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Digital Platforms — Traditional Taxonomy
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Digital Platforms — New Taxonomy
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What Info is Asymmetric on Digital Platforms?

Information 1: are buyers / sellers trustworthy?
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What Info is Asymmetric on Digital Platforms?

The amazing success of online marketplaces was not fully anticipated, primarily because of the
hazards of anonymous trade and asymmetric information. Namely, how can strangers who
have never transacted with one another, and who may be thousands of miles apart, be willing
to trust each other? Trust on both sides of the market is essential for parties to be willing to
transact and for a marketplace to succeed. The early success of eBay is often attributed to the
innovation of introducing its famous feedback and reputation mechanism, which was adopted
in one form or another by practically every other marketplace that came after eBay. These
online feedback and reputation mechanisms provide a modern-day version of more ancient
reputation mechanisms used in the physical marketplaces that were the medieval trade fairs of

Europe (see Milgrom et al., 1990).

Can you articulate the adverse selection
and moral hazard issues here?
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What Info is Asymmetric on Digital Platforms?

Information 2:
Does product x “match” the need of consumer y?
Are there better matches?
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Histogram of Seller Weekly Traffic "
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Sellers are Numerous and Different

Ranking
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But when we tried to use ML to to predict

future product ranking in each product
categories.

It's almost impossible to predict ranking

beyond the top position and beyond
three months.
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Buyers are also Numerous and Different
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What Info is Asymmetric on Digital Platforms?

= Buyers do not observe seller quality
- Trustworthiness - is quality > 07?
- Match value - is this the highest quality product? for whom?

= Almost all service platforms have moral hazard issues

- [Tadelis Article / for Airbnb] “Even if payment is mediated by
the site, there is still a concern that double-sided moral hazard
may occur.” (guests not taking care of the property; owners do
not sufficiently clean the apartment, etc.)
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A Common Solution?

Home > Community > Feedback forum > Feedback profile
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Why are Reviews Effective?

- “provide future buyers with information about the
outcomes of a seller's past behavior”

- Resolves adverse selection by providing quality information

- Resolves moral hazard by imposing punishment on bad
outcome (and thus review)

= Is it perfect though?
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Does Al/MI Solve this Issue?

= Sort of:
- Can still extract some information even with “grade inflation”

- Can starting analyzing text data: see discussion re: Masterov et
al. (2016) mentioned in the reading materials

= Better solutions:

- Contracting change: make reviews mandatory / hard to skip
(Uber/Lyft)

- New signals: allow private feedback to the platform (Airbnb)
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Problem 2: Fake Reviews

Figure 2: Examples of Fake Review Recruiting Posts

) Cordless vacuul m
Need reviews, USA only FREE FREE FREE
PP refund cover pp fees US only
Pm me if you interested Half r*fund after shipment and half after r*view

Promise r*fund within 48hrs
if interested, pls PM me

N FREE
FRee Cordless vacuum Message
shower shelf / toilet paper holder Message
Gt o 1 6 Comments

He, Hollenbeck, Proserpio (2020):
Large number of private FB groups that sells fake review services!
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Figure 1: Weekly average number of FB groups, members, and seller posts

27.54

25.04

22.54

FB Groups

20.04

He, Hollenbeck, Proserpio (2020):

FB Group Members

e+05

e+05

e+05

Num. FB Posts

15000 -

10000+

Large number of private FB groups that sells fake review services!

© Yizhou Jin 2025 | do not post without permission.

24



ERSITY OF

TO RONTO

Qg v

Does Al/MI Solve this Issue?

= Not really:

- Can try to identify fake reviews (suspicious sudden increase /
standard phrasing, etc.)

- But always gameable

= Better solutions:
- Random audits + high punishment if caught
- Randomize/reduce the reliance on reviews
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Problem 3: Free-Rider Problem

= Actually, WHY do so many consumers leave reviews?

- “In fact, through the lens of mainstream economic theory, it is surprising
that a significant fraction of online consumers leave feedback.” Why?

- A classic free-rider problem: the value of a good review left by a buyer
mostly benefits future buyers!

- This means that, even if people have intrinsic drive to write reviews, it
is probably still socially desirable to have more reviews... especially
for new sellers/products!

© Yizhou Jin 2025 | do not post without permission. 26



iy

Problem 3: “Cold-Start’’

= New sellers (entrants), unlike established ones (incumbents),
do not have past consumer transactions / reviews!

= Al/ML cannot solve this
- When there’s no data, there’s no Al/ML!

=  Some solutions:
- Rewarding verified customers for informative, not positive
reviews (Amazon/Taobao)

- Signaling!

© Yizhou Jin 2025 | do not post without permission.
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Li, Tadelis, and Zhou (2016): “Rebate-for-Feedback” (RFF)

Specifically, in March 2012, Taobao launched a “Rebate-for-Feedback” (RFF) feature through
which sellers can set a rebate value for any item they sell (cash-back or store coupon) as a
reward for a buyer's feedback. If a seller chooses this option then Taobao guarantees that the
rebate will be transferred from the seller's account to a buyer who leaves high-quality
feedback. Importantly, feedback quality only depends on how informative it is, rather than
whether the feedback is positive or negative. Taobao measures the quality of feedback with a
NLP algorithm that examines the comment's content and length and finds out whether key
features of the item are mentioned. Hence, the marketplace manages the market for feedback
by forcing the seller to deposit at Taobao a certain amount for a chosen period, so that funds

are guaranteed for buyers who meet the rebate criterion, which itself is determined by

Taobao.® Can you articulate how signaling work here?

Can you articulate the “cost/benefit” structure? «
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Signaling / Screening

Barach, Golden, Horton (2020): Money-back guarantees.

« Platforms can offer money-back guarantees for certain sellers, and it has a
big impact on how much traffic those sellers have (“steering effect”).
« However, "offering guarantees did not increase sales overall.”
—> guaranteed sellers were not higher quality than the rest

* How can we make this into a screening device so that the platform
guarantees only high-quality sellers?
» Let the sellers pay for guarantees! (there are even insurance
companies that insure sellers against guarantee payouts)
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| Presented a Related Paper at the FTC

Entry Barrier and Entrepreneur Training on Digital Platforms
Evidence from a Large E-Commerce Experiment

Yizhou Jin | Digital platforms have become a main conduit of entrepreneurship

UToronto o 1.3 mil new Amazon sellers in 2020, 6.6 mil for Taobao, and 7 mil for Youtube.
o explosion in entry volume exacerbates the “cold-start” problem (Tadelis 2016)

FTC

November 2023
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We Developed an Al Training Program
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9:41 AM
< Task Details

~ i
PAAN Pleafe contact service support for any task-related questions X
1

v

Task Progress () 7 days left to complete the task
A

Proportion of products with short videos

45% Progress +61% Goal 56%
3 y @
i
1
i
01-24 01-31 02-07 IOZ»-M
> KPI:
~7  The proportion of products with short-video demos is 32%,
below sector average of 56%.

Problem Statement:

Providing short videos in product demos strongly enhances
search ranking and conversion rates.

Goal:
Proportion raised to sector average

Time to complete:
20 days

Headlines My Profile
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We Developed an Al Training Program ¢

Variable Treatment (%) Dep Var Mean Variable Treatment (%) Dep Var Mean
Products Marketing
Post Products 0.29 0.34 Ad Bidding 2.86™ 0.07
(0.29) (1.43)
Product Variety 0.08 1.25 Has Video Demo 1.93** 0.12
(0.24) (0.67)
% Ads Traffic 3.33** 0.03
Service (1.33)
Active Time (min) -0.41 19.17
(0.67) Pricing
Reply Time (min) -0.29* 389.02 Avg. Price Per Buyer 0.11 4.39
(0.15) (0.14)
Service Conversion Rate 1.40*** 0.10 Avg. Price Per Product 0.008 3.83
(0.50) (0.026)

Advertising is the only thing that moved. No change in pricing,
product positioning, and small changes in customer service. But
there were huge effect on traffic (5.2%) and revenues (6.6%).
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We Developed an Al Training Program ¥ ™"
Takeaway:

I Advertising is effective because it's a costly signaling device.
I'ltis particularly important among new sellers due to “cold-start”

I But many new sellers don’t know about advertising or its value,
so training can help a lot

- ~$4.7mn extra transactions with negligible cost to the platform!
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