuation for our di↵erent welfare measures.
Panel (a) presents the results for TikTok and Panel (b) presents the results for Instagram. Respondents who agree
with their elicited valuations and those who pass all of the attention checks are included.
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Appendix Figure A4: Regretters Across Steps

(a) TikTok
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(b) Instagram
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Notes: Figure A4 presents the fraction of respondents that regret their choices across the di↵erent measures. Panel
(a) presents the results for TikTok and Panel (b) present the results for Instagram. Dark blue bars indicate the
fraction of respondents regretting their choices the first time they completed a given valuation. Light blue bars
indicate the fraction of respondents regretting their choices the second time they completed a given valuation. Error
bars represent 95% confidence intervals.
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Appendix Figure A5: Validation of Hypothetical Survey Questions
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(d) Hypothetical Ranking

p<0.01

μ=-30

μ=14 μ=19

-80

-40

0

40

80

Most preferred Ranks second Least preferred

P
ro

du
ct

 M
ar

ke
t V

al
ua

tio
n 

(U
S

D
)

Option:
Everyone deactivates

Most preferred
Ranks second
Least preferred

(e) Perceived Likelihood of
Large-Scale Deactivation Taking

Place

p=0.05

μ=4

μ=-19

-80

-40

0

40

80

Below median Above median

P
ro

du
ct

 M
ar

ke
t V

al
ua

tio
n 

(U
S

D
)

Perceived likelihood
of deactivation is

Below median
Above median

Notes: Figure A5 presents a validation of the hypothetical survey questions. The outcome variable in the figures is
the Product Market Valuation. Panels (a) and (c) show results for TikTok. Panels (b), (d) and (e) present results
for Instagram. Panels (a) and (b) present the Product Market Valuation by people’s preference to live in a world
with or without the platform. Panels (c) and (d) presents the Product Market Valuation by people’s hypothetical
ranking of the deactivation for everyone. Panel (e) presents the Product Market Valuation by respondents’ perceived
likelihood of the large-scale deactivation study taking place. Error bars represent 95% confidence intervals.
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Appendix Figure A6: Hypothetical Ranking of Alternatives

(a) TikTok
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(b) Instagram
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Notes: Figure A6 presents participants’ ranking of three hypothetical scenarios about the deactivation of the social
media platform: (i) Everyone deactivates (ii) Only I deactivate (iii) No one deactivates. Panel (a) displays results for
TikTok and Panel (b) shows results for Instagram. The area in dark blue indicates people’s most preferred option;
the area in light blue indicates the option ranked second; the area in red shows the least preferred option.
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Appendix Figure A7: Consumer Welfare: Navigation and Maps Smartphone Apps
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Notes: Figure A7 presents the survey results for navigation and maps smartphone apps. Figure A7a average
valuations for the di↵erent welfare measures. Figure A7b presents the fraction of users with negative welfare across the
di↵erent welfare measures for navigation and maps smartphone apps. Figure A7c presents the probability density
function of valuations for the di↵erent welfare measures for navigation and maps smartphone apps. Figure A7d
presents participants’ responses ranking of three hypothetical scenarios: (i) All participating students quit using
navigation apps (ii) Only I quit using navigation apps (iii) No one quits using navigation apps. The area in dark
blue indicates people’s most preferred option; the area in light blue indicates the option ranked second; the area in
red shows the least preferred option. In all figures, respondents who agree with their elicited valuations and those
who pass all of the attention checks are included. Error bars represent 95% confidence intervals.
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C Additional Robustness Checks

C.1 Measurement Error Correction

In this section, we implement the same measurement error detection and correction as in
Luttmer and Samwick (2018). We assume that the measured WTA in Step 1 (Valuation
Keeping Network, WTA

1,m) relates to the true WTA (WTA
1,t) in the following way:

WTA
1,m
i = (1� �

1)WTA
1,t
i + �

1
Offer

1
i ,

where Offer
1
i is the random initial o↵er that participants receive in Step 1. Because

we randomize the initial o↵er, we estimate the �
1 coe�cient from an OLS regression of

Valuation Keeping Network on the initial o↵er (plus controls).
We follow a similar approach to correct the Valuation Removing Network estimates.

We assume that the measured WTA (WTA
2,m) relates to the true WTA (WTA

2,t) in the
following way:

WTA
2,m
i = (1� �

2)WTA
2,t
i + �

2
Offer

2
i ,

where Offer
2
i is the initial o↵er that participants receive in Step 2. Note that these initial

o↵ers are not fully random; what we randomize is whether participants receive the lower or
upper limit of their Step 1 valuation (unless respondents are at the lower or upper ends of
the WTA interval, in which case we o↵er them again this bound). For these individuals, the
o↵er is fully deterministic and follows the equation Offer

2
i = �10+WTA

1,m
i +20Upperi,

where Upperi is the indicator for receiving the upper or lower limit of their Step 1 valuation.
Therefore, we estimate the �2 coe�cient by regressing WTA

2,m
i on WTA

1,m
i and 20Upperi.

By our randomization of the upper vs. lower limit, the coe�cient of 20Upperi gives a
consistent estimate of �2.

Table A5 presents our estimates for �
1 and �

2; with and without controls, for both
platforms. Regarding Step 1, we find that initial o↵ers are unrelated to the valuation
keeping network for both Instagram (p=0.55) and TikTok (p=0.33). The results are not
only statistically insignificant; the magnitude of the coe�cient is close to zero for both
platforms, which eases concerns regarding the presence of measurement error in Step 1.

Regarding Step 2, we find that initial o↵ers are positively and significantly related to
final valuations for TikTok (p=0.02), suggesting the presence of measurement error. These
estimates suggest that an extra $20 in the initial o↵er induced by our randomization results
in an additional $9 in our participants’ valuation removing network. As opposed to TikTok,
the estimates for Instagram are not statistically significant (p=0.48). While the magnitude
of the coe�cient is relatively large (0.17), below we show that our estimates do not change
substantially after correcting for noise in the case of Instagram.

We report the results from the measurement error correction exercise in Table A6. As
the table shows, both the average WTA and the proportion of individuals with a negative
valuation in Step 1 remain stable after correcting for the initial o↵er that individuals
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receive, across both platforms. Importantly, the fraction of people with a negative valuation
remains unchanged after the correction. These results reduce concerns that our main results
are driven by noise in the elicitation.

The valuation removing network (and the fraction of individuals with a negative val-
uation) in the case of Instagram also remains virtually unchanged after accounting for
noise. In the case of TikTok, the measured values are substantially larger, and the fraction
of individuals with negative valuation is substantially smaller, than the adjusted values.
In particular, accounting for measurement error reduces the average valuation removing
network (in the population in which we randomize the bounds) from $50 to $32 and in-
creases the percent of individuals with negative valuation from 9% to 24%. We think that
this change is not a concern for our main results; it merely indicates that our measure of
network e↵ects is conservative in the case of TikTok.

To summarize, these results suggest that measurement error is an unlikely driver of
the di↵erence in WTAs that we observe between Steps 1 and 3. If anything, the presence
of measurement error might have resulted in an underestimation of network e↵ects in the
case of TikTok, since Valuation Removing Network might be overestimated.

15



Appendix Table A5: Detecting Measurement Error

WTA

(1) (2)

Panel A: TikTok

Valuation Keeping Network

Initial O↵er 0.05 0.05
(0.05) (0.05)
[0.33] [0.33]

Observations 371 371
R2 0.003 0.044

Valuation Removing Network

Initial O↵er 0.45* 0.47*
(0.20) (0.20)
[0.02] [0.02]

Observations 240 240
R2 0.570 0.574

Panel B: Instagram

Valuation Keeping Network

Initial O↵er -0.03 -0.04
(0.07) (0.07)
[0.65] [0.55]

Observations 235 235
R2 0.001 0.037

Valuation Removing Network

Initial O↵er 0.20 0.17
(0.23) (0.24)
[0.37] [0.48]

Observations 125 125
R2 0.735 0.738

Demographic controls No Yes

Notes: The table presents a series of regressions assessing the measurement error introduced by the
initial o↵ers on respondents’ final valuations. Panel A focuses on TikTok and Panel B focuses on
Instagram.Valuation Keeping Network denotes OLS regressions of Valuation Keeping Network on the
random initial o↵er (plus demographic controls). Valuation Removing Network represents OLS regres-
sions of Valuation Removing Network on the “upper bound” dummy (indicating whether participants
were o↵ered their upper or lower bound of their valuation in step 1) multiplied times 20, controlling for
Valuation Keeping Network (plus demographic controls). For Valuation Keeping Network, we use the
full sample of users. For Valuation Removing Network, we focus on those users for whom we randomly
o↵ered the upper or lower bound of their Valuation Keeping Network. Demographic controls are age,
gender, and platform usage frequency. Robust standard errors are presented in parentheses and p-values
are in presented brackets. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels,
respectively.
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Appendix Table A6: Adjustments for Starting Value

Valuation Keeping Network Valuation Removing Network

Mean Proportion < 0 Mean Proportion < 0

Panel A: TikTok

Unadjusted 55.18 0.08 50.17 0.09
(3.05) (0.01) (2.95) (2.95)

Initial o↵er adjustment -2.20 0.00 -16.19 0.14
(2.39) (0.05) (24.05) (0.14)

Initial o↵er adjustment with controls -2.18 0.00 -17.89 0.15
(2.36) (0.05) (34.23) (0.15)

Observations 371 371 240 240

Panel B: Instagram

Unadjusted 47.02 0.14 60.88 0.06
(3.65) (0.02) (4.38) (4.38)

Initial o↵er adjustment 1.70 0.00 -2.40 0.02
(3.64) (0.06) (5.34) (0.06)

Initial o↵er adjustment with controls 2.30 0.00 -1.87 0.00
(3.67) (0.06) (4.71) (0.06)

Observations 235 235 125 125

Notes: The table presents corrected estimations for Valuation Keeping Network and Valuation Removing
Network using the formula in Luttmer and Samwick (2018) and the coe�cients reported in Table A5.
Panel A focuses on TikTok and Panel B focuses on Instagram. Columns 1 and 3 display means and
columns 2 and 4 display the % of the sample with negative valuations. For Valuation Keeping Network,
we use the full sample of users. For Valuation Removing Network, we focus on those users for whom
we randomly o↵ered the upper or lower bound of their Valuation Keeping Network. The Unadjusted
row reports statistics before the measurement error correction. The Initial o↵er adjustment rows report
the di↵erence between the adjusted value and the measured value. Initial o↵er adjustment uses the
coe�cient reported in Column 1 of Table A5 and Initial o↵er adjustment with controls uses the coe�cient
reported in Column 2 of Table A5. Bootstrapped standard errors are presented in parentheses (based on
10,000 replications). When computing the bootstrapped standard errors, we remove those replications
that result in � greater than 0.95: 100 and 9 replications (out of 10,000) are removed for TikTok and
Instagram, respectively. This only a↵ects Valuation Removing Network. The reason for this is that the
adjusted WTA is undefined when � approaches 1 (and hence the standard errors become very large).
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C.2 Sample Selection
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Appendix Figure A8: Consumer Surplus across Welfare Measures: Full Sample

(a) Fraction Negative: TikTok
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(b) Fraction Negative: Instagram
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(c) Average Welfare: TikTok
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(d) Average Welfare: Instagram
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Notes: Panels (a) and (b) of Figure 4 present the percentage of respondents with negative product valuations across
our di↵erent welfare measures. Panels (c) and (d) present averages. Panels (a) and (c) present the results for TikTok
and Panels (b) and (d) present the results for Instagram. The first three bars in each panel represent valuations
exclusively for active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes
Valuation Removing Network ; the red bar denotes Product Market Valuation for users. The pink bar represents the
average Product Market Valuation of active users and non-users. Error bars represent 95% confidence intervals.
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Appendix Figure A9: Consumer Surplus across Welfare Measures: Excluding
Regretters and Including Inattentive Respondents

(a) Fraction Negative: TikTok
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(b) Fraction Negative: Instagram
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(c) Average Welfare: TikTok
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(d) Average Welfare: Instagram
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Notes: Panels (a) and (b) of Figure 4 present the percentage of respondents with negative product valuations across
our di↵erent welfare measures. Panels (c) and (d) present averages. Panels (a) and (c) present the results for TikTok
and Panels (b) and (d) present the results for Instagram. The first three bars in each panel represent valuations
exclusively for active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes
Valuation Removing Network ; the red bar denotes Product Market Valuation for users. The pink bar represents
the average Product Market Valuation of active users and non-users. Only respondents who regretted any of their
choices are excluded, while inattentive respondents are included. Error bars represent 95% confidence intervals.
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Appendix Figure A10: Consumer Surplus across Welfare Measures: Excluding
Inattentive Respondents and Including Regretters

(a) Fraction Negative: TikTok
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(b) Fraction Negative: Instagram
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(c) Average Welfare: TikTok
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(d) Average Welfare: Instagram
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Notes: Panels (a) and (b) of Figure 4 present the percentage of respondents with negative product valuations across
our di↵erent welfare measures. Panels (c) and (d) present averages. Panels (a) and (c) present the results for TikTok
and Panels (b) and (d) present the results for Instagram. The first three bars in each panel represent valuations
exclusively for active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes
Valuation Removing Network ; the red bar denotes Product Market Valuation for users. The pink bar represents the
average Product Market Valuation of active users and non-users. Only respondents who failed to pass all attention
checks are excluded, while those who regretted their choices are included. Error bars represent 95% confidence
intervals.
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Appendix Figure A11: Consumer Surplus across Welfare Measures (using initial
choice)

(a) Fraction Negative: TikTok
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(b) Fraction Negative: Instagram
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(c) Average welfare: TikTok
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(d) Average welfare: Instagram
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Notes: This figure replicates Figure 4 using respondents’ initial choice instead of their final choice. Panels (a) and
(b) of this figure present the percentage of respondents with negative product valuations across our di↵erent welfare
measures. Panels (c) and (d) present averages. Panels (a) and (c) present the results for TikTok and Panels (b)
and (d) present the results for Instagram. The first three bars in each panel represent valuations exclusively for
active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes Valuation Removing

Network ; the red bar denotes Product Market Valuation for users. The pink bar represents the average Product

Market Valuation of active users and non-users. Respondents who agree with their elicited valuations and those who
pass all of the attention checks are included. Those who disagree once with their valuation are included using their
initial choice instead of their final choice. Error bars represent 95% confidence intervals.
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Appendix Figure A12: Consumer Surplus across Welfare Measures: Full Sample
(using initial choice)

(a) Fraction Negative: TikTok
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(b) Fraction Negative: Instagram
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(c) Average welfare: TikTok
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(d) Average welfare: Instagram
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Notes: This figure corresponds to Figure A8 using the initial choice for regretters instead of their final choice. Panels
(a) and (b) of this figure present the percentage of respondents with negative product valuations across our di↵erent
welfare measures. Panels (c) and (d) present averages. Panels (a) and (c) present the results for TikTok and Panels
(b) and (d) present the results for Instagram. The first three bars in each panel represent valuations exclusively for
active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes Valuation Removing

Network ; the red bar denotes Product Market Valuation for users. The pink bar represents the average Product

Market Valuation of active users and non-users. Respondents who agree with their elicited valuations and those who
pass all of the attention checks are included. Those who disagree once with their valuation are included using their
initial choice instead of their final choice. Error bars represent 95% confidence intervals.
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Appendix Figure A13: Consumer Surplus across Welfare Measures: Excluding
Regretters and Including Inattentive Respondents (using initial choice)

(a) Fraction Negative: TikTok
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(b) Fraction Negative: Instagram
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(c) Average welfare: TikTok
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(d) Average welfare: Instagram
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Notes: This figure corresponds to Figure A9 using the initial choice for regretters instead of their final choice. Panels
(a) and (b) of this figure present the percentage of respondents with negative product valuations across our di↵erent
welfare measures. Panels (c) and (d) present averages. Panels (a) and (c) present the results for TikTok and Panels
(b) and (d) present the results for Instagram. The first three bars in each panel represent valuations exclusively for
active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes Valuation Removing

Network ; the red bar denotes Product Market Valuation for users. The pink bar represents the average Product

Market Valuation of active users and non-users. Respondents who agree with their elicited valuations and those who
pass all of the attention checks are included. Those who disagree once with their valuation are included using their
initial choice instead of their final choice. Error bars represent 95% confidence intervals.
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Appendix Figure A14: Consumer Surplus across Welfare Measures: Excluding
Inattentive Respondents and Including Regretters (using initial choice)

(a) Fraction Negative: TikTok
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(b) Fraction Negative: Instagram
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(c) Average welfare: TikTok
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(d) Average welfare: Instagram
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Notes: This figure corresponds to Figure A10 using the initial choice for regretters instead of their final choice. Panels
(a) and (b) of this figure present the percentage of respondents with negative product valuations across our di↵erent
welfare measures. Panels (c) and (d) present averages. Panels (a) and (c) present the results for TikTok and Panels
(b) and (d) present the results for Instagram. The first three bars in each panel represent valuations exclusively for
active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes Valuation Removing

Network ; the red bar denotes Product Market Valuation for users. The pink bar represents the average Product

Market Valuation of active users and non-users. Respondents who agree with their elicited valuations and those who
pass all of the attention checks are included. Those who disagree once with their valuation are included using their
initial choice instead of their final choice. Error bars represent 95% confidence intervals.

C.3 Triangular Distribution Estimates

In our primary analysis, we employ a multiple price list to narrow down the WTA range of
our respondents to $20 and assign the mean of each respondent’s lower and upper bounds
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to obtain a unique WTA. As a robustness check, we employ an alternative distributional
assumption: a triangular distribution to account for potential biases stemming from the
unbounded nature of our lowest and highest intervals.

Following Allcott and Kessler (2019) we assume a triangular distribution at the un-
bounded ranges. To determine a new upper bound, we compute the mass at the upper
unbounded interval, [$200, $220], and the density at the preceding interval, [$180, $200].
Then, using the formula for the probability density function (PDF) for a triangular dis-
tribution, we determine the alternative upper bound of the distribution. Subsequently, we
compute the mean for the upper unbounded range. Analogously, for the lower unbounded
interval, using the same principles we determine a new lower bound and substitute it
with $-10. Figure A15 shows the willingness to accept means for each category, estimated
assuming a triangular distribution.

Appendix Figure A15: Consumer Surplus Across Welfare Measures: Triangular
Distribution Estimates

(a) TikTok
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(b) Instagram
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Notes: Figure A15 presents average valuations for the di↵erent welfare measures assuming triangular distributions
for unbounded intervals. Panel (a) presents the results for TikTok and Panel (b) present the results for Instagram.
Respondents who agree with their elicited valuations and those who pass all of the attention checks are included.
The first three bars in each panel represent valuations exclusively for active users. The fourth bar represents the
average valuation of active users and non-users. Reported p-values correspond to one-sided t-tests testing the null
hypothesis that individual welfare estimates are lower than the aggregate welfare estimate. Error bars represent 95%
confidence intervals.
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D Open ended responses

Our surveys included two open-ended questions to provide direct evidence on the mech-
anisms and motives driving consumption. Open-ended questions are increasingly used
to better understand the hidden motives behind people’s choices, see, e.g., Bursztyn et
al. (2022, 2023b). These questions avoid priming respondents and better capture what
naturally comes to mind compared to more structured questions (Haaland et al., 2023).

The purpose of this section is two-fold; first, we present an overview of the hand-
coding schemes we employed for the categorization of open-ended responses. Second, we
summarize the validation of our manual hand-coding with artificial intelligence methods,
presenting results from both techniques.

Hand-coding schemes. Table A7 presents the hand-coding scheme applied to open-
ended responses for the question: “You mentioned you would prefer to live in a world
without [platform]. Why do you still use it?”. As implied by the phrasing, this question
targeted only those respondents who previously expressed a desire to live without the plat-
form. Table A7 presents the hand-coding scheme used for the question: “How would you
feel if you were the only one who quit using [platform] and everyone else kept using it?”.
Note that the categories “Negative”, “Beneficial”, and “Other”, encompass several subcat-
egories. Specifically, “Negative” includes responses mentioning unfairness, impracticality,
feeling inferior, dependent, bad, stressed, or lost; whereas “Beneficial” includes responses
mentioning self-improvement and feeling positively challenged, unpressured, or good.

Certain respondents expressed a conditional indi↵erence based on compensation or
the deactivation’s duration. Given that this does not truly signify ‘indi↵erence’, such re-
sponses were categorized under “Other”.28 The category also includes relatively infrequent
subcategories such as a stated preference to deactivate themselves in order to prevent in-
convenience to others, and deriving satisfaction from going against the norm. For both
open-ended questions, responses that were non-sensical were excluded from the analysis
(N=8, 1.27%).

Validation with Artificial Intelligence.
To corroborate our manual categorization, we employed recent artificial intelligence

methods, in particular a powerful large language model (GPT-4). We structured a val-
idation exercise with the prompt: “You will be supplied with a list of responses. The
responses refer to the usage of di↵erent platforms, the platform will be indicated in paren-
theses at the end of the response. Please classify responses based on the coding scheme
below. Please note that each open-ended response can fall into multiple categories or even
none.” Subsequent to this, we supplied GPT-4 with the hand-coding scheme, complete
with category names, definitions, and illustrative examples. To maintain methodological
consistency between our manual coding and GPT-4’s process, we provided GPT-4 with

28These open-ended questions followed the willingness-to-accept elicitation questions, potentially lead-
ing some respondents (9%, N=57) to mistakenly believe that the “deactivation” pertained to the study’s
deactivation, which was in exchange for monetary payment and had a four-week duration.
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definitions and examples for each subcategory in the subsequent question. These subcate-
gories were subsequently grouped under the primary categories.

Figure A16 displays the category distributions by platform and coding methods. Panel
A presents the results for the open-ended question aimed at eliciting the motives for so-
cial media consumption despite a preference to live in a world without it; while Panel B
presents the results for second question aimed at unraveling the mechanisms behind non-
user consumption spillovers. The juxtaposition of the results of the two coding methods
demonstrates that both methods yield remarkably similar results.

To further validate our hand-coding, we conduct a correlational exercise for each cat-
egory. Once again, the results are presented per question. Each column represents the
categories employed for the coding schemes. As displayed in Table A9, all categories have
large and statistically significant correlation coe�cients across the two methods.
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Appendix Table A7: Overview of hand-coding scheme for reasons to use
TikTok/Instagram/Maps despite preferring a world without it

Category Definition Example(s)

FOMO

Respondent mentions
fear of missing out,
feeling out of the loop,
their wish to stay
connected, or justifies
usage through others’
usage

“I feel compelled to keep ‘in touch’ with what I
perceive as being the culturally relevant ‘thing’
at the moment. It breeds a sense of FOMO
when you don’t use it.” (TikTok); “Everyone
else uses it so I feel that I will be missing out if I
don’t.” (Instagram); “I still use navigation maps
because it is what everyone uses [...]” (Maps)

Entertainment
Respondent mentions
they use it to be enter-
tained

“It’s a very good source of entertainment and
it’s always something to do when bored.” (Tik-
Tok); “It’s a default way to pass time when I’m
bored.” (Instagram);

Addiction

Respondent mentions
inability to let go or
directly mentions ad-
diction

“I use TikTok as a habit. I hate TikTok and
know that I have other things I need to do, but
I subconsciously click on it, then scroll for hours.
It’s very hard to control it.” (TikTok); “Because
I am addicted to the scrolling and tired of wast-
ing valuable time on the app.” (Instagram)

Information

Respondent mentions
informational purposes
such as following the
news, keeping abreast
of college events, or
getting directions.

“for information on current events because i do
not watch the news” (TikTok); “I use it to keep
inform about my university events and news”
(Instagram); “I don’t know where to go” (Maps)

Productivity/
Convenience

Respondent mentions
convenience of use or
states to use platform
for productive/business
purposes.

“It’s easy to see stu↵ I like (art, new art news,
movie reviews, etc).” (TikTok); “I still use insta-
gram for business purposes.” (Instagram); “It’s
more convenient than pulling out a map and I
have a terrible sense of direction” (Maps)

Notes: The table displays an overview of the hand-coding scheme used for categorizing the open-
ended answers given to the question: “You mentioned you would prefer to live in a world without
TikTok/Instagram/navigation apps. Why do you still use it/them?”. The question was only asked to
participants that are are active users of the respective platforms and stated they would prefer to live
in a world without said platform. Respondents who agree with their elicited valuations and those who
pass all of the attention checks are included.
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Appendix Table A8: Overview of hand-coding scheme for how respondent would feel if
only they were to quit using platform

Category Definition Example

FOMO

Respondent mentions
fear of feeling missing
out, left out, or being
out of the loop

“I would probably feel somewhat out of the loop
when it comes to trends, with a consistent feel-
ing of FOMO.” (TikTok); “I would feel really
left out since a lot of people use it to communi-
cate about events and parties and with one an-
other” (Instagram); “I would feel a bit isolated,
maybe excluded from certain conversations in-
volving travel plans, etc” (Maps)

Negative

Respondent expresses
negative emotions; that
it would be unfair,
impractical, etc.

“it would be a little unfair” (TikTok); “[...] feel
discouraged and jealous of everyone else.” (In-
stagram); “I would feel lost and not confident in
my ability to navigate” (Maps)

Indi↵erent
Respondent states that
they would not be par-
ticularly a↵ected

“No di↵erent, because I don’t use tiktok often
anyway”; (TikTok); “I would be fine. I don’t
really post on Instagram. It wouldn’t be much
of a change.” (Instagram); “Wouldn’t mind as
long as knew my way around” (Maps)

Beneficial
Respondent mentions
deriving a benefit

“relieved, probably.” (TikTok); “I would feel
free”; (Instagram); “It will be an awesome ex-
periment and experience, asking everyone for di-
rections” (Maps)

Other

Diverse set of motives;
including substituting
platform, indi↵erence
conditional on getting
paid, or fondness to
spare others the strug-
gle

“I would just use other social media” (TikTok);
“It’s okay as long as I have some monetary ben-
efit in it.”; (Instagram); “... I don’t want every-
one else to struggle especially since people have
di↵erent like circumstances” (Maps)

Notes: The table displays an overview of the hand-coding scheme used for categorizing the open-ended
answers given to the question: “How would you feel if you were the only one who deactivated (quit using)
TikTok/Instagram (navigation/maps apps) and everyone else kept using it (them)?”. The question was
only asked to participants that are active users of the respective platform. In the TikTok survey, the
question was further restricted to respondents who stated they would prefer to live in a world without
TikTok. We did not apply this restriction for the Instagram/maps survey. Respondents who agree with
their elicited valuations and those who pass all of the attention checks are included.
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Appendix Figure A16: Validation based on Large Language Model

(a) Motives for social media consumption despite a preference to live in a
world without it
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(b) Mechanisms behind non-user consumption spillovers
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Notes: Figure A16 presents the distribution of categories based on open-ended responses separately for the hand-
coded data and the data coded by a large language model (GPT4). Panel (a) details the results for the question,
“You mentioned you would prefer to live in a world without TikTok/Instagram/navigation apps. Why do you still
use them?” Meanwhile, Panel (b) showcases the results for the question, “How would you feel if you were the only
one who stopped using TikTok/Instagram/navigation apps, while everyone else continued their use?
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Appendix Table A9: Validation of hand-coded data from Large Language Model

Panel A: Motives for social media consumption despite a preference to live in a world without it

FOMO Entertainment Addiction Information
Productivity/
Convenience

Correlation coe�cient 0.762 0.698 0.863 0.664 0.535
(0.040) (0.044) (0.031) (0.046) (0.052)

Hand-coded responses:
Mean 0.562 0.245 0.204 0.155 0.098
Std. dev. 0.497 0.431 0.404 0.362 0.298
GPT-4 coded responses:
Mean 0.509 0.253 0.211 0.204 0.166
Std. dev. 0.501 0.435 0.409 0.404 0.373

Observations 265 265 265 265 265

Panel B: Evidence on mechanisms behind non-user consumption spillovers

FOMO Indi↵erent Negative Beneficial Other

Correlation coe�cient 0.885 0.860 0.693 0.718 0.613
(0.019) (0.020) (0.029) (0.028) (0.032)

Hand-coded responses:
Mean 0.273 0.297 0.241 0.146 0.140
Std. dev. 0.446 0.457 0.428 0.353 0.347
GPT-4 coded responses:
Mean 0.254 0.281 0.241 0.162 0.220
Std. dev. 0.435 0.450 0.428 0.369 0.415

Observations 623 623 623 623 623

Notes: The table presents the correlation coe�cients between our manual categorization and the GPT-4
categorization of open-ended responses. Each column corresponds to a specific category used in the clas-
sification process. Correlation coe�cients were calculated using dummy variables: for every coding tech-
nique, a dummy variable is set to 1 if the open-ended response fits within a particular category. These
coe�cients then show the correlation between these dummy variables. Panel A details the results for
the question, “You mentioned you would prefer to live in a world without TikTok/Instagram/navigation
apps. Why do you still use them?” Meanwhile, Panel B showcases the results for the question, “How
would you feel if you were the only one who stopped using TikTok/Instagram/navigation apps, while
everyone else continued their use?” Standard errors are given in parentheses and are computed based
on the Pearson correlation coe�cient formula.
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E Other Applications

E.1 Luxury Goods

We start with evidence on luxury goods, where positional externalities are a plausible
driver of negative non-user utility.

Sample. We fielded pre-registered surveys with 500 US participants from Prolific, a
widely used online labor market used for social science experiments (Eyal et al., 2021), in
September 2023.29

Survey. Our survey consists of two randomly ordered blocks: one block on luxury goods
discussed in this section and another block on vintage goods presented in Section E.2. In
the luxury block, we ask respondents to indicate whether they owned products from luxury
brands they personally purchased.30 We then ask respondents whether they prefer to live
in a world with or without any of these luxury brands. The full set of instructions can be
found in Appendix G.3.

Results. In our survey, 31% of respondents own luxury brands. Conditional on owning
any luxury brand, they owned 2.04 luxury brands on average. Figure A17 shows that
among respondents who owned any goods of luxury brands, 44% preferred to live in a
world without those brands. Among respondents not owning any of these brands, the
fraction preferring to live in a world without them is higher, at 69%. While the literature
on luxury goods has emphasized the negative externalities these goods impose on non-
consumers (Frank, 1985, 2000, 2012), our evidence highlights that large shares of consumers
of these products would prefer them not to exist.31 Given that these results are in line
with our social media estimates, it is plausible that status concerns might be an important
mechanism driving negative non-consumer surplus.

E.2 Frequency of Product Variations

Product market traps lead to a situation where the existence of a product is harmful to
consumers. This can manifest as excessive consumption by users or the production of an
excessive number of product variations or vintages (Pesendorfer, 1995).

29The pre-registration can be found on AsPredicted #144630.
30The brands we used are: Louis Vuitton, Gucci, Chanel, Yves Saint Laurent (YSL), Balenciaga, Versace,

Rolex, Ti↵any & Co., Burberry, Givenchy, and Swarovski. Respondents could also fill in any other luxury
brand not part of this list.

31An alternative interpretation of our findings is that a participant has a positive product-market valua-
tion for brand X, but valuations for the remaining brands are so negative that the overall preference would
still be to live in a world without any of the brands.
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Appendix Figure A17: Luxury and Vintage Goods

(a) Percentage of Respondents that Prefer
to Live in a World Without Any Luxury

Brands
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(b) Percentage of Respondents that Prefer
to Live in a World Where iPhone is

Released Every Other Year
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Notes: Panel (a) of Figure A17 displays the fraction of respondents preferring to live in a world without any luxury
brands separately for brand owners and brand non-owners. Panel (b) displays the fraction of respondents that prefer
to live in a world where Apple releases the new iPhone every other year rather than every year, separately for Phone
owners and iPhone non-owners. Error bars represent 95% confidence intervals.

To examine people’s preferences regarding the frequency of product variations, we asked
respondents whether they would prefer to live in a world where Apple releases the iPhone
every year or every other year in the survey presented in the previous section. We document
that, among iPhone owners, a striking 91% of respondents would prefer Apple to release
the iPhone every other year rather than every year.32 Among respondents not owning the
iPhone, 94% prefer Apple to release the iPhone every other year rather than every year.
This finding provides suggestive evidence that consumers consider the number of product
variations or vintages of the iPhone as excessive and thus harmful to consumer welfare.
Overall, the findings from this survey suggest that negative non-consumer surplus is not
specific to the case of social media, but also extends to luxury consumption and particular
high-end technology products.33

32It is worth highlighting that among iPhone owners only 8% prefer to live in a world without iPhones,
while among respondents not owning the iPhone this fraction is 49%.

33An alternative explanation for these consumer preferences could be environmental motives (along with
the belief that others will tend to purchase the newest version).
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F Main Exhibits Including Pilot Data

For the Instagram and Maps experiment, we pre-registered that we would pool the final
data with 28 pilot responses. While we deviated from this plan and instead only report the
pre-registered data in our main exhibits, we present the main results pooling the final data
with the pilot responses in this section. As there are no changes in the TikTok sample,
this section solely focuses on Instagram and Maps.
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Appendix Figure A18: Distribution of Consumer Surplus Across Welfare Measures

(a) Instagram
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Notes: Figure A18 presents the probability density function of valuations for the di↵erent welfare measures. Panel
(a) presents the results for Instagram and Panel (b) present the results for Maps. Respondents who agree with their
elicited valuations and those who pass all of the attention checks are included.
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Appendix Figure A19: Fraction with Negative Welfare across Welfare Measures

(a) Instagram
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(b) Maps
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Notes: Figure A19 presents the percent of respondents with negative product valuations across our di↵erent welfare
measures. Panel (a) presents the results for Instagram and Panel (b) presents the results for Maps. The first three
bars in each panel represent valuations exclusively for active users. The dark blue bar denotes Valuation Keeping

Network ; the light blue bar denotes Valuation Removing Network ; the red bar denotes Product Market Valuation for
users. The pink bar represents the average Product Market Valuation of active users and non-users. For Maps, the
red and pink bars are identical as there are no non-users in our sample. Respondents who agree with their elicited
valuations and those who pass all of the attention checks are included. Error bars represent 95% confidence intervals.
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Appendix Figure A20: Consumer Surplus across Welfare Measures

(a) Instagram
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(b) Maps
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Notes: Figure A20 presents average valuations for the di↵erent welfare measures. Panel (a) presents the results
for Instagram and Panel (b) presents the results for Maps. The first three bars in each panel represent valuations
exclusively for active users. The dark blue bar denotes Valuation Keeping Network ; the light blue bar denotes
Valuation Removing Network ; the red bar denotes Product Market Valuation for users. The pink bar represents the
average Product Market Valuation of active users and non-users. For Maps, the red and pink bars are identical as
there are no non-users in our sample. Respondents who agree with their elicited valuations and those who pass all
of the attention checks are included. Reported p-values correspond to one-sided t-tests testing the null hypothesis
that individual welfare estimates are lower than the aggregate welfare estimate. Error bars represent 95% confidence
intervals.
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Appendix Figure A21: Percentage of Respondents that Prefer to Live in a World
without the Platform
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Notes: Figure 5 displays the percent of the respondents that stated they would prefer to live in a world without the
platform for Instagram and Maps separately. The dark blue bar represents the fraction among all respondents and
the light blue bar represents the fraction among active users of the respective platform. For Maps, the dark and light
blue bars are identical as there are no non-users in our sample. Respondents who agree with their elicited valuations
and those who pass all of the attention checks are included. Error bars represent 95% confidence intervals.
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G Experimental Instructions

G.1 TikTok: July 2023

G.1.1 Introduction to Survey and Deactivation Study Instructions
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G.1.2 Step 0: Practice Good
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G.1.3 Step 1: Valuation Keeping Network
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G.1.4 Step 2: Valuation Removing Network
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G.1.5 Step 3: Product Market Valuation
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G.1.6 Qualitative Questions
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G.2 Instagram and Maps: August and September 2023

G.2.1 Introduction to Survey and Deactivation Study Instructions
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G.2.2 Step 0: Practice Good
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G.2.3 Step 1: Valuation Keeping Network
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G.2.4 Step 1: Valuation Removing Network
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G.2.5 Step 3: Product Market Valuation
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G.2.6 Qualitative Questions
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G.3 Luxury and Vintage Good Survey

70



71



72



73


	Introduction
	Conceptual Framework: Product Market Traps
	Measuring Individual and Product Market Surplus
	Sample
	Design
	Discussion of the Design

	The Social Media Trap
	Main Results
	Correlates of Consumer Surplus
	Robustness
	Measurement Differences Across Steps
	Measurement Error
	Regret
	Perceived Stakes and Credibility
	Hypothetical Welfare Measures
	Substitution Across Social Media Platforms
	Other Robustness Checks

	Mechanisms
	Repugnance Towards Digital Products
	Motives Behind Consumption
	Direct Evidence on Mechanisms Behind Externalities to Non-Users
	Other-regarding Preferences

	Other Applications: Luxury Goods and Product Vintages

	Conclusion
	Additional framework details
	Additional tables and figures
	Additional Robustness Checks
	Measurement Error Correction
	Sample Selection
	Triangular Distribution Estimates

	Open ended responses
	Other Applications
	Luxury Goods
	Frequency of Product Variations

	Main Exhibits Including Pilot Data
	Experimental Instructions
	TikTok: July 2023
	Introduction to Survey and Deactivation Study Instructions
	Step 0: Practice Good
	Step 1: Valuation Keeping Network
	Step 2: Valuation Removing Network
	Step 3: Product Market Valuation
	Qualitative Questions

	Instagram and Maps: August and September 2023
	Introduction to Survey and Deactivation Study Instructions
	Step 0: Practice Good
	Step 1: Valuation Keeping Network
	Step 1: Valuation Removing Network
	Step 3: Product Market Valuation
	Qualitative Questions

	Luxury and Vintage Good Survey


