Journal of Retailing and Consumer Services xxx (xxxx) 103155

Contents lists available at ScienceDirect RETAILING

CONSUMER
SERVICES

Journal of Retailing and Consumer Services

;; -
ELSEVIER

journal homepage: www.elsevier.com/locate/jretconser

Impact of streamers’ characteristics on sales performance of search and
experience products: Evidence from Douyin

Xiao Yang®", Ying Liu®"" ", Jichang Dong®", Sirui Li%""

a School of Economics and Management, University of Chinese Academy of Sciences, China
b MOE Social Science Laboratory of Digital Economic Forecasts and Policy Simulation, University of Chinese Academy of Sciences, China
¢ ECARES, Université libre de Bruxelles, Belgium

ARTICLE INFO ABSTRACT

Keywords:

Live streaming social commerce
Product type

Signaling theory

Gender

Assortment depth

Live streaming social commerce, a booming branch of online retailing, has enabled online retailers to interact
with customers face to face, defying spatial restrictions. Recent research in live streaming social commerce has
started to regard streamers' characteristics as important signals that affect customers' purchase intention. Draw-
ing on signaling theory and the match between streamers and products, this paper aims to investigate the hetero-
geneous effects of streamers' objective characteristics on the sales performance of experience products and search
products in the context of live streaming social commerce. Empirically, using the monthly panel data of 10,087
streamers on Douyin, this paper constructs a fixed-effect regression model to identify the effects of two streamer-
centered objective signals, namely, gender and assortment depth, on streamers' sales performance. The results
showed that (1) assortment depth has a positive effect on streamers’ sales performance, especially when stream-
ers have a high popularity level; (2) male streamers basically perform better in selling experience products, prob-
ably due to their high trustworthiness; and (3) female streamers perform better in selling search products, espe-
cially when the streamer has a high popularity level. These findings highlight how important it is for brands and

suppliers to consider streamer-product fit when choosing suitable streamers.

1. Introduction

Live streaming social commerce is an emerging e-commerce form
that adopts social media, such as live streaming and Web 2.0 technolo-
gies, in e-commerce activities (Cai et al., 2018; Guo et al., 2022). In
2020, live streaming social commerce began to rise in popularity (Ma,
2021). Douyin, which integrates e-commerce shops into its social media
platform (Trendinsight, 2021a), is a representation of live streaming so-
cial commerce platforms. In August 2021, more than 30.4 billion visits
were received across all streams in Douyin (Trendinsight, 2021b). Live
streaming social commerce has become an important channel for online
shopping and marketing.

In the research field of live streaming social commerce, a large body
of literature has paid attention to how the characteristics and behaviors
of streamers affect customers' purchase decisions (Guo et al., 2022; Li et
al., 2021; Ma, 2021; Meng et al., 2021; Zhang et al., 2022b). However,
the impact of the match between product types and streamers' charac-

teristics in the context of live streaming social commerce has been
somewhat overlooked (Yan, 2022); a few studies have noticed this issue
but mainly regard product type as a direct determinant rather than a
scenario that can shape the effect of streamers’ characteristics on sales
performance (e.g., Chen et al., 2019; Song et al., 2021).

Typically, the difference in the degree of information asymmetry be-
tween search and experience products can lead to heterogeneity in the
effect of streamer-centered signals on sales (Cui et al., 2012; Ladhari et
al., 2020; Park and Kim, 2018) because streamer-product fit can affect
customers' purchase intention (Park and Lin, 2020). In live streaming
social commerce, the gaps in search cost between the above two prod-
uct types have significantly changed compared to traditional e-
commerce, as the functions facilitated by live streaming technologies
have lowered the difficulty of information acquisition for customers
and enriched the forms of information (Lu and Chen, 2021; Sun et al.,
2019; Wongkitrungrueng and Assarut, 2018). Within such a new con-
text, there might be some changes in terms of the product-type-based
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effect of streamer-centered signals on sales. For example, female sales-
people are usually supposed to do a better job of selling skincare and
cosmetics products, a kind of experience product, in e-commerce
(Beldad et al., 2016). Counterintuitively, Austin Li, a male streamer in
China, has become the most favored salesperson selling skincare and
cosmetics products on the live streaming e-commerce platform oper-
ated by Taobao.com; on the night of Singles' Day in 2021, 439 products
were listed on his stream, nearly 300 of which were skincare and cos-
metics products (Xie and Zou, 2021). Considering facts such as this, it is
necessary for researchers to rethink the influence of streamer-product
fit on streamers’ sales performance and to help brands and suppliers se-
lect the most suitable streamers for marketing (Yan, 2022).

In practice, brands and suppliers need to evaluate many factors
when choosing an appropriate streamer to fit their product. The assess-
ment of many well-known factors—which are mostly related to cus-
tomers' perception—requires brands and suppliers to carry out costly
surveys on target consumers (e.g., Gao et al., 2021; Guo et al., 2022; Lee
and Chen, 2021). Compared to these customer perception factors, the
gender and assortment depth (i.e., the number of products within the
category focused on by a streamer, Hamilton and Richards, 2009) of
streamers are more intuitive and objective. Furthermore, compared to
other similar streamer-focused factors, such as follower scale, selecting
streamers based on the abovementioned two factors may be a more
cost-effective choice for brands and suppliers because they do not need
to bear additional promotion fees (e.g., premiums with respect to
streamers' follower scales, Guo et al., 2022). This research aims to ad-
dress the paucity of attention paid to gender and assortment depth
(Chen et al., 2022; Yan, 2022) and to help brands and suppliers choose
a product-fit streamer based on the two factors. Therefore, there are
two research questions to be addressed: (1) How do gender and assort-
ment depth affect streamers’ sales performance? (2) Do these effects
vary with product type?

Streamers, which can be regarded as influencers (Meng et al., 2021;
Park and Lin, 2020), can utilize their recommendations to affect cus-
tomers' purchase behavior and purchase intention (Meng et al., 2021).
Gender plays an important role in the process of influencers conveying
signals to viewers and is highly related to influencers' marketing effec-
tiveness (Hudders and De Jans, 2022). At the same time, sex appeal can
also affect audiences' information processing (Hou et al., 2019). For
brands or suppliers, streamer gender is one of the most intuitive factors
to take into consideration when choosing a suitable streamer for mar-
keting (Hudders and De Jans, 2022). Therefore, it is worth exploring
the effect of gender on streamers’ sales performance in the context of
live streaming social commerce.

In addition to gender, Hamilton (2009) found that assortment depth
can also affect customers' choice of where to shop. With the rise of on-
line retailing, issues relating to assortment depth have become more in-
tricate because of consumers' implicit cognitive constraints and their
desire to only process the necessary information (Sethuraman et al.,
2022). Although a deeper assortment can satisfy customers’ needs and
provide them with abundant information to reduce choice complexity
(Sethuraman et al., 2022; Vakeel et al., 2021), a few studies argue that
it can also lead to a higher information cost and even information over-
load for customers (e.g., Sethuraman et al.,, 2022; Hoskins, 2020;
Richards et al., 2017). In the context of live streaming social commerce,
previous studies have shown some evidence about the impact of prod-
uct differentiation (i.e., the number of different product categories
shown in a stream) but have paid little attention to assortment depth
(Chen et al., 2022; Song et al., 2021).

To address the gaps in previous literature, we draw on signaling the-
ory to explain the effects of two streamer-centered objective signals,
namely, streamer gender and assortment depth, on streamer sales per-
formance and whether the differences between search and experience
products can affect the effects. Using the monthly panel data of 10,087
streamers, we boil down our empirical questions to the evaluation of
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the by-product-type effect of the two signals on streamers' sales. In ad-
dition, we also examine the influence of streamers’ popularity levels to
reveal more details about the mechanism.

2. Theoretical background
2.1. Live streaming e-commerce

Live streaming e-commerce is a branch of social commerce with the
added function of live streaming (Cai et al., 2018; Guo et al., 2022). It
provides a virtual space for both sellers and customers to weaken the
limitations of temporal and spatial distance (Recktenwald, 2017; Xu et
al., 2020; Wongkitrungrueng and Assarut, 2018). Live streaming e-
commerce can offer customers a novel experience in real-time interac-
tion with streamers and other potential customers, streamers' real-time
actions and facial expressions, and the dynamic display of products (Li
etal., 2021; Lu and Chen, 2021; Wongkitrungrueng and Assarut, 2018).
Based on this, studies in the literature have emerged that illustrate the
characteristics of live streaming e-commerce and its influence (Hsu,
2019; Lu and Chen, 2021; Sun et al., 2019; Wongkitrungrueng and
Assarut, 2018), customers' motivations for shopping on live streaming
commerce platforms (Cai et al., 2018; Hou et al., 2019; Kang et al.,
2021; Lee and Chen, 2021; Ma, 2021; Ming et al., 2021; Zhang et al.,
2021; Zhang et al., 2022a), and the streamers and sellers’ usage inten-
tions relating to the live streaming function and their strategy for at-
tracting customers (Guo et al, 2022; Park and Lin, 2020;
Wongkitrungrueng et al., 2020; Zhao et al., 2018).

In both the fields of live streaming and retail marketing, many stud-
ies have determined that streamers/salespeople can have a huge impact
on audiences/customers (Gauri et al., 2021; Hu et al., 2017; Ladhari et
al., 2020; Li et al., 2021; Lin et al., 2021; Meng et al., 2021; Rapp and
Beeler, 2021). In regard to live streaming e-commerce, some studies
have been conducted to clarify the role of streamer characteristics in
online shopping. The attractiveness, trustworthiness, and expertise of
streamers are found to be positively related to customers' purchase in-
tentions (Gao et al., 2021; Park and Lin, 2020; Xu et al., 2020). The fac-
tors that can affect customers' behavioral intentions also include the
streamers' humor and sex appeal (Hou et al., 2019), their trustworthi-
ness (Gao et al., 2021), and their social presence (Ming et al., 2021). On
the basis of the literature on social judgment and interpersonal commu-
nication, Guo et al. (2022) examined the effects of streamers' character-
istics from three aspects, namely, attractiveness, competence, and com-
munication style, and then used questionnaires to determine the impact
of these characteristics on customers' behavioral intentions. The au-
thors found that beauty, expertise, humor, and passion had positive re-
lationships with perceived hedonic value, while warmth and expertise
were positively related to perceived utilitarian value. Based on these
findings, this study will examine the impact of streamers’ two objective
characteristics, gender and assortment depth, on sales performance
within the context of different product types.

2.2. Signaling theory

In consumer research, signals are informational cues that are activi-
ties or attributes of businesses in a market that convey quality informa-
tion to buyers in an exchange (Cheung et al., 2014). In markets, buyers
and sellers often have different amounts of information about products
or services (Spence, 1973). In an environment with asymmetric infor-
mation, sellers can use signals to convey unobservable information to
consumers to help them assess the quality of products and services,
which can reduce the perceived uncertainty and promote information
exchange and trading behavior (Fan et al., 2021; Siering et al., 2018;
Wells et al., 2011). The signals released by buyers include brands, war-
ranties, and prices (Kirmani and Rao, 2000). Signaling theory can offer
a framework to interpret how agents use signals to convey quality infor-
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mation to another party and to affect the behaviors and decisions of the
signal receivers (Wells et al., 2011). Signaling theory also proposes that
information asymmetry between two parties can be reduced with the
help of signals (Siering et al., 2018). It has been widely applied to ex-
plain how consumers react to signals and to understand the effects of
signals (Mavlanova et al., 2016).

Signaling theory has been extensively studied in management and
marketing (Fan et al., 2021). In the e-commerce literature, market sig-
nals mainly include warranties, reputations, and website quality (Li et
al., 2015). Live streaming social commerce can convey new kinds of sig-
nals based on streamers’ identity characteristics and behavior to cus-
tomers through real-time video. In addition, the degree of information
asymmetry has been reduced because of the new form of product dis-
play and interaction between streamers and customers in live streaming
social commerce (Lu and Chen, 2021; Sun et al., 2019;
Wongkitrungrueng and Assarut, 2018). Since the signaling environ-
ment (e.g., other signals, the cost of quality information, the process of
sending signals and receiving signals) can affect the effectiveness of sig-
nals (Siering et al., 2018), it might be insightful to build upon signaling
theory as a theoretical lens for discussing the changes in live streaming
social commerce.

Some studies in the literature have pointed out that, in e-commerce,
signals can influence consumers' perceptions of product quality, risks,
and trustworthiness (Fan et al., 2021; Mavlanova et al., 2016; Siering et
al., 2018), thus further affecting the purchase behavior of customers
(Mavlanova et al., 2016; Cheung et al., 2014). In the context of online
shopping, Kozlenkova et al. (2017) found that buyers used signals gen-
erated by sellers, such as the seller's reputation and bilateral communi-
cation, to reduce the risk of online shopping. Drawing upon signaling
theory, Siering et al. (2018) identified two signal types in online re-
views, namely, content-related signals (the content and writing style of
the review) and reviewer-related signals (reviewer professionalism and
non-anonymity), and observed that both types of signals influence the
helpfulness of reviews. In the context of live streaming e-commerce, Lu
and Chen (2021) proposed that the physical characteristics of streamers
in product trials and the value they share with viewers in real-time in-
teraction can be regarded as two signals to benefit trust building in con-
sumers with similar physical characteristics and values. Guided by the
theoretical foundations of signaling theory, this study focused on the ef-
fect of two observable signals, the gender and assortment depth of
streamers, on sales performance in live streaming scenarios.

2.3. Classification of products

Nelson's (1970) study clarified the importance of the effect of in-
formation about the quality of products on customers' behavior. Ac-
cording to the search cost or the accessibility of information about
products or services, product type is classified into search and experi-
ence products (Nelson, 1970). In general, information is more expen-
sive for experience products than for search products. This scheme is
widely recognized by other scholars (Basu, 2018; Lu et al., 2021).
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Search products refer to products whose attribute information cus-
tomers can easily understand before purchasing, and in which prod-
uct-related information is completely symmetrical between sellers
and customers (Nelson, 1970). For experience products, a trial period
is needed for customers to know exactly the relevant attribute infor-
mation about the products, and the search cost of relevant attribute
information of experience products is higher than that of search prod-
ucts (Nelson, 1970).

Nelson's classification of products has been widely used in research
on traditional online shopping (Lu et al., 2021). A few studies have
found that the effectiveness of signals varies across different product
types (e.g., Hong et al., 2017; Lu et al., 2021; Park and Kim, 2018). For
example, Lu et al. (2021) found that product type significantly moder-
ates the effect of customers' online observational learning on product
sales. The times saved of the product only has a positive effect on expe-
rience products sales, not on search products sales (Lu et al., 2021).
Product type can play a moderating role in the search behaviors of cus-
tomers (Basu, 2018), and in the relationship between online review fac-
tors and customers' purchase behavior (Cui et al., 2012). It can also
moderate the effect of information on the product description page on
product sales (Lu et al., 2021), and the influence of vloggers' popularity
on consumers' perception of trustworthiness and purchase intention
(Hill et al., 2020).

Considering the change in the signaling environment brought by the
functions facilitated by live streaming technologies in e-commerce (Lu
and Chen, 2021; Wongkitrungrueng and Assarut, 2018), the differences
in the signals’ effectiveness between search products and experience
products might also have changed. This research examines whether dif-
ferences remain unchanged in the context of live streaming social com-
merce.

3. Research model and hypotheses

In this study, we focused on two signals generated by streamers,
streamer gender and assortment depth. This study examined the effects
of the two signals on streamers’ sales performance and the heterogene-
ity of the main effects between search products and experience prod-
ucts. Additionally, considering the difficulty of cooperating with top
streamers (Guo et al., 2022), it is necessary for brands and suppliers to
choose a suitable streamer with the appropriate popularity level.
Hence, this study then split the streamers into two different popularity
levels in order to conduct a regression analysis on each separately to de-
termine the effectiveness of the two signals under this condition. The
research model was developed as shown in the following figure (see
Fig. 1).

3.1. The main effects of streamer gender and assortment depth
3.1.1. Gender

Gender is a significant part of each salesperson's characteristics.
Hudders and De Jans (2022) found that, for female customers, the

Gender H1
S X |
treamer's sales
Product type P ———
i
Assortment depth H2

Fig. 1. The research model.
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match between salespeople/influencers and customers' gender can en-
hance the perceived similarity of customers and strengthen the persua-
sive effect of salespeople/influencers on customers (Hudders and De
Jans, 2022). The gender match between streamers and customers can
convey the signal of the trustworthiness of streamers to customers
(Hudders and De Jans, 2022), which can positively affect the customers'
purchase behavior. Hence, the match effect might lead to higher sales
for female salespeople. In addition, female customers experience more
impulse buying (Chen et al., 2017; Lee and Chen, 2021). On Douyin,
women consumed more than men from July 2020 to January 2021
(Trendinsight, 2021a). Additionally, the influencer business is mainly
dominated by women in influencer marketing (Hudders and De Jans,
2022). Most of the e-commerce streamers on Douyin, which was origi-
nally a social media platform, are more like influencers. Hence, we
posit the following:

H1. Female streamers have better sales performance in live streaming
social commerce compared to male streamers.

3.1.2. Assortment depth

In this study, the assortment depth of a streamer is measured
as the number of products with different website links shown in
his or her streams. A common assumption in marketing is that a
deeper assortment can better satisfy customer needs and thus
enhance their perceived value (Sethuraman et al., 2022; Vakeel
et al., 2021). A deeper assortment can convey a signal of higher
service quality to customers (Ton and Raman, 2010). Addition-
ally, in the context of live streaming, assortment depth can rep-
resent a part of network size, which is positively correlated with
customers’ purchase intentions (Ma, 2021). Meanwhile, some
studies found that a deeper assortment might trigger the cogni-
tive overload effect for customers and convey a signal of higher
search cost to them (Hoskins, 2020; Kuksov and Villas-Boas,
2010; Sethuraman et al., 2022). In live streaming, a deeper as-
sortment might cause customers to spend too much time watch-
ing the stream, thus reducing their satisfaction with the service.
Some customers have complained that watching live streams
wastes their time to some extent because they need to wait for a
long time before seeing the products they want (Anonymous
users, 2021). However, because of the limited time that the
streamer is able to broadcast live streaming, there is also a limit
to the number of products streamers can sell in one stream
(Chen et al., 2022), which is similar to the shelf space in brick-
and-mortar retail. Therefore, most assortments in live stream-
ing social commerce cannot be so deep that customers incur
high search costs. Thus, our second hypothesis is as follows:

H2. Assortment depth positively affects streamers' sales performance.
3.2. The heterogeneity of the main effects by product type

Search products, including laptops, mobile phones, and digital cam-
eras, refer to products about which customers can obtain product infor-
mation by searching (Nelson, 1970). In the case of search products, the
information provided by sellers reflects objective facts. In contrast, in-
formation received by customers about experience products is subjec-
tive, which requires them to make independent judgments (Liu et al.,
2016). Customers cannot comprehensively evaluate the quality until
they actually experience products such as cosmetics, clothing, hotels,
and books. Experience product customers rely on recommendations
more than search product customers do (Basu, 2018), so the trustwor-
thiness of streamers has a greater impact on customers’ purchase deci-
sions for experience products. Meanwhile, the signal of expertise has
greater effectiveness in selling search products (Park and Kim, 2018).

Gender matching can convey the signal of the trustworthiness of
streamers to customers because it can improve the persuasive effect of
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streamers and their perceived similarity to customers (Hudders and De
Jans, 2022). For experience products, female streamers might have bet-
ter sales performance in selling skincare and cosmetics products since
those customers are mainly female. However, for search products, the
expertise of a steamer is more important for customers when they make
purchase decisions. Electronics products are mainly dominated by male
salespeople (Otterbring et al., 2021), which might cause a stereotype
that male salespeople are on the whole more professional in selling
electronics products. At this point, the gender of male streamers could
convey the signal of expertise to customers. Hence, we propose the fol-
lowing hypotheses:

H3a. Female streamers perform better in selling experience products
than male streamers.

H3b. Male streamers perform better in selling search products than fe-
male streamers.

In terms of assortment depth, a deeper assortment can represent a
higher level of service quality (Ton and Raman, 2010). Berger et al.
(2007) found that perceived category expertise is positively related to
assortment depth. In addition, Park and Kim (2018) found that, when
considering search products, the blogger's expertise has greater effects
on customers' purchase decisions. Since a deeper assortment of the
streamer can signal expertise to customers, the positive effect of assort-
ment depth might be strengthened in selling search products. Thus, we
posit the following:

H4. The positive effect of assortment depth on streamers' sales perfor-
mance is stronger when selling search products than when selling expe-
rience products.

4. Methodology

In this study, we chose skincare and cosmetics products to represent
experience products, while 3C and home appliance products repre-
sented search products. To test the hypotheses, the data were collected
from one of the most popular live streamer social commerce plat-
forms—Douyin—which consists of 26,789 items and approximately
10,087 streamers. We employed the fixed effects model to first examine
the effects of gender and assortment depth on streamers' sales perfor-
mance. Then, we examined the different effectiveness of streamers' sig-
nals between search products and experience products. Moreover, we
performed a median split on the streamers by the number of followers
and conducted regression analysis on the two groups separately to ex-
amine whether the effectiveness of signals and the product type hetero-
geneity of the main effects vary by streamer's popularity level in the so-
cial media platform Douyin.

4.1. Variable measurement

4.1.1. Dependent variable

In this study, the dependent variable, namely, sales performance, is
measured by the sum of the estimated sales volume of the products
shown in streamer ;’s streams in period ¢ (Sales;;). It represents the sales
performance of a streamer. We only count the sales volume of the prod-
uct that belongs to the designated category. The estimated sales volume
of each product is calculated as the difference in sales volume before
and after the stream.

4.1.2. The key independent variables

The independent variables, namely, gender and assortment depth,
are measured by a dummy (Gender;), designated 1 when streamer i’s
gender is female, and the number of products with different website
links shown by streamer i in period 7 (4ssortDepth;,), respectively. These
represent the gender and assortment depth of a streamer separately. For
the latter, we only take into account the number of products that belong
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to the designated category. Product type is measured by a dummy
(ProdType;,), designated 1 when streamer i sells search products in pe-
riod ¢ and O when streamer i sells experience products in period ¢. It rep-
resents the designated type of products that the streamer sells.

4.1.3. Control variables

The control variables included the sales performance in the previous
period (Sales;,_;), the broadcast time of the streamer, product price,
and the reputation and popularity of the streamer. The broadcast time
of the streamer is measured as the total duration of streamer ;> streams
in period ¢ (Tmin;). Product price is measured as the average price of
products in streamer ;’s streams in period ¢ (Price;). The reputation and
popularity of the streamer are measured by the two-digit decimal score
given by Douyin of streamer i in period ¢ (Repu;;) and the number of fol-
lowers of streamer ; in period ¢ (Fnumy), respectively. Repu; ranges
from 0 to 5 (0 = “worst reputation” to 5 = “best reputation”). Some
studies have indicated the positive effects of the two characteristics on
streamers' sales performance (Guo et al., 2022; Ladhari et al., 2020;
Wongkitrungrueng and Assarut, 2018). The description of the above-
mentioned variables is shown in Table 1.

4.2. Data collection

We chose a third-party data collection tool to acquire data. This
study collected details of the top 1500 streamers each month for search

Table 1
The description of variables.
Variable Description
Sales;, The estimated sales volume of streamer i in period 7.
Gender; A dummy variable. Gender; = 1 if streamer i is female, otherwise,
Gender; = 0

AssortDepth;, The number of the products with different website links shown by
streamer / in period ¢ divided by 100.

ProdType;, A dummy variable. ProdType; = 1 if streamer i sells search products
in period t. ProdType;, = 0 if streamer i sells experience products in
period 7.

Price; The average price of products sold by streamer ; in period .

Tmin;, The live streaming duration in minutes of streamer i in period .

Repu;, The reputation of streamer i in period ¢. Repu; € [0,5]. 5 is the best,
and 0 is the worst.

Fnum;, The number of the fans of streamer i at 8:00 a.m. on the first day of
period 7+ 1.

Table 2

Descriptive statistical and correlation analysis of key variables.
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products and experience products from January to September 2021.
The monthly sales volumes of the last few streamers in the data are suf-
ficiently small, so the data of the top 1500 streamers would be sufficient
for this study. The data include each streamer's ID, gender, and the
monthly data of the streamer's reputation and number of followers,
number of products shown in streams, number of stream sessions, live
streaming duration, and estimated sales volume.

4.3. Basic model

We adopted a fixed-effect regression model in this study. There is an
obvious Matthew effect in China's live streaming social commerce in-
dustry (Guo et al., 2022). Therefore, the extreme difference of the inde-
pendent variable Sales;; and the control variables Price;, Fnum;, and
Tminy, is relatively large in this study, so the logarithm was taken to re-
duce the absolute value of the data, making the estimation results more
stable. The basic research model used in this study is as follows. ¢ in
this model represents the time fixed effects, with #; controlling the indi-
viduals' differences and random error term €.

LnSales; = ajLnSales;,_| + ay LnPrice; + azRepu;, + oy LnFnum;, + o
¢ +u;p +&j;

LnSales;; = aj LnSales;,_; + a LnPrice;; + a3 Repu;, + ayLnFnum;, + ¢
1 Gender; + f, Assort Depth;, + ¢, + u; + €

LnSales;, = ay LnSales;,_; + a LnPrice;, + a3 Repu;, + ayLnFnum;, + ¢
pr1Gender; + pr Assort Depth;, + u; ProdType;, X Gender;+
2 ProdT ype;, X AssortDepth;, + ¢, +u; + €

5. Empirical results
5.1. Descriptive statistical analysis

Descriptive statistical analysis of variables is presented in Panel A,
Table 2. The Spearman correlation coefficient was adopted to construct
the correlation analysis of variables, which is shown in Panel B. The
number of observations of reputation is not equal to that of other vari-
ables. This is because Douyin requires certain data (e.g., sales records
and the after-sales service records of streamers) to score streamers’ rep-

Panel A: Descriptive statistical analysis

Variable Observations Mean S.D. Min Max
(1] Sales 26789 15969.590 70347.230 1 4877126
2] Price 26789 544.130 1287.591 0.471 28800
[3] Tmin 26789 7822.607 7175.551 0 60686.530
[4] Repu 25972 4.573 0.391 3 5
[5] Fnum 26789 810977.500 3053908 32 124909868
[6] Gender 26789 0.794 0.405 0 1
[71 AssortDepth 26789 1.017 2.876 0.010 107.240
[8] ProdType 26789 0.504 0.500 0 1
Panel B: Correlation analysis
Ln[1] Ln[2] Ln[3] [4] Ln[5] [6] [7] [8]
Ln[1] 1
Ln[2]
Ln[3] 1
4] 1
Ln[5] 1
[6] 1
[7] 0.117%** 1
[8] —0.696*** 0.370%*** —0.339%** —0.275%%* —0.214%%* —0.272%%** 1

Note: * p<0.1, ** p<0.05, *** p<0.01,
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utation. Some new streamers might not yet have reputation scores since
they do not have enough transaction records.

5.2. Regression analysis

5.2.1. Regression analysis of the basic model

This section uses Stata 16.0 SE as the analysis tool. This study con-
ducted a joint significance test of the individual effect and random ef-
fect and modified the Hausman statistics test. The results of these tests
suggest the fixed effects model. The main effects estimation results of
the impact of streamer characteristics on sales performance and the het-
erogeneity of the main effects by product type are shown in Table 3.

As shown in Model 1 of Table 3, LnSales;,_,, Repu;, Ln Fnum;,, and
LnTmin; have positive effects on LnSales; separately (a; = 0.106,
p<0.01; a3 = 0223, p<0.01; ay = 1.674, p<0.01; as=0.900, p<0.01).
LnPrice; is negatively correlated with LnSales; (a; = —0.711; p<0.01),

As shown in Model 2, A4ssortDepth;, is positively correlated with
LnSales;, while Gender; has no significant effect on LnSales;
($1 = —0.158, p>0.10; B, = 0.019, p<0.10). These results lend credit to
Hypothesis 2, while they do not support Hypothesis 1.

As shown in Model 3, only the effect of gender varies by product
type. Female streamers perform better in selling search products, while
male streamers perform better in selling experience products
(B =-0.543, p<0.05; u; =0.780, p<0.10). The effect of assortment
depth on sales performance exhibits no significant difference across
search and experience products (4, = —0.015; p>0.10). Therefore, H3
and H4 were not supported.

5.2.2. Exploration of different popularity levels

There is a significant Matthew effect in China's live stream-
ing commerce industry (Guo et al., 2022). As shown in the de-
scriptive statistical analysis in Table 2, the most popular stream-
ers have more than 120 million followers, while the minimum
number of streamer fans is only 32. Correspondingly, the pro-
motion fees charged by different streamers also vary widely.
According to a report by iiMedia Research (2020), in 2020 Q1,
45.0% of Chinese e-commerce streamers had an average
monthly income of less than 10000 yuan, and 23.5% of them

AssortDepth;,

0.019* (0.010)

Table 3
Result of the basic model.

Variables Model 1 Model 2 Model 3
LnSales;,_, 0.106*** (0.013)  0.106*** (0.013) ~ 0.114*** (0.011)
LnPrice;, —0.711%%* —0.711%%* —0.557%%%

(0.035) (0.035)
Repu;, 0.223*** (0.067) 0.224*** (0.067) (0.064)
LnFnum;, 1.674*** (0.149) 1.674*** (0.149) *(0.144)
LnTmin,, 0.900*** (0.025) 0.895*** (0.025) 0.892*** (0.024)
Gender; —0.158 (0.129) —0.543** (0.259)

0.027** (0.010)

—3.166*** (0.41)
0.780* (0.399)
—0.015 (0.020)

ProdType;
ProdType;, X Gender;
ProdType;, x AssortDepth;,

Month fixed effects Yes Yes Yes

Individual fixed effects  Yes Yes Yes

Constant —18.619*** —18.466%** —17.883%***
(1.795) (1.806) (1.764)

R? 0.407 0.407 0.451

Observations 5012 5012 5012

Note: To control for the potential disturbance of heterogeneity and serial corre-
lation, clustered robust standard errors are applied to the regressions and re-
ported in parentheses. This setting for the estimate of standard errors is also ap-
plied to all the following regressions. The number of observations is less than
the total number of observations we have collected, because only some of the
1500 streamers were trackable over the months.

* p<0.1, ¥* p<0.05, *** p<0.01.
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had an average monthly income between 4500 yuan and 6000
yuan. Meanwhile, a few top streamers charge an average of
300,000-400,000 yuan to promote a product in a stream, such
as Austin Li (Guo et al., 2022). Some small brands may not be
able to afford the promotion fees of top streamers and need to
choose some less popular streamers. In addition, the number of
top streamers is limited (iiMedia Research, 2020), so some
brands may need to wait for a period of time to work with the
top streamers (Guo et al., 2022). These brands may also look for
some less popular streamers while waiting for the top stream-
ers. Therefore, most brands and suppliers need to work with
streamers at different popularity levels and learn how to choose
the most appropriate streamer in the high popularity group and
the low popularity group separately.

The results in Table 3 provide some suggestions for brands and sup-
pliers on how to select an appropriate streamer according to the gender
and assortment depth of streamers under the same popularity level.
However, the popularity of the streamer is also an effective signal to
convey quality information to customers (Ma, 2021). Differences in
popularity level might lead to a change in signaling environment,
which would affect the effectiveness of other signals (Siering et al.,
2018). Next, we provide some evidence that the effectiveness of stream-
ers' signals, namely, gender and assortment depth, and the product type
heterogeneity of the main effects vary by streamer's popularity level,
aiming to help brands and suppliers choose the most suitable streamers
for marketing when faced with streamers in the high popularity group
and the low popularity group.

We first performed a median split on the streamers by the number of
fans and conducted regression analysis on the two groups separately.
We then tested if the coefficient difference between the groups was sig-
nificant through Fisher's permutation test. The results are shown in
models 1 through 3 of Table 4. The first and second columns in each
model show the coefficients in the regression analysis. Column 3 of
each model shows the P value of the test, with the null hypothesis being
no between-group coefficient difference. A P value less than 0.1 means
that the effect of the variable on sales performance between the two
groups is significantly different.

The result in Model 1 of Table 4 shows that five of six control vari-
ables’ coefficients have a significant between-group difference (p<0.01
for LnSales;, ;; p<0.05 for LnPrice,; p>0.10 for Repu;; p<0.01 for
LnFnumy;; p<0.01 for LnTmin;), except for reputation (p>0.10 for
Repuy).

The negative effect of product price on streamers' sales performance
is stronger for streamers in the high popularity group (a; = —0.589,
p<0.01 in the low popularity group; a, = —0.763, p<0.01 in the high
popularity group). Streamers with high popularity would benefit more
from an increase in scale of followers, while the broadcast time has
stronger effectiveness on streamers’ sales performance for less popular
streamers compared to streamers with high popularity
(ag4 = 1.671,p<0.01, 5 = 0.961,p<0.01 in the low popularity group;
ay =2.133,p<0.01, a5 = 0.856,p<0.01 in the high popularity group).

The result of Model 2 in Table 4 shows that the effectiveness of as-
sortment depth varies by the popularity level of streamers (»<0.10 for
AssortDepth;,). The positive effect of assortment depth on streamers'
sales performance is only significant in the high popularity group
(f2 = 0.052,p>0.10 in the low popularity group; f, = 0.017,p<0.10 in
the high popularity group). Although the results showed that only in
the high popularity group did male streamers have better sales perfor-
mance than female streamers (f; = 0.018,p>0.10 in the low popularity
group; B, = —0.328,p<0.05 in the high popularity group), the result of
Fisher's permutation test indicated that the effect of gender on stream-
ers' sales performance was not significantly different between streamers
in the high popularity group and those in the low popularity group
(p>0.10 for Gender;).
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Table 4
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The result of the main effects and the heterogeneity of the main effects by product type.

Variables Without main effect and interaction term (Model With main effect but without interaction term With main effect and interaction term (Model
1) (Model 2) 3)
Low Popularity High Popularity P value Low Popularity High Popularity P value Low Popularity ~ High Popularity =~ P value
LnSales;,_, 0.088*** 0.120%** 0.001 0.088%*** 0.120%** 0.001 0.087%*** 0.000
LnPrice; —0.589** —0.763*** 0.011 0.011 el 0.063
Repu;, 0.176* 0.226* 0.371 0.374 0.241
LnFnum;, 1.67 213 0.006 0.007 0.010
LnTmin; 0.961 0.856 0.003 0.003 0.002
Gender; 0.115 0.058
AssortDepth;, 0.070 0.174
ProdType;, —3.299%** 0.000
ProdType;, x Gender; 0.926** 0.029
ProdType;, x AssortDepth;, -0.021 0.005
Month fixed effects Yes Yes NA Yes Yes NA Yes NA
Individual fixed effects ~ Yes Yes Yes Yes Yes
Constant —17.23%** —25.78%** —17.16%** —25.29%** —17.04%*** —24.85%**
R? 0.412 0.410 0.413 0.411 0.414 0.474
Observations 6290 8663 6290 8663 6290 8663

Note: The number of observations in the high popularity group is larger than that in the low popularity group, because the streamers in the low popularity groups usu-

ally cannot stay in the top 1500.
* p<0.1, ** p<0.05, *** p<0.01.

Last, the result of Model 3 in Table 4 shows that the product type
heterogeneity of the main effects varies by the popularity level of
streamers. The coefficients of both interaction items have significant
between-group differences (p<0.05 for ProdType; X Gender;; p<0.01 for
ProdType;, X AssortDepth;). Only in the high popularity group do female
streamers perform better in selling search products, while male stream-
ers perform better in selling experience products (#; = —0.510,p>0.10 in
the low popularity group; #; = 0.926,p<0.05 in the high popularity
group). The product type heterogeneity of the effectiveness of assort-
ment depth is only significant in the low popularity group
(42 = 0.155,p<0.10 in the low popularity group; #> = —0.0207,p>0.10 in
the high popularity group).

6. Discussion of the findings

This study investigates the relationship between streamers' charac-
teristics and product sales volume and verifies the different effective-
ness of signals between search products and experience products. The
results support most of the hypotheses. This research has shown that (1)
assortment depth is positively associated with streamers' sales perfor-
mance. The gender of the streamer has no significant impact on sales
volume. (2) The effect of gender on streamers' sales performance varies
by product type. (3) The effectiveness of signals and the heterogeneity
of the main effects by product type differ by the streamer's popularity
level. The latter two findings are discussed below.

6.1. The effects of signals and heterogeneity across search and experience
products

This study does not find gender differences in Model 2; however, as
shown in Table 3, male streamers can achieve better sales performance
than female streamers when selling experience products, while female
streamers do better in selling search products. This finding might be be-
cause this study chose skincare and cosmetics products, whose cus-
tomers are mainly female, to represent experience products. In this situ-
ation, male streamers can convey the signal of sex appeal to customers
(Prendergast et al., 2014). Additionally, for experience products, it is
important for customers to value the trustworthiness of the salespeople
because of the lack of information before actually using these products
(Cui et al., 2012; Nelson, 1970). In live streaming social commerce,
when faced with experience products, customers are likely to obtain ad-
ditional information provided by the streamer's real-time trials and by

other viewers' reviews; therefore, they might decide to purchase prod-
ucts that they had not previously planned to purchase. In this situation,
the credibility of this streamer is more likely decided by direct stimula-
tion, such as their appearance. In a survey conducted in Hong Kong,
male salespeople were found to be more trustworthy than were female
salespeople in selling cosmetics products (Prendergast et al., 2014).
Considering cultural similarities, this finding might also apply to entire
Chinese markets. Therefore, the gender signal might have a different in-
fluence between the two types of products. Males can signal more trust-
worthiness in terms of selling experience products, thus improving sales
performance.

The results show that female streamers have better performance in
selling search products. Since the quality information of search prod-
ucts is easily accessed, male customers might watch the streams for he-
donic value more than utilitarian value. The sex appeal of streamers has
a positive relationship with perceived hedonic value (Guo et al., 2022).
Hedonic value is positively related to watching intention and purchas-
ing intention (Guo et al., 2022), so female streamers could attract more
male viewers and male customers. However, female customers might
have a higher perceived risk when purchasing online (Pascual-Miguel
et al., 2015). For female customers, the gender match might convey a
signal of similarity to them (Hudders and De Jans, 2022). This similar-
ity can enhance the persuasive effect of female streamers and reduce
the perceived risk of female customers (Hudders and De Jans, 2022).
Female streamers might be viewed as more professional in dealing with
the problems that female customers might also have, thus enhancing
the purchase intentions of those female customers.

6.2. The role of popularity level

6.2.1. The effects of gender and assortment depth by popularity level

As shown in models 1 and 2 of Table 4, the effectiveness of the num-
ber of fans and broadcast time also vary by popularity level. High popu-
larity enhances the effectiveness of the number of fans, while the broad-
cast time's impact becomes greater under the low popularity condition.
In the high popularity situation, a live streamer might be an influencer
(Chen and Lin, 2018). There is a stronger and more trust-based relation-
ship between customers and live streamers, which can influence the
customers' purchase decisions (Chen and Lin, 2018). The purchase in-
tention of followers is emotionally influenced by streamers (Meng et al.,
2021). Thus, the followers of popular streamers contribute more to the
streamers' sales performance. For those less popular streamers, extend-
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ing the broadcast time not only results in receiving Douyin official in-
centives to get publicity but also increases the likelihood that interested
customers will watch the live streams. In such a case, it is easier for the
less popular streamers to find some new interested customers. Last, the
broadcast time also have different effectiveness on streamers' sales per-
formance between groups.

Next, the results showed that the signal of assortment depth only
works in a high popularity group. A deeper assortment can serve exist-
ing customers and attract new customers (Hamilton and Richards,
2009). In the low popularity scenario, there might be a less demand of
assortment depth since the viewers is smaller and their wish list might
be shorter. In addition, streamers in the low popularity group are less
likely to attract new customers than streamers in the high popularity
group. Therefore, a deeper assortment might be of greater benefit to
streamers with high popularity. Therefore, deeper assortment leads to
better performance of more popular streamers, while assortment depth
has no main effects in the low popularity group.

6.2.2. The product type heterogeneity of the main effects by popularity level

From the results shown in model 3 of Table 4, the interaction term
of streamer gender and product type is only significant in the high pop-
ularity group, while the interaction term of assortment depth and prod-
uct type is significant in the low popularity group. The reason that the
interaction term of streamer gender and product type works might be
because streamers with large followings can represent high information
quality (Ma, 2021). Because of the high information quality, other
product-based quality signals, such as reputation, have less weight in
the customers’ decisions. Gender, which can provide more person-
based information, would be valued more. However, the customer
group and the factors to which customers attach importance vary by
product type (Pascual-Miguel et al., 2015; Prendergast et al., 2014), so
the gender signal also has different effects between search products and
experience products. Therefore, there are differences in the sales perfor-
mance of streamers of different genders between search products and
experience products, which we have analyzed in Section 6.1.1, in the
high popularity group.

The latter set of interaction terms shows that a deeper assortment
can enhance the perceived expertise by conveying information that it is
of a higher service quality (Ton and Raman, 2010), so customers can re-
ceive the expertise signal from a deeper assortment. With customers of
less popular streamers relying more on other signals from the streamers
to access quality information, to make up for the lower popularity of
these streamers, the expertise signal conveyed by assortment depth
would be enhanced in the low popularity group. For search products,
the expertise of streamers is valued more by customers. Hence, in the
low popularity group, the effectiveness of streamers’ assortment depth
is strengthened in selling search products.

7. Conclusion
7.1. Theoretical implications

This study provides useful insights into the impact of streamer char-
acteristics in the field of live e-commerce and enriches the existing live
e-commerce literature. First, we employ two new signals, streamers'
gender and assortment depth, to enrich the literature on live streaming
social commerce. Second, based on previous studies, we extend the cur-
rent research on live streaming social commerce by using signaling the-
ory to introduce product type as an interaction term to explore the het-
erogeneity of the main effects by product type. Previous studies in the
field of live streaming social commerce have not clearly distinguished
different types of products. Then, we find that the effectiveness of gen-
der varies by product type. The findings provide some references for fu-
ture researchers. Third, the results demonstrate that the streamers' pop-
ularity level does affect the signals’ influence. Whether customers have
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high-quality information conveyed by high popularity affects the effec-
tiveness of other signals on the customers. In addition, this study also
contributes to the literature by presenting one of the first few studies to
use panel data instead of one-period survey data.

7.2. Practical implications

The research results from this study also provide some guidance for
streamers and enterprises. If suppliers or brands plan to promote their
products in live streams, they should choose appropriate streamers for
the type of products. When choosing streamers for experience products,
priority should be given to streamers who can arouse customers' inten-
tion of impulsive consumption. In general, male streamers with high
popularity are better at this. Additionally, although popular streamers
have better performance, it is necessary to pay much more to hire them,
and brands only have a short time to show their products in top stream-
ers’ streams. For SMEs, hiring staff to conduct live streaming promotion
might be more cost-effective, especially for suppliers/brands selling
search products.

7.3. Limitations and future research

In the process of performing research and writing this paper, it was
found that there are still some problems that need further exploration
and research. First, this study is only based on Douyin, which may lead
to inadequate comprehensiveness of the study and affect its accuracy.
Second, the characteristics of streamers are limited in this study. Com-
pared with the literature, the personality of streamers is neglected in
this study.

In future studies, to avoid the occurrence of the above problems and
to make the samples more representative, it is necessary to further im-
prove the collection process for the sample data, such as adding e-
commerce platforms or expanding the scope of product types. In addi-
tion, for further exploration at the customer level, data can be collected
on customers' personal factors and the perceived characteristics of
streamers by means of questionnaire surveys or behavioral experi-
ments. Additionally, we might focus on using fine-grained individual
data of customers and streamers to further explore the problems of this
study and to explore the decision-making process of customers to better
understand the role of streamers in live streaming social commerce.
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