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Abstract 
Purpose: This study examines if the participation of live-stream influencers 
(LSIs) affects tipping frequency on live streaming platforms, and further 
investigate the mediating and moderating mechanisms.
Design/methodology/approach: Quasi-experiment and difference-in-differences 
models are employed for data analysis. Propensity score matching is used to address 
potential unobservable endogeneity. 
Findings: Real-time live streaming data reveal that LSIs’ participation significantly 
improves tipping frequency in live streaming rooms. Also, more users are attracted to 
the live streaming rooms and more users become active in participation. Additionally, 
the positive impact of LSIs’ participation is enhanced in the live streaming rooms 
with a greater number of relationship links between users. 
Research limitations/implications: The findings clarify the new role of 
influencers and reveal the mechanisms on how live-stream influencers benefit the 
platforms. Practical implications: The findings offer novel insights into 
implementing influencer marketing to interactive social media platforms, by 
encouraging influencer participation, user relationship building, and influencer 
network growth. Originality/value: This study highlights the value of live 
streaming influencers for interactive social media platforms in terms of organic 
growth, revenue generation, and cost reduction. 

Keywords: Live Streaming, Live-Stream Influencer, Tipping Frequency, Social 
Identity, Quasi-Experiment, Platform 
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1. Introduction  

Along with the rapid development of the digital economy, the entertainment live streaming 

industry in China has witnessed explosive growth in the past several years. By June 2021, the 

number of live streaming users in China has reached 638 million, accounting for 63.1% of the total 

number of Internet users (CNNIC, 2021). Live streaming has become a top entertainment choice 

for consumers as well as a preferred medium when consumers interact with others on smart devices 

(Wang, 2021). Those businesses hoping to take advantage of live streaming often cooperate with 

live-stream influencers (LSIs), the celebrity users on live streaming platforms who can bring traffic 

into live streaming sessions (Lin et al, 2021; Wang, 2021). Recent research showed that 

advertisements endorsed by LSIs can significantly elicit purchases. In the live streaming 

entertainment industry, one of the most important sources of profit is tipping, also called pay-what-

you-want (Lu et al., 2021). Live streaming users may choose to tip other users or businesses with 

virtual gifts purchased from live streaming platforms. Those users or businesses who receive 

virtual gifts can redeem the gifts to cash out from the platform. Can LSIs’ participation in live 

streaming improve immediate marketing outcomes, such as the amount of tips offered by living 

streaming users? The mechanisms driving tipping performance on live streaming platforms has 

not been empirically examined.  

Tipping behavior is an emerging topic associated with the rising platform business models. 

For example, online broadcaster characteristics has a strong impact on users’ tipping behavior (Hou 

et al., 2020). Based on room-level data on broadcasters’ emotions and tipping performance, Lin et 

el. (2021) found that a happier broadcaster makes the audience happier, attracts more viewers, and 
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receives more tips. The results mirror findings from an in-person selling perspective, showing that 

salespeople’s emotional facial expressions influence their actual sales (Bharadwaj et al., 2022). Lu 

et al. (2021) investigated the impact of audience size on users’ tipping behavior and found an 

inverted U-shaped relationship between audience size and the amount of tips. Extending previous 

findings in a single-broadcaster context to an interactive platform setting, we aim to address the 

above-mentioned research gap using a quasi-experiment approach. 

The rest of the paper proceeds as follows. After reviewing extant studies on live streaming, 

online celebrities, and the impact of influencers, we describe the hypotheses, empirical models, 

and data. Subsequently, we present the statistical results. Lastly, we conclude this study with 

highlighted research contributions and managerial implications for practitioners.  

 

2. Literature Review 

2.1 Live streaming and tipping behavior 

Live streaming, a form of video interaction enabled by Internet and mobile devices, is a new 

channel for businesses to interact with their customers and sell products in real-time (Hu et al., 

2017). As a type of live social network platform, the real-time video live streaming channels extend 

from online shopping live streaming to live interaction with broadcasters (Hu et al., 2017; Zhou et 

al., 2022). Compared with traditional online communities, live streaming augments the interactive 

experience by empowering users to participate in monetary (e.g., tips) and nonmonetary (e.g., text 

chat, voice chat, broadcasting) activities (Lin et al, 2021). Thus, businesses using live streaming 

benefit from increased social interaction (Zhou et al., 2019), higher engagement (Chen and Lin, 
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2018; Mostafa, 2021; Shen, 2021), and real-time performance (Hilvert-Bruce et al., 2018).   

Within the context of live streaming, tipping behavior has been explained from several 

perspectives. On one hand, prior studies identified the demographic, psychographic and content-

specific antecedents, such as self-identity and social distance (Hu et al., 2017; Zhou et al., 2019), 

audience gender (Todd and Melancon, 2018; Zhang et al., 2022), connectedness (Hilvert-Bruce et 

al., 2018), content types (Chen and Lin, 2018; He et al, 2021), and broadcaster characteristics 

(Muda and Hamzah, 2021; Hou et al., 2020). On the other hand, researchers took a close look at 

consumers’ interactive experience. Kim et al. (2016) found that audience perception of the 

friendliness of broadcasters has a positive impact on their willingness to tip. Gros et al. (2017) 

suggested that information richness and content appeals during live streaming interactions may 

influence the amount of tips. Yu et al. (2018) found that audience’s engagement behavior is 

positively related to tipping. Ma et al. (2021) found users’ initial tipping amount influences their 

subsequent tipping behavior in entertainment live streaming. However, previous studies have not 

probed the social links between live streaming users, neglecting the impact of social presence on 

live streaming platforms (Kim et al, 2021; Bao and Wang, 2021; Lu et al., 2016).  

2.2 Celebrity endorsement and influencers 

Celebrity endorsement refers to the strategy of promoting products, services, and ideas based 

on the social influence of well-known individuals (Kyu et al., 2021). A celebrity status is often 

deemed for someone who is talented in certain fields (e.g., music, movie, sports) (Knoll and 

Matthes, 2017), or someone who attracts a lot of attention on social media (Drake and Miah, 2010). 

Similar to traditional celebrities, LSIs are ordinary people in real life who have a large number of 
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social media followers (Wang, 2021; Shukla and Dubey, 2021).  

Previous research has highlighted the role of celebrity engagement in customer engagement 

(Wang and Hu, 2021; Wang, 2021), firms’ brand value (Knoll and Matthes, 2017; Zimand et al, 

2021), and sales performance (Chen et al., 2021; Liao et al., 2022). Amos et al. (2008) found 

celebrities’ trustworthiness, expertise, and attractiveness as three most important factors affecting 

customer purchase intention, brand attitude, and ad attitude. The positive impact of celebrity 

endorsement is greater in cultures with stronger power distance (Winterich et al., 2018). Overall, 

the attractiveness of celebrities is an important reason for their enormous influence on their 

followers. The followers are more likely to trust the information disseminated by the celebrities 

and consider the products recommended by them. In light of these previous findings, we explore 

how live streaming users’ behavior is influenced by LSIs. 

 

3. Theoretical Framework and Hypotheses Development  

To examine the impact of LSIs’ participation on tipping frequency, this study attempts to 

compare the change of tipping frequency in live streaming rooms before and after LSIs join the 

rooms. Specifically, we construct a conceptual framework (see Figure 1) that includes the 

heterogeneity treatment effect in live streaming rooms with different numbers of social network 

links.  

[Insert Figure 1 about here] 

According to social identity theory, followers are attached to celebrities due to celebrities’ 

favorable appearance or unique charm (Lu et al., 2021). Followers try to obtain the social image 
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portrayed by the celebrities and are willing to pay for the brands the celebrities endorsed (Lu et al., 

2021). By participating in the live streaming activities initiated by an LSI, users tend to have an 

increased sense of belonging to the LSI’s group (Raghunathan and Corfman, 2006). Further, LSI’s 

participation can positively elicit other users’ participation in and contribution to the live streaming 

session (Drake and Miah, 2010; Hu et al., 2017; Hou et al., 2020; Chen et al., 2021). These other 

users are more likely to tip as a way of supporting the LSI. Therefore, LSIs’ participation should 

have a positive effect on users’ tipping behavior.  

H1. LSIs’ participation has a positive impact on a live streaming room’s tipping frequency. 

Celebrities’ actions can attract a significant amount of attention from the public (Drake & 

Miah, 2010). In the venue of live streaming, LSIs’ actions may also draw attention from their 

followers and fans. When joining the activities in the live streaming room, an LSI will also bring 

their followers and fans into the live streaming room, thus increasing the audience size in the room. 

The growth of the audience base in the real-time virtual interactive space can lead to more frequent 

participative behavior (Winterish et al., 2018). Users will be more inclined to tip when influenced 

by others’ tipping actions (Winterish et al., 2018). Therefore, LSIs’ participation in live streaming 

rooms will attract more users, leading to increased tipping frequency in the room.  

H2. The number of users in the live stream mediates the relationship between LSIs’ 

participation and the tipping frequency. 

Compared to traditional social media, live streaming enables more frequent interactions 

between users (Chen and Lin, 2018; Zhou et al., 2019). In addition to the audience base, the level 

of interactivity in a live streaming room may also be an important factor affecting tipping 
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performance. Influencers tend to be motivators and those who interact with their followers well 

(Derdenger et al., 2018). The elevated level of interactivity between the LSIs and other live 

streaming users has a positive impact on users’ reward behavior (Gros et al., 2017; Yu et al., 2018). 

In a live streaming room where tipping becomes a viable option for rewarding an LSI, users’ 

tipping tendencies tend to be stimulated to a higher degree by intensive interactions with the LSI 

(Lu et al., 2021). Therefore, participating users in live streaming rooms are more likely to tip due 

to higher interactivity with LSIs.  

H3. The number of participating users in the live stream mediates the relationship between 

LSIs’ participation and the tipping frequency. 

Individuals who belong to social networks tend to accept and conform with their social 

network’ social norms (Granovetter, 1973). According to social influence theory, individuals often 

have a sense of social presence and like to comply with social norms when showing up together 

with important friends (Chen and Lin, 2018; Zhou et al., 2019). As live streaming is a real-time 

interactive entertainment channel, social presence becomes a reality. It pressures users to attend to 

the social norms of live streaming social networks they belong to (Nowak, 2013; Pozharliev et al., 

2017). The impact of social norms on users will be greater if there are a greater number of personal 

relationship linkages shown in a live streaming room (Lapinski and Rimal, 2005). In those rooms 

with more relationship links such as “following”, users are more likely to support the LSI and 

show relationship ties to the group (Lu et al., 2021). As such, the positive impact of social presence 

on users’ tipping behavior is greater (Lu et al., 2021). Therefore, users’ tipping tendency in front 

of LSIs tend to be positively influenced by the number of relationship links in a live streaming 
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room. 

H4. The number of relationship links between users in a live streaming room positively 

moderates the relationship between LSIs’ participation and tipping frequency in the room.  

 

4. Methodology 

4.1 Data and measurement 

In collaboration with an online music live streaming platform, we recorded data from 1,000 

live streaming rooms hosted on the platform. The live streaming rooms are created by users who 

become broadcasters once the rooms are created. Users registered with the platform can access the 

rooms to watch virtual music shows performed by the broadcasters, participate in the activities 

(e.g., singing a song), and even take part in the virtual stage. Users can also record and post songs, 

follow others, and interact with others in real-time. During the live streaming sessions, users can 

tip the broadcasters at any time. 

The dataset was constructed by recording two-month long real-time live stream data points in 

2019. The dataset contains over 30,000 live streaming users from over 1,000 live streaming rooms. 

Among these users, 89.73% have less than 500 followers, and only 259 of them have more than 

100,000 followers. According to our definition of LSIs, these 259 users who have more than 

100,000 followers are regarded as LSIs (Al-Emadi and Ben Yahia, 2020; Shukla and Dubey, 2021; 

Dinh and Lee, 2021). We excluded living streaming rooms based on three criteria: (1) Live 

streaming length is less than 20 minutes; (2) Room has less than two active attendees; and (3) No 

user participation activity is recorded. After excluding the inactive rooms, our sample is left with 
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847 rooms. Among the 847 rooms, 246 had LSI participation recorded, and the other 581 rooms 

did not. Several types of data are recorded in our dataset, including room data, user following data, 

and the interaction data generated during live streaming. Specifically, the room data include room 

level and language, and room broadcasters’ level and gender. The user following data consist of 

user ID, following user ID, and the beginning time of following. The interaction data include room 

ID, user ID, song ID, length of performance, the ID of tipping and tipped users, and tipping time. 

Our dataset also contains users’ self-reported demographic information, such as gender, age, and 

nationality. We divided the live streaming rooms into two groups: (1) the treated group, those live 

streaming rooms where at least one LSI participated in during the recorded period; (2) the control 

group, those live streaming rooms where no LSI participation was recorded. The definition and 

description of the variables used in this study are summarized in Table 1.  

[Insert Table 1 about here] 

Tipping Frequency. The dataset contains the users’ real-time interaction data during live 

streaming. This variable is measured by the number of tipping occurrences happened in live 

streaming room i at time t.  

Room with Influencer. This independent variable is a dummy variable indicating whether live 

streaming room i has any influencer participation. If at least one LSI participates in the activities 

in a living steaming room, Room with Influencer equals to 1. Otherwise, Room with Influencer is 

0. 

Number of Users and Number of Participating Users. These two variables are used as 

mediating variables. Number of Users is measured by the number of live streaming room 
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attendees in room i at time t, and Number of Participating Users is the number of attendees who 

sang at least one song in room i at time t. 

Number of Relationship Links. Registered users on the live streaming platform can follow 

other users if they are interest in establishing a social network-based relationship. This 

moderating variable is measured by the total number of follower relationships existing in room i 

at time t.  

In our model, we also included three groups of control variables, including room-level controls, 

broadcaster controls, and time-related controls. For the room-level controls, we included network 

density, professional level of rooms, and room language. Network density is the ratio of the actual 

number of relationship links to the maximum number of potential relationship links. Professional 

level of rooms is an ordinal variable ranging from 1 to 7, automatically assigned by the platform 

based on recorded history of the number of activities, the number of users, and financial 

performance. Room language is a dummy variable, which equals to 1 if English is the room 

language and 0 otherwise. Broadcaster controls include the number followers for the broadcaster, 

broadcaster’s professional level, and self-reported gender. The number of followers is the total 

number of users followed the broadcaster of room i at time t. The professional level of broadcaster 

is an ordinal variable ranging from 1 to 64, automatically assigned by the platform based on 

recorded history of all types of activities by the broadcaster. Broadcaster gender is categorized 

into female (1), male (2), and all others (0). We also included a series of dummy variables to control 

for possible time-related effects. 

Descriptive statistics of the variables are reported in Table 2, followed by the correlation 



10 

matrix in Table 3. The descriptive statistics reveal that tipping took place 12 times on average in a 

live streaming room. Some rooms never had any tip, while the maximum tipping frequency was 

1,612. The standard deviation of 44 indicates that tipping frequency varies greatly across rooms. 

Similarly, high level of variation is found on several independent variables, such as number of 

users, number of participating users, number of relationship links, and number of broadcaster’s 

followers. Accordingly, the variables were normalized using logarithmic forms.  

[Insert Tables 2 and 3 about here] 

4.2 Research model 

We conducted a quasi-experiment to test the effects of LSIs’ participation on tipping frequency. 

To control selection bias, we used the propensity score matching approach to construct the control 

group without LSI participation (Garnefeld et al., 2013). Following Xu et al. (2017), we performed 

one-to-three dynamic matching with replacement and a logit regression to calculate the propensity 

score with three categories of observed variables to account for each room’s characteristics. 

PS(𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ LSIs)𝑖𝑖 = 𝛾𝛾1𝐿𝐿𝐿𝐿 (𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑈𝑈𝑈𝑈𝑁𝑁𝑁𝑁𝑈𝑈𝑖𝑖𝑖𝑖−1) +

𝛾𝛾2𝐿𝐿𝐿𝐿 (𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑃𝑃𝑃𝑃𝑁𝑁𝑤𝑤𝑤𝑤𝑃𝑃𝑤𝑤𝑃𝑃𝑃𝑃𝑤𝑤𝑤𝑤𝐿𝐿𝑃𝑃 𝑈𝑈𝑈𝑈𝑁𝑁𝑁𝑁𝑈𝑈𝑖𝑖𝑖𝑖−1) +

𝛾𝛾3𝐿𝐿𝐿𝐿 (𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑅𝑅𝑁𝑁𝑅𝑅𝑃𝑃𝑤𝑤𝑤𝑤𝑜𝑜𝐿𝐿𝑈𝑈ℎ𝑤𝑤𝑃𝑃 𝐿𝐿𝑤𝑤𝐿𝐿𝐿𝐿𝑈𝑈𝑖𝑖𝑖𝑖) + 𝛾𝛾4𝑁𝑁𝑁𝑁𝑤𝑤𝑤𝑤𝑜𝑜𝑁𝑁𝐿𝐿 𝐷𝐷𝑁𝑁𝐿𝐿𝑈𝑈𝑤𝑤𝑤𝑤𝐷𝐷𝑖𝑖𝑖𝑖 +

𝛾𝛾5𝑃𝑃𝑁𝑁𝑜𝑜𝑜𝑜𝑁𝑁𝑈𝑈𝑈𝑈𝑤𝑤𝑜𝑜𝐿𝐿𝑃𝑃𝑅𝑅 𝐿𝐿𝑁𝑁𝐿𝐿𝑁𝑁𝑅𝑅 𝑜𝑜𝑜𝑜 𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖 + 𝛾𝛾6𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝐿𝐿𝑃𝑃𝐿𝐿𝑃𝑃𝑁𝑁𝑃𝑃𝑃𝑃𝑁𝑁𝑖𝑖 +

𝛾𝛾7𝐿𝐿𝐿𝐿 (𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝐵𝐵𝑁𝑁𝑜𝑜𝑃𝑃𝐵𝐵𝑃𝑃𝑃𝑃𝑈𝑈𝑤𝑤𝑁𝑁𝑁𝑁′𝑈𝑈 𝐹𝐹𝑜𝑜𝑅𝑅𝑅𝑅𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁𝑈𝑈) +

𝛾𝛾8𝑃𝑃𝑁𝑁𝑜𝑜𝑜𝑜𝑁𝑁𝑈𝑈𝑈𝑈𝑤𝑤𝑜𝑜𝐿𝐿𝑃𝑃𝑅𝑅 𝐿𝐿𝑁𝑁𝐿𝐿𝑁𝑁𝑅𝑅 𝑜𝑜𝑜𝑜 𝐵𝐵𝑁𝑁𝑜𝑜𝑃𝑃𝐵𝐵𝑃𝑃𝑃𝑃𝑈𝑈𝑤𝑤𝑁𝑁𝑁𝑁 + 𝛾𝛾9𝐵𝐵𝑁𝑁𝑜𝑜𝑃𝑃𝐵𝐵𝑃𝑃𝑃𝑃𝑈𝑈𝑤𝑤𝑁𝑁𝑁𝑁 𝐺𝐺𝑁𝑁𝐿𝐿𝐵𝐵𝑁𝑁𝑁𝑁 + 𝜏𝜏𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖                          

(1) 

The logit regression result is presented in Table 4, and the probability distribution of the 
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propensity scores for the two groups before and after matching is presented in Table 5 and Figure 

2. As shown in the post-matching columns in Table 5, the matching procedure achieved satisfactory 

reduction in bias. In the period just before LSIs join live streaming rooms, the treatment group (i.e., 

rooms with LSIs) exhibited very similar traits to the matching control group. The average 

percentage of reduction in bias for the variables is greater than 78%. 

[Insert Table 4, Table 5, and Figure 2 about here] 

Next, when examining the effects of LSIs’ participation on tipping frequency, we adopted the 

difference-in-difference model to better address the potential endogeneity concerns. This model 

measures the effect of a treatment by comparing the difference in outcomes between the treated 

and non-treated groups, before and after the treatment (Fisher, Gallino, and Xu, 2019). The 

treatment group in our study consists of the rooms with LSIs, which is indicated by the binary 

variable Room with Influencer.  

𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖 = 𝛼𝛼1 + 𝛽𝛽1𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 + 𝛽𝛽2𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 ∗ 𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 +

𝛽𝛽3𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 + 𝛿𝛿𝑋𝑋𝑖𝑖𝑖𝑖 + 𝜏𝜏𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖                          (2) 

 

5. Result 

5.1 Main effect 

The estimation output of equation (1) is presented in Table 6. Model 1 is based on the full 

sample without propensity score matching. Model 2 is based on the sample after propensity score 

matching, which includes the treatment effects but not control variables. Based on Model 2, Model 

3 includes room-level time-variant control variables, but not time fixed effects. Last, Model 4 
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includes time fixed effects and control variables. 

[Insert Table 6 about here] 

The coefficient of the interaction term in Model 1 is significantly positive (𝛽𝛽1= 0.533，p<0.05), 

which supports H1 that LSIs’ participation in live streaming rooms has a positive and significant 

impact on room-level tipping frequency. The value of the coefficient in Model 2 provides 

consistent results (𝛽𝛽1= 0.283, p<0.1). In Model 3 and Model 4, after controlling for time-variant 

control variables and time fixed effects, the impact of LSIs’ participation on tipping frequency is 

still significantly positive, whereas tipping frequency is higher in those live streaming rooms with 

LSIs participation. The results strongly support H1. In addition, Model 3 shows that the 

characteristics of the live streaming rooms and their broadcasters also affect tipping frequency. 

The coefficient of Professional Level of Room is significantly positive (𝛽𝛽3=0.026, p<0.01), and 

the coefficients of Network Density is significantly negative (𝛽𝛽4=-0.418, p<0.05), indicating that 

better tipping frequency occurs in living streaming rooms with higher professional levels or lower 

network density. The coefficient of Professional Level of Broadcaster is positive and significant 

(𝛽𝛽6= 0.021, p<0.01), suggesting that the higher the professional level of the broadcaster, the more 

tips occur in the broadcaster’s room. 

5.2 Robustness checks 

To further ensure the robustness of the results, we performed several robustness checks. One 

of the main concerns was that the main effect of LSIs’ participation on tipping frequency is 

sensitive to different matching techniques and algorithms. To alleviate this concern, we used the 

one-to-one dynamic matching without replacement process to deal with the potential issue of 



13 

selection. Following Xu et al. (2017), we matched all mobile users with PC users throughout the 

time period. We also used one-to-one static matching with replacement to repeat the analysis. 

The robustness checks for the main results with different matching processes are presented in 

Table 7. As shown in Table 7, the main coefficients of interest remain positive and significant 

with different matching algorithms. In sum, the results using alternative matching methods and 

algorithms offer support to the results in the previous section. 

[Insert Table 7 about here] 

5.3 Mediating and moderating effects  

We further examined the potential mediating effects of Number of Users (H2) and Number of 

Participating Users (H3) that may contribute to the impact of LSIs’ participation on tipping 

frequency. Results of the mediating effects are reported in Table 8. Model 4 in Table 6 presents the 

baseline effect that the participation of LSIs increases tip frequency (𝛽𝛽1= 0.221, p<0.1). Model 1 

and Model 2 in Table 8 assess the impact of LSIs’ participation on Number of Users and Number 

of Participating Users in the live streaming rooms, respectively. The results show that LSIs’ 

participation (Room with Influencer × After) has a positive and significant effect on both Number 

of Users (𝛽𝛽5= 0.346, p<0.05) and Number of Participating Users (𝛽𝛽6= 0.477, p<0.05). After 

introducing the mediating variables in Model 3, the relationship between the LSIs’ participation 

and tipping frequency is significantly negative (𝛽𝛽2= -0.104，p<0.05), while both mediating 

variables are positive (𝛽𝛽3= 0.163, p<0.05; 𝛽𝛽4=0.715, p<0.05). The results support H2 and H3. 

[Insert Table 8 about here] 

According to Zhao, Lynch, and Chen (2010), we conducted causal mediation in the quasi-
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experiment design. The indirect effect of the LSIs’ participation on tipping frequency via Number 

of Users is positive and significant (𝛼𝛼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖=0.056, p<0.001; 5,000 bootstrap interaction). As the 

direct effect of ODS on customer spending is positive and significant, this suggests that we have a 

case of complementary mediator. Similarly, the indirect effect of the ODS on customers spending 

via Number of Participating Users is positive and significant (𝛼𝛼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖=0.341, p<0.001; 5,000 

bootstrap interaction), which also suggests that we have a case of complementary mediator. Our 

results show that the LSIs’ participation could boost tipping frequency via both Number of Users 

and Number of Participating Users, and the latter could have a larger impact on tipping frequency 

than that of the former. 

Last, we analyzed the moderating effect of Number of Relationship Links. H4 states that the 

positive impact of LSIs’ participation on tipping frequency is greater for live streaming rooms with 

a greater number of relationship links. Following Fisher et al. (2019), we conducted difference-in-

difference-in-differences analysis (DDD) by adding interaction terms between the treatment 

effects and number of relationship links in Equation (3). 

𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖 = 𝛼𝛼1 + 𝛽𝛽1𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 + 𝛽𝛽2𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑅𝑅𝑁𝑁𝑅𝑅𝑃𝑃𝑤𝑤𝑤𝑤𝑜𝑜𝐿𝐿𝑈𝑈ℎ𝑤𝑤𝑃𝑃 𝐿𝐿𝑤𝑤𝐿𝐿𝐿𝐿𝑈𝑈 + 𝛽𝛽3𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 +

𝛽𝛽4𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 ∗ 𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑅𝑅𝑁𝑁𝑅𝑅𝑃𝑃𝑤𝑤𝑤𝑤𝑜𝑜𝑈𝑈𝐿𝐿ℎ𝑤𝑤𝑃𝑃 𝐿𝐿𝑤𝑤𝐿𝐿𝐿𝐿𝑈𝑈 +

𝛽𝛽5𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 ∗ 𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 + 𝛽𝛽6𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 ∗ 𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑅𝑅𝑁𝑁𝑅𝑅𝑃𝑃𝑤𝑤𝑤𝑤𝑜𝑜𝐿𝐿𝑈𝑈ℎ𝑤𝑤𝑃𝑃 𝐿𝐿𝑤𝑤𝐿𝐿𝐿𝐿𝑈𝑈 +

𝛽𝛽7𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 ∗ 𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 ∗ 𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑅𝑅𝑁𝑁𝑅𝑅𝑃𝑃𝑤𝑤𝑤𝑤𝑜𝑜𝐿𝐿𝑈𝑈ℎ𝑤𝑤𝑃𝑃 𝐿𝐿𝑤𝑤𝐿𝐿𝐿𝐿𝑈𝑈 + 𝛿𝛿𝑋𝑋𝑖𝑖𝑖𝑖 + 𝜏𝜏𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖                     

(3) 

where Number of Relationship Links indicates the number of follower links in the live streaming 

room i at time t. The coefficient of 𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 ∗ 𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 captures the treatment effect, 
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and the coefficient of 𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝐼𝐼𝐿𝐿𝑜𝑜𝑅𝑅𝑁𝑁𝑁𝑁𝐿𝐿𝑃𝑃𝑁𝑁𝑁𝑁 ∗ 𝐴𝐴𝑜𝑜𝑤𝑤𝑁𝑁𝑁𝑁 ∗ 𝑁𝑁𝑁𝑁𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑅𝑅𝑁𝑁𝑅𝑅𝑃𝑃𝑤𝑤𝑤𝑤𝑜𝑜𝐿𝐿𝑈𝑈ℎ𝑤𝑤𝑃𝑃 𝐿𝐿𝑤𝑤𝐿𝐿𝐿𝐿𝑈𝑈 (𝛽𝛽7) 

captures the heterogeneous treatment effect across live steaming rooms.  

Results of the moderating effect is reported in Table 9. The heterogeneous treatment 

coefficients reveal the different treatment effects on rooms with more relationship links and rooms 

with less relationship links. Specifically, tipping frequency increases by 6.4% due to LSIs’ 

participation for rooms without any links and by 10.6% for rooms that have more than 3 

relationship links. Thus, H4 is supported. The results furnish evidence that LSIs’ participation 

benefits those rooms with more relationship links than others. 

[Insert Table 9 about here] 

 

6. Discussion 

6.1 Discussion of results 

In this study, we obtained a rich dataset from a popular music live streaming platform, where 

we retrieved data from over 1000 live streaming rooms over a span of two months. To test the 

hypotheses, we designed a quasi-experiment and used difference-in-differences models. We 

compared room-level tipping frequency in treatment rooms with LSIs’ participation to that in 

control rooms at two time points: before and after LSIs’ participation. The results reveal that, at 

the room level, LSIs’ participation increases tipping frequency by 22.1%. Our data demonstrate a 

mediating effect that, after LSIs take part in the live streaming room activities, more users join the 

rooms and more users participate in the activities, which lead to increased tipping frequency. In 

addition, the results provide evidence that the impact of LSIs’ participation on room-level tipping 
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frequency is greater for those rooms with more relationship links between users.  

Why are influencers so important on live streaming platforms? Although they are ordinary 

people, influencers are regarded as experts and celebrities in their fields on social media (Wang, 

2021). Their social media followers usually fall into the personal lifestyles and trust their 

opinions, thus making influencers’ actions and endorsements a lot of subtle influence. Our results 

show that, the live streaming users who become influencers to other users can bring other users 

into activity participation, and evoke a greater level of interactions on live streaming platforms. 

Eventually, through the influence of LSIs’ participation, live streaming platforms benefit from 

more tips given by live streaming users. 

In our case of influencers on the live streaming music platform, more users are attracted to 

the live streaming rooms to view the influencers’ live performance, and more users become 

active in live-stream singing when a live streaming room announces participating LSIs. As the 

result, more users like to tip in the live streaming room. If a live streaming room has more users 

with established follower relationships, it is more likely that the positive impact of LSIs' 

participation on tipping frequency is further enhanced. Since tips have become a major revenue 

source for live streaming music platforms, influencers’ role is seen as increasingly important for 

platforms. They can directly impact user decisions that was previously based on online reviews 

and third-party generated recommendations (Wu et al., 2022).  

6.2 Theoretical contribution  

Our key contribution lies in the new description and new role of influencers. While 

influencer marketing campaigns have received considerable attention from marketing scholars 
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(Wang, 2021), our study was the first to describe the role of real-time live-stream influencers 

whose status is just users. In prior studies, the typical types of influencers are mostly traditional 

music stars, movie stars, famous athletes, and other celebrities in real life who have social media 

impact (Wang, 2021). Different from traditional influencers, the live-stream influencers are 

ordinary platform users who have a large number of followers. Regardless of their real-life 

profession, their participation in platform activities influence the decisions of other users. Our 

study is among the earliest to identify and describe this group of influencers, as social media 

platforms become increasingly interactive for consumers.   

Secondly, the study contributes to a better understanding of how live-stream influencers 

influence others. We identified the mediating and moderating effects on the relationship between 

LSIs’ participation and tipping frequency. Specifically, we introduced the number of users and 

the number of participating users as mediators for the relationship between LSIs’ participation 

and tipping frequency. The results help illustrate the mediating mechanism by which live 

streaming users follow LSIs to live streaming rooms and participate in live streaming activities 

together with LSIs. We also found a moderating mechanism by which the number of relationship 

links between users in a live streaming room enhances the relationship between LSIs’ 

participation and tipping frequency. Taken together, the results demonstrate a nuanced pattern of 

the heterogenous impacts of LSI participation and its potential influence paths. These findings 

clarify the mechanisms underpinning the live-stream influencer marketing process.  

Our findings also add new knowledge to the financial outcomes of influencer marketing. 

Previous studies were mostly focused on how paid marketing campaigns and celebrity 
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endorsement affect users’ purchase intension (Chen et al., 2021; He et al., 2021). We extend this 

paradigm to describe how influencers generates financial outcomes for platforms without paid 

media. This influencer marketing approach advances the theories based on celebrity endorsement 

by showing an organic way to increasing financial outcomes.  

6.3 Managerial implications 

We offer novel insights into implementing influencer marketing to social media platforms, 

especially the interactive platforms featured by live streaming. First, social media platforms 

could launch financial incentives and other rewards to encourage influencers’ participation in 

live interactions. This is shown to be an effective approach to attracting more users to participate. 

Our findings suggest that this could increase platforms’ financial return. Second, financial 

outcomes for platforms may increase under higher network density of users. Platforms should 

create more opportunities for relationship building between users, so that a sense of group social 

norms can be formed. Third, platforms should promote users to becoming influencers to other 

users. On social media platforms, those users with a high number of followers tend to be viewed 

as influencers. Thus, platforms who recognize the benefits of influencer marketing could target 

potential users and offer them training and incentives to grow their own social network on the 

platform.  

In a broader sense, influencer participation, as described in this study, could help platforms 

grow organically and reduce the costs associated with paid media and celebrity endorsement 

(Lim et al., 2022). As platforms no longer rely on a pipeline-type of business model, a platform 

itself becomes a hub for revenue generation. In the case of live streaming platforms, tips have 
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become a typical vehicle for this purpose. Thus, influencers help not only help cost reduction, 

but also revenue generation. The ultimate implication of the findings is that interactive platforms 

should craft their influencer marketing strategy based on how to promote interactions between 

the influencers and their dedicated and engaged followers.  

6.4 Limitation and future research recommendations 

This study has a number of limitations. First, we only focused on the immediate effect of 

LSIs’ participation on tipping frequency. This study did not examine the long-term effect and 

dynamic change due to network growth and user experience. Future research should take these 

factors into consideration and collect data over a longer period of time. Second, the variables used 

in this study were extracted from live streaming metrics dataset. Although the research design was 

based on quasi-experiment, we did not adopt any behavioral variables to test the effects. Future 

research should better describe the causal relationships between influencers’ attractiveness and 

users’ tipping tendencies, and test the relationships using experimental design. Third, the high level 

of user interaction on live streaming platforms is seemingly distinctive from that of other types of 

social media. Future research should examine the alternative mediating mechanisms between 

influencers’ participation and platforms’ financial outcomes for less interactive platforms. Last but 

not least, we did not incorporate the personal characteristics of the influencers into the model. To 

better understand the impact of influencers, future research should at least examine the 

demographic, psychographic, and social network variables of the influencers being studied.  
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Figure 1. Research Framework 
 
 
 
  

Live Stream Influencer 
Participation 

Tipping Frequency 

H2: Number of Users 
H3: Number of Participating 

Users 

Number of 
Relationship Links 

Control 
Variables 

H1 

H2 & H3 H2 & H3 

H4 



28 

Figure 2. Before- and After-Matching Comparison 
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Table 1 Summary of Variables 

 
Variable Explanation 
Dependent variables  
Tipping Frequency Number of tipping occurrences in room i at time t 

Independent variables  
Room with Influencer Dummy variable indicating whether live room i contains 

any influencer (1) or not (0) 
After Dummy variable indicating whether the period is after 

influencer entered room i (1) or not (0) 
Mediator   
Number of Users Number of attendees in room i at time t 
Number of Participating Users Number of attendees participating in activities in room i at 

time t 
Moderator  
Number of Relationship Links Number of follower relationships in room i at time t 

Control variables  
Network Density Percentage of established relationships in room i at time t 
Professional Level of Room System generated level of room i at time t 
Room Language Dummy variable indicating if English is the spoken 

language in the room (1) or not (0).  
Number of Broadcaster’s Followers Number of users who follow the broadcaster of room i at 

time t 
Professional Level of Broadcaster System generated level of broadcaster of room i at time t 
Broadcaster Gender Self-reported gender of broadcaster of room i at time t  
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Table 2. Variable Statistics 

 
Variable Obs. Mean Std.Dev. Min Max 
Tipping Frequency 27,675 11.81 44.43 0 1612 
Number of Users 27,675 47.44 314.1 1 13041 
Number of Participating Users 27,675 7.802 31.55 0 820 
Room with Influencer 27,675 0.439 0.496 0 1 
After  27,675 0.318 0.466 0 1 
Number of Relationship Links 27,675 305.9 4758 0 287774 
Number of Influencers 27,675 2.329 8.203 0 126 
Network Density 27,675 0.198 0.303 0 1 
Professional Level of Room 27,675 2.295 1.582 1 8 
Room Language 27,675 0.941 0.236 0 1 
Number of Broadcaster’s Followers 27,675 885.6 1225 0 8279 
Professional Level of Broadcaster 27,675 47.61 8.716 0 70 
Broadcaster Gender 27,675 1.459 0.713 0 2 
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Table 3. Correlation Matrix 

 
 1 2 3 4 5 6 7 8 9 10 11 12 
1. Tipping Frequency             

2. Number of Users 0.701*            

3. Number of Participating Users 0.653* 0.808*           

4. Room with Influencer 0.267* 0.151* 0.225*          

5. After  0.284* 0.178* 0.273* 0.773*         

6. Number of Relationship Links 0.589* 0.898* 0.601* 0.071* 0.088*        

7. Number of Influencers 0.587* 0.747* 0.782* 0.321* 0.350* 0.534*       

8. Network Density -0.102* -0.075* -0.098* -0.003 -0.037* -0.036* -0.087*      

9. Professional Level of Room 0.374* 0.216* 0.318* 0.494* 0.474* 0.094* 0.642 -0.054*     

10. Room Language -0.103* -0.036* -0.054* 0.003 0.007 -0.009 -0.019* 0.0244* -0.140*    

11. Number of Broadcaster’s 
Followers 

0.034* 0.000 0.026* 0.143* 0.092* -0.008 0.048 -0.002 0.116* 0.049*   

12. Professional Level of 
Broadcaster 

0.184* 0.051* 0.116* 0.361* 0.328* 0.005 0.196 -0.005 0.553* -0.042* 0.151*  

13. Broadcaster Gender -0.046* -0.098* -0.077* -0.044* -0.033* -0.074* -0.099* 0.010 -0.052* -0.025* -0.008 0.062* 
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Table 4. Result of Logit Regression 

 
Dependent Variable: Room with Influencer  

Variable Coefficient Standard Error 

Ln (Number of Users) 0.022** 0.009 
Ln (Number of Participating Users) 0.061 0.053 
Ln (Number of Relationship Links) 0.018 0.023 
Network Density 0.965*** 0.332 
Professional Level of Room 0.543*** 0.113 
Room Language 1.649* 0.974 
Ln (Number of Broadcaster’s Followers) 0.175* 0.095 
Professional Level of Broadcaster 0.056*** 0.021 
Broadcaster Gender -0.363 0.897 
Constant -7.583 *** 1.418 
Time Fixed Effect  Y 
Number of Observations 684 
Pseudo R2 0.207 
* p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table 5. Tests of Propensity Score Matching Process  

 

Variables 

Pre-matching Post-Matching 
Bias 

Reduction 
(%) 

Room with 
Influencer 
(N=103) 

Room without 
Influencer 
(N= 581) 

Bias 
(%) 

t-
value 

Room with 
Influencer 
(N=103) 

Room without 
Influencer 
(N=198) 

Bias 
(%) 

t-
value 

Number of Users 24.757  4.679 57.4 7.78 24.757  18.78 17.1 0.9 70.2 
Number of Participating Users 0.524 0.314 8.6 1.04 0.524 0.521 0.57 0.24 98.6 
Number of Relationship Links 68.92 9.421 48.3 6.40 68.92 50.82 14.7 0.82 69.6 
Network Density 0.263 0.163 30.4 2.91 0.263 0.275 -3.7 -0.23 88.0 
Professional Level of Room 2.563 1.418 92.1 10.86 2.563 2.401 13.1 0.79 85.8 
Room Language 0.981 0.947 18.2 1.48 0.981 0.995 -7.8 -0.95 57.1 
Professional Level of Broadcaster 49.533 44.02 67.9 6.07 49.533 49.93 -4.6 -0.42 93.3 
Number of Broadcaster’s Followers 1000.3 689.2 27.2 2.76 1000.3 1082.5 -7.2 -0.44 73.6 
Broadcaster Gender 0.398 0.372 5.4 0.51 0.398 0.408 -2.0 -0.14 63.1 

Note: %bias=�
XıT
����−Xj

C

Xi
T �× 100; Reduction percentage in bias=1-�

XıA
����−Xj

A

XıB
����−Xj

B
�. Where: XiT represents mean of treatment group; XjC represents mean of control 

group;XiA represents mean of treatment group after matching; XjA represents mean of control group after matching; XiB represents mean of treatment group 

before matching; XjB represents mean of control group before matching (Rosenbaum and Rubin, 1985).  
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Table 6. Result of Main Effect 

 
 Ln (Tipping Frequency) 
 (1) (2) (3) (4) 
Room with Influencer × After 0.533*** 0.283*** 0.154*** 0.221*** 
 (0.032) (0.060) (0.055) (0.061) 
Room with Influencer 0.634*** 0.721*** 0.648*** 0.636*** 
 (0.027) (0.050) (0.047) (0.054) 
Professional Level of Room 0.026***  0.291*** 0.311*** 
 (0.002)  (0.010) (0.013) 
Network Density -0.418***  -0.338*** -0.522*** 
 (0.018)  (0.026) (0.037) 
Room Language  -0.661***  0.141 0.234* 
 (0.038)  (0.127) (0.140) 
Ln (Number of Broadcaster’s -0.000  -0.000*** -0.000*** 
Followers) (0.000)  (0.000) (0.000) 
Professional Level of Broadcaster 0.021***  -0.010*** -0.014*** 
 (0.001)  (0.002) (0.003) 
Broadcaster Gender -0.387***  -0.074* -0.139* 
 (0.029)  (0.045) (0.075) 
Constant 0.189*** 0.445*** 0.169 0.322 
 (0.062) (0.040) (0.175) (0.203) 
Individual Fixed Effect  Y N Y Y 
Time Fixed Effect Y N N Y 
Propensity Matching N Y Y Y 
N 27675 11446 11446 11446 
Adj. R2 0.250 0.123 0.226 0.213 
Standard errors in parentheses. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 7. Robustness Checks  
 
 Ln (Tipping Frequency) 
 One-to-One Matching 

without Replacement 
One-to-One Matching 

with Replacement 
 (1) (2) (3) (4) 
Room with Influencer × After 0.353*** 0.197*** 0.422*** 0.218*** 
 (0.064) (0.059) (0.068) (0.062) 
Room with Influencer 0.575*** 0.653*** 0.532*** 0.546*** 
 (0.054) (0.052) (0.057) (0.054) 
Professional Level of Room  0.310***  0.375*** 
  (0.012)  (0.013) 
Network Density  -0.479***  -0.578*** 
  (0.035)  (0.040) 
Room Language  0.409**  0.559*** 
  (0.174)  (0.172) 
Ln (Number of Broadcaster’s   -0.000***  -0.000*** 
Followers)  (0.000)  (0.000) 
Professional Level of Broadcaster  -0.014***  -0.017*** 
  (0.003)  (0.003) 
Broadcaster Gender  0.015  -0.073 
  (0.071)  (0.079) 
Constant 0.608*** -0.073 0.672*** 0.006 
 (0.054) (0.235) (0.064) (0.237) 
Individual Fixed Effect  N Y N Y 
Time Fixed Effect N Y N Y 
Propensity Matching Y Y Y Y 
N 8560 8560 7322 7322 
Adj. R2 0.087 0.205 0.080 0.226 
Standard errors in parentheses. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 8. Result of Mediating Effect 

 
 Ln (Number 

of Users) 
Ln (Number of 
Participating 
Users) 

Ln (Tipping 
Frequency) 

(1) (2) (3) 
Ln (Number of Users)   0.163*** 
   (0.021) 
Ln (Number of Participating Users)   0.715*** 
   (0.017) 
Room with Influencer × After 0.346*** 0.477*** -0.104*** 
 (0.053) (0.041) (0.039) 
Room with Influencer 0.659*** 0.263*** 0.122*** 
 (0.048) (0.033) (0.034) 
Professional Level of Room 0.312*** 0.209*** 0.054*** 
 (0.011) (0.009) (0.009) 
Network Density -0.377*** -0.248*** -0.212*** 
 (0.035) (0.029) (0.023) 
Room Language  -0.239 0.184* 0.375*** 
 (0.147) (0.104) (0.108) 
Ln (Number of Broadcaster’s  -0.000*** -0.000*** 0.000 
Followers) (0.000) (0.000) (0.000) 
Professional Level of Broadcaster -0.022*** -0.021*** 0.005** 
 (0.002) (0.002) (0.002) 
Broadcaster Gender -0.100 0.050 -0.076* 
 (0.066) (0.051) (0.044) 
Constant 2.281*** 0.135 -1.331*** 
 (0.191) (0.143) (0.151) 
Individual Fixed Effect Y Y Y 
Time Fixed Effect Y Y Y 
Propensity Matching Y Y Y 
N 11446 11446 11446 
Adj. R2 0.251 0.271 0.657 
Standard errors in parentheses. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 9. Results of Moderating Effects 

 
 Ln (Tipping Frequency) 
Room with Influencer × After 0.042*** 

× Ln (Number of Relationship Links) (0.014) 
Room with Influencer 0.608*** 

× Ln (Number of Relationship Links) (0.012) 
Room with Influencer × After 0.064* 
 (0.039) 
Room with Influencer -0.638*** 
 (0.033) 
Professional Level of Room 0.072*** 
 (0.010) 
Network Density -0.427*** 
 (0.025) 
Room Language  0.018 
 (0.111) 
Ln (Number of Broadcaster’s Followers) -0.000 
 (0.000) 
Professional Level of Broadcaster 0.006*** 
 (0.002) 
Broadcaster Gender -0.163*** 
 (0.059) 
Constant 0.119 
 (0.161) 
Individual Fixed Effect  Y 
Time Fixed Effect Y 
Propensity Matching Y 
N 11446 
Adj. R2 0.585 
Standard errors in parentheses. 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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