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Outline

e Setting
* Motivating Example: Auctions
e |[dentification of Causal Effects

e Selecting between Outcome Models



The Problem of Interference

e Spillover effects between units violates a key implicit assumption:
outcomes Y,(Z;) depend only on unit i’s treatment status

e But potential outcomes often depend on the treatment status of
others! =¥ What we really have is: Y, = Y.(zy, ..., 2y)

e Many applications
» Marketplaces, e.g. ride-sharing

e \Vaccine Trials



Roll-out Designs and Interference

 Roll-outs are a universal ‘release mechanism’ used by online platforms to
guard against ‘faulty’ changes

o

Period 1: 0% Treated Period 2: 25% Treated Period 3: 50% Treated

e See outcomes at multiple levels of treatment exposure

e If there iIs no interference roll-outs won’t change treatment effect
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Example: Second-Price Search Auctions

Units: Keywords, e.qg. ‘IPhone’

Treatment: increase In reserve
price

Outcome: Total revenue from all
auctions on keyword

Goal: Choose reserve price policy
that increases overall revenue

Challenge: Interference

iphone X Y Q

Q All = News > Videos Bk Images : More Anytime v

About 2,030,000,000 search results

Ads - [phone

Apple iPhone Apple iPhone Apple iPhone Apple iPhone Apple iPhot -

14 Pro Max ... 14 -128GB -... 14 - 256GB -... 14 Plus -... 14 -128GB -...
$0.00 now $0.00 now $0.00 now $0.00 now $0.00 now
$33.34/mox ... §22.23/mo x ... $25.00/mo x ... §27.78/mo x ... §22.23/mo x ...
AT&T AT&T AT&T AT&T AT&T



Status Quo

e Two keywords: ‘iPhone’ and ‘Google Pixel’

1 ad per keyword

* One bidder: Verizon has budget for one auction Total Revenue: p,

Reserve price, p,

‘iIPhone’ —I—|—>

verizon’

Reserve price, p,

‘Google _|—|_>

Pixel’ Verizon maximizes utility = value - price verizon'’
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No one
bids

Google -
Verizon - Pixel

6 256 GB in...

Verizon Wir...




Naive A/B Test

e We treat only ‘Google Pixel’ keyword, use ‘iPhone’ as control
e Budget constraint for Verizon binds

e Choose keyword that maximizes margin Total Revenue Decreases to: p
- P1

Reserve price, p;

Apple iPhone
14 Pro Max ...

‘iIPhone’ —

Verizon‘/ Verizon Wir...

Reserve price, p;

‘Google —I—I_’ No one
bids

e .
Pixel verizon’




Counterfactual of Interest

e Two keywords: ‘iPhone’ and ‘Google Pixel’
e 1 ad per keyword

e Everyone is treated vs. no one

Reserve price, p7f

iPhong —0 0 @ ¥ -t —————————»

verizon’

Reserve price, p

‘Google —|—|_>

Pixel’ verizon’

Total Revenue Increases to: p’




Models of Interference

e Modeling is one way to address interference

 Need to figure out whose treatment status matters for keyword 1’s outcome
e e.9. keywords with similar advertisers

e But determining if a model is correct is hard and often impossible

e How do we distinguish between good and bad models?




Multiple Graphs lead to Multiple Models

Revenue for Keyword 4= f ( My Treatment, Neighbors Treated )
——

Interference

e How do we determine neighboring keywords”?

‘iPhone’ O‘iPhone’

. Neighborhood Interference VS. No Neighborhood Interference
verizon’ verizon’
T ‘Google Pixel’ \“xQ‘Google Pixel’
Bid Amounts Winning Bids
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Roll-out Designs and Interference

e To choose between interference models we need to observe different levels of
treatment exposure

e Roll-outs induce temporal variation in treatment exposure — exploit for
iIdentification

‘iPhone’ Treated
(reserve price
increased)

‘iPhone" Q \ Q
Verizon ->
‘Google Pixel’ ” Q B

Period 1: 0% Treated Period 2: 25% Treated Period 3: 50% Treated
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ldentification and Estimation

* Roll-outs allow us to identify the total treatment effect: everyone treated
VS. NO-0Ne:

1 L —> —>
ITE :=— ) Y{(1)=Y¥(0)
ni=1

e Need interference to induce sufficient temporal variation into untreated units

Keyword Revenue = 7 x Treated? + ! X Average(Neighbors Treated)
et =

‘Direct’ Effect Interference Effect

+ Noise
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ldentification and Estimation

Possible Model: Revenue for Keyword €= 7 X Treated?
T 77X Avemge(Neighbors Treated) + Noise

* Theorem (ldentification):
9 T > 1 roll-out

& At least one untreated unit iIs connected to at least
one treated unit under selected network structure

@O

= Then can identify the total treatment effect (everyone vs. no-one treated)
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Key Takeaway

Roll-outs induce variation that

helps identify parameters




Model Selection Procedure
“Leave One Period Out (LOPO)”

e Key Intuition: Each period outcomes are under differing treatment exposures
— exploit this variation in every period

e “Correct” outcome model must extrapolate to each period’s treatment
exposure

Test Train on T-1 Periods

) - \
=1 [ [T
=2 |

=L G N N I A I
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Model Selection Procedures

2R

Comparing Model Selection Procedures

Train on Shuffled Data/
Test on Holdout

Train on Last Periods/

Test on First Periods

Train on First Periods/ |

Test on Last Periods

Leave-One-Period-Out
(Proposed)

67 10° 10
Prediction Error (Log Scale)

Erdos-Renyi Graph with p=0.01

102

v
1st Order Interference + AR1
SLR
v AR1 + 3rd Order Interference
mm AR1

B 3rd Order Interference
Bl True Specification
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Prediction Error (Log Scale)

Complete Graph

Roll-outs provide us a mechanism to select between outcome models
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