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INTERTWINED NETWORK EFFECTS
(INDEPENDENT PLATFORMS)

Online marketplaces

Travel metasearch engines

Real estatePrice comparison

Real estate websites aggregating 
brick-and-mortar real estate 
agencies’ and landlords’ listingsStore-in-store 

Fnac-Darty in Carrefour 

Boulanger in Auchan



PROPERTY NZ

INTERTWINED NETWORK EFFECTS
(POST-MERGER)

WEDDING PLANNER

MANY ARE HORIZONTALLY 
DIFFERENTIATED



RESEARCH QUESTIONS

Why do competing platforms 
set-up intertwined network 

effects (INE)?

What is the effect of INE between 
independent firms on welfare?

What is the effect of INE + 
a merger on welfare?

• Competition softening?
• Consumer surplus
• Seller surplus

• Consumer surplus
• Seller surplus
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Hosting/referring to rivals

• Crémer et al. (2000) 
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Interoperability between platforms 
with indirect network effects

Non-consolidating horizontal 
platform mergers
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THIS PAPER

• Asymmetric 
cross-platform NE

• Endogenous referral fee
• Theory + empirics
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THE MODEL: MAIN FEATURES

COMPETITIVE 
BOTTLENECK

PER-TRANSACTION PRICE
CHARGED TO SELLERS

ENDOGENEOUS 
REFERRAL FEE

HORIZONTAL
DIFFERENTIATION



THE MODEL
INTERTWINED NETWORK EFFECTS

Buyers

Sellers

Platforms

REFERRAL FEE

1. Platform 0 sets 
the referral fee f 

2. Platforms 0 and 1 
simultaneously 
set the prices 
charged to sellers 
(𝑝0

𝑠, 𝑝1
𝑠)

3. Consumers and 
sellers 
simultaneously 
choose which 
platform(s) to join

TIMING 

Platform 0 = aggregator
Platform 1 = source platform



THEORETICAL RESULTS



EFFECT OF INE (VS A NO-INE BENCHMARK)

# Buyers↑

# Buyers

↑

Price paid by sellers↑

Price paid 
by sellers

Price paid 
by sellers

# Sellers

# Sellers

(if 𝜏𝑏 low)↑

↑
(if 𝜏𝑏 high)

AGGREGATOR PLATFORM

SOURCE PLATFORM

(↑NE)

(↓NE relative to 
the  aggregator)

• Referral fee
• ↑NE

↑

↑
# Sellers↑

↑

# Sellers

(if 𝜏𝑏 very high
↑multihoming)

(otherwise
↓multihoming)

Both platforms

(↑ seller 
utility)

(↓ seller 
utility)



# Buyers

↑

# Sellers

# Sellers

AGGREGATOR PLATFORM

SOURCE PLATFORM

↑

↑↑ CS SS (if 𝝉𝒔 low) 

SS (otherwise) 

↑

Price paid by sellers

If enough sellers switch from 
multi-homing to single-homing in 
the aggregator (more consumers; 
higher net utility), SS increases  

• Consumers in the aggregator gain access to 
both platforms' sellers 

• Consumers in the source platform lose 
interactions with some of the platform’s sellers

↑

EFFECT OF INE (VS A NO-INE BENCHMARK)

↑

(↓NE relative to 
the  aggregator)

(↑ seller 
utility)

(↓ seller 
utility)

# Buyers↑
(↑NE)



EMPIRICAL RESULTS



Generalist classifieds 
platform (Ireland)

CASE 1: ADVERTS & DONEDEAL

Merged in July 2015

INTERTWINED NETWORK 
EFFECTS

• since December 2017
• only in Ireland

with a focus on motor 
and agricultural listings

Aggregator

Source 
platform

Adverts’ website 

Adverts

Classifieds platform
 (Ireland) 



APP COUNTRY WEEK

AN OBSERVATION IS A UNIQUE COMBINATION OF

OUTCOME VARIABLE

WEEKLY ACTIVE USERS

➢ Smartphones and tablets
➢ Android and iOS
➢ October 2015 to todayApp data analytics

No distinction between business 
(sellers) and end (buyers) users

THE DATA (BUYERS + SELLERS)
AN EXTENSIVE MARGIN METRIC OF BUYER+SELLER PARTICIPATION



THE DATA (SELLERS) stores snapshots of 
websites over time

I scraped the total number of listings
(proxy of seller participation) once a week 

AN INTENSIVE MARGIN METRIC OF SELLER PARTICIPATION



BUYERS + SELLERS : DESCRIPTIVES
Testable prediction 1: #buyers and #sellers 
increase in Adverts (aggregator) post-INE

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



BUYERS + SELLERS : EVENT STUDY Adverts’ buyer + seller participation 
increased post-INE 

No effect on buyer + seller participation 
for DoneDeal (extensive margin)

Fixed effects for platform-country and week 
Control groups: same platform in GB and US



SELLERS: DESCRIPTIVES
Testable prediction 3: #sellers increases in Adverts (aggregator) 
and decreases in DoneDeal  (source platform) post-INE



ADVERTS’ SELLERS: DiD
Testable prediction 3: #sellers increases 
in Adverts (aggregator) and decreases in 
DoneDeal  (source platform) post-INE

DiD = +2.22*** SD

Week-of-the-year and year fixed effects Control groups: Google search queries to sell second-hand items in GB



DONEDEAL’S SELLERS : DiD
Testable prediction 3: #sellers increases in Adverts (aggregator) 
and decreases in DoneDeal  (source platform) post-INE

Month fixed effects 

Control group: used 
car imports in Ireland 
(one month lag)

DiD = -1.75*** SD



Norway’s main generalist 
classifieds platform

Car sales platform

Merged in December 2019

Aggregator

Source 
platform

INTERTWINED NETWORK EFFECTS

• since December 2020
• only in Norway

Finn’s website 

CASE 2: FINN & NETTBIL The (car) seller manages the 
sale directly to private buyers

Nettbil manages the sell via 
an auction to car dealers



FINN (AGGREGATOR) & BLOCKET (CONTROL): DESCRIPTIVES

Testable prediction 1: #buyers and #sellers 
increase in Finn (the aggregator) post-INE



FINN’S BUYERS + SELLERS: EVENT STUDY
Finn’s (the aggregator’s) buyer + seller 
participation increased post-INE 

Control for COVID restrictions Control group: Blocket in NO, DK, FI and SE ; Finn in DK, FI and SE Fixed effects for platform-country and week 



CONCLUSIONS



CONCLUSIONS

Intertwined network effects create surplus

not competition softening 



CONCLUSIONS

… but INE cannot be Pareto-improving

consumers and single-homing sellers in the 
source platform are always harmed



CONCLUSIONS

• 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

Taking INE to policy-making



THANK YOU!

Bruno Carballa-Smichowski 

www.brunocarballa.com 



INE CREATE SURPLUS AND THE PLATFORMS SPLIT IT

• 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)

• Higher-quality matches
(no additional transactions)

• More transactions
(notably for multi-product platforms) 

SOURCES OF INE SURPLUS

PLATFORMS’ INCENTIVES TO SET-UP INE





EFFECT OF A MERGER + INE  (VS INE + COMPETITION)

No more 
referral fee

SOURCE PLATFORM

# Buyers

↑

# Sellers

↑

AGGREGATOR PLATFORM

# Buyers# Sellers ↑↑↑

↑ CS if NE low

CS if NE high

↑

↑

(↓cost)

Price paid 
by sellers

Price paid 
by sellers↑

(↑market power)

• More sellers overall increases interactions. 
• But the more buyers/sellers go to the source 

platform, the less interactions overall.

SS if 𝜏  𝑠 low 

SS if 𝜏  𝑠 high 

↑↑

(↑ NE)

(↓NE)



Permutation-Based Null Distribution

Permutation of intervention timing (“placebo” shock dates) for Adverts/DoneDeal. I 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. I 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), I 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.

I 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 I 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

• To find confidence intervals, I search for the smallest and largest effect sizes that remain consistent with the permutation-based null 
distribution. 

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

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

RANDOMIZATION INFERENCE
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