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Abstract. Live streaming e-commerce can generate both economic and brand 

benefits for enterprises. When faced with the choice between enterprise self-

broadcast and influencer live streaming - two formats that yield different out-

comes - enterprises need to select the more suitable approach to maximize ben-

efits. Based on evaluating the effectiveness of e-commerce live streaming and 

considering characteristics related to products, brands, and consumers, this 

study constructed a live streaming type selection model using Stacking ensem-

ble learning. The model was empirically validated using live streaming data of 

infant products in the maternal and child goods industry. This research innova-

tively applies machine learning methods and product live streaming data to the 

selection of streaming types, providing valuable references for enterprises mak-

ing decisions in live streaming e-commerce.The study still has several limita-

tions. Future research could incorporate data from more live streaming plat-

forms while refining the feature dimensions considered in streaming type selec-

tion, with the aim of further improving the model's predictive performance and 

adaptability. This would enable enterprises to make more scientific and precise 

decisions. 

Keywords: Live Streaming E-commerce, Live Streaming Type Selection, In-

ternet Celebrity Streamer, Enterprise Self-broadcast, Stacking Ensemble Learn-

ing 

1 Introduction 

Based on the differences in live streaming hosts, live streaming types can be catego-
rized into enterprise self-broadcast and live broadcast by Internet celebrities, with 
distinct mechanisms through which different types of hosts influence consumers [1]. 
Various live streaming types also yield distinct benefits for enterprises. Live broad-
casts by Internet celebrities can attract more new customers in the short term but per-
form poorly in terms of consumer loyalty [2]. Although enterprise streamers’ fan 
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bases and live streaming appeal may lag behind those of Internet celebrity streamers, 
their consumers often exhibit higher loyalty due to brand effects [3].    

In the current live streaming e-commerce market, enterprise streamers and Internet 
celebrity streamers coexist, with each type offering distinct advantages. To maximize 
enterprise benefits, scholars have focused on guiding enterprises to strategically select 
live streaming types. Enterprises must integrate multidimensional factors when for-
mulating decisions. However, current methods, such as situational experiments and 
game-theoretic models, exhibit limitations in analyzing feature combinations due to 
their narrow focus on economic benefits, neglecting multidimensional enterprise ben-
efits. 

In contrast, machine learning algorithms excel in scenarios where relationships are 
difficult to explicitly formulate with mathematical equations [4]. They enable effec-
tive integration and comprehensive analysis of multidimensional feature information, 
uncovering hidden patterns and trends within data. Building on this, this paper ad-
dresses live streaming type selection using machine learning.  

2 Design of Live Streaming Type Selection Method Based 
on Stacking Ensemble Learning 

Stacking, an ensemble learning algorithm that combines multiple models to achieve 
superior predictive accuracy compared to individual models, has been extensively 
applied in e-commerce domains including user purchase behavior prediction, authen-
tic reviewer identification, phrase mining, and demand forecasting [5]. Its demon-
strated generalization capability and proven effectiveness in addressing e-commerce 
challenges confirm the algorithm's feasibility and validity for solving live streaming 
type selection problems. 

The proposed methodology is illustrated in Fig. 1. First, historical live streaming 
data and related brand data are collected and preprocessed. Subsequently, the effec-
tiveness of each live streaming session is evaluated by calculating scores from both 
economic and brand benefit perspectives, with the optimal live streaming type for 
each product identified as the target variable for the Stacking ensemble learning mod-
el. Concurrently, features for live streaming type selection are extracted across three 
dimensions—brand characteristics, product attributes and consumer behavior—to 
construct the feature set. Finally, a Stacking ensemble learning-based live streaming 
type selection model is built by integrating multiple classifiers, which is then trained 
and tested on the dataset. 
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Fig. 1. Research Framework 

2.1 Evaluation of Live Streaming E-commerce Effectiveness 

To determine the optimal live streaming type for each product, this study evaluates 
live streaming effectiveness by integrating both economic and brand benefits. Build-
ing upon the evaluation framework established by Yu et al. [6] which assessed live 
streaming effectiveness through brand exposure, user engagement, and conversion 
metrics. 

Shen Xiao et al. [7] developed an evaluation system for officials’ live streaming 
sales effectiveness. Drawing on their methodology, this study constructs a live 
streaming effectiveness evaluation system with weighted metrics: transaction conver-
sion (50%), brand exposure (20%), and user engagement (30%). Within user engage-
ment, bullet chat (danmu) counts and likes are assigned equal weights. As shown in 
Table 1, this framework quantifies live streaming effectiveness, enabling comparative 
analysis across different live streaming sessions. The live streaming type yielding the 
highest performance is selected as the target variable value. 

Table 1. Live E-commerce Effect Evaluation Index System 

First-level Indicators Second-level Indicators Third-level Indicators 
Economic Bene-

fits(50%) 
Transaction Conver-

sion(50%) 
Sales Per Minute(50%) 

Brand Exposure(20%) Average Number of People Online(20%)
Brand Benefits(50%) 

User Engagement(30%) 
Number of Barrages Per Minute(15%) 

Likes Per Minute(15%) 

2.2 Determination of Live Streaming Type Selection Feature Set 

Marketing research suggests that factors influencing marketing channel selection can 
be summarized into four aspects: product-related factors, market factors, enterprise-
specific conditions, and intermediary factors [8]. With reference to key factors in 
marketing channel selection, this study extracts relevant features from three dimen-
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sions—brand characteristics, product characteristics, and consumer characteristics. 
The complete feature set for live streaming type selection is presented in Table 2. 

Table 2. Feature Set of Live Broadcast Type Selection 

Feature Classi-
fication 

Feature Value Feature Value Description 

Brand Character-
Brand Awareness 

The official flagship store 's account number of 
fans 

istics 
Brand Reputation 

The sum of the proportion of positive information 
and neutral information of user comments 

Product Charac-
teristics 

Product Type 
Product Price 

Search Products / Experience Products  
Product Links Show Price 

Consumer Char-
acteristics 

Consumer Search 
Behavior 

Consumer search index 

Market Charac-
teristics 

Special shopping 
events 

Yes/No 

(1) Brand Characteristics.  
Brand awareness. Brand awareness plays a moderating role in the relationship be-

tween endorsement types and consumer purchase intention [9]. Given that different 
live streaming types affect brand exposure and communication effectiveness to vary-
ing degrees, this study incorporates brand awareness as a key feature. This paper uses 
the follower count of the brand's official flagship store account on the live streaming 
platform to measure brand awareness. 

Brand Reputation. Online reviews significantly influence consumers' purchasing 
decisions [10]. When selecting live streaming types, enterprises must consider the 
potential for reputation enhancement and how streamer characteristics align with 
brand image. This study adopts the measurement method from Qingbo Index, calcu-
lating brand reputation as the combined proportion of positive and neutral user com-
ments under the brand’s official account. 

(2) Product Characteristics.  
Product Type. For search products, consumers can reduce perceived uncertainty 

through detailed product information, thereby enhancing purchase intention. Con-
versely, experience products are difficult to evaluate objectively before purchase [11]. 
Existing research has demonstrated that product type moderates the effect of streamer 
type on consumer purchase intention [1]. Enterprises must therefore carefully evaluate 
the alignment between product type and live streaming format. 

Product Price. In live streaming commerce, consumers' perceived product risk is  
associated with price [12]. Different streamer characteristics moderate the impact of 
perceived risk on consumer behavior [13]. Consumers tend to prefer different stream-
er types for different price segments to minimize perceived risk. Product price thus 
becomes a critical factor in enterprises' live streaming strategy formulation. 
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(3) Consumer Characteristics.  
Consumer Search Behavior. Online search behavior significantly influences con-

sumer purchase decisions [14], and consumer search indices have been extensively 
utilized for predictive analytics across various industries.[15]. Prior to selecting live 
streaming formats, enterprises can leverage search indices to gauge market percep-
tions, preferences, and latent demand, enabling data-driven matching between stream-
er profiles and consumer characteristics.  

(4) Market Characteristics.  
Special shopping events. During special shopping events, market dynamics like 

traffic spikes, higher price sensitivity, and fierce brand competition directly impact 
streaming format choices. Enterprise streams build long-term brand value, while in-
fluencer streams better leverage event traffic and price appeals for instant conversions 
- making sales timing a key factor in balancing economic and brand outcomes. 

2.3 Construction of the Live Streaming Type Selection Model Based on 
Stacking Ensemble Learning 

The Stacking ensemble learning model typically adopts a two-tier architecture: a base 
layer comprising multiple base models, and a meta-layer with a single meta-model. 
Following dataset construction, this study implemented diverse classification algo-
rithms for the base-layer predictors. The processed product dataset was trained sepa-
rately on each candidate algorithm to determine the optimal base classifier combina-
tion, with each generating independent predictions. For the meta-layer, logistic re-
gression served as the meta-model. The base classifiers' predictions were transformed 
into new features to form a meta-feature matrix, which was then fed into the meta-
model to produce the final live streaming type prediction. 

(1) Selection of Base Classifiers.  
The combination of base classifiers and meta-classifier is crucial for determining 

the generalization capability of the Stacking ensemble learning model. Existing re-
search demonstrates that prediction inconsistency among base classifiers can enhance 
model accuracy [16]. Candidate algorithms were selected from both single classifiers 
and ensemble classifiers. Combining both algorithm types leverages their comple-
mentary strengths for superior predictive performance. 

To construct a diverse base classifier pool, correlation coefficient analysis was ap-
plied to evaluate prediction similarity [17]. Classifiers exhibiting lower prediction 
correlations were prioritized to capture distinct data characteristics effectively. 

(2) Selection of Meta-Classifiers.  
Logistic regression was adopted as the meta-classifier, following established prac-

tices [18]. Its advantages include: computational efficiency and interpretability, high 
result accuracy and mitigation of overfitting risks in Stacking frameworks 
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3 Empirical Study 

3.1 Data Collection and Processing 

Focusing on the infant and child products segment within the maternal and child in-
dustry, we collected data for the top 50 brands in infant product sales through the 
Feigua data platform across two key periods: September 9-15, 2024 (regular sales 
period) and November 5-11, 2024 (major promotional event). The combined dataset 
comprises 591 products featuring both enterprise self-broadcasts and Internet celebri-
ty live streams, encompassing 63,694 live sessions.  

Statistical analysis was performed using ANOVA and chi-square tests for each fea-
ture. The results demonstrated highly significant correlations (p<0.01) for official 
account followers, post-coupon product price, and brand search index. While brand 
reputation (p=0.0694) and product type (p=0.0971) showed marginal significance 
(p<0.1) and may be considered for inclusion based on specific business contexts, the 
special shopping events variable (p=0.5099) exhibited no statistically meaningful 
impact on host selection. 

3.2 Live Streaming Effectiveness Evaluation 

Basing the established e-commerce live streaming evaluation framework, we calcu-
lated effectiveness scores for each session. For every product, we compared all corre-
sponding live sessions and designated the streamer type achieving the highest score as 
the optimal choice. The scoring methodology follows Equation (1). 

nnnnn LBVXC 15.015.02.05.0 +++=  (1) 

where X represents sales per minute, V is average concurrent viewers, B is bullet 
chats per minute, and L is likes per minute, with coefficients corresponding to the 
weights in the evaluation system. Among the 591 products, 267 showed optimal per-
formance with enterprise self-broadcast while 324 performed best with Internet celeb-
rity streams. This indicates that while influencer streams currently demonstrate slight-
ly stronger conversion capabilities for most products, enterprise self-broadcast re-
mains highly competitive. 

3.3 Stacking Ensemble Learning Model for Live Streaming Type 
Selection 

After evaluating live streaming effectiveness, the dataset was split into training (80%) 
and testing sets (20%). For base classifier selection, we considered both single algo-
rithms (KNN, Logistic Regression, Decision Tree, SVM, Naive Bayes) and ensemble 
algorithms (Random Forest, GBDT, AdaBoost, XGBoost). All candidate algorithms 
were trained separately on the dataset. To ensure optimal performance of the Stacking 
ensemble model, we used 5-fold cross-validation with grid search to determine the 
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best hyperparameters for each model based on the highest average accuracy scores, as 
detailed in Table 3. 

Table 3. The Optimal Parameter Combination of Each Model 

Base Classifier Parameter Values 
KNN n_neighbors=12, weights=uniform 
LR C=46.4159 
DT max_depth= 3, criterion=gini 

SVM kernel=rbf', C=215.4435 
NB var_smoothing=3.5938e-08 
RF n_estimators=200, max_depth=10 

GBDT n_estimators=200, learning_rate=0.01 
AdaBoost n_estimators=100, learning_rate=0.01 
XGBoost n_estimators=200, learning_rate=0.01 

The similarity among base classifiers' prediction results was analyzed using corre-
lation coefficients, with the correlation heatmap shown in Fig. 2. The  classifier com-
binations exhibited lower correlation levels below 0.7, indicating more diverse predic-
tion patterns. Based on comprehensive evaluation and experimental testing, the final 
base classifier combination selected consisted of KNN, Logistic Regression, Naive 
Bayes, XGBoost, and AdaBoost. The predictions from these base classifiers were 
then used as input features for the meta-classifier, Logistic Regression, to generate the 
final output predictions. 

 
Fig. 2. Similarity analysis between models 

The Stacking ensemble model demonstrated balanced performance across key met-
rics, as detailed in Table 4. These results indicate the model's reliable performance in 
live streaming type prediction, with all metrics falling within the narrow range of 
74.5% to 77.8%, reflecting consistent performance across different evaluation dimen-
sions. The model's performance validates the effectiveness of the Stacking approach 
in combining diverse base classifiers while maintaining computational practicality for 
enterprise deployment in live streaming type selection scenarios. 
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Table 4. Forecast Effect 

Model Evaluation(%) 
Accuracy Precision Recall F1 
74.79% 77.79% 74.79% 74.50% 

4 Conclusions 

The proposed Stacking ensemble learning approach for live streaming type selection 
offers dual advantages: it effectively balances comprehensive enterprise benefits 
while accounting for interactive effects among multidimensional features in the deci-
sion-making process. By leveraging historical product data for model training, this 
method reduces human-induced biases and enables rapid adaptation to evolving mar-
ket conditions and consumer demands, thereby enhancing both the accuracy and time-
liness of decision-making.  

References 

1. Minxue Huang, Yuqian Ye, and Wei Wang, The influence of different types of live
streamers on consumers' purchase intention and behavior under different product types, 

2. Yufeng Zou, Xianghua Lu, and Fengyao Li, Can influencer live-streaming e-commerce 
bring loyal consumers? Evidence from consumer purchases of a cosmetics brand, Foreign 
Economics & Management, vol. 45, no. 5, pp. 134–152, 2023, doi:

3. Yongbo Xiao, Xuhong Wang, Jing Yu, and Cui Zhao, Live-streaming e-commerce: Man-
agement challenges and potential research directions, Chinese Journal of Management Sci-

4. Bin Li, Xinyue Shao, and Yueyang Li, Machine learning-driven fundamental quantitative 
investment research, China Industrial Economics, no. 8, pp. 61–79, 2019, doi:

5. C. A. M. Subroto and S. Akbar, The Effect of Preprocessing Techniques on Stacked Gen-
eralization and Stand-Alone Method for E-commerce Demand Prediction, in 2022 9th In-
ternational Conference on Advanced Informatics: Concepts, Theory and Applications
(ICAICTA), Tokoname, Japan: IEEE, Sep. 2022, pp. 1–6. doi:

6. Yisheng Yu, Xide Lin, and Shunguo Deng, Live-streaming E-commerce: Theory, Cases, 
and Practical Training (Micro-lecture Edition), Beijing: Posts & Telecom Press, 2021, p. 

7. Xiao Shen and Jun Lyu, Research on the configurational paths of factors influencing the 
communication effects of officials' live-streaming sales: A fuzzy-set qualitative compara-
tive analysis based on 140 cases, E-Government, no. 1, pp. 102–112, 2024, doi:

8. Minghai Ye and Qinghong Zhang, Marketing Management, Shanghai: Tongji University 
Press, 1996, p. 242. 



 

doi: 10.16538/j.cnki.fem.20210526.301. 

10.19616/j.cnki.bmj.2007.22.008. 

ing, vol. 27, no. 3, pp. 226–235, 2013. 

doi: 10.14120/j.cnki.cn11-5057/f.20211209.001. 

ence, vol. 36, no. 12, pp. 118–126, 2022, doi: 10.13956/j.ss.1001-8409.2022.12.16. 

ucts, Management Science, vol. 62, no. 12, pp. 3576–3603, 2016. 

2017. 

gence Research, vol. 10, no. 1, pp. 271–289, May 1999. 

 
knowledge, Documentation, Information & Knowledge, pp. 1–15. 

9. Zhao Han, Gang Du, Aihua Xiong, and Han Zhang, Celebrity endorsement or streamer's 
off-site endorsement? A study on the influence mechanism of two endorsement types on 
purchase intention, Foreign Economics & Management, vol. 44, no. 3, pp. 53–68, 2022, 

10. Liyin Jin, The impact of online word-of-mouth information on consumers' purchase deci-
sions: An experimental study, Business Management Journal, no. 22, pp. 36–42, 2007, doi: 

11. F. R. Jiménez and N. A. Mendoza, Too popular to ignore: The influence of online reviews 
on purchase intentions of search and experience products, Journal of Interactive Market-

12. Qihua Liu, Li Wang, Zelin Tong, Yiran Li, and Xiaoyu Zhang, The impact of online prod-
uct rankings on sales from an information cascade perspective: The moderating role of 
product type and product price, Management Review, vol. 35, no. 1, pp. 174–186, 2023, 

13. Ling Liang, Luhua Yuan, and Jiaping Xie, An empirical study on the mechanism of live-
streaming shopping users' purchase behavior based on the ABC attitude theory, Soft Sci-

14. T. T. Ke, Z.-J. M. Shen, and J. M. Villas-Boas, Search for information on multiple prod-

15. T. Geva, G. Oestreicher-Singer, N. Efron, and Y. Shimshoni, Using forum and search data 
for sales prediction of high-involvement projects, MIS Quarterly, vol. 41, no. 1, pp. 65–82, 

16. K. M. Ting and I. H. Witten, Issues in stacked generalization, Journal of Artificial Intelli-

17. Youlin Zhao, Hangyuan Pang, and Yanqing Shi, Health information profiling and fake 
health information identification: Integrating social sensing data and publisher prior

18. S. Chen, Z. Guo, and X. Zhao, Predicting mortgage early delinquency with machine learn-
ing methods, European Journal of Operational Research, vol. 290, no. 1, pp. 358–372, Apr. 
2021, doi: 10.1016/j.ejor.2020.07.058. 

Internet Celebrity Streamer or Enterprise Self-broadcast? …             941

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.

http://creativecommons.org/licenses/by-nc/4.0/

	Internet Celebrity Streamer or Enterprise Self-broadcast?——Research on E-commerce Live Broadcast Type Selection Based on Stacking Ensemble Learning



