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Abstract 

Social media platforms such as TikTok and Facebook are criticized for trapping consumers in “filter 

bubbles” (Pariser 2011) through personalized recommendations based on users’ detailed individual 

information. Practitioners and regulators have been calling for platforms to tackle the problem by 

incorporating more diversified content in their recommender systems. We aim to study the causal effects 

of more diversified personalized recommendations on users’ behaviors in practice. By collaborating with 

NetEase Cloud Music, the world’s third-largest music-streaming service company, we developed a new 

recommender system with more content diversity based on their existing state-of-the-art recommender 

system. We then conducted a large-scale field experiment where hundreds of millions of users were 

randomly assigned to receive video recommendations either from the platform’s current recommender 

algorithm or our modified algorithm. Although the new algorithm increased the diversity of recommended 

content to users, overall there is no clear evidence that it increased the diversity of consumed content, but 

it decreased users’ consumption level. However, for active users, we find that a 1% increase in 

recommendation diversity boosted their consumption diversity by 0.55% without reducing their 

consumption or engagement level. We show that the accuracy of predicting users’ preferences is key for 

the new algorithm to increase the consumption diversity and, when users also highly value the platform, 

their consumption and engagement levels will not be hurt. The company eventually adopted our algorithm 

modification and now uses it to serve millions of customers daily. 
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1. Introduction 

Social media is ubiquitous. In January 2023, 59.4% of the world’s population used social media, on average 

2.5 hours every day.1 Almost all large social media platforms, including TikTok and Facebook, personalize 

content recommendations based on users’ individual historical activity to entice users to spend more time 

on the platform—and generate more revenue through digital advertising. Such personalized recommender 

systems often trap consumers in their own "filter bubbles" (Pariser 2011): platforms recommend only 

content with opinions and information that conform to users’ existing beliefs. Many observers have noted 

that this behavior may severely enhance an individual’s bias.  

Practitioners and regulators have been calling for social media platforms to tackle the problem by 

incorporating more diversified content in their recommender systems. For example, the U.S. Senate 

introduced the Filter Bubble Transparency Act (S.2024) in June 2021, requiring online platforms to allow 

consumers to conveniently opt out of personalized recommendations.2 As mentioned by the bill’s sponsor, 

John Thune, the act aims to give consumers an option “to see information that has not been selected 

specifically for them” and help them expand their consumption diversity.3 

Does disabling personalized recommendations help solve the filter-bubble problem on social media 

platforms? Evidence shows that it might not. First, a global survey in the Reuters Institute’s 2016 Digital 

News Report4 revealed that most people prefer to get news from personalized recommendations (36%) 

compared to editorial/journalistic recommendations (30%) or social recommendations (22%). Second, 

people may ignore the more diversified content recommended by platforms and stay in their own filter 

bubble. For example, a Facebook experiment in 2018 showed that disabling the personalized News Feed 

ranking algorithm led users to hide 50% more recommended posts, mostly due to their lack of interest in 

the topics. More concerning, users sharply increased their usage of Facebook Groups, which often contain 

 
1 https://datareportal.com/social-media-users  
2 https://www.congress.gov/bill/117th-congress/senate-bill/2024; https://www.makeuseof.com/filter-bubble-
transparency-act-explained/ 
3 https://www.thune.senate.gov/public/index.cfm/press-releases?ID=F0D3EA8C-D573-4A7F-89BB-
027ABE2781F2  
4 https://www.digitalnewsreport.org/essays/2016/people-want-personalised-recommendations/  
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more extreme content.5  From platforms’ perspective, diversified recommendations may reduce users’ 

interest, and consequently their content consumption and engagement levels. For example, the Facebook 

experiment5 found diversified recommendations lowered the number of comments between friends by 20%. 

Therefore, it is important for policymakers and social media platforms to understand how diversified 

recommendations may affect consumers’ behavior and how to effectively encourage consumers to consume 

more diversified content.  

Given the importance of diversified recommendations for consumers, platforms, and society, our 

research tries to address the following questions: (1) How does modifying the current recommender 

algorithms on social media platforms to recommend more diversified content change users’ consumption 

behavior? (2) Do consumers differ in how they react to more diversified recommendations? (3) How can 

social media platforms improve their recommendation diversity without hurting important performance 

metrics such as user consumption and engagement? 

To answer these questions, we partnered with NetEase Cloud Music (NCM), the world's third-

largest music-streaming service company, to conduct a large-scale, 14-week randomized field experiment 

in the Cloud Village page of NCM’s mobile app. NCM has built a state-of-the-art recommender system to 

personalize the recommendation of music-related videos for individual users. Unlike past studies in which 

an advanced personalized algorithm is compared with a more diverse algorithm but not commonly used by 

platforms (e.g., Claussen et al. 2019, Holtz et al. 2020), we modified the existing personalized algorithm to 

increase video-topic diversity. Doing so allows us to minimize the negative impact on users’ consumption 

and engagement and to make our insights more generalizable and easier to implement for other platforms.  

In the experiment, users of the treatment group saw videos recommended by our new, more diverse 

algorithm, and users of the control group saw videos recommended by the original system. We found that 

the new algorithm exposed the treatment group to 2.33% more topic diversity (measured by the Herfindahl–

Hirschman Index, HHI) than the control group. Our results show that, overall, the effects of the new 

 
5 https://bigtechnology.substack.com/p/facebook-removed-the-news-feed-algorithm?s=09 
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algorithm on users’ consumption diversity are mixed; however, the algorithm lowered their weekly clicks 

by 3.08%, confirming the concerns of social media platforms that diversified recommendations can hurt 

the business.  

We then investigate how users reacted differently to the new algorithm. We find no significant 

effects on new users’ consumption and engagement behavior or on their consumption diversity. For inactive 

users (those who have been inactive for more than four weeks), the new algorithm only decreased their 

consumption level without affecting their engagement level or consumption diversity. However, for active 

users, the new algorithm effectively boosted their consumption diversity—a 1% increase in 

recommendation diversity led to a 0.55% increase in the consumption diversity—without hurting their 

consumption and engagement levels. These results suggest that, while the trade-off between consumption 

and diversity exists on average, higher recommendation diversity can effectively mitigate the filter-bubble 

problem for active users, who contribute the most viewing time and revenue to the platform, without 

sacrificing important performance metrics.  

We further explore what drives the positive reactions of active users. Our results reveal that, for 

only the users who spend significant time on the platform and also click on a large number of videos, 

consumption diversity would increase without hurting their consumption and engagement levels. 

Interestingly, for active users who spend a lot of time on the platform but view only a few (long) videos, 

the increased recommendation diversity did not increase their consumption diversity but did lower their 

video clicks, view time, and number of likes and comments left. This result implies that two conditions are 

crucial for improving the effectiveness of recommendation diversity: (1) when users highly value the 

platform, and (2) when the company well understands individual consumption preferences through users’ 

click data. 

Our research has direct practical impact: based on our findings, NCM updated its algorithm by 

increasing recommendation diversity to active users. The updated algorithm is used to serve millions of 

customers daily and has significantly increased users’ consumption diversity and consumption level. 
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Our research builds on marketing and computer science literature that studies the social and 

economic impacts of algorithmic recommendations, including political affiliations (e.g., Bakshy et al. 2015, 

Huszár et al. 2022, Ribeiro et al. 2020), product purchase (e.g., Fleder and Hosanagar 2009, Ghose et al. 

2014, Lee and Hosanagar 2019, Song 2021), and media consumption (e.g., Berman and Katona 2020, Holtz 

et al. 2020, Hosanagar et al. 2014, Moehring 2022, Zhou et al. 2010). Our paper contributes to the emerging 

literature on how diversification of personalized algorithmic recommendations affects the level and 

diversity of users’ digital consumption.  

Previous studies mainly compare a personalized recommender algorithm with a less-efficient 

recommender algorithm, such as popularity-based (Holtz et al. 2020), time-based (Dujeancourt et al. 2022), 

and human recommendations (Claussen et al. 2019), which are not commonly used by social media 

platforms nowadays. It has been documented that personalized algorithmic recommendations lead to a 

higher consumption level. For example, using observational data from an online music service, Hosanagar 

et al. (2014) found that consumers purchased more songs after receiving personalized recommendations. 

Claussen et al. (2019) conducted a field experiment on a major German news website and found that 

personalized algorithmic recommendations generated more user clicks than blanket recommendations from 

human editors when the algorithm had collected sufficient data on users' browsing history. Holtz et al. 

(2020) also showed through an online field experiment on Spotify that consumers significantly increased 

podcast streams if the platform replaced popularity-based recommendations with personalized 

recommendations. At the same time, personalized recommendations can polarize user consumption and 

trap users in their filter bubbles.  For example, Claussen et al. (2019) and Holtz et al. (2020) found that 

personalization decreased users’ consumption diversity measured by the HHI and Shannon entropy of 

consumed topics. They further demonstrated that the declining effect could spread to users’ consumption 

in other nonpersonalized sections or organic search on the same platform. Anderson et al. (2020) also ran 

a field experiment on Spotify and found personalized recommendations performed better for users with 

lower consumption diversity. Contrary to the prior literature, we demonstrate that making a state-of-the-art 

recommender system more diversified could affect users’ consumption level and consumption diversity. 
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We believe our findings are important because platforms that want to improve their recommendation 

diversity are more likely to adjust their existing algorithms instead of using a nonpersonalized algorithm. 

Our field experiment demonstrates that the modification from the existing algorithm is easy and fast.  

Our research also contributes to the literature on recommendation diversification in computer 

science. Since Bradley and Smyth (2001) first introduced diversification into recommender systems, a large 

body of research on recommendation diversity has emerged in computer science (Kaminskas and Bridge 

2016, Kunaver and Požrl 2017). Most studies focus on measuring the diversity of recommendations (e.g., 

Clarke et al. 2008, Fleder and Hosanagar 2009, Vargas et al. 2014, Vargas and Castells 2011), evaluating 

the effects of diversification on recommendation accuracy and consumer satisfaction (e.g., Adomavicius 

and Kwon 2011a, Ekstrand et al. 2014, Hurley and Zhang 2011, Javari and Jalili 2015), and improving 

diversification algorithms (e.g., Adomavicius and Kwon 2011b, Vaishnavi et al. 2013, Ziegler et al. 2005). 

We extend this literature in two ways. First, unlike the previous studies that are based on correlational 

analysis or surveys, we study the causal effects through a real-world field experiment. Second, we explore 

how consumers may respond differently to the recommendation diversification.  

Finally, our paper provides important practical value for practitioners. First, our results guarantee 

external validity through a large-scale, randomized field experiment involving hundreds of millions of 

platform users. Second, since our experiments were implemented in a personalized recommender system 

currently used in practice, other digital platforms could easily modify the design and incorporate the 

changes into their own recommender system. Third, we provide suggestions for platforms on how to lift 

users’ consumption diversity without hurting important performance metrics for the business. Specifically, 

platforms should increase the recommendation diversity for heavy users whose preferences are also well 

understood by recommender algorithms. By contrast, for new and inactive users, the platform should be 

cautious in diversifying recommendations. With little knowledge about these users’ preferences, adopting 

a more conservative strategy could help platforms collect more information about their consumption 

preferences, which can be used for the diversification of recommendations in the future.  
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2. Field Setting and Experimental Design 

NCM had over 800 million users through 2019 and 181.9 million monthly active users6 in the first half of 

2022. Almost all users access NCM services through its mobile app. This app has a main tab called the 

Cloud Village, where users can watch music-related videos created by the platform’s users and 

recommended by the platform’s algorithm (Figure 1, left panel). NCM categorizes each video into one of 

about 80 topics: music sharing, film mashup, instrumental performance, dancing, and so on. As on other 

social media platforms, users who watch a video can like, comment on, and share the video (Figure 1, right 

panel).  We implemented our experiment in this Cloud Village.  

 

Figure 1. The Cloud Village Tab (left) and a Music-Related Video (right) 

2.1. The Current Personalized Recommender System  

The personalized, deep-learning recommender system used by NCM is standard in the industry. Every time 

a user visits the tab, the system receives a query and will recommend a fixed number of videos from the 

millions contained in its video pool. The selection algorithm consists of three stages: (1) Retrieval, (2) 

Ranking, and (3) Re-ranking (see Figure 2 for a simplified example). 

 
6 https://ir.netease.com/static-files/a1d0942b-2362-49b1-b88e-ab14f7c8359e and   
https://www1.hkexnews.hk/listedco/listconews/sehk/2022/0922/2022092200787.pdf  
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(1) Retrieval: For a user, the platform uses multiple strategies to retrieve X (around 500 to 10,000) 

videos from the video pool. The most common strategy is the user-to-item (u2i) model, which 

accounts for about 40% of video retrievals. Each video candidate (or the user) is represented by an 

embedding that is pretrained based on the video’s features (or the user’s historical activities on the 

platform). The model calculates the distance between the user and each video by passing a sigmoid 

function of the dot product of user and video embeddings and selects videos with close distances. 

Such videos are usually from topics the user has clicked on or from a creator the user has liked. 

Other strategies include cold-start (~20%), item-to-item model (~10%), video popularity (~5%), 

and hot events (~5%).   

(2) Ranking: An algorithm then ranks these X videos by their predicted match value with the user and 

passes a list of top Y (around 100 to 300) videos to the next stage. To predict the match value, the 

algorithm first trains several deep neural networks to predict the user’s behaviors, such as the 

probability to click or to share and how long the user will watch the video, using the user’s and the 

video’s features. The algorithm then calculates the match value as a function of these predictions. 

Note that the algorithm may rank a popular video very high even though the user has not seen it 

before. 

(3) Re-ranking: Another algorithm then re-ranks the Y videos to decide which Z (around 10 to 20) 

videos to recommend and the listing order. The algorithm first uses deep neural networks to re-

predict the match value, adding more complex user-video features, and to re-rank the videos. This 

step aims to improve the prediction accuracy while saving computational resources by focusing 

only on a small set of high-value videos. Next, other strategies, including adding advertisements 

on certain blocks (like every seventh video), list optimization, and the focus of our paper, content 

diversification, will be considered. For platforms such as NCM, content diversification helps users 

to explore new interests and avoid boredom, which can increase user consumption in the long run. 

The algorithm adjusts the diversity level of videos through a parameter called window size (denoted 

as S). The larger the window size, the more likely the user will be recommended more diversified 
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videos.7 Specifically, the algorithm first picks the video with the highest match value. For the 

second recommended video, the algorithm chooses (from the remaining top S videos) the most 

different video compared with the first one based on the topic, creator, and other characteristics. 

For the third recommended video, the algorithm will choose (from the remaining top S videos) the 

one that is most different from the first and second videos. This process will continue until Z videos 

are selected, which will be recommended to the user in order.  

If, after viewing the Z recommendations, the user continues to swipe up, the algorithm will remove all 

previously recommended videos from the pool and repeat the three stages outlined above.  

  

 
7 Online Appendix A illustrates why setting a larger window size can effectively increase the content diversity of 
recommendations. We randomly select a Cloud Village user and simulate the algorithm’s recommendations to her 
query. We ask the algorithm to retrieve 400 videos, select 50 top-ranked videos, and re-rank the 50 videos using 
window size 5 or 30. We show that the recommendations under window size 5 are less diversified than under 30.  
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Figure 2 The Current Personalized Recommender System of the Cloud Village: A Simplified Example 
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2.2. The Experimental Setting  

We conducted a large-scale field experiment for 14 weeks from December 22, 2021, to March 29, 2022, 

randomly sampling 10 million users who visited the Cloud Village at least once during the experiment. 

Upon the arrival of users, we randomly assigned around 3% to the treatment group and the remaining 97% 

to the control group, based on a hash function of their user IDs. 

Users in the control group were recommended by the original recommender system, in which the 

window size is 5 for users who have clicked on videos in the past 30 days, and 15 otherwise.  The rationale 

of the platform is that the match value is better predicted for active users with more behavioral data, hence 

a smaller window size will boost consumption and engagement. In contrast, the prediction for new and 

inactive users is much less accurate, thus a larger window size could increase the probability that a user 

will see a video of interest. For users in the treatment group, we modified the algorithm by increasing the 

window size in the re-ranking stage to 30 for both types of users. This directly increased the likelihood of 

recommending different content. Recommendation diversity can be increased in other ways as well, such 

as including additional diverse retrieval sources or changing the ranking procedure, but the implementation 

would be more complicated and would depend on platforms’ existing recommendation strategies.  

 

3.  Data 

We divide our data into three periods: (1) the four-week pre-experiment period, November 19 to December 

16, 2021; (2) the implementation period,8  December 17 to December 21, 2021; and (3) the 14-week 

experiment period,9 December 22, 2021, to March 29, 2022. We use the pre-experiment data to conduct 

randomization checks and classify users, and we use the experiment data to conduct manipulation checks 

and estimate the causal effects of recommendation diversity.  

 
8 NCM increased the window size of treatment-group users to 15	on December 17, 2021, then further increased it to 
30 on December 21, 2021.  
9 In Online Appendix B, we fold the implementation period into the experiment period and report the qualitatively 
consistent results. 
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We collected users’ demographic information, including their app registration date, gender, and 

age. We tracked their weekly activities in the Cloud Village, such as whether they visited the Village, 

whether they clicked on at least one video and, if so, how long they watched them, and whether they liked, 

commented on, or shared them. We also tracked which videos have been recommended to users. Consistent 

with the literature (Claussen et al. 2019, Holtz et al. 2020), we collected the topic of each video and used 

three indices to measure the content diversity of videos recommended to or watched by users: the number 

of unique video topics (𝑛𝑢𝑚_𝑡𝑜𝑝𝑖𝑐!"), the HHI of video topics (𝐻𝐻𝐼_𝑡𝑜𝑝𝑖𝑐!"), and the Shannon entropy of 

video topics (𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑡𝑜𝑝𝑖𝑐!"). The latter two are defined as follows: 

 
𝐻𝐻𝐼_𝑡𝑜𝑝𝑖𝑐!" = 0 𝑠#$

%&'_")*!+!"

#,-

  (1) 

 
𝐸𝑛𝑡𝑟𝑜𝑝𝑦_𝑡𝑜𝑝𝑖𝑐𝑠!" = − 0 𝑠# ⋅𝑙𝑛	:𝑠#;

%&'_")*!+!"

#,-

	  (2) 

where 𝑛𝑢𝑚_𝑡𝑜𝑝𝑖𝑐!"	indicates the number of unique topics user i was recommended or consumed in week 

t, and 𝑠# 	(∈ (0,1]) indicates the share of videos of topic 𝑗. The content diversity increases as the number of 

topics increases, the HHI decreases, and Shannon entropy increases. Based on Van Dam (2019), the 

concept of diversity includes not only the “variety” dimension (i.e., the total number of categories in the 

taxonomy) but also the “balance” dimension (i.e., the distribution of elements across categories). Thus, the 

HHI and Shannon entropy are more comprehensive indicators of content diversity because they also 

consider how evenly distributed the recommended or consumed videos are across topics.  

Table 1 presents the description and summary statistics of the three indices of content diversity, as 

well as other variables that we will use in the analysis.  
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As a randomization check, we compare the demographics and pre-experiment recommendation 

diversity and activities between the treatment and control groups using regressions (see Tables 2 and 3; the 

regression specifications are in Online Appendix C). None of the coefficients for Treatment are statistically 

significant; thus, we conclude that there are no significant differences between the two groups.   
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 In manipulation checks, we compare the recommendation diversity between the treatment and 

control groups during the experiment period. Results are in Table 4. In each week, treated users were 

recommended on average 8.316 topics compared to control users (8.196 topics), a 1.47% increase. The HHI 

(entropy) of recommended videos for treatment users also significantly decreased (increased) by 2.33% 

(1.02%), on a base of 0.176 (1.891). The changes are all statistically significant.  
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4.  Results 

In this section, we first report the main effects of recommendation diversity on users’ consumption 

behaviors, including the diversity of consumed topics and the level of consumption and engagement. We 

then investigate how the effects differ across new, inactive, and active users. 

4.1. The Main Effects  

To identify the causal effects of algorithmic recommendation diversity, we estimate the following 

regression model: 

 𝑂𝑢𝑡𝑐𝑜𝑚𝑒	𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒!" = 𝛽- ⋅ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! + 𝑢" + 𝑒!"  (3) 

where 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! is an indicator variable equal to 1 if user i is in the treatment group, and 0 otherwise, 

and 𝑢" represents the week fixed effects. Finally, the error term 𝑒!" is clustered at the individual level.  

For 𝑂𝑢𝑡𝑐𝑜𝑚𝑒	𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒!" , we first measure the consumption diversity using three metrics: the 

number (𝑛𝑢𝑚_𝑐𝑙𝑖𝑐𝑘𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!"), the HHI (𝐻𝐻𝐼_𝑐𝑙𝑖𝑐𝑘𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!"), and entropy (𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑐𝑙𝑖𝑐𝑘𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!") 

of all video topics the user clicked on in the week.10 Table 5(a) shows mixed regression results. While 

higher recommendation diversity significantly encouraged treated users to click on 0.181 more topics 

(3.24%, p = 0.0223), the effect based on entropy is only marginally significant (p = 0.0551), and the effect 

based on the HHI is insignificant (p = 0.3040). The HHI and entropy are better diversity metrics because 

 
10 We consider only the weeks when the user had clicked at least once in the Cloud Village; this involves 1,084,228 
(10.84%) of the sampled 10 million users.  
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they measure how much share of each topic has changed; therefore, we conclude that there is no clear 

evidence suggesting that recommendation diversity helps increase users’ consumption diversity. 

We then investigate how the recommendation diversity affects users’ consumption level, which is 

measured by whether the user visits the Cloud Village in a week (𝑣𝑖𝑠𝑖𝑡!"), the number of days in which the 

user clicks at least once (𝑓𝑟𝑒𝑞_𝑐𝑙𝑖𝑐𝑘!"), the number of clicks on recommended videos (𝑛𝑢𝑚_𝑐𝑙𝑖𝑐𝑘!"), and 

the number of minutes of watching videos (𝑣𝑖𝑒𝑤_𝑚𝑖𝑛!"). We define clicks in this context as effective clicks, 

meaning that a user watched a video for at least five seconds. The measure is used by NCM to ensure that 

they do not count users’ accidental video clicks. We also investigate the effect on the level of engagement, 

measured by the number of likes (𝑛𝑢𝑚_𝑙𝑖𝑘𝑒!"), comments (𝑛𝑢𝑚_𝑐𝑜𝑚𝑚𝑒𝑛𝑡!"), and shares (𝑛𝑢𝑚_𝑠ℎ𝑎𝑟𝑒!") 

the user makes in the week.  

Table 5(b) shows that, while there are no significant effects on most of the outcome variables, the 

higher recommendation diversity for treatment users significantly lowered their weekly clicking frequency 

by 3.08% (p = 0.0144) on a base of 0.0022. This translates to the elasticity that a 1% decrease in the 

recommendation HHI leads to a 1.32% drop in clicking frequency. The result is consistent with the concerns 

of social media platforms that more diversified recommendations could lower users’ consumption level.  

 

4.2. Heterogeneous Responses Across Users 
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In this subsection, we investigate whether the responses to recommendation diversity are the same across 

different types of users. We divide users into three groups: new (5.10%), inactive (91.42%), and active 

(3.48%). We define new users as those having not registered on the NCM app before the experiment started. 

They accounted for 3.42% of the total view time during the experiment. We define the remaining users as 

inactive (those who viewed no video during the pre-experiment period) and active (those who viewed at 

least one video during the period). Despite being the smallest group, active users accounted for the most 

view time (54.66%) during the experiment. In contrast, inactive users accounted for only 41.92% of the 

view time. We explore how higher recommendation diversity affects these three user groups.  

4.2.1. New Users 

Table 6(a) tests the manipulation effect on new users, confirming that our new algorithm significantly 

increased the recommendation diversity to the treated new users. Every week when they visited the Cloud 

Village, they were recommended 0.156 more topics (p = 0.0037, a 1.81% increase) than control users, 

facing a 2.21% (p < 0.0001) decrease in the HHI and a 1.02% (p < 0.0001) increase in entropy of 

recommended video topics.  

Tables 6(b) and 6(c) indicate that the increase in recommendation diversity has no significant 

effects on the consumption diversity or the consumption and engagement levels. The results are not 

surprising: given that the platform has little information about new users’ preferences, its algorithm cannot 

accurately predict the match value in the video selection stages. As such, increasing the window size for 

new users in our experiment should not have significant effects on their consumption and engagement 

behaviors. 
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4.2.2. Inactive Users  

For inactive users, Table 7(a) confirms that our treatment effectively increased recommendation diversity.11 

Table 7(b) shows that these users did not change their consumption diversity after being exposed to more 

diversified recommendations. In contrast, Table 7(c) shows that the treated users significantly reduced their 

clicks of videos by 5.59% (on a base of 0.0015, p < 0.0001). Combined with the results in Table 7(a), we 

find that a 1% decrease in recommendation HHI translates to a 2.60% drop in the clicking frequency.12 The 

result implies that recommendation accuracy is crucial for keeping inactive users engaged. Inactive users 

might value the videos on the platform less, which explains why they have not watched videos in the Cloud 

Village for a long time. Consequently, a more diversified but less accurate recommender system could 

annoy them and reduce their consumption level.  

 
11 In Online Appendix D, we also find that the manipulation effects increased monotonically over time, which could 
imply the self-reinforcement of a diversity-enhanced recommender system.  
12 We also examined how higher recommendation diversity affected inactive users over time. The results show that 
the negative impacts on inactive users’ clicking frequency first increased and then decreased as the experiment 
proceeded (see more detailed analysis in Online Appendix D). 
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4.2.3. Active Users 

Unlike new and inactive users, active users reacted positively to our new, more diversified recommender 

system. Table 8(a) shows that the experiment significantly decreased the HHI of recommendations13 by 

5.17% (p < 0.0001) for treated users on a base of 0.161. Regarding their responses, Table 8(b) shows that 

the HHI of clicked topics decreased by 2.85% from a base of 0.415 (p = 0.0100). Combined with the result 

in Table 8(a), the corresponding consumption diversity elasticity in response to the change in 

recommendation diversity is 0.55 in HHI.14 The significant change in consumption HHI suggests that active 

users not only expand their topic variety but also balance more between their familiar and unfamiliar topics 

when facing more diversified recommendations. In contrast, we find no significant changes in active users’ 

consumption and engagement levels. Overall, the results imply that strengthening recommendation 

 
13 The number of recommended topics increased by 0.330 (p = 0.0047), equivalent to a 2.64% increase. The entropy 
of recommended topics increased by 1.94% (p < 0.0001), on a base of 2.084.  
14 The elasticity for the number of clicked topics is 2.10 and the elasticity for entropy is 1.56. We also find that 
treated active users monotonically increased their consumption diversity over time (see Online Appendix D), which 
implies that a more diversified recommender system could induce a positive long-term effect for active users. 
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diversity helps increase active users’ consumption diversity without hurting their important performance 

metrics that social media platforms are concerned about.  

 

4.3. NCM’s Follow-up Experiment 

Inspired by our results, NCM followed up by running a similar internal field experiment that lasted two 

weeks. The modified recommender system increased the window size to 15 for active users and reduced it 

to 1 for the others (see Online Appendix E for more details). We find that the new diversified 

recommendations encouraged active users to consume 3.87% more topics per week (p = 0.0002) and 

increased their consumption diversity in the HHI by 2.42% (p = 0.0002). Interestingly, we also find that 

active users’ number of videos clicked and viewing time also significantly increased.15  

Encouraged by these results, NCM permanently modified its recommender system based on our 

suggestions. The window size for active users has increased to 15 (from the original five). Though we 

 
15 Table 8(c) also shows similar positive effects on the number of videos clicked and total viewing time, though the 
effects are not statistically significant. The stronger effects on the consumption level in the new experiment is 
probably due to the difference in the window-size manipulation of the two experiments. NCM believed the window 
size in our experiment was too large, and they chose a smaller one. 
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cannot determine the causal effects of this change—since there are no randomized treatment and control 

groups—the management revealed to us that they have seen positive responses from active users after the 

implementation, just as our field experiment showed. 

 

5. Possible Mechanisms  

There could be two underlying mechanisms that cause more recommendation diversity leading to more 

consumption diversity for active users. One, compared with other users, active users, who visit the village 

more often, tend to have a higher valuation of watching videos and hence are more tolerant to videos with 

diversified topics. This reason can also explain why inactive users’ consumption diversity is not affected 

by recommendation diversity. Two, since active users have watched more videos in the past, the platform 

has collected much more information on their viewing preferences. As such, the algorithm can better predict 

the match value and, therefore, the modified recommender system can more successfully recommend other 

topics they would like to watch. This explanation is consistent with the result that new users in our treatment 

group did not increase their consumption diversity.  

To test these two mechanisms, we divide the active users into four segments. Considering the small 

sample size of active users (just 348,172 of the 10 million users in our sample), we randomly resampled 2 

million active users who visited the Cloud Village during the experiment for our analysis. We use the total 

view time during the pre-experiment period to measure active users’ valuation of the Cloud Village, and 

we apply the 80-20 rule. Users who spent at least 10.42 minutes (80% quantile among active users) 

watching videos are defined as high-valuation users, and the others are low-valuation users. To measure 

how accurate the algorithm can predict the match value of videos for a user, we use users’ total number of 

clicks in the pre-experiment period. As a user clicks more videos, the algorithm gathers more information 

about what videos the user likes and learns more about her preferences. Therefore, we classify users with 

at least 11 clicks (80% quantile among active users) in the pre-experiment period as high-accuracy users 
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and the others as low-accuracy users.16 Figure 3 shows the four user segments: high-valuation, high-

accuracy (17.64%), high-valuation, low-accuracy (2.36%), low-valuation, high-accuracy (2.73%), and 

low-valuation, low-accuracy (77.27%).  

 

Figure 3. Segmenting Active Users Based on Consumer Valuation and the Algorithm’s Prediction Accuracy 

Table 9 summarizes the separate estimation results for the four user segments.17 Facing more 

diversified recommendations, Table 9(b) shows that high-valuation, high-accuracy users significantly 

increased their consumption diversity. For example, a 1% decrease in recommendation HHI led to a 0.29% 

(p < 0.0001) decrease in consumption HHI. Low-valuation, high-accuracy users also marginally reduced 

their consumption HHI and increased their consumption entropy. There are no effects on the consumption 

 
16 We also consider using the total number of impressions a user had received in the pre-experiment period to measure 
the algorithm’s prediction accuracy. In Online Appendix F, we use both click number and impression number during 
the pre-experiment period to predict a user’s click-through rate (i.e., the number of clicks divided by the number of 
impressions) in the first week of the experiment. We find that the click number has a stronger predicting power in 
terms of R square (0.1390 vs. 0.0164). Besides, based on feedback from NCM’s data analysts, number of impressions 
is a noisy information about the user preference because (1) users may unintentionally click into the Cloud Village, 
and (2) they could be exposed to a lot of recommended videos in the Village even though they are not interested in 
the videos. Therefore, we choose the click number as the proxy for prediction accuracy. 
17 Online Appendix G lists more detailed regression results for the four segments. 
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diversity of low-accuracy users. The results suggest that the prediction accuracy of the recommender system 

is key for increasing the consumption diversity of users. 

In contrast, Table 9(c) shows that the increased recommendation diversity significantly reduced the 

clicking frequency for low-valuation, low-accuracy users. Moreover, higher recommendation diversity 

reduced the clicking frequency, total viewing time, and the number of likes and comments of high-valuation, 

low-accuracy users. The results imply that, if the algorithm cannot correctly predict their video preferences, 

high-valuation users would not only ignore recommendations on diversified topics but also significantly 

reduce their consumption and engagement levels.18 Interestingly, although low-valuation, high-accuracy 

users in the treatment group consumed more diversified videos, they also significantly reduced the visit 

probability and marginally reduced the number of comments they left. For high-valuation, high-accuracy 

users only, the effects on the consumption and engagement levels are not significant.19 Overall, the results 

show that both high valuation of videos by users and high prediction accuracy from the algorithm are 

required to avoid the negative impacts of increased recommendation diversity on users’ consumption and 

engagement levels.  

 

 

 
18 The effects are less negative for low-valuation, low-accuracy users probably because they have a much lower 
starting point. 
19 The effect on the number of shares is marginally negative. This is probably because, although these users are 
likely to watch the diversified topics recommended by the platform, they will not share knowing that their peers who 
have the same tastes may not appreciate these topics. 



 23 

 

There could be other alternative mechanisms. For example, as documented by Hu and Pu (2011), 

users’ perceived diversity may differ from the algorithm’s designed diversity level. Compared to active 

users, new and inactive users may be less sensitive to the increase in recommendation diversity. However, 

given that our algorithm has significantly increased the diversity of recommendations for these users, they 

should have consumed more diversely if they did not perceive the algorithm change. Since neither new nor 

inactive users changed their consumption diversity, we can rule out this alternative explanation.  

 

6.  Conclusion 

We conducted a field experiment with NCM to evaluate the effects of content diversity in algorithmic 

recommendations on social media users’ consumption diversity, as well as on their consumption and 
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engagement levels. Our results show that the increased recommendation diversity, on average, did not have 

a strong effect on consumption diversity but reduced consumption level. The effects, however, differ across 

new, inactive, and active users. New users were not affected by the increased recommendation diversity, 

and inactive users reduced only clicks on videos without changing their consumption diversity or 

engagement level. In contrast, active users, who contribute most to the platform’s viewing time, not only 

maintained their consumption and engagement levels but also increased their consumption diversity when 

facing more diversified recommendations. We further explore the possible mechanisms for the positive 

responses from active users. We find that they increase consumption diversity only if their preferences are 

well understood by the platform, and that their consumption level will not be hurt if they also highly value 

the platform’s videos.  

Our findings suggest a recommendation strategy for social media platforms like NCM. For new 

and inactive users, platforms should set a lower level of diversity to help ensure recommendation accuracy. 

By enticing these users visit and consume content, the recommender system can learn their preferences 

over time. After these users grow into high-valuation users and the recommender algorithm has well learned 

their preferences, platforms can increase the diversity of recommendations. This way, while helping users 

get out of their social media bubbles, platforms can also explore users’ interests, which will improve long-

term profits. 

Our research also has important implications for policymakers. First, we demonstrate that it is 

possible for platforms to push for more diverse consumption of digital content. Second, we shed light on 

the intersection between public policy about user data privacy and diversified consumption. To encourage 

users to consume more diversified content on digital platforms, platforms need to understand users’ 

consumption preferences; otherwise users would ignore the broader recommended contents and stay in their 

social media bubbles. Therefore, limiting digital platforms’ use of individual data might block a way for 

users to explore new content and embrace more diversity. This insight points to a complicated trade-off for 

regulators who seek to block platforms from using individual users’ browsing and clicking data. 
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 Our paper has several limitations that should be addressed by future research. First, we conducted 

our experiment on a video-based social media platform. It would be interesting to extend our results to other 

text-based or photo-based social media platforms. Second, our experiment was built directly on the 

platform’s cutting-edge recommender system, which could underestimate the treatment effect due to 

spillovers. Specifically, when we increased the recommendation diversity for treated users, the 

recommended videos would get more impressions and usually receive more clicks and likes. This process 

can affect the control group, since the algorithm may increase the recommendation of these videos. Because 

only 3% of users were assigned to the treatment group, we believe the spillover is limited. Investigating the 

dynamic spillover effects on algorithm recommendations when a platform widely adopts the increase in 

recommendation diversity is important for future researchers. Third, while we focus on one particular way 

of improving recommendation diversity, it would also be interesting to study how other ways of modifying 

existing recommender systems to increase diversity could affect users’ behavior. Finally, consumer 

valuation and the algorithm’s prediction accuracy are only two possible mechanisms for explaining the 

heterogeneous responses among users. Other potential mechanisms should also be explored in the future.  
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Online Appendix: The Effects of Diversity in Algorithmic Recommendations 

on Digital Content Consumption: A Field Experiment 

 

Appendix A: An Example of Algorithmic Recommendations Under Different Window Sizes  

We randomly select a Cloud Village user and simulate the algorithm’s recommendations for her one query. 

To illustrate why increasing window size can effectively increase the content diversity of recommendations, 

we ask the recommender algorithm20 to retrieve 400 videos, select 50 top-ranked videos based on their 

predicted match value to the user, and re-rank the 50 videos using window size 5 or 30.  

Table A1 shows the relationship between the number of recommended videos and the topic 

diversity of recommendations in the ranking stage and re-ranking stage with different window sizes.21 First, 

in the ranking stage (red line), as the algorithm recommends more videos to the user, the diversity of 

recommendations overall increases in terms of topic number, the HHI of topics, and Shannon entropy of 

topics. It implies that the recommender system can retrieve more diverse and unfamiliar video topics for 

the user, despite giving these videos a lower ranking. Therefore, when we expand the window size, the re-

ranking algorithm is more likely to include these more diverse videos in the consideration set and 

recommend them to the user. To further prove this point, we compare the algorithm’s final 

recommendations after it re-ranks videos using the window size of 5 (blue line) and 30 (orange line). 

Conditional on recommending the same number of videos, the algorithm under window size 30 indeed 

selects more diverse videos.22 For example, suppose the algorithm recommends 10 videos to a user per 

request. Under window size 5, the algorithm recommends five different topics with an HHI of 0.32 and 

 
20 For simplicity, here we incorporate the re-prediction of user-video match values in the Ranking stage and emphasize 
only the window-size change in the Re-ranking stage.  
21 We assume the algorithm recommends at most 30 videos per user query, which is consistent with the setting in 
NCM’s recommender system.  
22 In this example, the recommendation diversity under two window sizes is the same when the algorithm recommends 
four or fewer videos to the user. In reality, the recommender algorithm recommends far more than four videos per 
user query.	
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Shannon entropy of 1.36. By contrast, under window size 30, the algorithm recommends 10 different topics 

with an HHI of 0.10 and Shannon entropy of 2.30. Therefore, we confirm that a larger window size 

effectively increases the content diversity of recommendations in the Cloud Village.  
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Appendix B: Treatment Effect Estimation by Including the Experiment Implementation 

Period in the Experiment Period  

We show that the estimation effects are qualitatively consistent if we include the experiment 

implementation period in the experiment period. Specifically, we split the data into two periods: (1) the 

pre-experiment period, which comprises the four weeks before the experiment started (November 19 to 

December 16, 2021), and (2) the experiment period, totaling 14 weeks after December 17, 2021 (December 

18, 2021, to March 25, 2022). Among the sampled 10 million users, we filter 9,821,061 users who had 

visited the Cloud Village during the experiment period, including 485,152 (4.94%) new users, 8,989,773 

(91.54%) inactive users, and 346,136 (3.52%) active users.23 Table B1 shows the description and summary 

statistics of regression variables. 

 
23 In total, 9,821,066 users visited the Cloud Village during the experiment period. We removed five users who had 
received recommendations before the registration date. 
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As Tables B2 and B3 show, the randomization check also passes, since there is no significant 

difference between treatment and control users in their demographics, pre-experiment recommendation 

diversity, or pre-experiment activities.  
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Table B4 shows the main effects of recommendation diversity on users’ consumption behavior. 

Consistent with the results in Section 4.1, despite 2.27% (p < 0.0001) increased recommendation diversity 

in the HHI, we find no clear evidence suggesting that our new algorithm increased users’ consumption 

diversity. While higher recommendation diversity significantly encouraged treated users to click on 0.177 

more topics (3.16%, p = 0.0260), the effect based on entropy is only marginally significant (p = 0.0617), 

and the effect based on the HHI is insignificant (p = 0.3320). However, higher recommendation diversity 

significantly reduced users’ clicking frequency by 2.99% (p = 0.0184).  



 33 

 

Regarding the heterogeneous responses across users, Table B5 confirms that more recommendation 

diversity did not affect new users’ consumption diversity or consumption and engagement levels. Table B6 

shows that, facing 2.14% increased recommendation diversity in the HHI (p < 0.0001), inactive users 

significantly reduced their weekly clicking frequency by 5.51% (p < 0.0001) without consuming more 

diversely. A 1% decrease in the recommendation HHI translates into a 2.57% drop in inactive users’ 

clicking frequency. Table B7 also confirms that more recommendation diversity increased active users’ 

consumption diversity without hurting their level of consumption or engagement. A 5.00% (p < 0.0001) 

decrease in the recommendation HHI translated into a 2.30% (p = 0.0355) decrease in their consumption 

HHI. Therefore, all results are qualitatively consistent with Section 4.2.  
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Last, to confirm that the results of mechanism analysis are also consistent with Section 5, we keep 

the 1,988,668 active users24 who had visited the Cloud Village from December 18, 2021, to March 25, 2022. 

Following the analysis in the main paper, we classify these active users into four segments by their 80% 

quantile of view time (10.46 minutes) and clicking number (11) during the pre-experiment period: high-

valuation, high-accuracy (17.66%), high-valuation, low-accuracy (2.34%), low-valuation, high-accuracy 

(2.75%), and low-valuation, low-accuracy (77.25%). 

Tables B8–B11 show that the estimation results are qualitatively consistent with the main paper. 

For high-valuation, high-accuracy users only, higher recommendation diversity encouraged more diverse 

consumption without significantly hurting important performance metrics. The 8.79% decrease in the 

recommendation HHI led to a 2.65% decrease in the consumption HHI, translating into an elasticity of 0.30. 

For low-accuracy users, more diversified recommendations did not affect consumption diversity but 

 
24 In another words, we remove the active users in the 2 million sample who did not visit the Cloud Village before 
March 26, 2022.  
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significantly reduced performance metrics. Facing a 1% decrease in the recommendation HHI, high-

valuation, low-accuracy users clicked 2.10% less frequently, viewed 3.43% less time, and left 8.64% fewer 

likes and 11.01% fewer comments; low-valuation, low-accuracy users clicked 0.60% less frequently. For 

low-valuation, high-accuracy users, though higher recommendation diversity marginally lifted their 

consumption diversity with an elasticity of 0.61 in the HHI (p = 0.0595), it significantly reduced their 

visiting probability with an elasticity of 0.80 in the HHI (p = 0.0036).25 

 

 
25 The experiment significantly decreased the recommendation HHI by 5.75% for high-valuation, low-accuracy 
users, 4.01% for low-valuation, low-accuracy users, and 5.71% for low-valuation, high-accuracy users. 
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Appendix C: Regression Specifications for Randomization Check 

We compare treatment and control users’ demographics using the following regression specification: 

𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑠! = 𝛾- ⋅ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! + 𝜂!  (𝐶1) 

where 𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑠! ∈ {𝑛𝑒𝑤	𝑢𝑠𝑒𝑟! , 𝑛𝑢𝑚_𝑟𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑒𝑑	𝑚𝑜𝑛𝑡ℎ! , 𝑚𝑎𝑙𝑒! , 𝑎𝑔𝑒!}  is detailed later. 

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! is an indicator variable equal to 1 if user i is in the treatment group, and 0 otherwise. 𝜂! is the 

individual-specific error term. We define new users as those who registered on the app after the pre-

experiment period (𝑛𝑒𝑤	𝑢𝑠𝑒𝑟!), and we calculate each user i’s number of registered months till the end of 

the experiment (𝑛𝑢𝑚_𝑟𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑒𝑑	𝑚𝑜𝑛𝑡ℎ!). Each user i’s age and gender are predicted by a well-trained, 

supervised, deep-learning model built by NCM. 𝑚𝑎𝑙𝑒!  is 1 if the user is predicted to be male and 0 

otherwise.  

For users who had registered before the experiment implementation period, we also checked 

whether the treatment and control groups were recommended videos of different diversity levels or behaved 

differently during the pre-experiment period. The regression model is specified as follows: 

𝑂𝑢𝑡𝑐𝑜𝑚𝑒	𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒!" = 𝜆- ⋅ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! + 𝜃" + 𝜏!" ,  (𝐶2) 

where 𝑂𝑢𝑡𝑐𝑜𝑚𝑒	𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒!"  for user i in week t is detailed later.  𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!  is a binary variable 

indicating whether user i was in the treatment (vs. control) condition. 𝜃" represents the week fixed effects, 

and the error term 𝜏!" is clustered at the individual level.  

The outcome variables consist of three sets of measures: the topic diversity of recommended videos 

when user i visited the Cloud Village in week t including the number (𝑛𝑢𝑚_𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!"), the 

HHI ( 𝐻𝐻𝐼_𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!" ), and the Shannon entropy of recommended video topics 

(𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!"); user i’s consumption diversity when she clicked on videos in week t 

including the number (𝑛𝑢𝑚_𝑐𝑙𝑖𝑐𝑘𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!"), the HHI (𝐻𝐻𝐼_𝑐𝑙𝑖𝑐𝑘𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!"), and the Shannon entropy 

of clicked video topics (𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑐𝑙𝑖𝑐𝑘𝑒𝑑_𝑡𝑜𝑝𝑖𝑐!"); user i’s weekly consumption and engagement levels 

including whether the user visited the Cloud Village ( 𝑣𝑖𝑠𝑖𝑡!" ), the number of days having clicks 

(𝑓𝑟𝑒𝑞_𝑐𝑙𝑖𝑐𝑘!"), the number of clicks on recommended videos (𝑛𝑢𝑚_𝑐𝑙𝑖𝑐𝑘!"), the number of minutes spent 
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watching videos (𝑣𝑖𝑒𝑤_𝑚𝑖𝑛!"), and the numbers of likes (𝑛𝑢𝑚_𝑐𝑙𝑖𝑐𝑘!"), comments (𝑛𝑢𝑚_𝑐𝑜𝑚𝑚𝑒𝑛𝑡!"), 

and shares (𝑛𝑢𝑚_𝑠ℎ𝑎𝑟𝑒!") the user made. 
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Appendix D: Time-varying Treatment Effects for Inactive and Active Users 

To examine whether the effects of recommendation diversity vary over time, we divide the 14-week 

experiment periods into four months and estimate the treatment effects for inactive and active users in each 

month.26  

Table D1 summarizes the manipulation and treatment effects of recommendation diversity for 

inactive users over time. Consistent with the results in Section 4.2.2, there are no significant and clear 

effects on active users’ consumption diversity or engagement level. However, for their consumption level 

measured by the clicking frequency, we find that the negative impacts of recommendation diversity first 

increased then decreased as the experiment proceeded (see Table D1(c), column 2). Table D2 also shows 

the similar time trend for the elasticity of clicking frequency. Facing a 1% decrease in the recommendation 

HHI, inactive users reduced their clicking frequency by 2.30% in the first month of the experiment. They 

continued to click even less frequently until the third month. In the last month, though the effect was still 

negative, inactive users only lowered their clicking frequency by 1.56%. It seems that inactive users tended 

to get used to the algorithm change after three months of adaptation. 

For active users, as Table D3 shows, we still find no significant effects of recommendation diversity 

on their consumption or engagement levels. More importantly, we observe a monotonically increasing 

effect of recommendation diversity on their consumption diversity (see Table D3(b), column 2). In the first 

two months of the experiment, treated users did not significantly change their consumption diversity in the 

HHI; however, starting from the third month, they began to significantly and continuously increase their 

consumption diversity in the HHI. Table D4 further demonstrates that active users’ elasticity of 

consumption diversity gradually increased over time, from 0.41 in the first month to 0.79 in the last month.   

One more interesting phenomenon is that the manipulation effects for both inactive and active users 

also monotonically increased over time. For example, as shown in Tables D2(a) and D4(a), the algorithm 

recommended more and more diverse videos to treated users as the experiment proceeded. We conjecture 

 
26 Each of the first three months contains four weeks, and the last “month” contains two weeks.  
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that, though our experiment changed the algorithm only once, the recommender system could self-reinforce 

the effects and continuously improve diversification in the long run. Specifically, our diversity-enhanced 

algorithm for treatment users might recommend more niche videos to users and help these videos win more 

clicks and likes. Correspondingly, the recommender system would rank them higher in future 

recommendations and be more likely to recommend even more diverse videos to treatment users.  
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Appendix E: NCM’s Follow-up Experiment  

NCM ran a follow-up experiment to test the benefit of increasing active users’ recommendation diversity. 

The experiment lasted two weeks, from March 17 to March 30, 2022. Users of the control group received 

recommendations from the original recommender system, in which the window size was 5 for users who 

had clicked on videos in the past 30 days, and 15 otherwise. For the treatment group, NCM increased the 

window size to 15 for users who had clicked on videos in the past 30 days and decreased the window size 

to 1 for the other users. Consistent with our main analysis, we define active users as those who had watched 

videos four weeks before the experiment (i.e., from February 16 to March 15, 2022). Thus, active users of 

the treatment group would face higher recommendation diversity than those of the control group. We 

randomly sampled 1.5 million active users, and we show the experiment results in Table E1. The 

manipulation-check results confirm that treated active users were recommended 1.53% more video topics 

(p = 0.0005). Their recommendation HHI decreased by 3.16% (p < 0.0001) and their entropy increased by 

1.15% (p < 0.0001). 

Tables E1(b) and E1(c) show that the treatment significantly increased active users’ consumption 

diversity as well as their consumption level without hurting engagement level. Specifically, treated active 

users clicked on 0.36 more topics (p = 0.0002, a 3.87% increase), decreased their consumption HHI by 

2.42% (p = 0.0002), and increased their consumption entropy by 2.50% (p < 0.0001). Equivalently, a 1% 

decrease in the recommendation HHI led to a 0.77% decrease in the consumption HHI. Interestingly, active 

users in the treatment group also clicked on 0.59 more videos (p = 0.0210, a 6.62% increase) and spent 26 

more seconds watching videos (p = 0.0363, a 5.87% increase) every week, which implies that a 1% decrease 

in the recommendation HHI resulted in 2.09% more clicks and 1.86% longer viewing time.  

 



 47 

 

 

  



 48 

Appendix F: Comparing Two Measures of the Recommender Algorithm’s Prediction 

Accuracy 

We consider two possible indicators for measuring the algorithm’s familiarity with a user: the number of 

clicks and the number of impressions a user had during the pre-experiment period. To find the more accurate 

indicator, we tested which one could better predict a user’s future clicking-through rate. Specifically, among 

2 million active users, we selected 203,263 high-valuation users in the control group who spent at least 

10.42 minutes watching videos in the pre-experiment period and visited the Cloud Village in the first week 

of the experiment. Then we predicted their click-through rate (i.e., the number of clicks divided by the 

number of impressions) in the first experiment week by their standardized click (or impression) number 

during the pre-experiment period. Table F1 shows that the click number has a higher correlation with users’ 

future click-through rate than the impression number (0.0726 vs. 0.0250). Consistently, the click number 

better predicts the future click-through rate in terms of R square (0.1390 vs. 0.0164). Thus, we choose the 

click number as the proxy for the prediction accuracy.  
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Appendix G: Regression Tables for Each Segment of Active Users 
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