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RESEARCH QUESTIONS

Why do competing platforms What is the effect of INE between What is the effect of INE +
set-up intertwined network independent firms on welfare? a merger on welfare?
effects (INE)?
« Consumer surplus e Consumer surplus

e Competition softening?
P & « Seller surplus * Sellersurplus
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EFFECT OF INE (VS A NO-INE BENCHMARK)

AGGREGATOR PLATFORM

N .

(™NE)

T

" /N -

(™ seller
utility)

(if T2 very high
r*multihoming)

SOURCE PLATFORM

T #setiers.

= Both platforms

J #seliers.

J, #Buyers

(VYNE relative to

the aggregator)

TN pricepaidbysetirs

 Referral fee
« ™NE

>\ s -

(Vv seller
utility)

(otherwise
vYymultihoming)




EFFECT OF INE (VS A NO-INE BENCHMARK)
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CASE 1: ADVERTS & DONEDEAL

Generalist classifieds

. platform (Ireland)
ource

DoneDeal Merged in July 2015

Classifieds platform

(Ireland) INTERTWINED NETWORK
EFFECTS

with a focus on motor

and agricultural listings Ad Sharing from/to DoneDeal.ie * since December 2017
e onlyinlreland

From December 2017, for some categories, when there are less than 10 search results on Adverts, we will display

similar ads from our sister site, DoneDeal.ie. Clicking on any of these ads will direct you to the DoneDeal.ie website.

Adverts’ website



THE DATA (BUYERS + SELLERS)

AN EXTENSIVE MARGIN METRIC OF BUYER+SELLER PARTICIPATION

App data analytics
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(sellers) and end (buyers) users



INTERNET ARCHIVE

THE DATA (SELLERS) mn “ Hﬂ ‘ stores snapshots of
AN INTENSIVE MARGIN METRIC OF SELLER PARTICIPATION websites over time
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Couch for sale €200

pa_Cunningham = Newcastle West, Limerick
&)

good as new2 seater couch..Been recently recovered..it's in perfect condition and really
comfortable..open to offers

Sofas & Suites = 3 minutes ago = 13 comments



Testable prediction 1: #buyers and #sellers

BUYERS + SELLERS : DESCRIPTIVES increase in Adverts (aggregator) post-INE

DoneDeal (source platform) Adverts (aggregator)
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(100 = pre—-INE week)
3

Weekly Active Users Index
S
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Date

— Control countries (GB, US) — Treated country (IE) — DoneDeal (source platform) — Adverts (aggregator)

Testable prediction 2: #buyers and #sellers decrease in DoneDeal (source platform) post-INE




BUYE RS + SELLE RS : EVENT STU DY Adverts’ buyer + seller participation

increased post-INE
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SELLERS: DESCRIPTIVES
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Testable prediction 3: #sellers increases

ADVERTS’ SELLERS: DiD in Adverts (aggregator) and decreases in

DoneDeal (source platform) post-INE
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DONEDEAL’S SELLERS : DiD

Testable prediction 3: #sellers increases in Adverts (aggregator)
and decreases in DoneDeal (source platform) post-INE
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CASE 2: FINN & NETTBIL

Source
platform

The (car) seller manages the
sale directly to private buyers

.m classifieds platform

Norway’s main generalist

Merged in December 2019

INTERTWINED NETWORK EFFECTS

Nettbil =
-m Mulighetenes marked " since December 2020 Logg inn
* onlyin Norway
Car sales platform Q0 ke
Nettbil manages the sell via . &
, & @D A =3 = o ¢
an au Ct ion to car d €ea le rs Torget Bil og campingvogn Reise Bat MC Nettbil
= B ] &% Hiw
Jobb Eiendom Nybrukt elektronikk Feriehjem og hytter til leie Nyttekjeretoy og Pakkereise
maskiner

Finn’s website



FINN (AGGREGATOR) & BLOCKET (CONTROL): DESCRIPTIVES
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FINN’S BUYERS + SELLERS: EVENT STUDY

2 | INE introduced participation increased post-INE

Finn’s (the aggregator’s) buyer + seller

"
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CONCLUSIONS

ol

Intertwined network effects create surplus

not competition softening

... but INE cannot be Pareto-improving

| —

consumers and single-homing sellersin the
source platform are always harmed

Taking INE to policy-making

« Asymmetric interoperability mandates (e.g., Digital Markets Act) with
indirect network effects benefit the two sides overall, but hurt consumers
and sellers in the source platform (# symmetric interoperability)

* INE should be incorporated to merger review when pertinent
(# from symmetric interoperability) and considered as remedies
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Bruno Carballa-Smichowski
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INE CREATE SURPLUS AND THE PLATFORMS SPLITIT

1.4

1.8

1.6 : ‘~

1.0

0.8

SOURCES OF INE SURPLUS
* Higher-quality matches

(no additional transactions)

* More transactions
(notably for multi-product platforms)

PLATFORMS’ INCENTIVES TO SET-UP INE

* INE are profitable unless the platforms
are too homogeneous

* If profitable, both firms prefer INE to no
INE (they share the surplus through the
referral fee)



SELLERS
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EFFECT OF AMERGER + INE (VS INE + COMPETITION)

AGGREGATOR PLATFORM
/]\ - ) \l/ # Sellers ) \l/ # Buyers /I\ Colir NE Lo
(*market power) (¢NE) J/ CSif NE high
No more * More sellers overall increases interactions.
referral fee * But the more buyers/sellers go to the source

platform, the less interactions overall.

SOURCE PLATFORM

N ssifrlow

U beetee /M > 1 [

J/ ssif 75 high
(Vcost) (™ NE)




RANDOMIZATION INFERENCE

Permutation-Based Null Distribution

Permutation of intervention timing (“placebo” shock dates) for Adverts/DoneDeal. | generate many hypothetical “placebo” shock timings by
shifting the intervention date to different points in time within the study period. This simulates scenarios where the intervention might have
happened earlier or later by chance.

Random assignment of treatment status across units (platform-country combinations) for Finn. | randomly reassign the treatment label
across platform-country units to generate placebo treatment assignments. This simulates the treatment being allocated to different units by
chance, respecting the clustered and panel structure of the data.

For each permutation (regardless of type), | rerun the event study model and compute the test statistics. This builds an empirical null distribution
that reflects how the data might look if the intervention had occurred by chance alone. This null distribution replaces theoretical asymptotic

distributions and more accurately captures the real randomness in the experiment.

| calculate the p-value by counting how many of the permuted test statistics are as extreme as or more extreme than the observed test
statistic. For example, if | do 500 permutations and find that 20 of them have test statistics larger in absolute value than my observed
statistic, then my p-value is 20/500 = 0.045.

Confidence Intervals via Binary Search

* Tofind confidence intervals, | search for the smallest and largest effect sizes that remain consistent with the permutation-based null
distribution.

* Using a binary search approach, | iteratively test candidate effect sizes. If the observed statistic is compatible with a candidate null effect, |
proceed to test more extreme values; if not, | adjust towards less extreme values.

* This method efficiently homes in on precise confidence bounds without needing exhaustive computations over all effect sizes.
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