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Social media platforms’ big source of revenue

▶ 34% of Instagram users,
25% of Facebook users, and
29% of Twitter users claim
they bought something
because an influencer
recommended it.

▶ Influencer marketing has
become the largest revenue
source (47.0%) for
Kuaishou in 2020.
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Most brands today have adopted influencer marketing

Figure: Source: eMarketer, InsideIntelligence.com
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Challenge: Matching brands and influencers

“According to marketers, one of the most frustrating challenges
associated with influencer marketing is choosing the right
influencers with whom to work.” (Avery and Israeli, 2020)

▶ More than 500,000 active influencers on Instagram
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One solution: Brand-Influencer Matching AI

▶ Brand −→ Target Customers −→ AI recommended Influencers
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This Paper

Does such brand-influencer matching AI always benefit a platform?

▶ AI does lift the matching-efficiency and thus the sales
performance of influencer marketing, so
▶ Influencers can charge higher prices, and
▶ More influencers and marketers participate

▶ But. . .
▶ AI can change the competitive landscape of influencers
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Related Literature summary

▶ Influencer marketing
▶ e.g. Pei and Mayzlin, 2019; Nistor and Selove, 2022

▶ Search frictions in online markets
▶ e.g. Latzer et al., 2016; Fainmesser and Galeotti, 2021
▶ Our paper:

Brand Influencer

AI matching

Private User Pool

Search/Recomm. Public User Pool

▶ Targeted advertising
▶ e.g. Shaffer and Zhang, 1995; Brahim et al., 2011,
▶ Our paper: “firms” (marketers) in our paper cannot directly

target “consumers” (followers), but indirectly via influencers
who set competitive prices.

▶ We focus on competition in the endorsement market
instead of product market
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Model

▶ Consumers with heterogenous interests in a representative
product category are located on a unit circle

▶ Influencers
▶ Broadness of follower interests: n ∼ U[0, 1

2 ]
▶ Density of followers: ρ > 0

▶ Marketers
▶ Target consumers located at 0
▶ Incur a fixed cost of IM campaign: c ∼ U[0, 1

2 ]
▶ Obtain revenue M from working with influencer n with

followers centered around x

M(x , n) =

∫ x+ n
2

x− n
2

(max {0, α− |x̃ − 0|d}) ρdx̃ ,

where α > 0 is the expected revenue from target customer,
|x̃ − 0|d ≡ min {1− |x̃ |, |x̃ |}.
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Model

▶ The platform
▶ offers an AI-based service that recommends to each marketer

a set of influencers n ∈ (0, 1
2 ] with followers centered around

x̂ = 0 +
κ

2
,

where κ is defined as the bias (and accuracy as λ = 1− |κ|).
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Timing of the game

1. Platform’s AI with accuracy λ recommends a set of
influencers to each brand

2. Each influencer proposes a take-it-or-leave-it price p(n) for
paid endorsement in a competitive market

3. Each brand chooses whether to participate and buy paid
endorsement from at most one influencer

4. Platform and influencers share the price of influencer
marketing campaigns at a commission rate of δ ∈ (0, 1) such
that the platform obtains a revenue of

π =

∫

n∈N
δp(n)dn,

where N denotes the set of influencers who endorse a brand.
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Competitive Pricing of Influencers
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Equilibrium Concept

Definition 1
At any given λ, an equilibrium is a strategy profile such that

i p∗(n) maximizes influencer n’s expected utility;

ii every participating marketer c ∈ C that chooses influencer
n ∈ N prefers buying an endorsement from her at p∗(n) to
buying from other influencers at their equilibrium prices;

iii every non-participating marketer c ̸∈ C obtains non-positive
utility from buying an endorsement from any influencers at
their respective prices.

iv Market clears such that:
∫

n∈N
dn =

∫

c∈C
dc . (1)
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Main Result

Proposition 1

The platform’s revenue (Π) does not always increase in the AI
prediction accuracy (λ). In particular, we have ∂Π

∂λ ≤ 0 when the
followers’ density (ρ) falls below a threshold.

(a) ρ = 30 (b) ρ = 21 (c) ρ = 15
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Mechanism

▶ Heterogenous effect of AI improvement → competition among
influencers

Figure: Niche influencers are more
sensitive to AI accuracy
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Mechanism

▶ Participating influencers: n ≥ n

▶ Participating brands: c ≤ c

∂Π

∂λ
= δ

∫ 1
2

n




∂M

∂λ︸︷︷︸
matching enhancement (+)

−∂c

∂λ︸ ︷︷ ︸
competition (−)




︸ ︷︷ ︸
∂p∗(n)
∂λ

: effect on equilibrium prices

dn

+ δ

(
−∂n

∂λ

)
· p∗(n)

︸ ︷︷ ︸
market expansion (+)

17 / 21



Mechanism

▶ Suppose AI accuracy increases from λ1 to λ2...

nλ2
nλ1 n

Influencer’s
Effective
Opportunity
Cost ( γ0

1−δ )

IM revenue after (Mλ2
)

IM revenue before (Mλ1
)

Price before
(
p∗λ1

)

Price after
(
p∗λ2

)
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Discussions on Competition

▶ Our paper focuses on “competition” among influencers
▶ working for marketers with the same target consumer

segement
▶ working with up to only one marketer/brand

▶ This assumption is reasonable when marketers compete with
each other in the same product category

▶ Our analysis remains valid as long as all influencers are
endowed with equal probabilities to work with multiple brands

▶ If general influencers are allowed to promote multiple brands
with different target consumers due to their diverse follower
base

▶ Our conjecture: enhanced matching could lead to higher
within-product- category competition among influencers → it
spills over to competition in other product categories →
exacerbate the potential decline in platform revenue.
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Main Takeaway

▶ Improving a brand-influencer matching AI is not always in a
platform’s best interest

▶ Optimally adjusting commission rate can mitigate the
negative effect of AI backfire, but may not eliminate it if
larger influencers face higher opportunity costs
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Contribution

“All models are wrong, but some are useful. ” – George Box
▶ What is unique about “influencer marketing” per se?

▶ Matching technology improves the fit between influencers and
marketers, but it does not change the composition of
influencers’ followers

▶ Micro-founding how technology affects the brand-influencer
matching process helps us uncover its asymmetric impact on
different types of influencers.

literature
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