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A Experimental Results Appendix

Table Al: Funnel Questions

Sample size

Started Survey 1 4,217
Using Edge/Chrome 3,966
Exclusively uses this browser on this device 2,996
Not on mobile (desktop/laptop) 2,984
Doesn’t frequently share this computer 2,957
Address-bar search engine: Google/Bing 2,820
Usually uses Google/Bing 2,807
Age eligible 2,802

Notes: This table presents sample sizes at each stage of the screening funnel. The sample in each row is a strict subset
of the row above.



Table A2: Covariate Balance

(1) (2) (3) 4) (&) (6) (7 (3 ©)

Control Active Default Switch Switch Switch Switch Switch Switch F-test

Choice Change  ($1) ($25) ($10& CC) ($10& BC) ($10 & CR) ($10 & BR) p-value
Income ($000s)  52.30 62.48 59.64 59.07 61.94 53.80 52.18 55.96 57.59 0.40
College Degree 0.46 0.57 0.63 0.57 0.57 0.57 0.59 0.58 0.61 0.58
Male 0.33 0.44 0.52 0.47 0.46 0.42 0.39 0.47 0.48 0.13
Age 35.89 35.64 37.22 3452  35.89 35.48 36.63 36.80 37.49 0.43
White 0.68 0.67 0.73 0.62 0.69 0.62 0.65 0.68 0.66 0.52

(a) Baseline Google Users

(1 (2) (3)
Active Switch F-test
Choice ($10 & CC) p-value
Income ($000s)  45.00 54.21 0.43
College Degree ~ 0.47 0.45 0.82
Male 0.53 0.66 0.25
Age 35.13 37.61 0.37
White 0.66 0.63 0.81
(b) Baseline Bing Users

Notes: Panels (a) and (b) present balance tests within the baseline Google user and baseline Bing user samples, respectively, for the variables specified by the
row labels. Columns 1-9 in Panel (a) and 1-2 in Panel (b) present means for each treatment group. The rightmost column presents the p-value of an F-test of a
participant-level regression of each variable on the treatment group indicators. The sample underlying this table includes all participants (including participants
who did not stay with us until endline).
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Table A3: Completion Rates

ey 2) 3) “4) ) (6) (7 (8) 9) (10)
Control Active Default Switch Switch Switch Switch Switch Switch F-test
Choice Change Bonus Bonus Bonus Bonus Bonus Bonus
p-value

€3] ($25) ($10&CC) ($10&BC) ($10 & CR) (510 & BR)

Finished

0937 0994 0968 0977 0.920 0.962 0.943 0.935 0.979 0.012
Survey 2

Kept Search
Extension 2 weeks 0.873 0.964 0.943 0.930 0.857 0.920 0.874 0.906 0.936 0.009
after Survey 2

Kept Search
Extension 2 months  0.825  0.898  0.861 0.860  0.804 0.847 0.829 0.834 0.851 0.600
after Survey 1

(a) Baseline Google Users

(D () 3)
Active  Switch Bonus  F-test
Choice  ($10 & CC)  p-value

Finished Survey 2 0.921 0.921 1.000

Kept Search Extension 2 weeks after Survey 2 0.921 0.868 0.461

Kept Search Extension 2 months after Survey 1~ 0.842 0.868 0.748
(b) Baseline Bing Users

Notes: Panels (a) and (b) present balanced attrition tests within the baseline Google user and baseline Bing user samples, respectively. Columns 1-9 in Panel (a)
and 1-2 in Panel (b) present completion rates for each treatment group. The first row presents the share of participants that completed Survey 2. The second row
presents the share of participants that kept Search Extension installed for 14 days after completing Survey 2. The final row presents the share of participants that
kept Search Extension installed eight weeks after completing Survey 1. The sample in each row is a strict subset of the row above. The rightmost column presents
the p-value of an F-test of a participant-level regression of completion indicators on the treatment group indicators.

xipuaddy auruQ

JuowLddX e PIoL B WO OUIPIAF (OIS QOAN UL IoMO 19YIRIA JO S90IN0S



Table A4: Average Baseline Ratings of Google and Bing by Completion Status (Google Users)

(1 2) 3) “4) ) (6) (N (®) ©) (10)
Control Active Default Switch Switch Switch Switch Switch Switch F-test
Choice Change Bonus Bonus Bonus Bonus Bonus Bonus value
S ($25) ($10& CC) (310 & BC) ($10 & CR) (510 & BR) P
All users -1.683  -1.482 -1.557 -1.674 -1.518 -1.502 -1.589 -1.509 -1.480 0.204
Finished
-1.695 -1479 -1.556 -1.679 -1.524 -1.502 -1.591 -1.502 -1.476 0.165
Survey 2
Kept Search
Extension 2 weeks -1.727  -1475 -1.564 -1.675 -1.521 -1.500 -1.572 -1.514 -1.490 0.205
after Survey 2
Kept Search
Extension 2 months -1.712  -1.477 -1.566 -1.703 -1.500 -1.475 -1.588 -1.502 -1.494 0.113
after Survey 1
Attriters vs Stayers 0.17 —0.05 0.07 0.20 —0.09 —0.18 —0.01 —0.04 0.09 0.87

Notes: The table present balance tests on the baseline (Survey 1) ratings of Bing relative to Google (those presented in Figure 2) among baseline Google users.
For the first four rows, columns 1-9 present the average ratings of search engines for each treatment group, and the last column shows the p-values of the F-test
associated with a participant-level regression of the baseline rating on the treatment group indicators. The first row presents the average baseline ratings for all
users. The second row presents the average baseline ratings of the participants that completed Survey 2. The third row presents the average baseline rating of the
participants that kept Search Extension installed for 14 days after completing Survey 2. The fourth row presents the average baseline ratings of the participants that
kept Search Extension installed eight weeks after completing Survey 1. For the first four rows, the sample in each row is a strict subset of the row above. The last
row presents coefficients that measure differences between attriters and stayers, where stayers are defined as in the fourth row. Specifically, columns 1-9 present
the coefficients y; from the regression ¥; = By + Zke{Treatments} BT+ Zke{Treatments} Y (Tiy X Stayer;) + €, where Ty, is a treatment dummy for the treatment k
for the user i and Stayer; is an indicator of whether the user i kept the extension installed for eight weeks after Survey 1. The rightmost column presents the F-test
p-value for ¥ = 0 for k € {Treatments}.
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Table A5: Average Baseline Ratings of Google and Bing by Completion Status (Bing Users)

(D 2 3)
Active Switch F-test
Choice Bonus value
($10 & CC) p
All users 0.184 0.474 0.264
Finished 0.200 0.429 0.404
Survey 2
Kept Search
Extension 2 weeks 0.200 0.364 0.555
after Survey 2
Kept Search
Extension 2 months 0.125 0.364 0.406
after Survey 1
Attriters vs Stayers 0.38 0.84 0.23

Notes: The table present balance tests on the baseline (Survey 1) ratings of Bing relative to Google (those presented in Figure 2) among baseline Bing users. For the
first four rows, columns 1-2 present the average ratings of search engines for each treatment group, and the last column shows the p-values of the F-test associated
with a participant-level regression of the baseline rating on the treatment group indicators. The first row presents the average baseline ratings for all users. The
second row presents the average baseline ratings of the participants that completed Survey 2. The third row presents the average baseline rating of the participants
that kept Search Extension installed for 14 days after completing Survey 2. The fourth row presents the average baseline ratings of the participants that kept Search
Extension installed eight weeks after completing Survey 1. For the first four rows, the sample in each row is a strict subset of the row above. The last row presents
coefficients that measure differences between attriters and stayers, where stayers are defined as in the fourth row. Specifically, columns 1-2 present the coefficients
¥ from the regression ¥; = By + ):ke{Treatmems} BT + ):ke{Treatmems} Y (Tiy. X Stayer;) + €, where Ty is a treatment dummy for the treatment k for the user i
and Stayer; is an indicator of whether the user i kept the extension installed for two months after Survey 1. The rightmost column presents the F-test p-value for
Y% = 0 for k € {Treatments}.
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Table A6: Search Volume: Searches Per Day

(1) (2) (3) 4) (%) (6) (7) (&) )
Control Active Default Switch Switch Switch Switch Switch Switch F-test
Choice Change ($1)  ($25) ($10&CC) ($10&BC) ($10& CR) ($10 & BR) p-value
t=0 11.041 14453 13002 11165 12791  12.707 12.874 13.047 13336 0.853
t=1 10036 14220 12564 12995 15157  16.194 14.463 14.177 14905  0.141
(=2 10.645 13472 13.685 12444 13102  11.959 12.615 11.755 12625 0.791
?t’fa(l)“i _y, 0402 0665 0708 0308 008  0.000 0.037 0.085 0.018 -
E’t‘fa(l)“‘i _,, 0724 0130 0223 0511 099 0104 0.506 0.066 0213 -

(a) Baseline Google Users

(1 (2)
Active Switch F-test
Choice ($10 & CC) p-value
t=0 15.053 16.855 0.678
t=1 14.278 14.872 0.872
t=2 13.689 14.337 0.863
p-value
(t=0vst=1) 0.576 0.258
p-value
(t=0vst=2) 0.251 0.192
(b) Baseline Bing Users

Notes: This figure presents the average number of searches per day across all search engines, by treatment group (column) and by phase of the experiment (row).
Panel (a) presents results for baseline Google users, and Panel (b) presents results for baseline Bing users. The phases are defined as follows: r =0, =1,andr =2
refer to the the days before Survey 1, the days between Survey 1 and Survey 2, and the days after Survey 2, respectively. The bottom two rows present the p-value
of paired t-tests between period 0 and each of the two other periods. The rightmost column presents the p-value of an F-test associated with a participant-level
regression of the daily average search volume on the treatment group indicators.
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Overall quality - ) ——

Relevant links - [ ——i
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Rewards - e ——
-2 0 2
Google is a lot better About the same Bing is a lot better

Average rating
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> 0 5
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Average feeling about ads

Baseline search engine ® Google 4 Bing

Figure A1: Initial Ratings of Google and Bing (Including Number of Ads)

Notes: This figure presents average responses to the search engine rating questions for baseline Google and Bing
users. The top rows present the average rating of Google and Bing on each reported dimension, in response to the
following questions: “Overall, how would you rate the quality of Google relative to Bing?” and “How would you rate
the quality of Google relative to Bing on the following dimensions?” Response options were “Bing is a lot better,”
“Bing is a little better,” “They are about the same,” “Google is a little better,” and “Google is a lot better,” coded as 2,
1, 0, -1, and -2, respectively. The bottom row presents the average response to the following question: “How do you
feel about the number of ads on [baseline search engine used]?” Response options were “way too many,” “too many,’

ELINT3

“right amount,” “too few,” and “way too few,” coded as 2, 1, 0, -1, and -2, respectively. Whiskers indicate 95 percent
confidence intervals.
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Figure A2: Why People Use Google or Bing

Notes: This figure presents the share of baseline Google and Bing users that chose each answer to the following
question: “Why do you use [baseline search engine used] instead of [other search engine] for your searches on this
web browser? Choose all that apply.” Whiskers indicate 95 percent confidence intervals.
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Figure A3: Switch Treatment ($10) Search Engine Ratings in Both Surveys

Notes: This figure presents average responses to the search engine rating questions in each survey. We focus on users
in the $10 Switch Bonus Control group (S10CC), who were asked rating questions in both surveys. The figure presents
the average ratings of Google and Bing on each reported dimension, in response to the following questions: “Overall,
how would you rate the quality of Google relative to Bing?”” and “How would you rate the quality of Google relative
to Bing on the following dimensions?” Response options were “Bing is a lot better,” “Bing is a little better,” “They
are about the same,” “Google is a little better,” and “Google is a lot better,” coded as 2, 1, 0, -1, and -2, respectively.
Whiskers indicate 95 percent confidence intervals.
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Treatment
Switch $1
25- Switch control $10

— Switch $25
20- /W\
15-

Incentive period

Average number of searches

14 28
Days after Survey 1

Figure A4: Search Volume in Switch Bonus Groups

Notes: This figure presents the average number of searches across all search engines for each day of the experiment.
We focus on participants in the Switch Bonus group. The dashed vertical lines mark the dates of the two surveys.

Proportion

1.3%

Google is Google is They are Bing is
a lot better a little better about the same a \Itﬂe heuer a lot better

Figure AS5: Baseline Ratings of Google vs. Bing

Notes: This figure presents the distribution of overall quality ratings reported on Survey 1. The survey question was,
“Overall, how would you rate the quality of Google relative to Bing?” The sample is restricted to participants who
experienced Bing without Ranking Degradation or Ad Blocking.
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(c) Baseline Bing Users

Figure A6: Search Market Shares (Binary) By Treatment Group

Notes: This figure presents the binarized version of Figure 3: the figures are equivalent except that here, to compute
daily market shares, we first compute the daily binary choice indicator of non-default search engine for each participant
and then calculate the average shares across participants.
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A.1 Treatment-on-the-Treated Analysis of Change in Ratings

Table A7: Learning Effects: TOT (Accepted Offers)

ey 2) 3) “) ®) (6) (N ®)
Overall Relevant Result page Relevant Al . Number of
. . Privacy Rewards
quality links features ads chat ads

Panel A: Baseline Google Users

A Rating 0.591**  0.313*** 0.734*** 0.548™*  0.560*** 0.456***  0.488"** -0.079
(0.073)  (0.077) (0.088) (0.076)  (0.074)  (0.058)  (0.064) (0.053)

Rating at baseline

Mean -1.476 -1.250 -1.095 -0.770 -0.254 -0.540 0.234 0.679
Sd 0.796 0.845 0.892 0.825 1.118 0.903 1.110 0.717
N 252 252 252 252 252 252 252 252

Panel B: Baseline Bing Users

A Rating 0.462*  -0.192 -0.269 0.115 0346 -0.308*  -0.154 0.154
(0262) (0.248)  (0.252)  (0.195) (0.214) (0.155)  (0.190)  (0.132)

Rating at baseline

Mean 0.192 0.000 0.231 0.038 1.000 0.346 1.500 0.923
Sd 1.357 1.233 1.070 0.916 0.849 0.689 1.105 0.744
N 26 26 26 26 26 26 26 26

Notes: This table presents the same results as Table 3 for a different sample that includes all participants in the $1,
$10, and $25 Switch Bonus groups that passed the attention check and accepted the offer to switch.
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Table A8: Learning Effects: TOT by Qualitative Pay

ey 2) 3) “) (&) (6) (N ®)
Overall Relevant Result page Relevant Al . Number of
| i Privacy  Rewards
quality links features ads chat ads

Panel A: Baseline Google Users

A Rating 0.675"*  0.404*** 0.763*** 0.667***  0.684** 0.518"*  0.430*** -0.114
(0.105)  (0.111) (0.120) (0.109)  (0.113)  (0.089)  (0.091) (0.080)

Rating at baseline

Mean -1.404 -1.219 -1.079 -0.825 -0.263 -0.561 0.281 0.649
Sd 0.859 0.870 0.853 0.823 1.113 0.873 1.101 0.716
N 114 114 114 114 114 114 114 114

Panel B: Baseline Bing Users

A Rating -0.923* -0.077 -0.462 -0.231 -0.462 -0.231 -0.308 -0.077
(0.459)  (0.383) (0.475) (0.323)  (0.291)  (0.257)  (0.175) (0.178)

Rating at baseline

Mean 0.154 -0.385 0.077 -0.154 0.769 0.154 1.231 0.538
Sd 1.463 1.193 1.256 1.068 0.927 0.689 1.301 0.660
N 13 13 13 13 13 13 13 13

Notes: This table presents the same results as Table 3 for a different sample that includs all participants in the $10
Switch Bonus group that passed the attention check and satisfied the requirements to be paid: they made at least 90
percent of their searches (minimum 20 searches total) on the alternative search engine during the 14 day treatment

period.
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A.2 Intent-To-Treat Analysis of Browser Extension Treatments

Table A9: Effects of Ranking Degradation and Ad Blocking on Quality Ratings: Intent-to-Treat

Panel A: $10 Switch Group: Change in Ratings of Bing Relative to Google

(1 @) 3) C)) (5) (6) (N ¥

Overall Relevant Result page Relevant Al . Number of
Dep. var: . . . Privacy = Rewards

quality links features ads chat ads
Ad Blocking -0.038 -0.050 -0.152* -0.169**  -0.087 -0.071 -0.118* 0.090

(0.070) (0.072) (0.086) (0.072)  (0.076)  (0.061)  (0.065) (0.060)
Ranking Degradation -0.287*** -0.311"**  -0.328"**  -0.165"*  -0.037 -0.099 0.065 -0.019

(0.070) (0.072) (0.086) (0.073)  (0.076)  (0.061)  (0.065) (0.060)
Constant 0.425%*  0.241** 0.583*** 0.432%* 0479 0.425* 0.365"** -0.050

(0.063) (0.066) (0.077) (0.068)  (0.067) (0.054) (0.057) (0.051)
R? 0.019 0.021 0.020 0.012 0.002 0.005 0.005 0.003
N 895 895 895 895 895 895 895 895

Notes: This table presents an intent-to-treat version of Panel A of Table 4. It only differs from that table in that it
also includes participants in the $10 Switch Bonus group that declined the offer to switch. We do not provide an ITT
version of Panel B as participants who do not accept the offer to switch naturally do not interact with Bing; we also
did not pre-register this Panel.

10

Effect on Bing market share (%)

0 > &
-5
-10
0 - 14 days 0-7days 8days after Survey 1 0 -7 days > 7 days
before Survey 1 after Survey 1 until Survey 2 after Survey 2 after Survey 2

Period

Rank degrade®Ad block

Figure A7: Effects of Ranking Degradation and Ad Blocking on Market Share: Intent-To-Treat

Notes: This figure presents an intent-to-treat version of Figure 4. It only differs from that figure in that it also includes
participants in the $10 Switch Bonus group that declined the offer to switch.
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B Demand Model Appendix

B.1 Identification Details

Bing

Share Bing
A Share

( L S25 (@)
Switch Bonus ($25) 510 o)

~— Switch Bonus ($10)
S25 | 5110
510 !
‘- Switch Bonus ($1)
51 L— Active Choice ($0) so
ne |
0L~ 1 > >
Day 0 Day 14 t 001 10 25 " Price

Figure A8: Identification of Idiosyncratic Preference Distribution

Notes: This figure illustrates, for Chrome users, the Bing market shares over time in each treatment condition (left). It
also illustrates what fraction of users are willing to switch to Bing at any given price (right).

Distribution of idiosyncratic preferences and price response 711. By comparing market shares of the
Switch Bonus group at different payment offers during the incentivized period, we can identify the distribu-
tion of idiosyncratic preferences S(-) and the price response 1, as shown in Figure A8. Consider a Switch
Bonus user who is offered a price p to use search engine —d after Survey 1. The utility from declining the

Switch Bonus and staying with search engine d is
Cq + Xia + Vi (d). (13)
The utility from accepting the Switch Bonus and switching the default to j = —d is

Np+C a+ticat Vis—a (—d). (14)

Survey 1 tells participants that, regardless of their + = 1 choice, they will be guided through the choice
screens on Survey 2 and consumers are therefore forced to pay the switching costs at time ¢ = 2, even if they
do not switch. Furthermore, we have assumed that consumers believe they know E_d with certainty, so there
is no perceived value from exploration. Therefore, V;;—> (d) = V;;—> (—d) and the continuation values drop

out from the comparison. Having this in mind, the consumer chooses —d if

np+AL+Ayx > 0. (15)

The modeled market share of search engine —d at time ¢ = 1 is thus

17
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s =S (np+ad). (16)

The parameters 1) and Af simply play the role of a scale factor and a shifter, so we can rewrite this expression

as

s =H(p), (17)

where H (-) is the cumulative density function of willingness to accept,—1/1 - (Ay; +A{), a linear trans-
formation of the idiosyncratic preferences term. Since the left hand side of Equation 17 is data, different
price offers directly identify values of H(-) at different points. As is standard in discrete choice models, we
normalize the mean and variance of Ay;. This gives us the distribution S(-) of the normalized error —Ay;
from the shape of H (p).>’

When S(+) is known, any two price points identify 1, for instance:

s (SS_ZdSJZI) - (ss—ld,tzl)

25-1

n:

Perceived difference in quality Ag . The perceived difference in quality is identified by market shares
among Active Choice users, as depicted in Figure 5. Since these users made an active choice on Survey
1, we assume that their market shares from that point on are not driven by switching costs or inattention.
Instead, they are entirely determined by perceived differences in quality.

Formally, for Active Choice users, the market share of the alternative search engine —d is as in equation

(7), with zero price difference Ap and without the switching cost o(1 — §):

A gus1 =S(AD). (18)

The relevant difference in quality is Ag , capturing the fact that these users have not used search engine —d
and might thus have wrong perceptions about its quality. We can invert this equation to obtain the following

expression for the perceived difference in quality Ai:' :

AL =512 0), (19)
where S~!(x) is the inverse of the cumulative density function of —Ay;.
Learning (*, — Z;,d. To identify learning, we compare the active choices made by Switch Bonus users

after they had two weeks to learn about search engine —d with the choices made by Active Choice users,

who are not familiar with search engine —d (see Figure 5).

3T Technically, H () would be non-parametrically identified if we had a switch treatment for each price point p. In that case,
S(-) would be non-parametrically identified up to a scale and location normalization. In practice, we have enough price points to
determine that a log-normal fits our data well as illustrated in Figure 6: some participants are close to indifferent between Google
and Bing whereas others require large payments to abandon Google for two weeks.

18



Online Appendix Sources of Market Power in Web Search: Evidence from a Field Experiment

When Switch Bonus subjects in the Search Extension Intervention Control group make their Survey 2

active choice, they have had time to learn {* ,, the true quality of search engine —d. They thus choose it if

AL* + Ay > 0. (20)

Assuming np; > {* — é‘ , that is, that the Switch Bonus was large enough that all consumers who would

choose Bing under perfect information were induced to try Bing, the market share of —d is thus

S, =5(AL). Q1)

Comparing this expression with the market share for Active Choice users (equation 18) and rearranging

gives the following expression:
Ca=Ca=5"(%0%) = (=) @2)

Attention probability 7. To explain how we identify 7, we will first explain how the market share in the
default group evolves.’® Let §* be long-run share of the alternative search engine in the D group—i.e., the
share after everybody who is not permanently inattentive has made an attentive choice. Also, let s, be
the share of the alternative search engine directly after treatment. Let  be the rate at which participants
who are not permanently inattentive become attentive in a given week.>* With these definitions, the share of
users who still use the alternative search engine in a given week is given by a weighted average of perma-
nently inattentive users and users that become stochastically attentive; the users who become stochastically

attentive converge away from s” gv 105"

sed,week:w = ¢S];)d>s< + (1 - ¢) [(1 - ﬁ:)w's];)d* + (1 - (l - ﬁ’-)w) 5*] . (23)

Intuitively, among those users who (i) are not permanently inattentive and (ii) would like to switch
back, only a fraction & actually switch back during a given week (which corresponds to half a period in our
model). Therefore, the share of users switching away from the alternative search engine in a given week
decays geometrically with a rate &, and we can identify that rate of decay from the following expression

(which follows directly from equation (23)):

Sl—)d,week:Z - sgd,week:l = (1 - ﬁ’-) (Sl—)d,weekzl - sgd,*) ) (24)

where s” 4« 18 the initial market share directly after treatment—that is, the fraction of users who switched to
obtain our payment—and s? 4 week—y FEPresents the market share among the D group at the end of week w.

Hence, we can derive the following expression for 7 directly as a function of market shares

380ur explanation assumes that learning has not yet occurred, which means that the derived expressions are only correct for week
one and two. This suffices for identification of the parameters.

39Given that 7 is defined for a two-week period, this is given by # = 1 — (1— n)l/z.
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2
D D
S_d,week=2 — S—d,week=1

D D
SZd,week=1 — S—d x

T=1- (25)

Switching costs o and permanent inattention ¢. As suggested by Figure 5, the switching cost o and
inattention parameter ¢ are jointly identified from the difference between the Active Choice and Control
market share as well as the difference between the long run Default Change and Switch Bonus market share.
In particular, switching costs and inattention both create inertia: consumers are less likely to switch from
the search engine they previously used, increasing the difference between the Active choice and Control
market shares as well as the long-run Default Change market share. However, as we will argue next, o and
¢ are separately identified because o affects each of these quantities symmetrically while inattention has a
stronger effect on the long-run Default Change market share.

First, both types of inertia create a gap between the shares for Control users—who are subject to both
forms of inertia—and for Active Choice users—who are not subject to either. The gap between those market

shares is

S/id,tzo —Sgd,tzo =S (AE) —(1—-9)S (AE —o(l- 5)) ; (26)

which is increasing in both ¢ and ¢.

Second, both types of inertia lead to higher market shares for the Default Change group after the
incentive period. High switching costs and permanent inattention both imply that the geometric decay
process that describes the market share over time will settle at a higher level. To state this formally, suppose
for this section only that agents learn the true quality of the alternative search engine instantaneously after
switching.** We now obtain an expression for s” 4. the value the market share sP 4, CONVerges to as t — oo,
Let s* = S(A{*+0(1—5)) be the hypothetical long-run market share of the alternative search engine
among D group users, assuming (i) everybody is attentive and (ii) users have learned its true quality. With

these definitions, we can express the actual long-run market share of the alternative search engine as

Lo =052 g+ (1= 0)s" = 95”1, 4+ (1 - 9)S(AL* +0(1 - 8)), 27)

which is indeed increasing in ¢ and . To see why s” Je 18 the long-run market share note that everybody
who is not permanently inattentive (fraction 1 — @) has made a choice and everybody else (fraction ¢) is still
stuck with the default.*!

We now argue that although both moments (26 and 27) depend on switching costs and inattention,
inattention has a much stronger effect on the latter. First, suppose there is no switching cost. In that case,
s 4150~ s¢ a0 = 9S(AL") = o5t d4r>0- Then note that permanent inattention affects both expressions as

follows:

40We make this assumption only in this section to simplify the exposition. We otherwise maintain the assumption that people
learn after fourteen days. The intuition extends to that case.

4I'We do not observe choices at ¢ = oo as our sample ends after eight weeks, so our estimation (Section 5.2) uses the market share
at the end of our experiment. Given our estimates from Section 5.3, the probability of paying attention after eight weeks is on the
order of one thousandth, so the difference between these two expressions is negligible.
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;(p(ﬂdpo - Sngzo) = Sﬁd;zo and aa(psedm =52y —s" (28)
Thus, it affects the gap between the A and C groups to the extent that a lot of people in the active choice
group want to use —d. As we saw in Section 4, only about 5.63 percent of Chrome users want to use Bing,
so permanent inattention will have little effect on the first expression. On the other hand, ¢ has a large
impact on the long-run D share s? 4o s long as (1) our treatment induces a large fraction of people sP v 1O
use —d in return for a payment, and (ii) many would not want to use it without payment, i.e. s* is small.
Conditions (i) and (ii) are both true in the data, as we saw in Section 4: over 75 percent of users switch in
response to our payment, while the fraction who actually want to use is around 20 percent. Based on these
numbers, we should expect the effect of permanent inattention on s” 4o t0 be on the order of ten times larger
than the effecton s* ;-5 —s%, -
Now suppose that there is no permanent inattention. Then s? 4150 —sC, s0=S(A0")—=S(Al"—0o(1-9))

and s? 4o = 8" Switching costs affect both expressions as

ao:—& (20 =5 4s20) =S (A" —0(1-8))  and ac<f—s> 2 =S (AL 4+ 0(1-8)).

(29)

Therefore, the effect on both expressions should be roughly similar as long as the density of marginal users
does not change too much.

The main takeaway from this analysis is that switching costs roughly have the same impact on s* 450~

C

D . . . D . .
5”410 and s~ ,, whereas permanent inattention has a much larger impact on s~ , . This provides an

argument why both parameters are separately identified.

Quality preferences o and p. Comparing the $10 Switch Bonus at time 7 = 2 across the Ranking Degra-
dation and Ad Blocking conditions identifies preferences for the components of quality. Similar to equation
21, the market share for a Switch Bonus user in the Search Extension Intervention I € {RC,CA,RA} is given
by

s, =5(Agh). (30)

where A’ is the quality implied by intervention I. Note that if ] = CC—that is, if the user was assigned to
the control group for both Ranking Degradation and Ad Blocking—then AL = AL*.

Recall that search engine quality is given by ; = aaj+ prj+&;. The effect of Ranking Degradation
on quality difference is § fg - fg = fﬁ} — fﬁ =p(r ( Rfi rcfl) Thus, comparing Ranking Degradation

relative to its control on ¢ > 2 market shares (equations 21 and 30) and rearranging gives

S10RC 1 ( S10cC
S” ( dt>2) S” (s—d,tzz)

p= e e 31)

. : : o SI0RA S10CA . . .
A similar expression can be obtained by comparing s> ;% and s 75, Let r; be defined in units of click

through rates. Then, the right-hand side of equation (31) is observed in the data: it is the ratio of two
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Table A10: Empirical Moments for Demand Estimation

(1 (2) 3)

Description Formula Estimate SE
Baseline Chrome users

Baseline and Control, t > 0 §¢ 4130 0.013  0.003
Active Choice group Bing share, r > 1 § d.t;l 0.026  0.013
Default Change group Bing share, t = % §9d:t;* 0.771 0.040
Default Change group Bing share, t =1 §P d;tzl 0.470  0.047
Default Change group Bing share, t =2 §P d;;:2 0.397  0.047
$1 Switch Bonus group Bing share, t = 1 s“ild.t:l 0.337  0.056
$25 Switch Bonus group Bing share, t = 1 s“izj:t:] 0.750  0.046
$10 Switch Bonus (CC) group Bing share, r = 1 s“ilc?;t:] 0.677  0.032

$10 Switch Bonus (CC) group Bing share, t > 2 Sy 0206 0.027
$10 Switch Bonus (CR) group Bing share, r > 2 sljd.z;z 0.158  0.024
$10 Switch Bonus (BC) group Bing share, ¢ > 2 B,  0.146  0.025
$10 Switch Bonus (BR) group Bing share, 1 > 2 SR, 0169 0.024

Baseline Edge users

Baseline Google share, t =0 §_di=0 0.273 0.055
Active Choice group Google share, t > 1 T 0.368  0.079
$10 Switch Bonus (CC) group Google Share,r =1 §519 _ 0.709  0.072
$10 Switch Bonus (CC) group Google Share, t > 2 s“s_lc?;t>2 0.389  0.078

ertbed-in Section 5.

Notes: Thista
Standard errors clustered at the participant level.

treatment effects. Analogous equations also hold for the Ad Blocking condition, where we define a; such
that observed Bing ad load is a; = 1.

B.2 Estimation Details

We now explain in detail the moments we use in our GMM procedure; we exhibit the both the empirical
and predicted values of these moments in Table A10. The first set of moments are simply market shares: the

baseline market share s_ 4, the Active Choice market share s di>1 the market shares for the Switch Bonus

group during the incentivized period at different prices s, _,, s519CC| "and s523 _ |, and the post-Survey 2

S10CC sSlORC sSlOCA S10RA
—dt>2° " —dt>2° " —dt>2° —dt>2"

To write out these nine moment conditions, we use m to index the moments that we target. For example,

market shares of the Switch Bonus group under different interventions s and s

m can represent baseline choices for Chrome users, S10CC choices during the incentivized period for Edge
users, or Active Choice choices at time r > 2 for Chrome users. We denote by s,,(6) the market share

predicted by our model for moment m when the model parameters are 8. We also define y,,; to be subject

i’s choice corresponding to moment m. Our first nine moment conditions take the form

gmi(0) = Ymi —sm(0), Elgmi(67)] =0, (32)
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where 6% is the vector of true parameters.
To identify the attention probability 7, we exploit the market shares of the Default Change group right
after Survey 1, after one week, and after two weeks. Rather than using these three market shares directly,

we exploit our expression for the identification of 7 (equation 24). The moment condition that we use is

gmi(e) = (1 - n)l/z(ym,i,weekzl _ym,i,*) - (ym,i,week:2 _ym,i,week:l)a E[gml(e*)] =0 (33)

where y,,; « denotes D group choices right after survey 1, and y,; week=1 and y, ; week—2 denote D group
choices at the end of weeks 1 and 2.

To identify switching costs and inattention, we need moments for s4 dr>0 ~ s€ 4150 and sP deor WE
already included moments corresponding to s_zo (which is the same as s¢ d7t20) and s* dr>1> SO We must

include an additional moment for s? 4 We use an empirical analogue of equation (27),
gmi(6) = Ymjico— OYmis — (1= 9) [§(8) + (1-7)* (s°(6) =5°(6))],  Elgnmi(67)]=0  (34)

where y,,; . denotes D group choices right after survey 1, and y,, ; .. denotes D group choices after a long
period has occurred. In practice, we do not observe choices more than two months after the experiment
starts, so our actual estimation uses an adjusted version of this moment that uses D group choices at the

end of our experiment.*?

However, given our estimates from Section 5.3, the probability of not having paid
attention after eight weeks is on the order of one thousandth, so the difference between these two moments
is negligible.

There are two important issues we must deal with before computing these moment conditions and
the GMM objective function. First, given the nature of our experiment, we don’t observe all moments for
every participant. For a participant that was randomized into S10CC, for instance, we observe the moments
corresponding to SIOCC choices at times t = 1 and ¢ > 2, but we don’t observe any of the Default Change
or Active Choice choices. Second, we used different randomization probabilities for original Google and
Bing users, so unconditional means would overweight Bing users in most of our treatments.

To address these issues, we think of our experiment using a potential outcomes setup. Hypothetically,
for every moment m, there is a hypothetical realization of g,,;(6*). However, because of randomization, we
do not observe many of these choices and thus, cannot compute the corresponding moments. To address this

issue, we rewrite our moment conditions in the form

gmi(e) :Wmi'gmi(9)7 E[gm,(e*)] =0

where wy,,; are weights that allow us to account for the fact that some of the moments g,,,;(6) are unobserved.

42We now derive the expression for s° d.week—g that we use for estimation. After two weeks (that is, after learning) the fraction
of people that would like to switch if attentive is no longer s 4 — 5 but 5P 4« — 5% The geometric decay process thus resembles

equation 23, but it goes from s ;, to s* (and not from s”,, to §*). After accounting for the fraction [1— (1— 7)?] (s* —§*) of users
that switched back too early, we obtain the following expression for the market shares after week 2:

Liteckosr = 02+ (1=9) [s' = (1= (1=2?) (" =5+ (1= 1) (P4, —5") |.
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Figure A9: Distribution of Views Across Queries

Notes: This figure provides the fraction of all searches for queries of a certain popularity. We count all searches made
on Bing in the period between October 1st, 2021 and October 1st, 2022, and group queries by how often they were
searched for. The shape of the distribution supports the commonly-held assumption that there are a large number of tail
queries each associated with a lower number of searches but jointly responsible for a considerable share of searches
on Bing.

Whenever g,,;(0) is not observed, we simply set w,,; = 0 and g,,,;(6) = 0. When g,,;(0) is observed, we set
Wi to be the inverse of the (empirical) probability that we observe g,,;(0) conditional on i’s baseline search
engine. Under these weights, it is still the case that E[g,,;(0*)] = 0 despite the fact that some of these choices

are unobserved and that this occurs with different probabilities for baseline Bing and Google participants.

C Economies of Scale Appendix

C.1 Summary Statistics

Figure A9 presents the distribution of Bing views across all queries between October 1st, 2021 and October
Ist, 2022. Table A11 presents summary statistics for the click-and-query data we use to estimate economies

of scale in data.

C.2 Descriptives

Before moving on to imposing a functional form, we use binscatters to present nonparametric plots of the
relationship between the predicted click-through rate and the number of searches, controlling for query fixed
effects. The left plot of Figure A10 exhibits the overall relationship, which seems to be roughly log-linear:
each additional doubling in the number of searches leads to an about equal increase in click-through rate.
The right plot separately analyzes this relationship for queries of differing popularity: while we find that
the average level of click-through rate varies by query popularity, the relationship seems to be robustly

well-described as linear in the log of the number of views.
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Table A11: Summary Statistics for Economies of Scale

Description Variable Mean Min Median Max
Number of searches Nyt 374 1 155 2,980
Dummy: First Result Clicked? Tt 0.23 0 0 1
Predicted dummy: First Result Clicked? Pat 0.31 0.02 0.18 1.14
Number of observations 12,194,034

Number of queries 43,991

Number of top-ranked URLSs 244,136

Notes: This table provides summary statistics for the dataset underlying the economies of scale analysis.

o o o
w w w
@ i &

Click-through rate for top result

o
w
R

10 100
Number of searches

1000

0.35

o
w
S

o
N}
A

Click-through rate for top result

0.20

T 74 \ A Total
& searches
100-200
201-400
[=] 401-600
[~] 601-800
801-1,000
>1,000

10 100 1000
Number of searches

Figure A10: Non-Parametric Estimates of Returns to Scale

Notes: These graphs show the over-time relationship between the number of searches for a particular query
and the rate of clicks on the top result (as disciplined by changes in the result shown first.) Formally
speaking, we follow Section 6.1 and first regress the click-through rate on fixed effects for the top-ranked
URL. We then use binsreg to analyze the relationship between the predicted click-through rate and the
number of searches, controlling for query FE. The left plot exhibits the overall relationship, which seems
to be roughly log-linear: each additional doubling in the number of views leads to an about equal increase
in click-through rate. The right plot separately analyzes this relationship for queries of differing popularity:
while we find that the average level of click-through rate varies by query popularity, the relationship seems
to be robustly well-described as linear in the log of the number of views.
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Figure A11: Directed Acyclic Graph Underlying Estimation Strategy

Notes: This DAG represents how we identify the causal effect of increasing the number of searches (#;) on
the result relevance as measured by CTR (r,) while accounting for an unobserved confounder (u,) that could
(e.g.) represent how different types of users arrive over the lifecycle of a query. The key to our identification
strategy is the mediator ¢;, which represents the search engine’s ranking of links. In particular, the search
engine only learns from user data in the form of additional searches, and hence the relationship between n;
and /; is not confounded. Similarly, the relationship between ¢, and r; is not confounded conditional on r;.

C.3 Implementation Details for Identification Argument

Our identifying assumption — that the causal effect of more data can only operate through the search ranking
— allows us to apply the front door criterion (Pearl and Mackenzie 2018; Imbens 2020; Bellemare, Bloem,
and Wexler 2024) to purge confounding variation in click-through rates, such as the observed secular trends.
Focusing for now on a single query, the directed acyclical graph (DAG) in Figure A11 illustrates our strategy.
In this graph, n, refers to the number of searches for a given query by time ¢, ¢; to the rankings of links on
the results page at ¢, and r; to the click-through rate (i.e., our measure of result relevance). Finally, u, is
an unobserved confounder that affects both the number of prior searches and the click-through rate, such
as a changing composition of users over the lifetime of a query. For now, we assume these are all scalars
(though they will not be in our eventual implementation.) The causal effect of additional prior searches (i.e.,
additional data) on the links served is given by 7 and the causal effect of the links served on click-through
rate is 0.

Regressing r; directly on n; would be biased by the confounding variation in u«,. The key insight from
this graph is that by regressing r, on ¢, after conditioning on n,, one can isolate the causal variation in data
that leads to changes in click-through rates. The intuition is that we stack many event studies like Figure
7: like in the event-study, we isolate the effect on CTR that comes with a change in the ranking. We then
regress the predicted value 7 = 5 -4, on n, and obtain the causal effect as the product y- 8.

More formally, the identification challenge is that #, may introduce a correlation between r, and n;,

since u; — n; and u;, — r;. The regression

I’,:(X—I—ﬁn,—l—el

would therefore lead to biased estimates of 8, i.e. lim, o § # 7 X 8.
However, the confounder does not affect the ranking quality directly: there is no arrow from u; to £;.

Hence, the following regression (Bellemare, Bloem, and Wexler 2024, eq. 7)

gt = K+'}lnt+wt
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will yield an unbiased estimator } of the effect of additional data (n,) on ranking of links (¢;). Similarly, we

can run (Bellemare, Bloem, and Wexler 2024, eq. 8)
Iy :l+5‘€[+¢nt+\/t

to get an unbiased estimator 8 of the effect of the ranking of links (¢,) on CTR (r;). Multiplying together
these two numbers we get an unbiased estimator § x 5 of the effect of additional data on CTR.

In practice, we do not literally follow this recipe because of the complication introduced by the fact
that the ranking of links ¢; is not a scalar. Keeping with it being a scalar, we now explain our alternative

recipe. We predict CTR from ranking quality, i.e., we run
I’t :l+6€[+¢nt+\/t

and form a prediction 7 = 86, of CTR based just on the current ranking quality. Then we regress this

prediction on the number of prior searches n;, i.e. we effectively run
ft — l[l+1‘[nt+€t

As 7 here is just ¢, multiplied by 5, this regression must yield ) = 5 x 7, i.e., our estimator is numerically
equivalent to what Bellemare and Bloem’s recipe would find.

Now, we introduce our complication: ranking quality is measured by the identity of the top-ranked
URL. Let u(¢) index the URL top-ranked as of search ¢ (recall we still assume there is just one search term,
so we do not need indices for search terms.) Then effectively ¢, is a vector of dummies: assuming there are
U possible URLSs that could be ranked first for this query,

This multidimensionality of /; makes the regression that Bellemare, Bloem, and Wexler (2024) propose hard
to interpret and implement.

Still, our alternative way of first forming predictions of CTR works, and as argued above, in the scalar
setting it would be exactly equivalent to employing the front-door criterion. Intuitively, we first project CTR
on a fixed effect for the top-ranked URL while flexibly controlling for the number of searches a query has
received so far. Subsequently, we use the fitted estimates from just the query-by-URL fixed effect in this
regression as our dependent variable in estimating the relationship between searches and click-through rate.
More formally, indexing queries by ¢ and time by ¢, we first project CTR on a fixed effect for the top-ranked

URL while controlling for a fixed effect for the number of searches a query has received so far, i.e.,

Fgt = 5q,u(q,t) + nn(q,t) + Eqts (35)

where u(q,t) gives the index of the top-ranked result served on the search result page and n(g,r) gives

the number of searches that query ¢ has seen by time 7. As the regression includes a fixed effect 1,,,),
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we are flexibly controlling for the number of searches a query has received so far. We then use the fitted

estimates 7y, = &, ,

the relationship between searches and click-through rate. Intuitively, these fitted estimates will capture

(¢+) from just the query-by-URL fixed effect as our dependent variable in estimating

systematic improvements in CTR that are driven by Bing changing the order in which it serves search

results; by contrast, they will ignore changes due to pure temporal patterns (such as a secular trend in CTR.)

C.4 Taylor Expansion to Address HDFE in NLLS

Our main estimating equation (36) describes a non-linear relationship between the number of previous
searches for a query and its click-through rate. However, the estimating equation also features a high-
dimension fixed-effect, which is computationally challenging to estimate. To address this concern, this ap-
pendix develops a methodology that utilizes repeated Taylor expansions of an estimating equation to derive
exact estimates of non-linear parameters in the presence of fixed-effects.

To begin with, we find initial estimates (ﬁo, éo) by regressing demeaned ¢, on demeaned %néf 0
(computing this term and then demeaning for any trial value of the parameters.) However, as the underlying
regression is not linear, the resulting estimates from this exercise are possibly poor approximations to the

true parameter values. To make progress, we turn the regression into a linear problem by utilizing a Taylor

ﬁ/\
1-6°

series expansion of 9 around initial estimates (30’ éo). In particular, letting §° = , we have

P = 0+l +72(8° — 0) log(ng)nky @ +0(60 — 8°)2 + 0(y— ") + &

Ho 50 . . .
flﬂ’ 9 and log(nq,)n;f 9", it can be estimated while

correctly accounting for the FE o, thus yielding new estimates (3 1o ). We can then form a new Taylor

As this equation is linear in easily constructed regressors n

expansion around those estimates, yielding(ﬁz, 92) and so on. We iterate until convergence, and obtain

standard errors via block-boostrapping (resampling at the query-level.)

C.5 Effect of Data on Result Relevance

We now use our estimates in Table 6 to anticipate by how much Bing’s CTR would increase if it were to
obtain additional data, which could come either from an increase in its market share or from regulatory
provisions that require the sharing of click and query data. Note that all estimates in this subsection take a
partial equilibrium approach, i.e., they do not consider the effect that an improvement in Bing’s CTR may
have on its market share and the feedback loop that could potentially result from this effect. When moving
to the full model below, we will take into account this flywheel.

Suppose Bing was to obtain an additional 1,000 searches on each query. This would result in an increase
of CTR from 23.5 percent to 25.0 percent, an increase of 1.55 percentage points. We can see in Figure A12
that this increase mostly comes from an improvement in serving results on tail queries. Similarly, what if
Bing multiplied it’s market share by 4.28, making it roughly equal to Google’s market share? In this case,
our estimates imply that Bing’s CTR would increase from 23.5 percent to 24.8 percent, an increase of 1.29
percentage points.

More generally, we can use our parameter estimates to calculate counterfactual average click-through
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Figure A12: Marginal Effect of Additional Impressions on Bing CTR by Query Popularity

Notes: This figure shows the effect (in percentage points) on CTR of increasing the number of searches that
Bing observes for each query by 1,000. The resulting improvement in CTR is concentrated on tail queries,
which benefit the most from additional data; queries that already had large quantities of data improve less.
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rates on Bing if its market share were to be multiplied by A: the new click-through rate ¢’ after such an
increase in market share is given as a function of the old click-through rate by
B B

r’:a—m+l“9-<r—a+m>

C.6 Cross-Query Learning

A complication that we do not address in the main text is that learning how to rank results on query ¢ may
not be limited to using data from query g—customer behavior on impressions on related queries ¢’ are also
helpful. Denote the set of all queries (including the focal query q) as Q, and define a distance metric d(q,q’)
that measures the distance between any focal query ¢ and potentially related query ¢’. The distance between
any query and itself is zero, i.e., d(q,q) = O for all g. Similar to in the main text, we will assume that the

CTR on query q is given

1-6
1
P = OCq"‘Bﬁ ( Z f(d(g,q);7) x ”q’t> + &g (36)

q'€Q

As before, o is a fixed effect that captures the fact that different queries may have different baseline CTR.
More importantly, 8 is our measure of the value of gathering additional data, and 6 measures economies
of scale, i.e., the speed at which this value declines with the amount of data already gathered. In particular,
6 ~ 0 implies linear returns to additional data, 0 ~ 1 implies logarithmic returns, and 6 >1 implies worse-
than-logarithmic returns.

Finally, f(-) is a function (parameterized by 7) that maps the distance d(q,q’) between a focal query
q and a related query ¢’ into a monotonically declining weight. The speed at which these weights decay as
we consider more and more distant queries play an important role in the economies of scale: if the weight
decays only slowly, it may not matter if a search engine has never seen a query before as it can apply its
learnings from other, related queries. If the weight decays quickly, on the other hand, then not having seen a
particular query before would be a strong disadvantage in trying to serve its results. Given our limited data,

we will parameterize

f(d) = exp(—exp(7)d), 37)

so that ¥ = —oo corresponds to no decay with distance (i.e., all views on all queries matter to CTR on any
focal query) and y — oo corresponds to the case of no cross-query learning (but still allows views on the
focal query to matter as limy_,..exp(—exp(y) x0) = 1.)

To estimate (36), we supplement the data on new queries by obtaining, for each query in the original
dataset, similar data on the 50 other queries most related to the original query, as reported by Bing’s internal
metrics. We emphasize that this means we have data only on the most related queries in Q; to the extent that
there is little cross-query learning, we would expect this to not bias our results as searches for less related
queries would not yield additional learning on Bing’s side. The supplemental dataset contains, aggregated to

the daily level, the total number of searches for and clicks on results pages of each of these related queries,
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again between 2022-01-24 and 2023-01-23. We note that, by construction, these related queries are not
necessarily new; hence, we also obtain the total number of impressions between 2021-01-24 and 2022-01-
23 for the related queries (this number is by definition zero for the focal queries.) Whenever we consider
a running tally of searches in our estimation below, we consider the period between 2022-01-24 and 2023-
01-23 (when we see all searches) and add to the searches that have occurred by any given date during this
period the searches that occurred in the prior year, i.e., from 2021-01-24 to 2022-01-23. However, we cannot
account for searches even further in the past due to Bing’s retention policy for query data. Finally, we have
access to Bing’s internal distance measure between the related queries and the original focal query.

As before, we use the fitted estimates 7 using just the J

q?u
our dependent variable in the estimation of (36). Computationally speaking, we obtain our estimates of

(q.) fixed effect from regression (A9) as

(36) via a non-linear least squares procedure and standard errors from a block bootstrap (where a block is a
focal query.) As our non-linearity correction from Section 6.2 did not yield substantively different estimates
there, we avoid implementing a more complicated version of this procedure in this robustness check and
simply report the parameters estimated via our demeaned non-linear least squares procedure, noting that
these estimates should be interpreted with caution.

As before, we calibrate the intercept a such that the average predicted CTR matches that from our
experiment. However, a complication emerges: to take this average, we need to know for each query in the
query frequency distribution how many views there are on related queries. While we have this information
for the new queries (used in estimation above), we do not have this information for all queries that Bing
sees. Hence, we need to predict the value of the term in parentheses, i.e., Yy f(d(q,q'); ) X searches,

from just the number of views on the focal query. We use the model

log( Z f(d(q,q');y) x searchesy,) = Po+ Pilog(searches,) +u, (38)
q'eQ

We fit this equation on our sample of new queries (for which we observe views on related queries), and find
ﬁo =0.0509(0.0058) and Bl =0.9951(0.0010) with R? =0.94, suggesting that we can predict this quantity

very well. We can thus use

= B (exp(Bo + Bilog(ny)))~* + 2

to predict CTR from just an observation of the number of views on a particular (focal) query. This allows us
to calibrate «.

We exhibit our results in Table A12. Most importantly, we still find returns that are essentially loga-
rithmic, though once taking into account spillovers, the returns are slightly more convex than logarithmic
(i.e., 8 < 1). Furthermore, we can strongly reject the null hypothesis that additional searches have no impact
on performance (i.e., 3 is significantly different from zero.) Finally, our estimate of y suggests a limited
role of cross-query learning. This is illustrated by Figure A13, which plots the implied weight of searches
on related queries against their distance from the focal query. In particular, the horizontal axis measures
the distance to the focal query in units of Bing’s internal distance metric; these units are restricted to lie

between zero (only assigned for identical queries) and two (practically never assigned.) The solid black line
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Table A12: Cross-Query Economies of Scale Estimates

Description Parameter Estimate SE
Click-through rate at inception o 0.1744 -
Value of additional data B 0.0056  (0.0007)
Shape of returns from data ?] 0.9272  (0.0292)
Relative weight on related queries Y 3.8327  (0.6659)

Notes: This table provides the estimates of the parameters in (36), obtained via non-linear least squares.
Standard errors are from a block-bootstrap clustered at the focal query level.

indicates the weight that our estimates imply for views on a query at a certain distance from a focal query:
for instance, at distances of 0.01 our estimates imply a weight of about 0.4, suggesting that each search for
a related query at this distance is worth about 40 percent of a search for the original query when it comes
to learning how to rank search results. As query distances are hard to interpret, we exhibit the distribution
of distances between focal queries and their top-related query (in blue) or their tenth-most related query (in
red). We can see that it is rare for queries to have a related query at distance low enough to be assigned a
significant weight.

According to the estimates in Table A12, if Bing were to increase its market share by multiplying it
by 4.28, its CTR would improve from 23.50 percent to 24.99 percent, an improvement of 1.49 percentage
points. As expected, this increase is slightly larger than the 1.29 percentage points that we found for an
increase in market share by multiplying it by 4.28 in the main text. In other words, accounting for cross-
query spillovers slightly raises our estimates of the importance of economies of scale, but does not lead to

any changes in qualitative conclusions.

D Counterfactuals Appendix

Consider the utility of agent i in some counterfactual €. The difference in the user’s perceived utilities—the

utility that drives choices—can be written as

Auj gz = Avy + Aby + AY;,

where Avy denotes differences in true mean utilities, Abs denotes additional differences due to mispercep-
tions, and Ay; denotes differences in idiosyncratic preferences. To illustrate these terms, we now consider
what they look like in the Status Quo. The term for true utilities is Avy = A* — 6(1 — §) to account for the
difference in the quality of the search engine and for the switching cost. The bias term is Aby = é_d —-C*,
since the user is not aware of the true quality of the alternative search engine.

To account for inattention, a fraction f4 of users are attentive and make a choice based on Au; «. In the
status quo, f4 = 1 — ¢, and in counterfactuals in which all users make an active choice, f4 is simply 1. A
fraction f; of users are inattentive and stay with the default search engine, and a fraction f_; are inattentive

and stay with the alternative search engine. Thus, f4 + f; + f_4 = 1. In the status quo, for instance, f; = ¢
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Figure A13: Cross-Query Learning Illustrated

Notes: This graph illustrates the (limited) extent of cross-query learning implied by our parameter estimates. The
horizontal axis measures the distance to the focal query in units of Bing’s internal distance metric; these units are
restricted to lie between zero (only assigned for identical queries) and two (practically never assigned.) The solid
black line indicates the weight that our estimates imply for views on a query at a certain distance from a focal query:
for instance, at distances of 0.01 our estimates imply a weight of about 0.4, suggesting that each view on a related
query at this distance is worth about 40 percent of a view on the original query when it comes to learning how to rank
search results. As query distances are hard to interpret, we exhibit the distribution of distances between focal queries
and their top-related query (in blue) or their tenth-most related query (in red). We can see that it is rare for queries to
have a related query at distance low enough to be assigned a significant weight.
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and f_; = 0. In counterfactuals in which Bing is the default on all browsers, f; =0 and f_; = ¢ for Chrome
users and f; = ¢ and f_; = O for Edge users.

The market share of search engine —d is given by

S_q¢=f-a+t+ faS(Avy 4+ Aby),

where S(-) is the CDF of the difference in idiosyncratic preferences.

We now derive expressions for consumer surplus. We first derive an expression for attentive consumers.
In the absence of any misperceptions, the consumer surplus relative to the utility of the original search engine
is given by %V (Avg), where V (x) = [*_ S(x')dx’. The consumer surplus relative to the utility of the original

search engine in the Status Quo for attentive consumers is given by

1
" [V(Aveg + Aby) — Abeg - S(Avg + Abg ) + (vae — va,so)]

The first term in this expression gives the consumer surplus, relative to the utility of the original search
engine in %, if users’s true utility is indeed described by their perceived utility. The second term is an
adjustment due to biases that lead to suboptimal choices. For the share S(Avy + Aby ) of users that choose
the alternative search engine, their true utility is lower (or higher) to the extent that they have biases, —Ab¢ .
The final term accounts for the fact that we want to measure utility relative to the Status Quo to be able
to compare consumer surplus across counterfactuals. We therefore must adjust consumer surplus by the
degree to which utility at the anchor point—the original search engine—changed relative to the status quo,
Vd, ¢ —Vd,SQ-

If we now account for permanent inattention, we obtain the following expression for consumer surplus:

_ 1
CSy = {;‘ [V(Avig +Abig ) — Abyg - S(Aveg + A )| + fnd [Avg + ] + 7 (Vae —va.so)

The first term is just the fraction of attentive consumers times their consumer surplus (note that the term
vas — vaso affects all users so it is accounted for by the last term in the expression). The second term
accounts for the surplus of the fraction f_, of inattentive users that stay with the non-original search engine,
whose utility is Avg,—the difference in true utilities—plus the expectation of the error term u = E[Ay;]. For
the lognormal error that we use, i = 1 —exp(y?/2). There is no term for the fraction f; of users that are
stuck with the original search engine because their utility relative to the utility of using the original search

engine is simply zero.

D.1 Direct Effects

We now give expressions for Avy, Aby, and (v44 — vasg) in each of our counterfactuals. Note that the
Data Sharing and Data Sharing + Choice Screen counterfactuals are only relevant in equilibrium, since they

involve a change in the quality of search engines that arises from the use of data.
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Status Quo For the status quo, Avgy = A{* — (1 — 0) to account for differences in utilities and for
switching costs. The bias term Abgg = 5_,1 — {* ; accounts for misperceptions. There are f4 = 1 — ¢ attentive

users, and f; = ¢ users are inattentive and stay with the default search engine. Trivially, (v4 5o —va,s0) = 0.

No Frictions Since there are no switching costs, Avyr = AL*. Since there are no biases, Abyr = 0.

There are no inattentive users, so fy = 1. And the true utility of the default search engine is unchanged, so

(vanF —Vaso) =0.

Active Choice Since there are no switching costs, Avac = AL*. Customers still have misperceptions about
search engines, so Abyc = é’_d — §*, . There are no inattentive users, so f4 = 1. And the true utility of the

default search engine is unchanged, so (vgac —va.sg) = 0.

Correct Perceptions True utilities do not change, so Avep = A{* — 6(1 — 8) . There are no mispercep-
tions, so Abcp = 0. There are f4 = 1 — ¢ attentive users, and f; = ¢ users are inattentive and stay with the

default search engine. And the true utility of the default search engine is unchanged, so (v4cp —vas0) = 0.

Choice Screen Edge users behave as in the Status Quo. Chrome users behave as in the Active Choice

counterfactual.

Bing Default Edge users behave just as in the Status Quo. Among Chrome users, switching costs are
still present but they go the other way around, so Avgp = A{* + (1 — &) . We assume Chrome users have
no misperceptions about search engines, so Abgp = 0. There are fy = 1 — ¢ attentive users, and f_; = ¢
users are inattentive and stay with the alternative search engine. Finally, the true utility of the default search

engine changes because it is now subject to switching costs, so (vgzp — va,sg) = —0(1—9).

Bing Default + Delayed Choice Screen During the first two weeks, the market behaves just as in the Bing
Default counterfactual. Starting in week 3, Edge users behave as in the Status Quo. Chrome users behave
as in the No Frictions counterfactual. We compute market shares and consumer surplus over a span of six

years: we give weight 2/312 to the first two weeks, and we give weight 310/312 to the market after week 3.

Bing Payments Utilities change due to payments, so Avgp = NAp +AL* — o(1 — §) (note that Ap is
positive for Chrome users but negative for Edge users). Customers still have the same biases as in the status
quo, so Abgp = E_d —{* ;. There are fy = 1 — ¢ attentive users, and f; = ¢ users are inattentive and stay
with the default search engine. For Edge users, we must account for the fact that the utility of using Bing
increased by $10, so vggp —vas0 = —NAp > 0. For Chrome users, the true utility of the default search

engine is unchanged, so v4 gp — va 50 = 0.
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D.2 Equilibrium Effects

To account for equilibrium effects, we must account for the fact that true qualities {; are now a function of
the share of people using search engines. Suppose that a share §; of people use search engine j across all

browsers. Following our economies of scale model, the true qualities are then given by

-\ 1-6
cj<s-j>=p[a—39+<sf) (r-a+155) +4

We can thus derive the following expressions for Avy, Aby, and (vg4 — va,sp) in equilibrium (the

fractions fy, fg, and f_; are the same as in the direct counterfactuals, unless otherwise noted):

No Frictions Since there are no switching costs, Avyr = AL* = C* ,(5_anr) — & (1 —5_gnr). Since
there are no biases, Abyr = 0 . The true utility of the default search engine changes with the new market

shares, so VANF —Vd sQ = Cj(l — ‘ST_d’NF) — Cj(l — j—d,SQ)-

Active Choice Since there are no switching costs, Avac = AL* = * ,(§_g.ac) — € (1 —5_q.ac). Customers
still have misperceptions about search engines, so Absc = i,d — C,d(s',d,Ac) . The true utility of the default
search engine changes with the new market shares, s0 vy ac —va,s0 = §; (1 —5—g.ac) — (1 —5_as0)-

Correct Perceptions True utilities change due to new market shares, so Avep = C*(5_qcp) — C;(1 —
§_4cp)—0(1—0) . There are no misperceptions, so Abcp = 0 . The true utility of the default search engine
changes with the new market shares, so vy cp —vaso = &5 (1 —5_acr) — (1 —5_as0)-

No Frictions + Data Sharing All expressions are the same as in No Frictions except that the quality of
Bing is given by {;(1) instead of {3 (5_anF)-

Choice Screen Edge users behave as in the Status Quo, and Chrome users behave as in the Active Choice
counterfactual, following the expressions above. Qualities must be adjusted to account for equilibrium

effects: they are now (* ,(5_4cs) and (1 —35_qcs).

Bing Default Edge users behave just as in the Status Quo, but qualities do change because of economies
of scale: Avgpp = AL* —o(1—0), and Abpp g = &:',d —{*,(5—a8p) . The true utility of Bing changes:
(vaap.E —Vasokr) =3 (1 —5_app) — §;(1 —5_as0). For Chrome users, switching costs are still present
but they go the other way around: Avgp c = *,(5_a8p) — {;(1 —5_48p) + (1 — &). Chrome users have
no misperceptions so Abgp ¢ = 0, and the true utility of the default search engine changes due to the change

in market shares and because it is now subject to switching costs so (v4 pp.c —Vasp,c) = §; (1 —5_a8p) —
& (1=5_450) —o(1-6).
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Bing Default + Delayed Choice Screen During the first two weeks, the market behaves just as in the
Bing Default counterfactual. Starting on week 3, Edge users behave as in the Status Quo. Chrome users
behave as in the No Frictions counterfactual: Avpcsc = &* ,(5—a,pcs) — € (1 —5—a,pcs), Abpcs,c = 0, and
(va.pcs,c —vaso) = &5 (1 —5_apcs) — (1 —5_450). We compute market shares and consumer surplus

using the same weights as in the direct effects counterfactual.

Bing Payments Utilities change due to payments. Thus, Avgp = NAp + C* ,(5_asp) — &;(1 —S_asp) —
o(1—§). Customers still have the same biases as in the status quo, so Abgp = &_g — ¢* /(5_app) . The true
utility of the default search engine changes with the new market shares, so vg gp —va s = € (1 —=5_4pp)—

¢;(1 —5_450) for Chrome users. For Edge users, we also need to account for the fact that the utility of

using Bing changed by $10, so vgzp —vaso = §; (1 —5_a8p) — (1 —5_450) — NAP.

Data Sharing True qualities are {(5¢) and {;(1). True utilities are Avpg = (*, — {7 — o (1 — ). The
bias term Abps = i:’_d — {*, is as in the Status Quo. The true utility of the default search engine changes

because of data sharing, so VG,.DS — VG50 = Cé(f(;_pg) — C(*;(S_G,SQ) and vg ps —VB.so = CE(]) — CE (S_B,SQ)-

D.2.1 Computing equilibria

In each of the above counterfactuals, we can plug in the above expressions into our expression for market

shares to obtain the following expression for market shares among users of browser b:

Sb,—d = [-a + faS(Avbz (5-a) + Abp 5 (5-4))-

We can aggregate those market shares to obtain Google’s total market share

S neu [l —S(Avew ¢ (1 —356) + Aben (1 —56))] + nepS(Avep ¢ (56) + Abep # (56))
ncy +nEp ’

where ncy and ngp represents the number of users on Chrome and Edge, respectively.

Finding an equilibrium consists of computing a solution §; « to the above equation. We implement this
using the bisection method with shares one and zero as starting points. Once we obtain such solution, it is
straightforward to compute qualities, which we can use to compute Avy, Aby, and (v ¢ — vasp) as well as

equilibrium market shares and consumer surplus.
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E Additional Counterfactual Simulation Results

E.1 Censoring Preference Distribution at $50

Table A13: Counterfactual Simulations: Censoring Preference Distribution at $50

Combined Chrome Edge
(D ) 3) C)) (5) (6)

L. Google CS gain Google CS gain Google CS gain

Description
share (%) ($/user-year) share (%) ($/user-year) share (%) ($/user-year)
Panel A: Direct Effects
Benchmarks
Status Quo 88.9 0.00 98.7 0.00 22.4 0.00
No Frictions 75.8 11.39 82.0 0.61 33.8 84.07
Active Choice 89.1 10.94 97.3 0.08 33.8 84.07
Correct Perceptions 79.7 0.32 88.2 0.36 22.4 0.00
Policy Interventions
Choice Screen 87.6 0.07 97.3 0.08 224 0.00
Bing Default 50.1 -109.79 54.2 -126.09 224 0.00
Bing Default + Delayed Choice Screen 74.1 -0.18 81.8 -0.21 224 0.00
Bing Payments ($10) 51.7 107.36 56.8 92.22 17.2 209.36
Panel B: Equilibrium Effects

Benchmarks
Status Quo 88.9 0.00 98.7 0.00 224 0.00
No Frictions 75.7 11.39 81.9 0.61 33.8 84.09
Active Choice 89.1 10.94 97.3 0.08 33.8 84.07
Correct Perceptions 79.7 0.32 88.2 0.36 22.4 0.02
No Frictions + Data Sharing 75.6 11.41 81.8 0.62 33.8 84.12
Policy Interventions
Choice Screen 87.6 0.07 97.3 0.08 22.4 0.00
Bing Default 50.0 -109.78 54.1 -126.07 224 0.04
Bing Default + Delayed Choice Screen 74.2 -0.18 81.9 -0.21 22.4 0.02
Bing Payments ($10) 51.7 107.37 56.8 92.23 17.2 209.40
Data Sharing 88.9 0.01 98.7 0.00 224 0.07

Notes: This table presents counterfactual simulation results with the idiosyncratic preference distribution censored at
$50 (compared to $25 in the main specification). Panel A presents direct effects, before taking into account changes
in quality due to economies of scale in data. Panel B presents equilibrium effects, which endogenize quality by
accounting for economies of scale in data. Within each panel, the top rows present hypothetical counterfactuals that
serve as benchmarks. The bottom rows present counterfactuals that represent policy interventions.
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E.2 Strong Effect on Search Result Relevance

Table A14: Counterfactual Simulations: Strong Effect on Search Result Relevance

Combined Chrome Edge
M @) 3) C)) &) (0)
o Google CS gain Google CS gain Google CS gain
Description
share (%) ($/user-year) share (%) ($/user-year) share (%) ($/user-year)

Benchmarks

Status Quo 88.9 0.00 98.7 0.00 224 0.00
No Frictions 75.3 5.93 81.5 0.60 33.8 41.87
Active Choice 89.1 5.47 97.3 0.08 33.8 41.73
Correct Perceptions 79.5 0.32 87.9 0.35 22.4 0.14
No Frictions + Data Sharing 74.8 6.05 80.8 0.68 33.8 42.18

Policy Interventions

Choice Screen 87.6 0.07 97.3 0.08 22.4 0.03
Bing Default 49.5 -72.80 53.5 -83.65 224 0.32
Bing Default + Delayed Choice Screen 73.8 0.07 81.5 0.05 22.4 0.19
Bing Payments ($10) 51.7 107.48 56.8 92.30 17.2 209.71
Data Sharing 88.9 0.08 98.7 0.01 224 0.56

Notes: This table presents the equilibrium effects of the counterfactual simulation results from the procedure
described in Section 7 under the scenario where all consumers experience a strong effect on search result relevance.
Results are computed exactly as in Panel B of Table 7, except that, rather than using our point estimate for quality
response, we use the lower bound of the 95% confidence interval.
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E.3 Reweighted Sample

We re-estimate our model after reweighting the sample to reflect the demographics of the 2023 CPS sample
of computer and internet users (U.S. Census Bureau, 2024). In particular, we partition our users into 27
cells based on terciles of the income, education level, and age. We then calibrated the weights using iterative
proportional fitting (raking) to match the marginal distributions of income, education level and age in the
2023 CPS sample, which resulted in higher weights for higher-income, less-educated, and older users.

We present reweighted market share figures in Figure A14, demand estimates in Table A15 and coun-

terfactual results in Table A15. Relative to our main results, there are no qualitative changes.
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Figure A14: Reweighted Sample: Search Market Shares By Treatment Group

Notes: This table presents the results from Figure 3 using a reweighted sample calibrated to the 2023 CPS sample of
computer users.
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Table A15: Reweighted Sample: Demand Parameter Estimates

(1 2) 3)
Description Formula Estimate  SE
All users
Distribution shape Y 2.17 0.46
Price response n 0.23 0.06
Permanent inattention 0] 0.32 0.09
Attention probability T 0.78 0.32

Amortized switching cost c(1-9)n $0.041  0.081
Baseline Chrome users

Bing preference shifter Ag m -$4.25 1.02
Learning (&, — v $0.74 0.40
Ad load response a(a—a“9)m  -$0.38  0.26
Quality response p(rR—r“9m $0.05 0.19

Baseline Edge users

Google preference shifter Ag m -$6.30  0.89

Learning (&, — ¢ a)n $0 -
Notes: This table presents the same demand parameter estimates as Table 5 using a reweighted sample calibrated to
the 2023 CPS sample of computer users.
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Table A16: Reweighted Sample: Counterfactuals

Combined Chrome Edge

(D ) 3) €] 5) (6)
Google CS gain Google CS gain Google CS gain

Description
share (%) ($/user-year) share (%) ($/user-year) share (%) ($/user-year)

Panel A: Direct Effects

Benchmarks

Status Quo 89.4 0.00 99.3 0.00 229 0.00
No Frictions 72.3 7.30 78.0 2.56 339 39.19
Active Choice 89.0 5.45 97.1 0.44 339 39.19
Correct Perceptions 77.5 1.34 85.6 1.53 229 0.00

Policy Interventions

Choice Screen 87.5 0.38 97.1 0.44 229 0.00
Bing Default 48.5 -66.55 52.3 -76.42 229 0.00
Bing Default + Delayed Choice Screen 70.7 1.79 71.8 2.06 229 0.00
Bing Payments ($10) 50.8 108.47 559 93.29 15.9 210.73

Panel B: Equilibrium Effects

Benchmarks

Status Quo 89.4 0.00 99.3 0.00 229 0.00
No Frictions 724 7.29 78.1 2.56 339 39.13
Active Choice 89.0 5.45 97.1 0.44 339 39.18
Correct Perceptions 77.5 1.33 85.6 1.54 22.9 -0.06
No Frictions + Data Sharing 72.5 7.25 78.2 2.53 33.9 39.03

Policy Interventions

Choice Screen 87.5 0.38 97.1 0.44 22.9 -0.01
Bing Default 48.6 -66.60 524 -76.46 229 -0.12
Bing Default + Delayed Choice Screen 71.0 1.78 78.1 2.06 229 -0.08
Bing Payments ($10) 50.8 108.42 559 93.26 159 210.60
Data Sharing 89.4 -0.03 99.3 -0.00 22.9 -0.20

reweighted sample calibrated to the 2023 CPS sample of computer users.
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F Heterogeneity Appendix

F.1 Heterogeneity by Income
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Figure A15: Income Heterogeneity: Search Market Shares (Binary) By Treatment Group

Notes: This table presents the results from Table 3, broken out by income. The left column reports results for users
whose personal total income in 2023 is less than $40,000, and the right column reports results for users whose personal
total income in 2023 exceeds $40,000.
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Table A17: Income Heterogeneity: Demand Parameter Estimates (Lower-Income Users)

(1) 2) 3)
Description Formula Estimate ~ SE
All users
Distribution shape Y 2.73 0.75
Price response n 0.32 0.12
Permanent inattention [0] 0.38 0.07
Attention probability /4 0.85 0.21

Amortized switching cost oc(1-96)n -$0.005  0.009
Baseline Chrome users

Bing preference shifter Ag m -$3.11 1.19
Learning (¢ ,~Cam  $019 021
Ad load response a(a“y —a“S)m  -$0.04  0.08
Quality response p (% —r<%9m $0.03 0.08

Baseline Edge users

Google preference shifter AE n -$7.63 0.95

Learning (&*,—C-a)n $0 -
Notes: This table presents the same demand parameter estimates as Table 5 after restricting the sample only to users
whose personal total income in 2023 is less than $40,000.

Table A18: Income Heterogeneity: Demand Parameter Estimates (Higher-Income Users)

Y] 2 3)
Description Formula Estimate  SE
All users
Distribution shape Y 2.95 0.71
Price response n 0.31 0.11
Permanent inattention [0 0.29 0.09
Attention probability T 0.78 0.23

Amortized switching cost oc(1-68)n $0.010 0.017
Baseline Chrome users

Bing preference shifter Ag n -$3.16 1.04
Learning (¢, ~Cam  $024 021
Ad load response a(a™—a“Q)m  -$0.04  0.08
Quality response p(r® —r<9m  -$0.06  0.09

Baseline Edge users

Google preference shifter Aé’ n -$8.12 1.13

Learning (& y—C-a)m $0 -
Notes: This table presents the same demand parameter estimates as Table 5 after restricting the sample only to users
whose personal total income in 2023 exceeds $40,000.
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F.2 Heterogeneity by Usage Intensity
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Figure A16: Usage Intensity Heterogeneity: Search Market Shares (Binary) By Treatment Group

Notes: This table presents the results from Table 3, broken out by the pre-experimental usage intensity. The left column
presents results for users who make less than the median number of searches in the 20-day pre-experimental period;
the right column presents results for users who search more than the median. We compute the median separately for

baseline Google users and baseline Bing users.
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Table A20: Usage Intensity Heterogeneity: Demand Parameter Estimates (Light Baseline Searchers)

(D 2 3)
Description Formula Estimate  SE
All users
Distribution shape Y 2.69 0.63
Price response n 0.42 0.16
Permanent inattention [0 0.38 0.08
Attention probability T 0.96 0.12

Amortized switching cost c(1-98)n $0.005  0.012
Baseline Chrome users

Bing preference shifter Ag n -$2.35 0.86
Learning (& y— oM $0.29 0.24
Ad load response a(a™—a“Q)m  -$0.11  0.12
Quality response p(r®¢ —r<9m  $0.05  0.10

Baseline Edge users

Google preference shifter Ag m -$7.79 0.77
Learning (&, —C-a)n $0 -
Notes: This table presents the same demand parameter estimates as Table 5 after restricting the sample only to

users who make less than the median number of searches in the 20-day pre-experimental period (“Light Baseline
Searchers”).

Table A21: Usage Intensity Heterogeneity: Demand Parameter Estimates (Heavy Baseline Searchers)

) 2 3)
Description Formula Estimate  SE
All users
Distribution shape Y 3.18 0.95
Price response n 0.21 0.07
Permanent inattention o] 0.17 0.18
Attention probability T 0.37 0.18

Amortized switching cost oc(1-968)n $0.004  0.011
Baseline Chrome users

Bing preference shifter Af m -$4.68 1.59
Learning &, ~Cam  $014 017
Ad load response a(a™—a“Q)m  -$0.00  0.06
Quality response p(r* —r<9m  -$0.04  0.07

Baseline Edge users

Google preference shifter Aé’ m -$7.44 1.91

Learning (&g —Ca)m $0 )
Notes: This table presents the same demand parameter estimates as Table 5 after restricting the sample only to
users who make more than the median number of searches in the 20-day pre-experimental period (“Heavy Baseline
Searchers™).
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G Alternative Learning Models

We recompute our counterfactuals under alternative models of learning.

In particular, in Sections G.1 and G.2, we assume that the difference between the post-Survey 2 market
shares in the Switch and Active Choice groups is driven by habit formation instead of learning. We opera-
tionalize this in two models. In both models, we assume that users have a habit stock for each search engine
that is either O or 1. Using a search engine with habit stock O requires incurring some disutility. In Habit
Formation I (Section G.1), habit stock equals 1 for search engine j if it is the user’s default search engine or
if the user has ever used it, and equals O otherwise. In Habit Formation 2 (Section G.2), by contrast, habit
stock equals 1 for the search engine the consumer used in period r — 1 (or if the user just installed a browser
such that that search engine is the default) and equals O for the other search engine—i.e., we assume that
building a habit for one search engine means losing the habit for the other search engine.

Finally, in Section G.3, we assume that learning is more gradual, with only half of learning ocurring by

the end of the two-week period between Survey 1 and Survey 2.

G.1 Habit Formation 1
The expressions for utility differences, market shares, and consumer surplus take the same form as for the

main model:

Auj o = Avy + Abgy + Ay,

S_qg¢ = f-a+ faS(Avg + Abg),

and

- 1
CSy = J:? [V(Avg + Aby) — Aby - S(Avy + Aby )| + fnd [Ave + u]+ 7 (Vae —Vas0)-

Note, however, that in this version of the model Ab¢ is always zero, since we attribute (f,d -¢* d) to
habit formation, which is not a bias/misperception. The fractions f4 and f_; are always the same as in the

original model.

G.1.1 Direct Effects
We now give new expressions for Avg, Aby, and (vg¢ —Vva s0)-

Status Quo  For the status quo, Avsp = Al* — 6 (1 —8) + ({4 — ;) = A — o(1 — §) . Note that
(&:'_d — {* ;) is now part of true utility and not a bias (since it’s not a misperception but an actual cost of

getting used to —d) and, consequently, the bias term is Abgp = 0. There are f4 = 1 — ¢ attentive users, and

fa = ¢ users are inattentive and stay with the default search engine. Trivially, (vzs9 — va.so) = 0.
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No Frictions Since there are no switching costs, Avyr = Az . Since there are no biases, Abyr = 0.

There are no inattentive users, so fy = 1. And the true utility of the default search engine is unchanged, so

(vanr  Vvaiso) = 0.

Active Choice Since there are no switching costs, Avac = Az, where the cost of getting used to  d
is also part of true utility. There are still no misperceptions, so Absc = 0. There are no inattentive users, so
fa = 1. And the true utility of the default search engine is unchanged, so (vz.ac  Vva:sg) = 0.

Correct Perceptions Note that this CF is trivially identical to the status quo (since in this version
of the model there are no misperceptions). True utilities do not change, so Avcp = AZ s (1 d). There
are no misperceptions, so Abcp = 0. There are f4 = 1 f attentive users, and f; = f users are inattentive

and stay with the default search engine. And the true utility of the default search engine is unchanged, so

(vacp  vaisp) = 0.

No Habit Formation Cost There is no habit formation cost, so Avyy = Az s (1 d). There are
no misperceptions, so Abyy = 0. There are f4 = 1 f attentive users, and f; = f users are inattentive

and stay with the default search engine. And the true utility of the default search engine is unchanged, so

(vane  Vaso) = 0.

Choice Screen Edge users behave as in the Status Quo. Chrome users behave as in the Active Choice

counterfactual.

Bing Default Edge users behave just as in the Status Quo. Among Chrome users, switching costs are
still present but they go the other way around and we assume that they are used to both search engines, so
Avgp = Az + s(1 d). There are no misperceptions, so Abgp = 0. There are f, = 1 f attentive users,
and f 4= f users are inattentive and stay with the alternative search engine. Finally, the true utility of the

default search engine changes because it is now subject to switching costs, so (vz.ap  vaisg) = S(1  d).

Bing Default + Delayed Choice Screen During the first two weeks, the market behaves just as in the
Bing Default counterfactual. Starting in week 3, Edge users behave as in the Status Quo and Chrome users
behave as in the No Frictions counterfactual. We compute market shares and consumer surplus over a span
of six years: we give weight 2/312 to the first two weeks, and we give weight 310/312 to the market after

week 3.

Bing Payments Utilities change due to payments, so Avgp = hAp+ Az s(1 d) (note that Ap is
positive for Chrome users but negative for Edge users). There are still no biases, so Abgp = 0. There are
fa=1 f attentive users, and f; = f users are inattentive and stay with the default search engine. For
Edge users, we must account for the fact that the utility of using Bing increased by $10, so vggp  Va;s0 =

hAp> 0. For Chrome users, the true utility of the default search engine is unchanged, so vg.pp  va:50 = 0.
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