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External Data as a Lever for Product Growth?

▪ Practitioners highlight the need to use external data: 

• Firms may gain an edge by incorporating external data to build their data ecosystems                   
(Deloitte Insights 2019; McKinsey 2021) 

• Data sharing through large players’ application programing interfaces (APIs) is increasingly 
common (Fatemi 2019): e.g., Google search API for publishers and developers
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▪ Despite its economic relevance, it is challenging to pin down its causal impact 

• Firms may self-select into API adoption (Benzell, Hersh, and Van Alstyne 2022).



New Regulations 
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The Digital Markets Act imposes obligations on 

“gatekeepers”:

• Provide to any third-party providers of  online search 

engines with access to ranking, query, click, and view 

(deidentified) data generated by end users (Article 6.11).

The latest guidelines published by the State Council in

China proposes a 20-point agenda around the data 

economy:

• data sharing to enable growth of  small and medium 

sized companies. Sharing should not compromise 

personal information or “public interest”.

Source: https://data.consilium.europa.eu/doc/document/PE-17-2022-INIT/en/pdf



Recent Court Verdict: US DOJ vs. Google
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Questions and Overview of  Results
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1. What is the causal impact of  access to the market leader’s data on the focal 
company’s product performance?

• Removing access to market leader’s data leads to a 4.6% decrease in CTR.

• Downstream Elasticity of  0.12-0.18 (Search Engine Results Page)

2. Does the effect vary across types of  content?

• Only popular content affected.

3. Impact in the short term vs. longer term? 

• Average effect is much smaller than short-run decline in performance.

• Using the API can impede improved prediction due to internal data.



Empirical Context

▪ Partnership with a leading Chinese technology company

• Millions of  monthly active users

▪ An app with hybrid functions:
• News feed, streaming, eBooks, search engine, file management

▪ Our focus: search suggestion, a product developed by the company in 2020.
• A start-up like team within a larger company.

• A new product embedded within a “super-app”.
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Economic Relevance
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Google

• An early application of  generative AI models. (Serban et al. 2016)

• Bridge the gap between users’ intent and content consumption 

(Agrawal, Gans, and Goldfarb 2018)

• Clicks imply revenue (sponsored words) 

• Hence, our outcomes of  interest: 

     (a) Click-through rate (CTR = Clicks / Exposures)

          (also probability of  click, total number of  clicks)

      (b) Downstream: Top Slot Clicks on Search Results Page (SERP)
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Between-Subject (3.5 Month Long) Field Experiment
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Control
(N= 1,194,619)

Treatment
(N= 1,195,625)

• Provide to any third-party providers of  online search engines with access to 

ranking, query, click, and view data generated by end users (Article 6.11).



Baseline Results
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• Back of  the envelope (including SERP) suggests this is economically meaningful.



Impact on Types of  Content: Popular vs. Niche 
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• Popular vs. niche: due to depersonalization, the long tail suffers.



Downstream Effects
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Implications for Search Engine Results Page (SERP)
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CTR 
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Elasticity: 

10% → 1.8% 

ATE: 

– 5% 

↓ ↓

▪ Fang, Chen, Farronato, Yuan (2023): 3.2% in orders due to text-based search aid.

▪ Burtch, Kwon, and Tong (2023): 1.2% increase in sales due to keyword recommender system.



Longer-Term Effects: CTR
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• Magnitude of  the effect is half  as large in longer run relative to first few weeks.

• We rule out differential attrition, diminishing returns, other behavioral adjustments.

• We posit the role of  improved prediction due to internal data.
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(Some) Suggestive Evidence for Learning Effects



Contextual Information: Learning from API Candidates?
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▪ All else equal, if  the company’s algorithmic system is learning from API candidates over time, the 
longer-term effect should become more negative.

▪ Lack of  features of  API candidates makes model training challenging (Duan and Lalor, 2023).

▪ Further, even if  training is feasible, it can be legally prohibited. e.g., OpenAI API.



Improved Prediction based on Internal Data?
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• Suggestions in T become more different relative to C over time.

• Combined with increased CTR might suggest improved prediction based on internal data 



Improved Prediction based on Internal Data? Within and Across-User Learning
  User-query-day data
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• Treatment effect is significantly smaller for repeat queries within and across individuals.

• Suggests learning in the treated group.
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Some Additional Field Experiments: Training Data
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All

Items
Candidate Generation Ranking

Millions TensHundreds

Access to the market 

leader’s API

Search “COVID”

Till Now

1. Candidate generation uses simpler algorithms to evaluate a larger set of  items, while ranking uses more sophisticated and 

computationally intensive algorithms (Nandy et al. 2021). 

2. A sizable proportion of  final search suggestions come from the market leader’s API.
Algo Details
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All

Items
Candidate Generation Ranking

Millions TensHundreds

Access to the market 

leader’s API

Search “COVID”

Training Data Experiments

1. Candidate generation uses simpler algorithms to evaluate a larger set of  items, while ranking uses more sophisticated and 

computationally intensive algorithms (Nandy et al. 2021). 

2. A sizable proportion of  final search suggestions come from the market leader’s API.
Algo Details



Focal Firm’s 

Internal Items
Public Items

Training Data : Public Data versus Internal Data
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Trending News UGC Q&A Content resources by the focal firm 

(update real-time): e.g.,

• Articles and video clips by content creators

• Videos (e.g., TV shows)

• Real-time new resources from other focal firm’s 

products (e.g., news feed, eBooks streaming) 

• Users’ search histories



Control 
(N =1,032,991) 

Add UGC/Public 

Items

Treatment 1
(N=1,033,203)

Treatment Effect: 0.07%

• Addition of  User Generated Content doesn’t seem to impact performance.

Experiment 2: Add Public Data & Remove Competitor Data 



Control 
(N=800,239) 

New Items (Focal Firm)

Old Items (Focal Firm)

Public Items

New Items (Focal Firm)

Old Items (Focal Firm)

Public Items

Treatment 1
(N=801,709)

***

-4.1%

***

-5.3%

Experiment 3: Remove Competitor Data & Own Data 

New Items (Focal Firm)

Old Items (Focal Firm)

Public Items

Treatment 3
(N=800,688)

• Removal of  older proprietary data had modest impact.
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