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1 Introduction

Data is considered to be the ‘new oil’ for digital platforms (Economist, 2017). Digital platforms

collect large amounts of data such as their users’ digital footprints and use it as a key input to

develop algorithms that provide personalized recommendations (Sun et al., 2021). Increasingly,

firms have tapped into ‘external data’ with an aim to expand their analytics efforts and further

unlock improvements in products and services.1 A prevalent practice is that firms use Application

Programming Interfaces (APIs) to gain access to external data from large players in the marketplace

(Benzell et al., 2022; Xue et al., 2019). For example, Google custom search JSON API enables

publishers and developers to retrieve response data (e.g., search results) from Google. Yet there is

limited evidence on the value of such external data for these recipient firms because it is challenging

to pin down its causal impact on their product performance. Measuring the causal impact of external

data is important not only from a managerial perspective but also from a policy perspective. The

Digital Markets Act that came into effect in November 2022 requires platforms that provide core

services (e.g., search engines, social networking services) to open up for smaller players with data

access. In particular, the Digital Markets Act mandates large players in the search market to

provide de-personalized search results to small players and new entrants to level the playing field.2

In this paper, we analyze a large-scale field experiment to measure the extent to which pro-

prietary external data from a leading search engine (i.e., the market leader) contributes to search

product performance of our partner company (i.e., a smaller player; hereafter, “the company”).

We further explore which and how users respond as well as how user behavior evolves over time

in response to the experimental variation. The primary outcome of interest is click-through rate

(CTR), a key performance indicator of search success, online advertising effectiveness, and online

behavior at large. The company made its initial foray into the search market by launching a new

search product in 2020: i.e., search suggestions. Similar to the Google autocomplete predictions,3

search suggestions are generated by the underlying algorithm that uses internal and external data

1See the survey report by Deloitte here https://www2.deloitte.com/us/en/insights/focus/signals-for-strategists/
smart-analytics-with-external-data.html.

2See details about the proposal of for a regulation on DMA: https://ec.europa.eu/info/strategy/priorities-2019-2024/
europe-fit-digital-age/digital-markets-act-ensuring-fair-and-open-digital-markets en#documents.

3https://blog.google/products/search/how-google-autocomplete-works-search/.
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to predict what users want to click in response to their queries. Providing users with relevant

suggestions through query autocomplete is fundamental to user experience, so large players devote

significant resources to enhance the quality of search suggestions (Agrawal et al., 2018). Since the

company was an entrant, it started by leveraging the market leader’s data to improve the perfor-

mance of search suggestions. We partnered with search product team to experiment with access to

the market leader’s API while using the same algorithm to generate search suggestions, providing

an ideal context to measure the value of external data.

The field experiment lasted 108 days and involved more than 2.3 million users among which

each user was randomly assigned to one of two conditions. In the control condition (the status quo),

the company’s ranking algorithm ranks de-personalized search-suggestion candidates retrieved from

the market leader’s API along with its own search-suggestion candidates and generates a final list

of search suggestions in response to user-submitted queries. In the treatment condition, we remove

access to the market leader’s API: i.e., the company’s ranking algorithm does not have access

to the market leader’s search-suggestion candidates and only ranks its own search suggestions

candidates. This research design has two notable features. First, the manipulation is changing the

supply of candidates at the ranking stage of search-suggestion generating process while holding the

ranking algorithm constant. Therefore, the random assignment among millions of users enables

us to precisely estimate the causal impact of the market leader’s data. Second, maintaining a

consistent treatment for about 16 weeks enables us to estimate longer-term effects of the market

leader’s data on user behavior as well.

We report three sets of findings. First, relative to the status quo, the removal of the market

leader’s API leads to a 4.6% (±0.3%) decline in CTR, highlighting the value relevance of the market

leader’s data to the company. We benchmark the magnitude of the average treatment effect with

the extant literature and industry reports and find it economically meaningful. Our (back of the

envelope) revenue computations suggest that such data can have a significant payoff to the company.

Second, we document who benefits from the market leader’s data and the conditions under which

the market leader’s data impacts users. The negative impact of removing the market leader’s data

is stronger for heavy users relative to newer users, suggesting that this data tends to help in user
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retention by streamlining active users’ experience rather than ameliorate the cold-start problem for

newer users. In addition, API removal reduces the number of content categories searched, suggesting

that the market leader’s data expands the breadth of content. Moreover, the decrease in CTR due

to API removal is higher when users’ search intent is not explicit, suggesting that the data provided

by the market leader’s API is more valuable when search intent lacks clarity or is implicit. Finally,

the reduction in CTR is primarily driven by relatively popular (mainstream) topics, suggesting that

access to the market leader’s API helps identify “easy hits” as opposed to niche/long-tail content.

This seems to be driven by the fact that the external data is de-personalized and hence, lends itself

to better identifying what the crowd prefers.

Third, the magnitude of treatment effect estimates varies significantly within the 16-week exper-

imental period. It starts at about a 8.1%–9% decline in the first 2–3 weeks, decreasing to 3.6%–4.5%

in the last 3–4 weeks. These estimates suggest that had we run a short-term experiment, we could

have overestimated the value of the market leader’s data (or the negative effect of API removal) by

a factor of 2. Furthermore, this data pattern is neither driven by differential attrition across two

conditions because we do not find a significant effect of API removal on login activities, nor by rela-

tive improvement in algorithmic recommendations because of similar trends in CTR over the course

of the experiment. Finally, we uncover that API removal increases the demand for search button,

demonstrating a positive demand spillover to search button as a substitute for search suggestions.

Together, our findings offer clear practical implications. First, the causal estimates inform

managers of the potential value proposition when tapping into different external data levers to

enhance product performance. For example, our analysis provides empirical evidence that relates

to Google’s recent decision on restricting smaller players’ access to its Autocomplete API.4 Second,

our results shed light on which and how users benefit from such data. Specifically, access to the

market leader’s data appears to be more beneficial among regular users, when users’ search intent

is implicit, and for mainstream topics. Third, our findings inform policy makers in particular with

regards to the Digital Markets Act. Our research provides novel causal evidence that a gatekeeper’s

data does enhance a smaller player’s product performance in the context of organic search. Our

4https://developers.google.com/search/blog/2015/07/update-on-autocomplete-api.
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context is important from a policy perspective since regulation has focused on the need for large

online platforms/gatekeepers to share de-personalized search results with newer competitors. More

generally, we provide empirical evidence that informs a recent debate on whether big data un-

dermines market competition (Crémer et al., 2019; Tucker, 2019). Fourth, our results show that

de-personalized data can help a search product only through identifying more mainstream topics

but not niche content, suggesting its limited ability in catering to individual preferences. Comple-

menting the empirical evidence on the value of personalization (Sun et al., 2021; Yoganarasimhan,

2020), we demonstrate that despite their privacy-preserving intent, alternative approaches such as

de-personalized data-sharing mechanisms have limitations in creating value for users.

Our paper contributes to three strands of academic literature. First, we contribute to the

literature that aims to quantify the value (of different dimensions) of data for search engines and

related online products. Yoganarasimhan (2020) analyzes how utilization of user-level data can

help in personalization of search and quantifies significant returns to personal data. Chiou and

Tucker (2017) analyze the efficacy of search recommendations when companies such as Yahoo! and

Microsoft reduced the amount of individual-level data retention to a 90-day period and find no

change in a user’s CTR. Valavi et al. (2020) quantifies the dynamic value of data by using platform

data over different time periods in a next word prediction task, similar to our autocomplete setting,

with Reddit as their context. We contribute to this strand of research by showing how external

data sources impact online product performance using a large-scale, longer-term field experiment.

We also contribute to a strand of literature that analyzes the impact of utilizing several forms of

‘external data’ on firm outcomes. These external sources can be varied. Beraja et al. (2020) show

that access to government data, in the form of surveillance videos, lead to AI innovation in the facial

recognition industry by private companies in China. Similarly, Nagaraj (2022) analyzes the private

impact of public data in the Gold industry. Nagaraj (2022) finds that access to publicly available

Landsat, a U.S. National Aeronautics and Space Administration satellite mapping program, lead

to more gold discoveries especially by new entrants. In the case of online platforms, Neumann et al.

(2019) highlight how third-party data from data brokers has become pervasive for online ad targeting

and analyze the quality of such widespread third-party data. Given our experimental setup, we can
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cleanly identify effects along with heterogeneity within a policy-relevant search context. Moreover,

we focus on a widely used yet under-explored source of external data for online platforms, providing

implications for other companies that aim to utilize such data for their product growth.

Finally, more broadly, we contribute to the literature that analyzes different strategies for plat-

form growth. Benzell et al. (2022) use aggregate data on online platforms to demonstrate how a firm

can grow by opening itself up to third party complementors using APIs. Sun et al. (2021) simulate

a privacy regulation through a field experiment on Alibaba to quantify the value of individual-level

data for users of the platform. They find significant negative effects on engagement and pur-

chase when personal data is not used for product recommendations especially for niche products.

Relatedly, Claussen et al. (2019) quantify the value of personal data (or lack thereof) for an algo-

rithm relative to human experts. Relative to these papers, we take a middle path and analyze a

privacy-preserving situation where de-personalized data from other (external) users could be used

as an input for individual recommendations. We show that it can help engagement but only for

mainstream content which demonstrates the trade-off in utilizing such data.

2 Empirical Setting

In this section, we describe the empirical setting with a focus on (1) search-suggestion generating

process through the lens of the ‘algorithmic funnel’, (2) the role of the market leader’s API in such

a process, and (3) our choice of target metric that measures the performance of search suggestions.

We partnered with a large Chinese technology company that develops a web browser app. With

more than 200 million monthly active users, the app offers its users various in-app products such

as news feed, search engine, and video and eBooks streaming. The main search product is search

suggestions, which was first launched in 2020. By design, search suggestions function as query

autocomplete, which is similar to Google autocomplete feature offered by Google Chrome. Figure 1

provides an illustration of the app interface. When users enter a specific query term into the search

bar (e.g., covid), they typically see a list of ten search suggestions in the form of phrases and/or

sentences in response to the query (e.g., “What does a covid-19 Ag mean?”). A user can choose
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to click a matched suggestion, press the search button without adopting search suggestions, delete

this query and enter a new one, or quit the session. Search suggestions play an important role in

(1) enhancing search experience by saving typing time, (2) bridging the gap between users’ search

intent and content consumption, and (3) creating economic impact (Rubin and Rubin, 2021).

Figure 1: An Illustration of Search Suggestions

How does the company generate search suggestions in response to user-submitted queries? At a

high level, the company uses a proprietary algorithmic funnel, a three-stage architecture similar to

a recommendation system (Covington et al., 2016): (1) item generation, (2) candidate generation,

and (3) ranking. Figure 2 provides an illustration. At the item generation stage, the company

first builds raw items based on (a) internal sources in the news feed (e.g., articles and videos) and

query terms from users’ active search histories and (b) external sources such as public trending

news. Next, the company uses natural language processing techniques (e.g., keyword extraction,

text summarization, and knowledge graph) to transform raw items into phrases and sentences. As a

result, this large item base contains millions of phrases and sentences. At the candidate generation

stage, a subset of candidate items are retrieved from the item base based on (a) their relevance to

the original query term entered by a user and (b) their popularity based on real searches by all users

on the platform (e.g., common and trending searches). As a result, hundreds of candidate phrases
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and sentences are selected to enter the ranking stage. At the ranking stage, a ranking algorithm

scores each candidate item according to its predicted click-through rate, which is a function of user

(e.g., location, search histories) and query (e.g., topic, freshness) features. The highest scoring items

are presented in a ranked order in the final list to users. The literature shows that sophisticated

algorithms are utilized to handle a larger feature set at the ranking stage and rank fewer items. This

is in contrast to the candidate generation stage that uses basic algorithms and considers a much

larger set of items focusing on pruning the data of duplicate and irrelevant items in an efficient

manner (Covington et al., 2016; Nandy et al., 2021).

Figure 2: Search-Suggestion Generating Process: The Algorithmic Funnel

However, a key challenge of developing a new search product such as search suggestions is the lack

of candidate items with respect to both quantity and quality. For example, at the initial development

stage, the company’s algorithmic funnel can generate only a short list of search suggestions that

could match users’ search intent. To address this problem, the company had started to leverage

proprietary data via access to the API of a leading search engine in China (i.e., the market leader).

The company’s hypothesis is that because of its ability to present the most relevant, useful results

to millions of users at scale, the market leader can (1) provide the company with access to more

precise candidate items with respect to their popularity and freshness, and (2) expand the scope of

the company’s candidate items with respect to their topic coverage, both of which can be used as

high-quality inputs in the ranking stage to generate a list of search suggestions.

How does the market leader’s API work? At a high level, the company and the market leader
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form a business-to-business contractual relationship where the company acquires an exclusive license

to the market leader’s API. To initiate the data request, the company provides the market leader’s

API with its user-submitted queries in real time, which are used by the market leader’s API to

return a set of candidate items. Importantly, these candidate items are de-personalized by design

because the company provides the market leader’s API with only query terms rather than users’

personal data. And then, at the ranking stage, the algorithm uses (1) candidates items from the

market leader’s API as an additional input along with (2) its own candidate items to generate a list

of search suggestions in a ranked order. Notably, we believe this setup reflects how data sharing

agreements between companies would look in practice; it provides an example of how gatekeepers

could provide smaller players with “access on fair, reasonable and non-discriminatory terms to

ranking, query, click and view data” if mandated within the framework of the Digital Markets Act.

Lastly, the company and market leader have a revenue sharing agreement where the company pays

service fees to the market leader at a undisclosed rate, the market leader compensates the company

through the volume of search query terms (see Figure A1).

Concretely, building on Figure 2 and the discussion above, Figure 3 decomposes the entire

process where the company’s algorithm meets the market leader’s API. To fix ideas, consider the

user i who enters the search query j into the search box (e.g, covid). First, the company’s can-

didate generation algorithm retrieves about 100 candidate items (indexed by c) in a ranked order

(CandidateRankjc) from its item base (items indexed by k=1,2,3,...,K) based on their relevance

to query j and their popularity (i.e., Steps 1 and 2 under Candidate Generation). Second,

the company’s ranking algorithm scores each candidate item based on a set of user (e.g., location,

search histories), query (e.g., topic, freshness), and item features and sort them according to their

predicted click score ClickScorejc (i.e., Steps 1 through 6 under Ranking). Third, given query j,

another set of candidate items is retrieved from the market leader’s API in a ranked order (cAPI(1),

cAPI(2)...). Fourth, for each candidate item from the market leader’s API, the ranking algorithm

assigns a score, ClickScorejc,API , which adds a small positive value θ to the click score of the com-

pany’s own candidate item in the equivalent rank to boost the rank of the marker leader’s candidate

items (i.e., Step 7 under Ranking). Lastly, the ranking algorithm re-ranks the mix of candidate
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items from two sources to generate a list of highest-scoring items as search suggestions (i.e., Step 8

under Ranking). In summary, access to the market leader’s API changes the supply of candidate

items entering in the ranking stage. Whereas the market leader’s candidate items receive a relative

rank priority, they are scored after the company’s own candidate items are scored.

Figure 3: An Overview of Algorithms

How do we evaluate the performance of search suggestions? Our conversations with the search

product team revealed that the target metric is click-through rate (CTR), a widely-used key per-

formance indicator of search success in online markets. In the context of search suggestions, CTR is

measured as the ratio of number of clicks to search suggestions in a list to the number of exposures.

Specifically, when a user starts typing a keyword into the search bar, this user is exposed to a list

of search suggestions in this session (i.e., one exposure). If a user clicks to any search suggestion in

this list, such an action will be counted as one click.5 Thus, we can measure CTR for each user on

a daily basis or over a longer period (e.g., week). To capture the overall user activities rather than

5To verify that our results are not sensitive to the variation in exposures, we conduct robustness checks using alternative
measures such as the number of clicks and click indicator (see Section 5).
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a user’s specific search session, we focus on the aggregate CTR for each user: the ratio of the total

number of clicks to total number of exposures over the same period of time.

Yet measuring the value of the market leader’s data (candidate items) on target metrics such

as CTR is challenging due to the lack of exogenous variation. To circumvent this challenge, we

partnered with the company to conduct a large-scale field experiment where we manipulate access

to the market leader’s API while holding all other aspects (e.g., algorithms, user interface) equal.

Therefore, we can cleanly identify the impact of the market leader’s data on search-suggestion CTR.

3 Field Experiment

3.1 Experimental Design

The experiment was conducted on the company’s centralized experimentation platform, an over-

lapping experiment infrastructure designed to run experiments simultaneously and efficiently. Fol-

lowing the standard design of overlapping experiment (e.g., Figure 2b in Tang et al. (2010)), the

company ran this longer-term experiment in a non-overlapping domain where users do not overlap

with users in the experiments running simultaneously in domains for any other in-app products such

as news feed and eBooks streaming. The randomization was implemented at the user level: when

they started typing keywords into the search bar in a given time point during the experiment, these

users were randomly assigned to one of two conditions. Once a user was assigned to a condition,

this user stayed in the same condition until the experiment ended. We maintained a consistent

treatment assignment for 108 days (about 16 weeks) from May 2021 to September 2021.

Control (N=1,194,619): In response to user-submitted queries, search suggestions are generated

by the company’s proprietary algorithm funnel, including item generation, candidate generation,

and ranking. Concretely, at the ranking stage, the ranking algorithm scores candidate items from

two data sources: including (1) those retrieved at the candidate generation stage and (2) those

supplied by the market leader’s API. Next, the ranking algorithm generates the highest scoring

items in a ranked list. As a result, users in this condition see a sizable proportion of search

suggestions supplied by the market leader even though the number of search suggestions from the
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market leader might differ across users depending on queries, demographics, and search histories.

Treatment (N=1,195,625): In response to user-submitted queries, search suggestions are gen-

erated by the same proprietary algorithm funnel, which does not rely on the market leader’s API

at the ranking stage. The ranking algorithm (the same as the one used in the control condition)

scores only candidate items retrieved from the candidate generation stage and generates the highest

scoring items in a ranked list (i.e., there is no Step 7 in Figure 3). As a result, users in this condition

never see search suggestions supplied by the market leader. Figure 4 visualizes our design.

Figure 4: Experimental Design

3.2 Data

We had access to data at the user-day level where we observe a unique user identifier, treatment

status, number of exposures to search suggestions, number of clicks to search suggestions, login

status, and search button usage. In addition, we observe pre-experimental characteristics such as

demographics (e.g., gender, city of residence), mobile operating system (e.g., Android), and activity

level (e.g., active days in the past 30 days). The main analysis relies on data aggregated from user-

day level to user-level across the length of the experiment (i.e., the unit of observation in our data
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is at the user level). The dependent variable, aggregate CTR, is computed for each user as the

ratio of the total number of clicks over the entire experiment to total number of exposures over the

entire experiment. We conduct several checks to ensure that the random assignment is successful.

Table 1 shows the mean difference in each variable across conditions is neither economically nor

statistically significant. Figures A2 and A3 show that users were equally likely to be assigned to

either condition regardless of when they first logged into the app and used the search bar.

Table 1: Randomization Checks

User Characteristics Control Treatment p-value
Male 0.503 0.504 0.672
Larger Cities 0.505 0.505 0.425
Smaller Cities 0.434 0.435 0.349
Mobile Operating System: Apple iOS 0.107 0.107 0.736
Mobile Operating System: Android 0.837 0.837 0.794
New User (overall in-app activities; 1=yes) 0.110 0.110 0.666
Active days in the past 30 days (search activities) 100 99.826 0.426
Query views in the past 30 days (search activities) 100 99.383 0.126

Notes. Following the hierarchical classification of Chinese cities, larger cities include tier 1 to 4 cities
(e.g., tier 1: largest cities such as Beijing), whereas smaller cities refer to tier 5 cities and below. p-
value is obtained based on a two-sided t-test on the equality of means with unequal variances. For
confidentiality purposes, values reported in the last two rows were normalized so that the variable means
in the control condition are 100.

4 Empirical Analyses

4.1 Empirical Framework

We use potential outcome framework to describe our model. For illustration purposes, we consider

an experiment with N users who are randomly assigned to one of two conditions: i.e., treatment

(e.g., API removal) or control condition. For a set of independent and identically distributed users

i = 1,...,n, we observe the outcome of interest Yi (e.g., CTR aggregated over 108 days), treatment

assignment Ti, and a vector of user characteristics Zi (e.g., demographics, past search activities).

For each user i, there are two potential outcomes: if a user is assigned to the treatment condition,

we observe the outcome Yi = Yi1, and if the user is assigned to the control condition, we observe

13



Yi = Yi0. In theory, the average treatment effect (ATE) is E[Yi1 −Yi0], which can be used to assess

whether the treatment causes changes in Yi. Alternatively, we can estimate the following regression:

Yi = α+ β × Ti + ϵi, (1)

where β captures the causal effect of the removal of the market leader’s API on the outcome of

interest (e.g., CTR aggregated over 108 days). Because of the successful randomization, we do not

expect the controls Zi to affect the estimate of β. Therefore, we estimate the regressions without

control variables as the baseline results and use heteroskedasticity-robust standard errors.

Another important consideration is that the regression coefficient β itself does not provide a sense

of the effect magnitude. Therefore, to facilitate the interpretation of estimates as the magnitude and

comparison across experiments, we report the estimates as lift (Gordon et al., 2022): the incremental

CTR among treated users relative to control users (regression coefficient β) as a percentage of CTR

among control users (intercept α), β/α. Importantly, the lift is a ratio of two random variables, Yi1

and Yi0, making it a random variable. The variance of the lift is:

V ar(lift) = V ar[
Yi1 − Yi0

Yi0
] = V ar[

Yi1

Yi0
] = (

Y1

Y0

)2[
V ar(Yi1)

Y1
2 +

V ar(Yi0)

Y0
2 ], (2)

where Yi1 and Yi0 are independent random variables, and Y1 and Y0 are treatment and control

sample means, respectively.

4.2 Baseline Results

Our starting point is estimating the average treatment effect. There is a negative effect: API removal

leads to a decrease in CTR by 4.6% (±0.3%)6 in the treatment condition relative to the control

condition (i.e., the average lift is –4.6%). The large sample size allows us to reach considerable

precision such that the width of the 95% confidence interval is about 10% of the absolute value of

the point estimate. This magnitude is economically significant especially in the search context.7

We benchmark these magnitudes in a couple of ways in Section 4.5 to find them to be economically

6In parentheses, we present the 95% confidence interval.
7See more details here Kohavi et al. (2013) and comments by Ronny Kohavi, former VP of Analytics and Experimen-
tation at Bing, here https://www.facebook.com/watch/?v=2368597899925946.
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meaningful and in line with some other studies in the broader literature.

To dig into who benefit more (less) from external data, we explore heterogeneous treatment

effects along user characteristics. Specifically, we examine whether users with different activity

levels are more or less responsive to the market leader’s data as additional candidate items into the

ranking algorithm. A priori, it is unclear whether the additional data will help solve the cold start

problem for newer users (i.e., customer acquisition) or provide a more streamlined experience for

heavy, more active users (i.e., customer retention), or both. To examine this, we use the number

of search-related active days in the past month prior to the experiment to differentiate newer users

from heavy users. We construct an indicator variable, heavy user, which is equal to 1 when a user’s

number of search-relate active days is strictly above the median and zero otherwise. Figure 5 shows

that the magnitude (absolute value) of the negative effect of API removal among heavy users is

6.3% (±0.3%). Such magnitude is significantly larger than that among newer users, 3.5% (±0.4%).

This pattern is highly consistent when we use alternative measures such as the number of query

views in the past month prior to the experiment (1 if strictly above the median and zero otherwise)

and an indicator of whether a user is a returning customer based on pre-experimental data.

These results highlight that relative to infrequent or newer users, users with heavier search

activities in the pre-experimental period are more responsive to the removal of the market leader’s

data. A plausible explanation is that because heavy users generate more data on the platform

and experience quality recommendations more often, they may set a higher expectation of product

quality and are more sensitive to changes in the quality of search suggestions due to the absence

of the market leader’s data. In this regard, our results complement Sun et al. (2021) where the

authors find that the use of personal data in the recommendation benefits newer users more when

data volume and customer resilience coexist in their context.
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Figure 5: Average Treatment Effect and Heterogeneous Treatment Effects by User Characteristics

Notes: Lift refers to the incremental CTR among treated users relative to control users as a percentage of CTR
among control users (e.g., the average treatment effect is –4.6%). Error bars represent 95% confidence intervals.

4.3 Heterogeneous Treatment Effects by Query Type

To dig into how and why external data affects user engagement, we explore how treatment effects

vary by the type of query. Ideally, we would like to observe the logs of all users in the experiment

such that we have access to every query term entered by a user, corresponding content category

associated with the query, a list of search suggestions exposed to a user, and whether a user clicks,

and what a user clicks. Yet we were only able to collect the logs of users that clicked at least once

where we observe the query terms entered by a user, corresponding content categories associate

with such terms, and what a user clicked. In the remainder of this section, we used the logs of this

sub-sample of users to construct our variables of interest.

First, we examine whether the market leader’s data affects what users search. To do so, we

use the total number of unique content categories across the entire experiment as the dependent
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variable. Column (1) of Table 2 shows that API removal reduces the number of content categories

searched, suggesting that the market leader’s data enhances the company’s product performance

by expanding the breadth of topics that the users can search for.

Table 2: Heterogeneous Treatment Effects by Query Type

(1) (2) (3) (4) (5)
Variables Unique Cat. CTR Explicit CTR Implicit CTR Popular CTR Niche

API Removal -0.0297*** -0.0071*** -0.1085*** -0.0164*** -0.0065
(0.0014) (0.0015) (0.0036) (0.0016) (0.0037)

Observations 1,631,260 1,631,260 1,631,260 1,415,958 1,415,958

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses. This analysis was conducted with the
subsample of users that clicked at least once over the course of the experiment.

Second, we examine whether the effect of API removal varies by the clarity of users’ search intent.

When users enter a query term with an explicit search intent (e.g., Covid), the company’s natural

language processing tool is able to classify the topics of such terms into 31 first-level categories (e.g.,

Health) and 167 second-level categories (e.g., Health-Disease). When users enter query terms with

implicit search intent, the company’s natural language processing tool classifies such terms as null

or other. Therefore, we construct an indicator variable, explicit search intent, which is equal to 1

if the content category of a user’s query can be explicitly labeled by the tool (e.g., Covid: Health-

Disease) and 0 if it is classified as null or other. Next, we compute the CTR among query terms

with explicit search intent and CTR among those with implicit search intent for each user each

day, aggregate them across the entire experiment at the user level, and use them as two separate

dependent variables. As before, Table 2 reports the treatment effect estimates as lift. Table 2,

Columns (2) and (3) show that the decrease in CTR due to API removal is much higher when

users’ search intent is implicit. In other words, the data provided by the market leader’s API is

more valuable for users when their search intent is implicit. A plausible explanation is that search

suggestions based on real searches by all users on the market leader’s platform are more likely to

capture users’ interests when they are less explicit about their queries.

Third, we examine whether the effect of API removal varies by query popularity conditional
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on explicit search intent. We conduct this analysis with search records of users that clicked at

least once and those with explicit content categories (i.e., content categories are neither null nor

other). Following the literature around the Pareto principle (Brynjolfsson et al., 2011), we define the

content categories that generate 80% of the clicks in the control condition as popular (mainstream)

content (e.g., Education-K-12, Books-Novel, Health-Disease) and those that does the rest of 20% as

niche content (e.g., Education-Study Abroad, Music-Music Radio, Government Affairs-Nonprofit

Organization). Columns (4) and (5) suggest that the reduction in CTR is driven by relatively

popular (mainstream) topics. This suggests that the proprietary data from the market leader helps

identify certain ‘easy hits’ that are popular with the control group. A plausible explanation is

that because the queries sent to the market leader’s API are depersonalized, candidate suggestions

generated by the market leader’s API capture popular content based on real searches by all users

on the market leader’s platform that are relevant to user-submitted queries. In contrast, clicking

niche content is not affected by API removal because recommending niche content relies more on

personal data. This demonstrates that the impact of API removal on product performance is driven

by mainstream content that requires less personalization. This has implications for managers and

policy makers that are looking to (privacy-preserving) data sharing regulations across companies.

4.4 Long(er)-Term Effects

A novel aspect of our design is that a consistent 16-week treatment assignment allows us to estimate

longer-term effects. Following Huang et al. (2018), we estimate a regression for each week of the

experiment as if that week were the final one. This gives us 16 separate regression estimates. Figure

6 shows how lift estimates vary over time, with the solid line representing the point estimates and

the dotted lines representing the 95% confidence intervals. The estimates start at about a 8.1%–9%

decline, decreasing to 3.6%–4.5% in the last few weeks. Thus, had we run a short-term experiment,

we could have overestimated the value of the market leader’s data by a factor of 2.
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Figure 6: Longer-Term Treatment Effects

With such a longer-term analysis, we need to ensure that the estimates are not driven by dif-

ferential attrition across treatment and control conditions. If there were users becoming inactive in

terms of the overall product usage, the estimates would capture the treatment effect due to tem-

poral changes in the sample of users. To alleviate this concern, we examine whether the treatment

induces a significant change in users’ login activities. On average, API removal does not cause

changes in the total number of days a users logged in and used the search product (lift = –0.0028,

n.s.). We plot the weekly estimates with respect to the impact of API removal on the number of

login days in a week. Figure 7, Panel A shows that API removal does not cause a significant change

in login activities among treated users relative to control users in any week (confidence intervals

consistently contain zero). Together, these results suggest that the decrease in the magnitude of

lift estimates is unlikely to be driven by differential attrition across two conditions.

Another concern regarding this longer-term analysis is that the estimates may be driven by the

improvement in algorithmic recommendations over the course of the experiment. Note that, the
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candidate generation and ranking algorithms are maintained the same across the treatment and

control conditions. However, one may argue that the ranking algorithm could respond to different

data inputs differently, resulting in relative improvement in algorithmic recommendations. If this

were the case, we would observe a sharper increase in CTR in the control condition where two

data inputs were provided relative to the treatment condition. In other words, the gap between two

conditions would increase in the longer term. Alleviating this concern, Figure 7, Panel B, shows that

while the trends in CTR in the treatment and control conditions share a similar temporal pattern,

the gap between two conditions decreases over time. Thus, we provide suggestive evidence that

estimates are less likely to be driven by increased relative efficacy in algorithmic recommendations

and can be attributed to users’ adaptive learning over time.

Lastly, we look at another target metric, search button usage, to explore whether changes in

CTR on search suggestions can be compensated by the utilization of an alternative search function.

On average, API removal significantly increases the usage of search button by 5.7% (±1.1%). Figure

A3 in the Appendix shows how the estimated lift in search button usage vary over time, and they

suggest that the demand spillover to search button remains positive over the 16-week period.

Collectively, there are three takeaways from this analysis. First, a short-term evaluation would

have made us overstate the value of the market leader’s data. Second, we provide suggestive evidence

that users can adapt their behavior as the market leader’s data is removed over a prolonged period

of time. Third, the positive impact of API removal on search button usage suggests a positive

demand spillover to search button as a substitute for search suggestions.
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Figure 7: Longer-Term Effects of API Removal: Ruling out Alternative Explanations

(a) Number of Login Days

(b) Temporal Variation in Click-Through Rates

Notes: For confidentiality purposes, we added an undisclosed constant to the
average click-through rates (CTRs) in the treatment and control conditions.

4.5 Economic Implications

To understand the economic implications of access (or lack thereof) to external data, we carry out

a back-of-the-envelope computation. We focus on translating the decrease in CTR into revenue
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loss suffered by our partner company. To carry out this exercise, we leveraged internal data to

put a monetary value on the decline in CTR. Specifically, the unit query revenue is 0.012 Chinese

yuan (CNY). The unit query revenue estimate is obtained from an internal one-month experiment

intended to measure the return on investment of a search-activity promotion policy. The unit query

revenue is on the lower end of related industry estimates exactly because the search product is a

new one with limited monetization. Hence, our revenue calculations should be thought of as a

lower bound. The experiment lasted for one month so we aggregate the revenue to query-month

level. An average user performs 7.25 search-suggestion clicks per month. For the 1,195,122 users in

the treatment group in the experiment, a 4.6% decrease in search-suggestion CTR creates a loss of

4,782 CNY per month (i.e., 7.25× 0.012× 4.6%× 1, 195, 122). After we extrapolate the estimates

to monthly active users of search products (about 100 million), the loss is over 400,200 CNY per

month or 4.8 million CNY per year. This extrapolation to 100 million monthly active users is not

different from other global contexts. For example, in March 2019, Bing had 126 million active users

even though it accounted for about 2% of the search market globally. This exercise suggests that

on average, there is a bang for the buck for the company by leveraging proprietary data retrieved

from the market leader’s API.

In addition to these computations, the magnitude of the effects in our experiment can be bench-

marked to other studies in the literature. The average effect of 4.6% is comparable to Berman and

Israeli (2022) showing that descriptive analytics increases revenue between 4%-10% and Brynjolf-

sson and McElheran (2016) showing that data driven decision making increases firm performance

by about 3%. Bar-Gill et al. (2021) shows that providing access to a data dashboard lead to an

increase in sales by 3%. Finally, Kim (2019) demonstrates that providing access to competitor

information leads companies to increase sales by 8%. Our average estimate as well as its evolution

across the four months of the experiment falls within the range of the estimates mentioned above.

Indeed, the studies analyze the impact of additional data or information provided to a firm or seller

which is in line with the framework of the current study.

Overall, this section allows us to pin down the economic significance of the magnitudes which

can have implications for the focal company but also policy makers.

22



4.6 Robustness Checks

We carry out a variety of checks to test for the robustness of our results (see Table A1 in the

Appendix). First, the treatment status on the first day could influence whether users come back

more often or not. Therefore, we estimate the treatment effect using only the first-day observation of

each user in the experiment (i.e., the first day of the experiment when a user interacts with search

suggestions) so that we avoid potential feedback loops and path dependency in user behavior.

Second, we estimate a linear regression adjusting for observed user characteristics to account for

imbalance in such characteristics across treatment and control conditions (if there is), potentially

improve the precision of the estimate, and check the stability of results among the sample where

all user characteristics are observed. Columns 1 and 2 show that the results are qualitatively

similar to our baseline estimates with a negative and statistically significant effect. Third, we use

alternative operationalizations of the dependent variable, including the click dummy (Column 3)

and the logarithm of one plus clicks (Column 4). Our results are robust and qualitatively similar.

Lastly, we estimate a model with all moderators in the same linear regression rather than subsample

analysis reported in Figure 5. The results are very consistent (Column 5). In summary, these checks

provide an additional degree of confidence in our baseline results.

5 An Extension with Field Experiment 2

In the previous section, we have provided evidence on the impact of the market leader’s data on

the company’s search product performance. In this section, we leverage another field experiment in

July 2021 that ran for one day8 to achieve three objectives: (1) replicate the main results from the

first field experiment, (2) validate the manipulation of search suggestions provided by the market

leader’s API, and (3) assess the relative impact of manipulating the supply of candidates into the

ranking algorithm versus manipulating the rank directly in the same experimental setup.

8Although the date of this experiment overlaps with the field experiment 1, the interference between two experiments
is not a concern because the company conducted the field experiment 1 in a non-overlapping domain where users do
not overlap with the users in this experiment.
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5.1 Experimental Design

Similar to field experiment 1, the randomization in this experiment was implemented at the user

level (see the randomization checks in the Appendix, Table A2). A total of 250,281 users were

randomly assigned to one of three conditions:

Control (N=83,500): This condition is similar to the control condition in field experiment 1.

Search suggestions are generated by the proprietary algorithm funnel. At the ranking stage, the

ranking algorithm scores candidate items from two data sources: (1) those retrieved at the candidate

generation stage and (2) those supplied by the market leader’s API. The ranking algorithm scores

such candidate items and generates highest-scoring search suggestions in a ranked order.

Rank Adjustment (N=83,517): Identical to the control condition, at the ranking stage, the

ranking algorithm scores candidate items from two data sources: (1) those retrieved at the candidate

generation stage and (2) those supplied by the market leader’s API. In contrast to the control

condition, the ranking algorithm lowered (boosted) the rank of the market leader’s candidate items

(the company’s own candidate items) and then generated the final search suggestions. Recall Step

7 in Figure 3: the manipulation was achieved in a way that the ranking algorithm added a fixed

positive value (larger than θ) to the click scores of the company’s own candidate items. As a

result, relative to those in the control condition, users in this condition are less likely to see search

suggestions supplied by the market leader in the final list.

Removal of Access to the Market Leader’s API (N=83,264): This condition is similar

to the treatment condition in field experiment 1. The ranking algorithm (the same as the one

used in the control condition) scores only candidate items retrieved from the candidate generation

stage and generates highest-scoring search suggestions in a ranked order. As a result, users in this

condition never see search suggestions supplied by the market leader.

5.2 Results

Figure 8 shows that the removal of the market leader’s API leads to a decrease in CTR by 6.4%

(±0.9%). This estimate is between the aggregate estimate (i.e., 4.6%) and first-week estimate (i.e.,
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8.1%) from field experiment 1, replicating the main effect reported earlier.

Turning to rank adjustment, we find that pushing down the ranking of search suggestions from

the market leader leads to a decrease in CTR by 3.4% (±0.9%). This estimate supports that

manipulating the rank directly has a significant impact on product quality. In practice, such an

adjustment broadly relates to Google’s adjustment in its ranking algorithms. Specifically, Google’s

white paper notes that “where our algorithms detect that a user’s query relates to a “Your Money

or Your Life (YMYL)” pages” topic, we will give more weight in our ranking systems to factors like

our understanding of the authoritativeness, expertise, or trustworthiness of the pages we present in

response (Google, 2019).”

Figure 8: The Relative Impact of API Removal and Rank Adjustment

Notes: N= 250,281. Lift refers to the incremental CTR among treated users relative to control users
as a percentage of CTR among control users. Error bars represent 95% confidence intervals.

Taken these estimates together, we provide suggestive evidence that in our context, manipulating

the rank of search suggestions induces a smaller impact on CTR relative to the removal of the
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market leader’s data as candidates for the ranking algorithm. Another takeaway is that these

estimates shed light on the strength of the manipulation across different conditions. Conceptually,

the manipulation of pushing down the rank of search suggestions from the market leader should be

weaker than completely removing the market leader’s candidate items. Therefore, the magnitude

of the estimates (6.4% versus 3.4%) increases our confidence in the success of the manipulation.

6 Conclusion

We leverage a large-scale field experiment where we randomize access to the market leader’s data

as an algorithmic input to generate search suggestions for users. We find that without access to

the market leader’s data, users click on search suggestions 4.6% less relative to those users in the

condition where the algorithm has access to the external data through the market leader’s API.

The lack of external data leads to a reduction in the breadth of content consumed as measured

by the number of content categories. These content categories are mainstream (rather than niche)

in terms of the share of clicks they get from users. The external data streamlines the experience

for users that highly active in using the search suggestions tool. Using the entire length of the

large-scale experiment, we document significant dynamics in how users interact with the product

when there is no access to external data. In particular, we find that users adapt and the negative

effect of the API removal reduces over time. Finally, using an additional (short-term) experiment

we carry out a manipulation check (using alternative algorithms) to ensure that it is indeed the

market leaders data that leads to the effects we measure.

Our study has clear managerial implications. The results suggest that leveraging external sources

of data can provide a significant return for a company especially with a new product. For search

products in particular, we show that access to depersonalized search results can increase engage-

ment. This is important because there are several search products that are launched periodically

(eg. Neeva, Cliqz) that could look to this potential strategy. It could help to provide a good experi-

ence especially for existing (heavy) users of the product by increasing the breadth of (mainstream)

content available to them.
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We believe our results also shed light on policy issues being debated currently. The benefit

derived by our partner company demonstrates that depersonalized search results being mandated by

regulations like the DMA might help provide a leg up for nascent search products. The reduction in

mainstream content consumption might be a result of the depersonalized suggestions also highlights

the limits of catering to individual preferences in the absence of use of personal data.

Our study is not without limitations. Like other studies with field experiments, we are only able

to look at one setting. It would be prudent to try and replicate the general tenor of our findings in

other contexts. These could include other online products as well as use of different algorithms and

data types. This would, of course, depend on whether the opportunity exist to leverage such data

sharing agreements. Our study is also a partial equilibrium analysis and further research could take

into account more general equilibrium dimensions. For example, there could be strategic responses

from other (competing) platforms in the face of such data partnerships. Analyzing how the platform

ecosystem evolves with such data partnerships or through regulations would be a fruitful next step.
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Appendix A

Figure A1: How Does the Market Leader’s API Work?

Figure A2: Proportion of Users Assigned to the Treatment Condition Over Time
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Figure A3: Proportion of New Users Assigned to the Treatment Condition Over Time

Figure A4: Search Button Usage

Notes: Lift refers to the incremental search button usage among treated users relative to
control users as a percentage of search button usage among control users. Error bars represent
95% confidence intervals. Due to instrument errors, we did not have accurate log records to
construct the search button usage in the first week.
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Table A1: Robustness Checks

(1) (2) (3) (4) (5)
Variables Lift (First Day) Lift (Controls) Click Dummy Log(1+Clicks) CTR

API Removal -0.0459*** -0.0539*** -0.0103*** -0.0329*** -0.0124***
(0.0014) (0.0013) (0.0009) (0.002) (0.001)

API Removal×Female -0.0016
(0.001)

API Removal×Smaller Cities 0.0013
(0.001)

API Removal×New User 0.0068**
(0.002)

API Removal×Active Days -0.0085***
(0.001)

API Removal×Query Views -0.0104***
(0.001)

Observations 2,388,377 1,932,886 2,390,244 2,390,244 1,932,886

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses.

Table A2: Randomization Checks: Field Experiment 2

User Characteristics Control Algorithm Data p-value p-value
(C) (T1) (T2) Diff (T1,C) Diff (T2,C)

Male 0.571 0.567 0.567 0.073 0.076
Larger Cities 0.633 0.631 0.633 0.523 0.771
Smaller Cities 0.329 0.328 0.327 0.615 0.298
New User (overall in-app activities; 1=yes) 0.010 0.009 0.009 0.699 0.496
Active days in the past 30 days (search activities) 100 100.053 99.866 0.861 0.657
Query views in the past 30 days (search activities) 100 100.436 100.399 0.547 0.577

Notes: Following the hierarchical classification of Chinese cities, larger cities include tier 1 to 4 cities (e.g., tier 1:
largest cities such as Beijing), whereas smaller cities refer to tier 5 cities and below. p-value is obtained based on a
two-sided t-test on the equality of means with unequal variances. For confidentiality purposes, numbers in the last
two rows were normalized so that the variable means in the control condition are 100.
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