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Who Benefits from the Data Economy?

A Perspective on the Economic Value of User Tracking for
Publishers using Augmented Inverse Probability Weighting
(AIPW)

Joint work with Rene Laub and Bernd Skiera

Supported by the European Research Council and the NET-Institute New York



Description of Problem
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Description of User Tracking

» User tracking ...
* Collects information about a user over time
* Requires identifier

« Examples of online identifiers that enable user tracking

]

E-Mail: xyz@gmail.com Phone Number: +49 123 456789

/ﬁ Device IDs: abcd123456789
N\
D (5

Fingerprints: "Mozilla/5.0 (Windows NT _ )
10.0; Win64; x64; rv:109.0) Cookies: Cfhhcnohhuknhuns.nytimes.com

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Relevance of User Tracking
in Online Advertising Market

Online Advertising Market
Publisher
0o

Ad Price

Data

*
Advertiser Contact + Data

m Publisher

Publisher

User

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.
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Two Main Usages of Tracked Data of Publishers DARIS

- Better content, e.g.,
« Content personalization
« Recommendations
« User interface

- Better advertising, e.g.,

« Ad targeting
« Behavioral targeting
« Retargeting

 Ad measurement
« Ad recency and frequency
 Clicks
« Conversions

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



i o Hic
e I‘I o

Consumers’ Perceived Privacy Violation © DARIS

EEEEE

|
F: Behavioral Targeting "2

5% CL[5.01, 5.43]

E: Individual-level Targeting PET Aﬁ

3% CL[4.35, 478]

47

D: Group-level Targeting PET ;
95% CL: [ 426, 457]

c 275

C2: Contextual Targeting
959 CL [2.53, 2.57]

an: 2.7
95% CL[2.47, 293]

C1: Contextual Targeting

an:. 2.1
GERG CL[1.89, 2.3]

B: Untargeted Advertising

n. 1.86
S5 CL[1.88, 2.05]

A: No Ads, No Tracking

1 2 3 4 2 6 7
Perceived Privacy Violation

H EC Source: Jerath and Miller 2024

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.




e Mile.

Initiatives to Restrict User Tracking | DARIS

* Regulators, e.qg.,
» Europe: General Data Protection Regulation (GDPR)
» US: California Consumer Privacy Act (CCPA)
» China: Personal Information Protection Law (PIPL)

 Firms, e.g.,
» Apple’s App Tracking Transparency (ATT)
» Mozilla Firefox: Enhanced Tracking Protection (ETP)
» Apple Safari: Intelligent Tracking Prevention (ITP)
» Brave, Tor: Privacy-Focused Browsers

» Activities from users, in particular, consumer protection agencies, e.g.,
« NOYB

» Ad- and tracking blockers

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



AT

European Rescarch Council F A R I S
Established by the: European Cammission PARIS ARTIFICIAL INTELLIGENCE FOR SOCIETY

Aim of Project

 Research aim:
« Determine (economic) value of user tracking (for publishers)

| | ValueofDataforFirms

Low High
Value of Data for Low ?! Rather allow
User tracking
High Rather restrict ?!
tracking

Research Questions:
 RQ1: Average value of user tracking?
- Differences of value of user tracking across
« RQ2: Users
* RQ3: Publishers

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Knowledge on the Value of User Tracking
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pean Corr

Overview on Prior Research

* Prior research on the value of user tracking
= Focus of prior research
= Advertisers and ad intermediaries
= Little work on
= Users
» Publishers (our focus)

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Empirical Academic Studies on the
Value

of User Tracking for Publishers

[ ]
European Resecarch Council I
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[
Heterogeneity of User Tracking across
Average Ob: Observati Observati G hical Type of Type of Number of | Integration of : CEnﬂwﬂ:‘ ics of :
Study Data Value of User ser- servation servation eographica ype o Ype o R T tegraf n o
: . vations Window Level Focus Advertising Devices Publishers Publisher i
Tracking Publishers Users
Mot | Observational data . Tndividual Display Desktop, _
(WE) from one multisite 2.0% ~ 2 Mio. 1 week ad impression Us I.'B&ﬂﬂe}:l Mobile, 1 Horizontal No No
publisher in 2016 et Tablet
Wang et al. Obzervational data Display
2024 (TMR) from 5.7% - 4 Mio. 10 weeks Aggregate Us “f’. 2 Desktop 1 Vertical No No
one publisher in 2018 (Native)
Experimental data Product
. *a ~ (. . ] ECOMmNen- (obile ertic [+] [s]
,,%‘ff; ps % from 819 0.6 Mio 7 hours Individual China R Mobil 1 Vestical N N
WBOL) | oo commee s
) 2 weeks EU . 111k
~— 7 ]
Observational data from | EU: 18%-23% fs‘:;;‘?‘ﬁ (Study 1) Individual (Study 1) I%E"la"’ Desktop, (Study 1) Ad Inventory Bro ez DHf st
Cur Study two intermediaries in g ad impression, . : Mobile, Independent Content £ m-"r
~31,890 ideo AdRec
2016 and 2023 US: 47% 57 6 weeks Aggregate US & EU = Tablet 10,526 Size =HCY
(Study 2) (Study 2) (Study 2) Mobile) (Study 2) Ad Frequency

Motes: WP = Worlang Paper, IME. = Journal of Marketing Fesearch, M3 = Management Science. *One large publisher with 60 distinct websites. "Publishers with 84% reach in the respective market.

HEC
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Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Description of Real-Time Bidding Data



Real-Time Bidding Auction Process

Return java script to browser
° > redirect browser to DSP ad server (step 9) Bid Requests (can differ across bidders):
- Ad information (size, language)
° : | - Publisher information (domain)
m - User information (user-ID)
User loads website Redirects Ad call .

with ad tags to to .
Publisher Website Ad Tag Pub. Ad Ad Exchange/ Determine winner of auction
Server SSP
. T . P Bid Responses
Deliver ad to Nl
user‘s browser 6"' |

- Bid value

- IP-adress of ad server
. - Click-URL for ad
Redirect to DSP‘s
ad server

AN EEEEEEEEEEEEEEEEEEEN

010%
1100

1443 N W
Ad Network
° with DSP
DSP = Demand Side Platform

DMP = Data Management Platform Trading Desk

Redirect:

If browser is redirected to URL of ad server, ad server gets

access to its cookies, if placed, or possibility to place a cookie Advertiser 1 Advertiser 3
l 1 E | <script> src=,ib.adnxs.com/ttj?id=,123" type=text/javascript</script>

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Bid Request Data in Real-Time Bidding

Data Categories

Common Variables

Example

User data

Data generated
by user tracking

Identifier (ID)*

User ID “123-ABC-789".

Browsing history

The user visited www.sports.com three times already.

Ad recency

The user saw the ad “ABC” two minutes ago.

Ad frequency

The user saw the ad “ABC” four times already.

Data not generated
by user tracking

Device and software (e.g., operating system, browser) of user

The user is browsing the internet with a Samsung tablets, Android
OS, and Firefox browser.

Location of user

The user is in Paris, France.

Date and time

The time of the user’s visit is 2 pm on a Monday.



http://www.sports.com/
http://www.financialtimes.com/

Theoretical Background
of Empirical Studies
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Value of User Tracking for Publishers : DADS

» Effects with user tracking (compared to without user tracking)
» Targeting effect
» Tracking data enables better targeting yielding
= Higher willingness-to-pay
» Higher ad prices
= Competition effect

» Tracking data enables targeting very narrow groups of users for which only few advertisers
compete (“thin market”) yielding

» Less competition
= | ower ad prices

* Need for empirical study
» Resulting overall effect of both contradicting effects unclear
» Effect of publisher and user characteristics on effect unclear

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Empirical Studies



Comparison of Setup of Both Empirical Studies

\rc

uro

—
Study 1 Study 2
Data Source Ad exchanpge (2016) Demand-zide Platform (2023)
Number of Ad Impressions 41,767 863 218304 708
Share of Trackable Ad Impressions 83% Apple: 17%, Android: 91%
Observation Window 2 weeks 6 weeks
(in Aprl 2016) (hid-September until end of October 2023)
Geographical Focus EU EU&US
Number of Publishers 111 10,526
Type of Advertising Dizplay Display
Type of Devices Desktop, Tablet, Mobile (Browser) Mobile (In-App)
Average Value of User Tracking Tes Tes
Heterogeneity of Value of User Tracking Yes Tes
across Characteristics of Publishers
Heterogeneity of Value of User Tracking Yes Mo

Across Characteristics of Users

Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.
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Setup of First Empirical Study
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Description of Data

Price of 42 million ad impressions from large European Ad Exchange
User tracking via third-party-cookies
« 85% of ad impressions with cookie (~1.4 Mio. cookie IDs)
*  15% of ad impressions without cookie

* 111 publishers

« Ad impression characteristics, e.g.,
* Ad position
 Adsize

« User characteristics, e.qg.,
Device of user
Internet browser of user

* Publisher characteristics, e.g.,
* Topic area of content

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Prices of Trackable and Untrackable Ad Impressions = -

(CPM) i . Standard | R ; | i N
Price in US$ Mean | 5 viation Median | Min i 493 493 Max ( = Ad Impressions)

Panel A: Raw Price Distribution

| With User Tracking 0.691 0950 | 0524 | 0002 1586 | 2862 | 131622 35,515,448
| Without User Tracking | 0-274 0324 | 0113 | 0003 & 0954 | 1063 | 18007 | 6.252,515
" Relative -60.3%  -659% | -784% | -500%  -39.8% & -629%  -863% | -

. Price Difference S S : T

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Comparison of Trackable and Untrackable Ad Impressions

HEC

FPARIS

| |
Variable All Ad Impressions Ad Impressions Ad Impressions
-il "'TS" %EPICIEI 00%4 with User Tracking without User Tracking
(41,767,963, 100.007 (35,515,448, 85.03%) (6.252,515, 14.97%)
Mumber of Ad - Number of Ad Avg Mumber of Ad i .
Impreszions -&EE-P?-,%EE Impressions Price Impreszions. AEEPEDE
! (ioftotal) | (CPMD | (% oftotal)
Device L - 31,910,002 3,693,065
Desktop 34,343 967 0678 § gy | 0758 | Do 03495
T . ¥
Smartphone 2679746 0.180'§ }4{1 g}sz? 0252 % }: ;ggﬁj:f 0123 §
0 7
Tablet 1,990,033 06828 Giten | 0807s | G 0528$
17 e 77
Uninown 2554217 0385 {’jﬁﬁ? 0.637§ }: f:;b'**%} 01115
Operating ) _ 2.601.208 - 2,315,380
Gperat Android 5,116,678 0292 I R 0.099$
3,03 7 -
Apple Marintosh 1,606277 05488 sy | ososs | S 03655
Apple i08 1,543,166 0.604§ {3'3‘:2“]45'533 0.825 % }: 6‘{4534?3 0408 §
BlackBerry OS 13417 03365 osen | 0398 | e 0.151%
Limux 109,864 06765 {Eiﬂjj;”j 0.704 § (8943;},} 0378 §
= ¥
Microsoft Windows 32872,175 0.684% Grewa | 07038 | SR 03405
. - 505 8
17 2
Symbian OS 513 01225 e 0138 | 1569 0113
T 5 @7 775 H, 7 =%
Unkmown 505,873 0.725 ssive | 9798 | s 0392
794,737 -
Browser | android 782,883 03865 ARBT | aases | IS 0455 %

Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.




Identification Strategy
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Measuring the Value of User Tracking

« Aim of Empirical Study: Estimate price difference between ad impressions with and without user tracking

« User tracking via cookie (first study) or device id (second study)
« Treatment T =1, if cookie/device id is available (0 otherwise)

Value of User

Treatment Group  Tracking Control Group Value of User Tracking

e i

$ | l
! s | ©
1 1
I H

Price of ad impression Price of ad impression Value of user
with user tracking without user tracking tracking

Value derived from
other variables
(e.g., ad format)

E[Y(1)] E[Y(0)] ATE = E[Y(1) — Y(0)]

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Selection into Treatment

« Effect of interest:

— = - Unobserved by

I . :
- Determinants of I advertisers

1 availability of user tracking IX

. e e e i — - -

Determined by ‘/' " Determined by

dverti
HSers (Availability of) user | o advertisers
: Ad impression price
tracking

Controls

A 4

» Outcomes of interest: Ad impression price with and without user tracking

 Availability of user tracking is not-random, however
» Underlying determinants (e.g., age) unobserved by advertiser
» We observe same variables as advertisers (e.g., proxies for age)
-> selection on unobservables (self-selection) should not be a concern for estimation

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.
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Adjustment for Selection into Treatment ° DARIS

* Regression Analysis (RA)
« Augmented Inverse Probability Weighting (AIPW)
* Heckman Selection Model

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Regression Analysis



Implementation of Procedure to Determine Results

Part 1: Estimation of Model (Regression Analysis)

Part 2: Determination of Treatment Effects

» For each impression calculate treatment effect (TE)
by determining difference of predicted price of

« Trackable user
» Untrackable user
 Calculation of
« Average treatment effect (ATE) (all observations)
« Average treatment effect on the treated (ATET) (only trackable users)

N HEES
1} oo

%
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PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Augmented Inverse Probability
Weighting (AIPW)



Implementation of
Augmented Inverse Probability Weighting (AIPW)
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5:
£3
3

« Setup
« Estimate the Average Treatment Effect (ATE) of a binary treatment 15 on an outcome Yi.(ad price)
« T =1 if treated (trackable user)

« T =0 if untreated (untrackable user)

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Implementation of
Augmented Inverse Probability Weighting (AIPW)

« Step 1: Estimate the Treatment Model
« Step 2: Estimate the Outcome Models
« Step 3: Compute the AIPW Estimator

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Step 1: Estimate the Treatment Model

Inverse Probability Weighting (IPW)

« Estimate treatment probability 7; for each ad impression i (propensity score)
» Logistic regression
« Boosted regression trees
« Weight observations:
« Treatment group (T;=1): 1/ 7;
« Control group (T;=0):1/(1 - 7;)

n

I (T A -TYY,
ATEIPW= _z{ | Al 4 _( l) l}

nia | f; (1 —1;)
=1

Y; = price of ad impression i

N HEES
1} oo

%
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PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.
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Step 2: Estimate the Outcome Models : DARIS

Regression Adjustment (RA)
« Estimate price of each ad impression i based on covariates X (e.g. ad size, ad position)

« Separate estimation per treatment group
« Estimate counterfactual price using regression estimates from opposite group
« Determine outcome regression models via linear regression or random forests

m(X;) = EY |T; =1, X;], p(X;) = E[Y |T;=0,X;]

n
. 1 - —~
ATEga = — ) {(EGITi = 1,X) — E4IT; = 0,X))}
=1

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Step 3: Compute the AIPW Estimator

Double Robust Estimator
« Either treatment model or outcome model needs to be correctly specified

« Performs best* even under severe confounding (Glynn & Quinn 2010)

ATEAIPW = = E [T (}”i - #1(}{1%}) + mX:) — —— {Y;: - J'-"*l]{-xi)) ” .U-[}(Xi}]
T i 1 — m;
i—1 r iy v
Treated part Untreated part
' @s | ©
Ad price with Ad price without  Value added by
cookie cookie cookie
l 1 E *Comparable or lower mean square error than propensity score matching, IPW or regression adjustment

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.
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Why Double Robust? e :

Double Robustness

« AIPW called “double robust” because it only requires one of the two models is correct:
« Treatment model (propensity score model)
« QOutcome model (regressions)

 AIPW remains a consistent estimator of the true ATE

What if both are misspecified?
« Double-robust guarantee breaks down
« AIPW can be biased

« Model checking is critical
« Theoretically (all variables included?)
« Empirically (model fit?, robustness?)

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.
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Key Takeaways on AIPW

« AIPW stands for Augmented Inverse Probability Weighting

* Augments simple IPW with plug-in outcome model

* Double robustness if correct specification of either
« Propensity score model

« Qutcome models

+ If both are wrong, no protection, and AIPW can be biased
» Theoretical model specification

* Model testing

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Results of Empirical Study



Results for
Average Value of User Tracking (RQ1)



Regression Results
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Value of User Tracking at the Ad Impression Level

Panel A: Linear Regression Model Lstimation

Dependent Variable: Log(Price) Model 1.1 Model 1.2 Model 1.3 Model 1.4
Uszer Tracking (1/0) E{E,jngn*n? E{é_j.;f;* D{;.jﬂg;;;* D{ﬁ?ﬂﬂ;’a‘?
Other User Data

Device = Operating System = Browser Tes Tes Tes

Time (Week, Weekday, Hour of Day) Tes Tes Tes

Location of User (Continent, City) Yes Tes Tes

Publizher Data

Ad Posthon (Above Fold) Tes Tes

Ad Format Tes Tes

Publizher [D Tes Tes
Control

Advertizer [D Yes
Adj. R’ 0119 0224 0.415 0.654

N Ad Impressions 41,767,943 41 767963 41,767 043 41,767 943

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Value of User Tracking at the Ad Impression Level
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Panel B: Frice Predictions (Potential Cutcomes) and Trecaiment Effects

All Ad Impressions

Model 1.1 Model 1.2 Model 1.3 Model 1.4
E(Price| User Tracking =1) 0.680 % 0.666 5 06718 06525
E(Price| User Tracking =0) 0260 % 0314% 0.392% 0333 %
ATE (in USS) -0.420 5 03525 01795 -0.1195%
ATE (%) / Relative Price Difference -60.904 -52.00% -41.6%% -18.30%%
N Ad Impressions 41,767,963 41,767,963 41,767,963 41,767,963

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Value of User Tracking at the Ad Impression Level

Only Ad Impressions with User Tracking (Treatment Group)

E(Price | User Tracking =1, Treatment =1) 0.689 5 0.673% 0.696 5 0.703 §

E(Price | User Tracking =0, Treatment =1) 0260 % 0.318% 0.406 % 0.576 %

ATET (in US$) -0.420°5 0,357 5 -0.290°5 -0.117 5

ATET (%) / Relative Price Difference -60.9%% -31.90% -41.7% -13.1%
N Ad Impressions 35,315,448 33,315,448 35,515,448 35,515,448

*p=01,%p=<003 ***p <001

MNotes: ATE = Average Treatment Effect, ATET = Average Treatment Effect on the Treated The ATE and ATET mn
percentages comrespond to the relative price {:]:iEIIIEE from Equation (1) and correzpond to a srtuation where we move from ad
mpressions with user tracking to ad impressions without user tracking. Thus, the estimated ATE and ATET are negative.
Fobust standard errors are in parentheses.

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Augmented Inverse Probability Weighting
(AIPW) Results



Value of User Tracking at the Ad Impression Level

» Step 1: Treatment Model (Propensity Score Model)
Table A4, Srudy 1a- Resultz Eztimation of Probabiliny af User Tracking Presence

Diependent Variable: : . i
Log(Price) Lomit for AIPW Probit for Hecloman
Log(Google Trends “hitp cookaa™) - -0 00g= =
(0.001
Device Vs Yes
a5 Vs Yes
Browzer Vs Yes
Time of Day, Weekday, Week Yas Yes
Publizher ID Yz Ves
AIC 20,939,784 20,993,120
M Ad [mpressions 41,787,043 4] 767 063

*pl; *op < 005 *=p < D0L
Motes: AIFW = Anpmented Imverze Probakality Weighting. Fobust standard errors are in parentheses.

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Value of User Tracking at the Ad Impression Level
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European Resecarch Council
Established by the Eurapean Commission

» Step 1: Treatment Model (Propensity Score Model)

HEC

FPARIS

Desktop

Smartphone

Tablet

Device Unknown
Android

Apple Macintosh
Apple i0S

BlackBerry OS

Linux

Microsoft Windows
Symbian OS

0S Unknown

Android

Chrome

Firefox

Internet Explorer
Opera

Safari

i0S

Browser Unknown
Above the Fold

Large Banner Ad
Billboard Ad

Billboard Interstital Ad
Extra Large Mobile Banner Ad
Fullsize Mobile Ad
Halfpage Ad

Medium Rectangle Ad
Mobile Banner Ad
Mobile Leaderboard Ad
Mobile Leaderboard (Wide) Ad
Skyscraper Ad
Standard Banner Ad
Superwide Skyscraper Ad
Takeover Ad
Wallpaper Ad

Wide Skyscraper Ad

T

T

T

® Unweighted
4 A Weighted

0.4 0.6 0.8 1.0 1.2 1.4 1.6
Standardized Mean Difference (SMD)

Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



» Step 2: Outcome Models

Table A3, Study la- Regreszion Results Robustezs Checks

Value of User Tracking at the Ad Impression Level

Dependent Variable: Log(Price) Linear Linear Linear ATPW Heckman
s ] EEiI].II. m [Crutcome {Second Stage)
(Full Diata}y (8% Cutlier (95% Ouilier Fiezreszion)
Comected Comrected Diata)
Data)
User Trackinz (1) 0200 %= 0 194e=s 0.194e=s 0200 *=* 0202
(0.042) {0042y (0042 (0.042) (0.041
Tnverse Mills Ratio D431=
(0.043)
Other Teer Data
Dievice x Operating Syster = Browsar Yaz Yz Yaz Yz Yaz
Time (Week, Weekday, Hour of Tay) ez Yz ez Yz -5
Location of Uzer (City) ez Yz ez T3 -5
Ad Slot Daia
Ad Pozition (Abave Fold) ez Y ez Tz -1
Ad Format Yz Yes Yz Tes Ve
Publizher ID Yaz Yz Yaz Yaz -H
Cantrol
Adnrertiser IT} ez Yz ez Yz -H
Adj B2 D654 0647 D634 0654 0654
M Ad Imgpreszions 41,767,043 40,537,021 38,757,000 41.430,597" 41,767 963

*p< 0L e < 005, *=*p < 001 Notex: Fobost standard errors are in perentheses.
AL Angrnented Tverze Probakility Weizhting
*To accoust for the potential effect of cutlisrs, we exnclude 21l ad impressions with a price > 32 08 (= 830,242 ad imprezsions, 1.95%)
in the 98% outlier corrected data sst, md all ad impression: with a price = 1.35 (= 1,010,873, 4.228) in the 25% outlier comect=d data

gef.

"In line with previows research, we excluds 336,086 (0.80%) ad impresatons for the ATPAY estimate with 2 very high (7, > 0,999} or
very low (% < 0.001) treatment prebability becanss they conld vield very hish or very low weights.

Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.




Value of User Tracking at the Ad Impression Level

» Step 3: Determination of AIPW Estimator

HEC

FPARIS

Table 4. Study la: Robustness Checks for the Average Treatment Effect

Average Treatment Effect (ATE)

All Ad Impressions

Linear Regression

Linear Regression

Linear Regression

(Full Data) (98% QOutlier (93% Outlier AIPW Heckman
Corrected Data) Corrected Data)
E(Price| User Tracking =1) 0.652 % 0.570% 0.529 % 0.632 % 0.632%
E(Price| User Tracking =0) 0.533 % 0470% 0.441 % 0.507 % 0.331%
ATE (in US$) -0.119 % -0.100 § -0.088 § -0.125 % -0.121 §
g.:;ft::f:]ljrice Difference -18.3% -17.5% -16.6% -19.8% -18.5%%
N Ad Impressions 41,767,963 40,937,0214 39,757.0904 41.430,9978 41,767,963

Notes: AIPW = Augmented Inverse Probability Weighting.

*To account for the potential effect of outliers, we excluded all ad impressions with a price = $2.98 (= 830,942 ad mpressions, 1.98%) in the 88%
outlier comected data set, and all ad impressions with a price > $1.55 (= 2,010,873 ad mpressions, 4.8%:) in the 93%: outher comrected data set.

* In line with previous research, we excluded 336,966 (0.80%) ad mpressions for the ATPW estimate with a very high (7 = 0.999) or very low
{i; =< 0.001) treatment probabilities becanse they could yield very high or very low weights.

Laub,

Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.




Results for Heterogeneity Across Users
(RQ2)



Advertising Components of Value of User Tracking
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FPARIS
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Dependent Variable: Log(Price)

Model 4.1

Value of Identifier
Browsing History
Ad Recency

Ad Frequency

Identifier available

Car Website Visits*

Computer & Technology Website Visits®
Dating Website Visits*

Entertainment Website Visits®

Games Website Visits*

Health & Medicine Website Visits*
Lifestyle & Shopping Website Visits*
Finance & Real Estate Website Visits®
News & Information Portal Website Visits*
Sports Website Visits*

Student’s Interest Websites Visits®
Travel Website Visits*

‘Women'’s Interest Website Visits®

0.317%%% (0.010)

-0.318%%* (0.090)
0.583%%% (0.143)
-1.499%#% (0.525)
0.101 (0.072)
0.077%* (0.037)
0,677 (0.063)
1.351°% (0.386)
0.130%%* (0.039)
-0.239 (0.429)
-0.260%%% (0.049)
04487 (0.226)
0.158% (0.085)
0.288%* (0.135)

Ad Recency Groups® Yes

Ad Frequency Groups® Yes
Other User Data. Publisher Data & Controls

Device x Operating System x Browser, Time (Week,

Weekday, Hour of Day). Location of User (Continent, Ves

City). Ad Position (Above Fold), Ad Format, Publisher

ID. Advertiser ID

Adj.R2 0.661

N 41.767.963

*p < 0.1 %p < 0.05; **p < 0.01.

Notes: Robust standard errors are in parentheses.

A We include the standardized browsing history variables in the estimation.

B See Web Appendix Table A9 for all ad recency and ad frequency group coefficients.

Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Value of User Data Categories e Mt

Table &. Study 1a: Scenarios and Expected Pricas for Value of Data Categorias

Leemaric Dezcriprion of Scenario Expected Iifferences m Expected Prices
Numiber Price
fin D53
Scenarto | No (dats from) nzer frackms 0.538 -
Scenara 2 Cmby wser IT available 0.737 Scenano 2 — Scenaria 1
0.737-0.336=0.201
Scenara 3 Cookie id and browsing history availabls 0.739 Scenana 3 — Scenaria 2;
0.732-0.737=0.002
SCenario 4 Cookie id and ad recency available 0.717 SCenaro 4 — Scenario 2
0727 -0.737=-0.010
SCenario 3 Cookie id and ad frequency available 0.702 SCenaro 3 — Scenario 2
0709 —0.737 =-0.028
Moo Al nuieters are rounded B 5 decinads. N o= A3 05 44N |7 all od e sseoes witlh user tracking ).

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Value of User Data Categories i Ml

0 K]

Table 8. Study 1a: Price Liffsrence:s for Falue of Data Carsgories

Price Differences (In USS)

Value Added by : Quantiles
I Csbeulation: M 5.

Data Catespories * . ma 0% | S0%% | TSt | 90% | 95%0 | 100%
Value added by Scemario 3 - Srenario 1 ooz | ooo7 | -23e1 | oooz | o003 | oood | oooe | 213
Browzinz History
vﬁﬂﬂ? Scemario £ - Scanario 1 0010 | o020 | -0se3 | oooo | o.ooo | oooo | oooo | oo
Vale added by i _ - .
‘d Froquancy Scemario 5 - Scanario 1 0028 | o046 | -1110 | oooo | oooo | oooo | oooo | oooo
HEC
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Results for
Heterogeneity Across Publishers (RQ3)



Publisher Components of Value of User Tracking

Table 4. Study la: Value of (4) Ad Obtrusivenszs and Vizsibility, (B) Premium, Thematic Content, and Size

iy Hi1

Depeadent Variable: Lag{Price) Alpdel 2.1 Aodel 2.2 AModel 3.1 Model 3.2

* Type Of ads ]V e b L25g*== [k 15 ** [ERE

User Iracking

[RUAEE]| [LEEE Ry [LERERE ] (L)

* Above fold

Ad Abowe Fold

» Large ads (obtrusiveness)
R EIL il 0=
Large Ad e (00

« Type of publisher

e ek

Large Ad = Lser Tmacking
; ; [{EREIE Y]

* Premium publisher

12T [P

Premum
[{ERERR] [{ERE ERY]

 Thematic-focused

{ L e

sematic-Focused fl.1aq%e= DaLaw
* Publisher Size | (wois) waty
Mwematic-Focused = User Tracking 'I'I':':‘:‘
« Publisher Topic —

[ERE R
Publisher Siee o User Iracsing
) [{ELEER Y]

Fublisher Topic Uategory Yes Vi
Device x Chperating f'\-_l atean ¥ Hrowser Yes Yes Yes Yis
l'ime {Hour, Day, 'Week] s Yes Yes Yis
Lowzatiody ool Llser (Lt ) e Yes Yes Yis
Addvertizar LI Yes Yes Yes Vi

LAAS [ER ] [EE

1 Adj. B L5351 1L 5: R
| I EC M Ad Impressions 41,70 a1, a1, A1,

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers. *p < [LL; *%g = 0LOS; ***5 = (101. Notes: Robust standard errors are in parentheses.




Differences of the Value of User Tracking across Publishers

e Price Predictions and Treatment Effects i
i Preminm -i- Non-Premium -i- Thematic-focused -i- Thematic-broad i Large -i- Small i
. Publizher . Publizher . Publizher . Publizher i Publizher . Publisher
| E(Price| User Tracking =1) 0725 | 0.621 | 1.060 | 0.644 L 0eaT 1 012
. E(Price| User Tracking =0) 0578 | 0444 | 1.050 0.473 0477 0630
i ATE (in US$) 0147 + 0177 + 0.010 + 0.171 L 017 + 0002 |
. ATE (%) / Relative Price ; ; ; | ; |
| Differcnce -20.3% | -28.5% | -0.9% | -26.6% o 263% | 127%
X Ad e 10344836 | 31423127 | 350302 | 41447461 | 41628978 | 138985
, . pressions 11.767.063 i 41,767,963 | 41,767,963 i
| Motes: ATE = Average Treatment Effect. Comrelation of premium publisher and thematic-focused publisher (-0.170), correlation of premium i
. publisher and large publisher (0.390), correlation of large publisher and thematic-focused publisher (-0.320). Number of premium publishers = 24 ;
| (22%). Number of thematic-focused publishers = 33 (32%). Number of large publishers =33 (00°%). j

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Setup of Second Empirical Study



Description of Data Set e Ilile.

« Data set from demand-side platform (DSP) in programmatic mobile ad market
» DSP receives bid request with following features (among others)
» operating system of device (i.e., Apple or Android)
- availability of a device ID
» country of the user (e.g., a European (EU) country or US)
» date and time of bid request
* In case of bidding, DSP receives winning price

» 31,890 publisher instances (publisher x device x operating system x ad format)
» 10,526 publishers (apps)

« About 218 million ad impressions observed over six weeks (mid-September to end-October 2023)
» Share of impressions with device ID
» Android (91%)
* Apple (17%)

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Prices of Trackable and Untrackable
Ad Impressions

—
Pri(cili)llr II)TS$ Mean ]L?):;?lil;ltiil;(; Median Min 3 18 Max (=Ad Ini:)ressinns)
Panel A: EU (N=10,433,115)
With User Tracking 7.817 6.904 6.862 0.040 18.648 28.770 86.480 4915925
Without User Tracking 5.860 7.579 4.313 0.034 19.741 29.001 120.509 5.517.190
Relative

Price Difference -25.0% 9.8% -37.1%  -15.0% 5.9% 0.8% 39.3% -

Panel B: United States (N =207,961,593)

With User Tracking 8.577 13.443 1.550 0.087 35.742 50.107 224.581 74 483 959
Without User Tracking 4.720 9.843 0.510 0.059 21.933 36.712 224.446 133.477.634
Relative

-45.0% 226.8% 67.1%  -322%  -386% -26.7% -0.1% -
Price Difference 45.0% 26.8% 67.1% 32.2% 38.6% 26.7% 0.1%

Notes: Nrga = 218,394,708 CPM Price = price for 1,000 ad impressions, min = minimuim, max = maximum, q95 = 95% quantile, q98 = 98%
quantile.

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.




Results for Average Value of User Tracking
(RQ1)



Regression Results on the Value of User Tracking

[
EU US
Dependent Variable: Log(Price) Model 6.1 Model 6.2 Model 6.3 Model 7.1 Model 7.2 Model 7.3
: 0.86]*** 0.368%%* 0.266%** 1.052%%%* 0.641%** 0.628%**
=T .( lI,l'
User Tracking (1/0) (0.001) (0.001) (0.001) (0.000) (0.029) (0.015)
Other User Data
o ting Svst :0S -0.714%%* 0.010 -0.674%%* 0.007***
erating System =1
P g2y (0.001) (0.001) (0.032) (0.000)
Publisher Data
iti 2.942% %% 3 040%**
Ad Format = Interstitial
(0.001) (0.012)
/ _ i 3.462%%* 3 Rk
Ad Format = Rewarded (0.001) (0.018)
Adj. R? 0.066 0.088 0.771 0.076 0.089 0.771
N Publisher-Instances / N Publishers / | 3.412 25/ 12/ 3.412/1.225 / 28.478 /9,301 / 28.478 /9.301/ 28.478 /9,301 /
N Ad Impressions 33,115 10.433.117 10.433.115 207.961.593 207.961.593 207.961.593

HEC

PARIS Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.
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Derivation of Treatment Effects

Panel B: Price Predictions and Treatment Effects

EU US
Model 6.3 Model 7.3

E(Price| User Tracking =1) 8.62 $ 9.16 $

E(Price| User Tracking =0) 6.61$ 489 %

ATE (in US$) -2.15 9% -4.27 $

ATE (%) / Relative Price Difference -23.3% -46.6%
N Publisher-Instances / N Publishers / 3.412/1.225 / 28,478 /9,301

N Ad Impressions 10,433,115 207,961,593

*p <0.1; **p <0.05; ***p <0.01. Notes: ATE = Average Treatment Effect.
The ATE in percentages corresponds to the relative price change from Equation
(1). Robust standard errors are in parentheses.

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



Summary and Implications
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Summary and Implications

« RQ1: Ad prices are, on average, lower without user tracking
« Study 1: -18.3%

« Study 2
* Europe: -23.3%
« US:-46.6%

* Quantity and quality of free content for users at risk

 RQ2: Differences across users
« Mainly driven by identifier
 Enables ad performance measurement
* Browsing history hardly generates economic value
« Enables ad targeting

 RQ3: Differences across publishers
* Higher value of user tracking for
* Non-premium publishers
* Publishers with broader content
« Large publishers

PPPPP Laub, Miller, Skiera (2024), The Economic Value of User Tracking for Publishers.



DELETE COOKIES ™

-gegen-gen-strich.cam
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The Impact of Privacy Regulation
on the Online Advertising Market

THE IMPACT

—OF THE——

GDPR

——ONTHE—
ONLINE ADVERTISING
MARKET

X \

(

BERND SKIERA, KLAUS MILLER, YUXIJIN,
LENNART KRAFT, RENE LAUB, JULIA SCHMITT

gdpr-impact.com
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Thank You for Your Attention!

Klaus Miller
millerk@hec.fr
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