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The Impact of Live-Streaming Anchors' Facial Expressions on Sales Performance: An AI-Driven Analysis in China's E-commerce Landscape
Nuo WANG
The rapid growth of live-streaming commerce in China has transformed online shopping by combining entertainment with real-time purchasing. In this interactive environment, the role of live-streaming anchors has expanded beyond product demonstrations to deeply influence consumer behavior. This study explores the relationship between anchors' facial expressions and sales performance, moving beyond the limited classification of 6-10 facial expressions in current research. Integrating recent findings from behavioral science and AI-driven deep learning, the study uses a 28-expression taxonomy (Brooks et al., 2024), validated in cross-cultural psychology. Grounded in signaling and emotional contagion theories, the research applies AI-powered algorithms to analyze facial expressions across 1,500 data points from major platforms. The aim is to understand how emotional displays influence consumer engagement, purchasing behavior, and time efficiency in live-streaming environments. The findings will contribute to theory by expanding facial expression classifications in marketing and enhancing emotional analysis in digital commerce. Practically, the study shows how anchors can leverage emotional expressions to connect with consumers and influence purchase decisions and engagement. It also highlights the evolving anchor-consumer dynamics in live-streaming commerce, an underexplored area, and presents a novel application of AI to refine live-streaming sales strategies.
Research objectives
· To examine the relationship between live-streaming anchors' facial expressions and consumer sales performance during live-streaming sessions.
· To apply and extend the facial expression taxonomy to the field of e-commerce, enriching the theoretical understanding of emotional contagion in digital marketing.
· To develop data-driven insights for live-streaming anchors to leverage facial expressions strategically to optimize consumer engagement and purchasing behavior.
1.1	Research background
Human facial expressions convey important non-verbal messages and have been widely debated in psychology and neuroscience. While Ekman’s (1993) classification of facial expressions and emotions has been influential, researchers have challenged this model for over two decades, emphasizing factors such as culture, gender, and age in shaping facial expressions. Studies have shown that cultural differences influence emotional intensity representation, with East Asian models focusing on the eyes and Western Caucasian models on other facial features (Jack et al., 2012). Gender differences are more consistent, with females generally being more expressive, particularly in positive emotional states (Kring & Gordon, 1998). Age-related differences in facial expressions are less clear, with some studies suggesting older individuals display more mixed expressions, while others find no significant differences.
China’s live-streaming e-commerce industry surpassed 4.9 trillion RMB in 2023, benefiting from low entry barriers, high interactivity, and conversion rates 30% higher than traditional platforms. This growth is supported by advances in internet infrastructure, including widespread smartphone use, 5G networks, and reduced data costs. Traditional e-commerce also provides a strong operational foundation. However, challenges have emerged, and regulations are evolving to ensure compliance and standardization. This study explores consumer engagement through facial expressions, leveraging AI recognition technology for large-scale, accurate identification and reviewing recent advancements in facial expression categorization.
1.1.1 Facial expressions in marketing research
Facial expressions, particularly emotional cues, significantly impact audience perceptions and behaviors in business. Research has shown that subtle asymmetries in CEO facial expressions during interviews can influence stock market responses, highlighting the power of non-verbal cues in investor behavior (Banker et al., 2024). Similarly, CEO facial expressions combined with speech sentiment can predict M&A outcomes, demonstrating their role in corporate decision success (Choudhury et al., 2019).
In live streaming, broadcasters' happiness correlates with higher viewer engagement, with positive expressions driving more interactive comments (Lin, Yao & Chen, 2021). Research using the EASI model found that streamers' happiness and surprise increased paid gifting behavior, while negative emotions had the opposite effect (Xi et al., 2024). Streamer traits like warmth and humor also boost viewer intentions to watch and purchase, mediated by perceived value (Guo, Zhang & Wang, 2022).
Emotional attachment to streamers, facilitated by facial expressions, enhances user retention and engagement (Li, Li & Cai, 2021). CEO expressions also influence investor perceptions during ICOs, impacting pricing and market valuation (Momtaz, 2021). Expressions of sadness by CEOs during a crisis can shape public perceptions and company reputation, with empathy and perceived competence playing key roles (Schoofs & Claeys, 2021).
1.1.2	Facial coding systems
In marketing and management, the classification of facial expressions has room for further development. To address this, I reviewed literature in fields such as computer science, behavioral science, machine learning, human-computer interaction, and psychology, uncovering more comprehensive classification methods. These approaches include separating and analyzing individual facial units (e.g., eyes, lips) as well as conducting combined analyses. 
Table 1.2 Main studies in shaping facial coding systems
	Method
	Description 
	Representative study

	Facial Action Coding System
	58 action unions of the facial action coding system 
	Cohn, Ambadar and Ekman (2007)

	Categorical facial expression coding system
	Contempt, disgust, fear, sadness, anger, happiness, surprise
	González-Rodríguez et al. (2020)

	Credibility assessment of facial expressions
	Genuine (natural)
	Oguine, Oguine, Bisallah & Ofuani (2022)

	
	Postured (deliberate/volitional/deceptive) expressions
	

	Micro/macro expressions
	Duration, Visibility, Emotional significance
	Yap, Kendrick & Yap (2020）

	PAD emotional model
	Pleasure, Arousal, Dominance
	Developed by psychologists James A. Russell and Albert Mehrabian (1977)


2.1 Methodology
This research will use a quantitative approach, utilizing AI-driven deep learning algorithms to analyze facial expressions in live-streaming sessions. The study will collect data from major live-streaming platforms in China, focusing on 1,500 data points across various product categories. The facial expressions of anchors will be classified into 28 distinct categories based on the taxonomy by Brooks et al. (2024). Session duration, sales performance (number of purchases), and engagement (e.g., comments, likes, shares) will also be recorded and analyzed. The AI system will track and analyze the correlation between the emotional expressions displayed by the anchor and consumer behavior in real-time.
Considering the Platform Selection, the major live-streaming platforms will be targeted for data collection, representing the primary e-commerce platforms in China. For the Sample Size, 1,500 data points will be captured from various live-streaming sessions, ensuring a broad and representative sample across different product categories. By conducting the facial Expression Analysis, AI-driven deep learning tools are expected to be used. 28 distinct facial expressions will be coded and analyzed in each session, focusing on key emotional indicators such as joy, surprise, and trust. The last step is to consider the Consumer Behavior Data. Data on consumer interactions (e.g., comments, likes, shares) and sales (e.g., purchases made, revenue) will be collected from platform analytics by collaborating with the platforms. 
[bookmark: _GoBack]3.1 Expected contributions
This research expands emotional contagion theory by analyzing how specific facial expressions in live-streaming environments influence consumer behavior. It enhances the understanding of emotional analysis in digital marketing by applying an updated facial expression taxonomy to real-time e-commerce. The findings provide actionable insights for live-streaming anchors and marketers on using facial expressions to build emotional connections with consumers, improving sales performance and session duration. The study also highlights AI's potential to optimize emotional dynamics in live-streaming commerce, offering data-driven strategies for this rapidly growing sector in China and globally.
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