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Abstract


Live-streaming commerce has become a routine channel for merchants, and streamers’ nonverbal cues are closely associated with consumer responses and conversion. Drawing on real live-streaming settings, this study examined the relationship between streamers’ nonverbal cues and consumer purchase behavior, and further tested whether immersion, as reflected by average watch time, helped explain this relationship. Building on Social Cognitive Theory, we constructed a multimodal dataset of 4600 product-presentation segments from 546 live sessions. Using an automated computer-vision-based framework, we measured segment-level nonverbal behaviors, including nodding frequency, gesture intensity, postural movement intensity, forward lean, and camera proximity. We then examined how these nonverbal cues were associated with consumer purchase behavior and through what mechanisms in live-streaming settings. The results showed that each nonverbal cue was positively and significantly associated with consumer purchase behavior. Mediation tests further indicated that immersion significantly helped explain the relationships between nonverbal cues and consumer purchase behavior. From a process perspective, this study extends the range of constructs examined in live-streaming commerce and clarifies how nonverbal communication is associated with outcomes, offering practical implications for streamer training, camera setup, and content design.






Keywords:


live-streaming commerce; nonverbal cues; immersion; purchase intention; multimodal analytics












1. Introduction


Live-streaming commerce is an emerging sales model that uses online video live streams to integrate product presentation, interactive explanation, and online transactions [1]. As the live-streaming business model has matured and consumers purchasing habits have become more stable, live-streaming sales have shifted from a traffic channel characterized by episodic growth to a core vehicle for merchants routine operations [2]. In China, for example, sales generated through merchant-run live sessions exceeded RMB 430 billion in 2025, and merchant-run sessions accounted for 69% of all live-streaming commerce merchants [3]. Identifying how merchants can continuously attract consumers and stimulate consumption through manageable elements has become a pressing issue in live-streaming commerce research and practice.



Compared with traditional online selling formats that rely primarily on text-and-image information and customer service chats, live-streaming commerce enables real-time interaction. This interactivity provides consumers with more contextualized information during viewing and helps them form a more intuitive understanding of product performance [4]. Streamers often reduce consumers’ perceived uncertainty through live demonstrations, firsthand trial, and ongoing explanation, which in turn facilitates the formation of product evaluations [5]. At the same time, live-streaming commerce also relies on a process-based experience to sustain consumers’ ongoing attention and emotional engagement [6]. A large body of research indicates that consumers are more likely to enter a state of sustained focus, emotional involvement, and a diminished sense of time while watching live streams. This immersion experience significantly increases viewing value, lowers the likelihood of exit, and ultimately promotes consumer purchase behavior [7]. Therefore, understanding how immersion is activated and how it connects streamer presentation to consumer purchasing is a key pathway for explaining conversion efficiency in live-streaming commerce.



In live-streaming commerce, immersion is shaped not only by the transmission of verbal content but also, to a large extent, by streamers’ nonverbal cues [8]. Nonverbal cues generally refer to communication channels that do not rely on semantic content, including facial expressions, gaze, gestures, body posture, spatial distance, and paralinguistic features [9]. Nonverbal behavior can convey interaction involvement and emotional states to audiences within a very short time, thereby influencing how information is processed and the intensity of the experience [10]. Recent studies have also shown significant associations between streamers’ gesture use frequency, the extent of facial feature changes, and live-streaming consumer purchase behavior [11,12]. However, existing evidence remains limited in two ways. First, live-streaming commerce research overall still places greater emphasis on verbal strategies and script design [13], and discussions of nonverbal expression are relatively fragmented. Second, even when studies focus on nonverbal cues, they mostly examine more salient cues such as gaze, gestures, and facial expressions [14], while paying insufficient attention to head movements and bodily dynamics that are more processual and rhythmic. Because immersion is fundamentally about sustained attention and experiential involvement, it is more likely to be driven by high-frequency, continuous, and visually salient dynamic behavioral cues [15]. Without systematically identifying and testing these cues, our ability to explain the mechanisms of immersion in live-streaming commerce and its downstream conversion consequences will remain constrained.



Therefore, this study further places its focus on nonverbal behavioral cues that are more dynamic and processual in live-streaming settings. Specifically, this research focuses on four categories of nonverbal cues in live-streaming settings that are important yet have received limited scholarly attention: nodding frequency, forward lean, postural movement intensity, and camera proximity. It then examines their relationship with consumer purchase behavior. First, nodding is a common feedback behavior that can express understanding, agreement, and responsiveness without adding new information [16]. In live-streaming settings, viewers may interpret nodding as a cue of active response and interactional coordination, which may help maintain smooth interaction and sustain attention to the live-streaming content [17]. Second, forward lean is generally regarded as an approach-oriented posture that may signal greater attentional involvement and willingness to interact [18]. In live-stream viewing, this cue may shape viewers’ perceptions of psychological distance and inform their judgments about the streamer’s interaction tendency and communicative engagement [19]. Third, postural movement intensity reflects the streamer’s behavioral energy and rhythmic variation during expression [20]. Such dynamic cues are more likely to attract attention and may convey greater expressive vitality and interactional tension [21]. Finally, camera proximity is an important visual presentation cue in live-streaming settings. By shaping visual distance and on-screen prominence, it may influence viewers’ perceptions of psychological distance and attentional focus, thereby providing external conditions for the formation of immersion [22]. Overall, these cues capture nonverbal presentation characteristics in live-streaming settings that are readily perceptible, dynamically continuous, and relatively manageable, thus offering a perspective that is more closely aligned with the real live-streaming process for understanding how immersion forms.



To explain how the above nonverbal cues may shape viewers’ attention allocation and social inference, and in turn relate to immersion and consumer purchase behavior, this study draws on Social Cognitive Theory as its core explanatory framework. Social Cognitive Theory suggests that individuals allocate attention to perceptible external behavioral cues and cognitively interpret them, thereby forming inferences about others’ intentions, levels of interactional involvement, and behavioral motives. These inferences may further shape attitude formation and behavioral decision making [23]. In live-streaming commerce, consumers lack offline verification and sufficient two-way interaction. As a result, they rely more heavily on the behavioral cues that streamers display on camera to form judgments [24]. From the perspective of Social Cognitive Theory, dynamic nonverbal cues such as streamers’ nodding, forward lean, postural movement, and camera distance serve as important sources of information that viewers use to allocate attention, understand the streamer’s state, and make social inferences [5]. During sustained viewing, consumers may use these cues to form judgments about the streamer’s interactional involvement, recommendation sincerity, and expressive state. These judgments may further shape their level of experiential involvement and, in turn, be associated with consumer purchase behavior. Accordingly, immersion may represent a key psychological mechanism linking streamers’ nonverbal cues to consumer purchase behavior.



To test these inferences, this research examined merchant-run live sessions on Douyin and constructed a multimodal dataset based on 546 live sessions and 4600 product presentation segments matched to transaction outcomes. Using an automated computer-vision–based framework, we extracted segment-level nonverbal cues and linked them with minute-level operational data. This design allowed us to test how streamers’ dynamic nonverbal cues relate to immersion and consumer purchase behavior within the same unit of analysis.




2. Literature Review


2.1. Streamer Behavior and Consumer Decisions


As the central agent who conveys product information and interacts with viewers in live-streaming commerce, the streamer is widely viewed as an important driver of consumers purchase decisions. Prior research can be grouped into three broad categories. The first stream examines streamers’ appearance and attractiveness. Evidence suggests that streamers’ attractiveness, defined as an overall evaluation of the streamers’ looks, personality, and talent, increases viewing enjoyment and strengthens purchase intention [25]. In addition, streamers’ facial attractiveness can influence how viewers allocate attention and, to some extent, reduce psychological resistance to the shopping context, thereby increasing consumers purchase intention [26]. The second stream focuses on the characteristics of streamers interactive content. Yang et al. (2023) found that when streamers use a stronger social-interaction-oriented communication style during live streaming, it significantly affects viewers purchasing and tipping behavior [27]. Using Douyin live-streaming data, Yang and Wang (2025) showed that streamers who maintain high-frequency interaction with viewers and engage in more diverse communication behaviors tend to be more popular during live streams [28]. Gu et al. (2023) found that information-rich live-streaming content is often accompanied by stronger enjoyment and perceived social support [29]. As a result, consumers are more likely to have a memorable viewing experience and to increase their intention to continue participating. Research also indicates that the level of professional competence displayed by streamers during interaction, as well as the quality of the information content, meaningfully shapes consumers attitude formation and purchase decisions [30]. Further work suggests that interaction quality in live streaming is not a single construct. It can be decomposed into responsiveness, professionalism, informativeness, and personalization, and these dimensions show significant associations with consumers emotional experiences and purchase intention [31]. The third stream emphasizes fit-related characteristics, including the congruence between the streamer and the product and the match between the streamer and consumers. Prior research indicates that when streamer—product fit is high, viewers are more likely to develop favorable perceptions of the streamer’s attractiveness and credibility [32]. Live-streaming interaction not only transmits information but also serves as a process through which social identification is gradually constructed. When viewers perceive that the values communicated by the streamer align with their own, they are more likely to identify with the streamer and the explanations provided, which in turn influences attitude formation and behavioral responses [33].



In summary, existing research has primarily examined streamer behavior in live-streaming commerce from the perspective of interactive content, with a focus on verbal cues such as language use and interaction frequency and their effects on consumer attitudes and purchasing. Compared with the extensive attention given to verbal cues, research has paid limited attention to the nonverbal cues that streamers display during live streaming.




2.2. Nonverbal Cues


In communication and media research, nonverbal cues are widely regarded as an indispensable component of human interaction. They are expressed through multiple channels, including facial expressions, bodily movements, body posture, and vocal paralinguistic features [34,35,36]. Nonverbal cues often convey emotions and psychological states in an unconscious manner and serve multiple functions in communication. Prior research shows that nonverbal cues shape behavioral decisions by influencing social perception and cognitive inference processes, which in turn affect judgments about others attitudes, intentions, and credibility [10,37].



From a functional perspective, different types of nonverbal cues play distinct roles in interpersonal exchange. Research finds that gestures not only reinforce the expression of key information but also effectively direct audience attention, thereby improving the efficiency of information processing during communication. In highly interactive media contexts such as live streaming, these benefits are particularly pronounced when gestures align with verbal content [38]. Eye contact is another critical nonverbal cue. It is typically viewed as a bidirectional interaction signal. Both actively looking at others and being looked at tend to be accompanied by physiological arousal, which gradually manifests in individuals emotional experiences and behavioral responses during interaction [39]. With respect to facial nonverbal cues, Todorov et al. (2015) systematically showed that people quickly infer others credibility and intentions from cues such as facial expressions [40]. Related work further suggests that smiling, as a specific facial expression, can foster trust and thereby increase a communicator’s perceived warmth and approachability [41]. In addition, body posture is considered an important nonverbal cue. It may strengthen viewers mental imagery and product evaluations and promote consumer purchase behavior in combination with verbal information [12].



In terms of measurement, advances in computational methods have made the quantification of nonverbal cues increasingly feasible and have enabled researchers to capture nonverbal signals more efficiently in video media such as advertising and live streaming. Prior research has used automated facial coding, expression recognition, and facial tracking techniques to continuously measure viewers’ emotional responses and to assess how different video content is associated with differences in viewing intention and market performance [42,43]. For bodily cues, Kim et al. (2021) used OpenPose to extract full-body skeletal keypoints and computed joint angles of the trunk and limbs to quantify posture during task performance [44]. For head movement recognition, Kujani and Kumar (2023) used a convolutional neural network-based transfer learning approach to automatically identify behaviors such as nodding and head turning in real-time video, thereby converting head movement patterns into quantifiable nonverbal indicators [45].




2.3. Social Cognitive Theory


Social cognitive theory (SCT) emphasizes that individuals are not passive recipients of external stimuli. Instead, in social contexts, they continuously attend to and process others observable behaviors to form understanding and judgments about interaction partners, and they develop relatively stable attitudinal orientations and behavioral tendencies on this basis [46]. External cues do not translate directly into behavioral outcomes. Rather, their effects are translated into individuals decisions and actions through internal cognitive processes such as attention allocation, meaning interpretation, and social inference [47]. More broadly, SCT is grounded in triadic reciprocal determinism, which posits mutual interaction and reinforcing feedback loops among environmental inputs, individual psychological processes, and behavioral responses. This framework explains how others behaviors in communication settings shape audiences interaction and choice [48].



Live-streaming commerce provides a highly prototypical setting for applying SCT. A live-streaming room is a socially interactive space mediated by the camera. Because consumers have limited opportunities for offline verification, they are more likely to construct cognitions and make value judgments by continuously observing the streamer and the interaction context [49]. In this process, viewers not only process product information itself but also continuously integrate streamers’ behavior, the interaction atmosphere, and emotional cues [50]. Based on these inputs, they form inferences about the streamer’s credibility, recommendation intent, and level of interactional involvement, which may ultimately be reflected in differences in viewing preferences, participation behavior, and purchase decisions [51]. Because live-stream viewing is a process of sustained attention and experiential involvement that unfolds through ongoing observation [52], the role of streamers’ behavioral cues may extend beyond viewers’ judgments of the streamer’s interactional involvement and recommendation intent. These cues may also shape viewers’ sustained attention to the live-streaming content, the coherence of their understanding, and their level of situational involvement [53]. Such sustained attentional engagement and experiential absorption can be regarded as important psychological foundations for the formation of immersion [54]. Joo and Yang (2025) showed that in live-streaming commerce, stronger immersion helps intensify consumers information processing during viewing and interaction and further increases purchase intention by strengthening cognitive evaluations and eliciting positive emotional responses [55].



Within the SCT framework, the nonverbal cues that streamers display on camera constitute a key source of information for audiences observational learning and social inference [11]. Compared with verbal content, nonverbal cues are typically more immediate and more tightly tied to the situation. They can shape attention allocation, credibility judgments, and outcome expectations under lower cognitive load, thereby influencing experiential involvement and subsequent behavioral responses. Following this theoretical logic, research has begun to empirically test specific nonverbal cues. For example, Liu and Zhao (2025) found that a higher level of nonverbal coordination between two streamers is associated with stronger user responses and consumer purchase behavior in live-streaming settings [12]. Zhang et al. (2025) noted that viewers form social judgments based on streamers’ facial features, which may further shape their evaluations of both the streamer and the product [56]. Xian et al. (2025) incorporated influencers facial attractiveness and body-movement characteristics into their model and find that nonverbal cues significantly moderate the persuasive effects of verbal appeals and translate into consumer purchase behavior [57].



In summary, SCT provides a clear theoretical pathway for explaining how nonverbal cues in live-streaming commerce shape consumer responses. Viewers form social inferences by observing the streamer’s visible behaviors and how they are presented. These inferences alter attention investment and experiential involvement, and ultimately affect consumer purchase behavior. Although prior research has documented the importance of some nonverbal cues, it has not systematically tested dynamic behavioral cues that are more processual and more manageable. Building on this gap, this study further focuses on nodding frequency, forward lean, postural movement intensity, and camera proximity. Within the SCT framework, we aim to show how these cues influence consumer purchase behavior through immersion. In doing so, we expand the set of variables examined in research on nonverbal communication in live-streaming commerce and deepen understanding of the psychological mechanisms underlying conversion in live streaming.



It should be noted that the salience and communicative meaning of nonverbal cues may vary across cultural backgrounds and interaction contexts. Prior research has shown that audiences from different cultures rely on different nonverbal cues when identifying and interpreting others’ responses, and that social context also shapes the use and intensity of nonverbal behavior [58]. At the same time, live-streaming commerce is characterized by real-time communication and a strong emphasis on the streamer’s on-screen performance, such that consumers continuously receive real-time information and observe the streamer’s performance throughout the decision-making process [59]. Accordingly, the mechanism through which nonverbal cues operate in this study is discussed primarily in the context of China’s live-streaming commerce market.





3. Hypotheses and Research Model


3.1. Nodding


Nodding is a prototypical nonverbal cue that is commonly used to express agreement, cooperation, and alignment with the rhythm of an interaction. It is a highly prevalent feedback signal in interpersonal communication and can be quickly recognized [60]. Prior research suggests that nodding is often interpreted as an overt marker of approach motivation and a positive interaction orientation, which enhances perceptions of an interaction partner’s warmth and positivity [61]. In live-streaming commerce, a streamer’s nodding while explaining product benefits, responding to chat questions, or acknowledging viewers’ emotions conveys an immediate sense of responsiveness. Without adding informational content, it provides viewers with a sense of being noticed and responded to, thereby strengthening the continuity of interaction and stabilizing the rhythm of the viewing experience. Viewers may further interpret nodding as a sign that the streamer is actively responding and maintaining the rhythm of the interaction. Such judgments may promote a smoother interaction process and help sustain viewers’ attention to the live-streaming content [17]. Drawing on social cognitive theory, viewers treat nodding as a salient visible behavioral cue and use it to form social inferences about the streamer’s interaction involvement and attitudinal orientation [62]. When nodding is more frequent, viewers are more likely to infer that the streamer is actively engaged in the interaction and is willing to stay in sync with the audience. This perception may help maintain viewers’ attention to the live-streaming content and make them more likely to enter an immersion state characterized by sustained attention and experiential involvement. Stronger immersion means that viewers maintain higher levels of attentional investment and emotional involvement during viewing [54]. They are less likely to discontinue viewing and more likely to complete the behavioral transition from interest to decision and then to order placement within the focal context [55]. Accordingly, nodding may be related to consumer purchase behavior and may also be associated with consumer purchase behavior through immersion. We therefore propose:



H1. 

Streamers’ nodding frequency has a positive effect on consumer purchase behavior.





H2. 

Immersion mediates the relationship between streamers’ nodding frequency and consumer purchase behavior.






3.2. Postural Movement


Postural movement intensity reflects the magnitude of changes in a streamer’s body posture and movements during live-streaming commerce [57]. In live-streaming contexts, higher postural movement intensity is typically accompanied by stronger expressive tension and more pronounced rhythmic shifts. Such dynamic behavioral cues are more likely to receive prioritized processing in viewers’ attention systems [63], thereby enhancing sustained attention and emotional arousal during viewing [64]. Related research also suggests that the intensity and contagion of physical expression strengthen audiences’ emotional responses and engagement and further shape consumption responses [21], thereby increasing purchase intention. When viewers observe high postural movement intensity from a streamer, they are more likely to interpret it as evidence of stronger commitment to the recommendation, more forceful expression, and a willingness to maintain interaction over time. These perceptions may help maintain viewers’ engagement with the live-streaming content and make them more likely to enter an immersion state. Under immersion, viewers are more likely to stay longer, interact more, and exhibit lower exit rates. These behavioral trajectories are typically consistent with a higher likelihood of order placement [52]. We therefore proposed:



H3. 

Streamers’ postural movement intensity has a positive effect on consumer purchase behavior.





H4. 

Immersion mediates the relationship between streamers’ postural movement intensity and consumer purchase behavior.






3.3. Camera Proximity


Camera proximity refers to the visual distance and the degree of camera closeness presented in a live-streaming view [65]. It is a highly manageable visual presentation cue in live-streaming settings and one that may have a direct bearing on viewers’ experience. A closer camera view typically creates a more concrete and more psychologically proximal experience, making it easier for audiences to form vivid representations and immediate judgments, thereby strengthening behavioral tendencies [66]. Within the SCT framework, camera distance is an important situational cue that viewers use to infer interaction accessibility and psychological distance [67]. When the camera is closer, viewers are more likely to experience a sense of being brought closer. They are more likely to focus their attention on the streamer’s delivery and product details. The viewing process becomes less disrupted and more continuous, making it easier to enter an immersion state. Stronger immersion implies greater situational involvement and a lower likelihood of interruption, which makes it more likely that purchase decisions are completed within the live-streaming context [68]. We therefore proposed:



H5. 

Streamers’ camera proximity has a positive effect on consumer purchase behavior.





H6. 

Immersion mediates the relationship between streamers’ camera proximity and consume purchase behavior.






3.4. Gestures


Gestures are an important form of nonverbal expression in live-streaming communication. They can highlight key information, guide viewers’ attention, and increase clarity and persuasive effectiveness [38]. Prior research indicates that gestures not only heighten audiences’ attention but that gesture intensity is also closely related to expressive appeal and the effectiveness of information processing [69]. In live-streaming commerce, the pace of information delivery is fast and the content is dense. Viewers process a large amount of product benefits, promotion information, and interactive content within a short time, which makes attention fluctuations and rising information load more likely [70]. In such situations, more salient and dynamic gesture cues can help viewers capture the key points and reduce comprehension costs, while also stabilizing attention during viewing [71]. From a social cognitive theory perspective, viewers are likely to interpret stronger gestures as an overt signal that the streamer is emphasizing core information and expressing a stronger recommendation intent, thereby increasing their tendency to adopt the recommended content [72]. At the same time, the attention guidance and rhythmic reinforcement generated by stronger gestures may further enhance viewers’ sustained attention to the live-streaming content and their sense of participation, which may in turn be reflected in a higher level of immersion. A higher level of immersion may, in turn, make viewers more likely to remain engaged and interact, and may also be associated with consumer purchase behavior in the live-streaming context. We therefore proposed:



H7. 

Streamers’ gesture intensity has a positive effect on consumer purchase behavior.





H8. 

Immersion mediates the relationship between streamers’ gesture intensity and consumer purchase behavior.






3.5. Forward Lean


Forward lean is a postural cue with clear relational meaning. It typically communicates stronger engagement, approach, and willingness to interact [73]. Research on relational meaning in nonverbal behavior suggests that body orientation and the degree of leaning forward significantly shape relational judgments and trust tendencies between interaction partners [37]. In live-streaming contexts, forward lean is not only a postural expression. It also changes the on-screen body proportion and the location of attentional focus, making the streamer’s delivery feel more psychologically close and thereby increasing viewers’ perceived interaction accessibility [74]. Drawing on social cognitive theory, viewers treat forward lean as a visible cue for judging the streamer’s interaction involvement and recommendation sincerity. When the streamer leans forward more, viewers are more likely to infer that the streamer values communicative feedback and is willing to build a connection with the audience. More importantly, the visual focus and psychological closeness induced by forward lean can reduce psychological distance and the likelihood of distraction during viewing. This may help viewers sustain attention and experiential involvement more easily, thereby strengthening immersion. Stronger immersion may help viewers maintain continued viewing and interaction participation, and may further be associated with their consumer purchase behavior [75]. We therefore proposed:



H9. 

Streamers’ forward lean has a positive effect on consumer purchase behavior.





H10. 

Immersion mediates the relationship between streamers’ forward lean and consumer purchase behavior.





Based on these hypotheses, we proposed a conceptual model, as shown in Figure 1.





4. Method


4.1. Data Processing


This research used commercial live-streaming sessions on Douyin as the empirical setting. As one of the largest and most active short-video and live-streaming commerce platforms in China, the Douyin app reached 948 million monthly active users. It aggregates a large and stable supply of live-streaming transactions as well as high-frequency viewing and interaction behaviors, making its live-streaming data highly representative [76]. To ensure data availability and consistent measurement, we obtained structured live-room metrics from a third-party Douyin data service platform and simultaneously archived the live-streaming video content. This process enabled us to construct a multimodal dataset that could be aligned within the same unit of analysis.



For data collection, we wrote a real-time monitoring and scraping program in Python (3.10) and continuously tracked and collected Douyin commercial live-streaming data during March 2025. To reduce systematic effects of time-of-day differences in audience supply on sales, data collection was restricted to the high-activity evening window from 19:00 to 22:00. Prior research has generally suggested that user density is higher during this period and that viewing and interaction are more concentrated, making it more reflective of typical live-streaming operations [77]. During the study period, we collected 546 commercial live-streaming sessions, covering 120 streamers.



For data processing, we constructed the analytic dataset at the product-presentation segment level and aligned multi-source data at the same granularity. Because a single live session typically contains sequential demonstrations of multiple products, using the entire session as the unit of analysis would conflate variation across product stages with their corresponding transaction outcomes and weaken identification. We therefore segmented each live-session replay based on product-switch boundaries, marking the start of a segment when a focal product became the primary item being demonstrated and the end when the streamer switched to the next product. For each segment, we recorded start and end timestamps and used them to align video-based measures with platform-provided segment-level outcomes.



To ensure segment quality and matching reliability, we applied a set of cleaning and filtering rules. We retained only segments that could be uniquely matched to a platform product identifier and a corresponding segment-level sales record, contained complete video and audio streams, and met a minimum duration requirement of 10 s to provide sufficient behavioral signal for automated extraction. We excluded segments with missing values in key fields (e.g., sales, timestamps, average watch time, concurrent viewers, or product identifiers), inconsistent temporal information (start time later than end time), or zero/negative duration. To reduce measurement noise in the computer-vision pipeline, we further required a minimum valid-frame coverage rate of 90%, defined as the proportion of frames with successful keypoint detection; segments below this threshold were removed because they typically involved severe occlusion, low visual quality, or extended off-camera periods. After these procedures, the final analytic sample consisted of 4600 valid product-presentation segments with one-to-one matching to product-level sales outcomes.



In addition to sales, we also obtained minute-level structured operational data from the live-streaming process and aligned it with the product presentation segments. Specifically, within each live session, platform-provided structured information was used to extract key live-session and product metrics, including live-stream duration, number of concurrent viewers, average watch time, and product-level sales. We also collected streamers baseline attributes and operational characteristics. We then aggregated or averaged these minute-level indicators within each segment window to construct process features for the corresponding product presentation segment. This approach allowed us to observe streamers’ behavioral cues and the real-time operational environment at the same product level. Ultimately, we constructed a multimodal dataset with the product presentation segment as the core unit of observation. It included minute-level structured process data and product sales outcomes, as well as unstructured information such as video, audio, and transcribed text. This dataset provided the foundation for subsequent multimodal analyses of visual, audio, and textual data. The data processing workflow is shown in Figure 2.




4.2. Variable Measurement


To quantify nonverbal cues, we used a computer-vision-based automated recognition framework that converted facial and hand keypoint information in live-streaming videos into structured measures for econometric analysis. Specifically, we first used OpenCV to load the videos and extracted frames at a fixed sampling rate, transforming the continuous video stream into a sequence of frames. We then invoked MediaPipe FaceMesh and Hands to detect the streamer’s facial and hand keypoints and tracked them continuously over time. Based on these outputs, we constructed frame-level behavioral signals using the spatial geometric relationships among keypoints and their displacement changes across frames. Finally, we aggregated the frame-level signals within each product presentation segment window and standardized them by incorporating segment duration and on-screen scale, thereby producing segment-level variables. To reduce measurement noise caused by occlusion, momentary jitter, or detection failures, we computed the measures using only valid detected frames. We also aggregated key indicators over time at the segment level using means or cumulative values, so that the variables captured stable behavioral characteristics rather than incidental fluctuations.



4.2.1. Independent Variable


The five nonverbal cues examined in this study, namely nodding frequency, gesture intensity, postural movement intensity, camera proximity, and forward lean, represent five distinct yet potentially related dynamic behavioral cues. Based on the aspects of nonverbal presentation they reflect and the logic underlying their measurement, these cues can be organized into three broader categories: expressive cues (nodding frequency, gesture intensity, and postural movement intensity), proximity-related cues (camera proximity), and attentional or interactional signaling cues (forward lean) [10]. This categorization facilitates a clearer understanding of the five nonverbal cues.



1. Nodding frequency



Nodding frequency captured the intensity of feedback-related head movements that the streamer displayed during explanation and interaction. Based on FaceMesh outputs, we constructed a time-series signal of head pitch changes using keypoints such as the nose tip and both eyes, and we applied scale normalization to reduce distortions caused by camera distance and on-screen scaling [78]. We then identified rhythmic patterns in the pitch signal that exhibited direction reversals within a short time window and were accompanied by noticeable velocity changes. These patterns were used to detect nodding events and count their occurrences. Finally, we divided the total number of nods by segment duration to obtain a per-unit-time nodding frequency measure, ensuring comparability across product presentation segments.



2. Gesture intensity



Gesture intensity reflected the amplitude of the streamer’s movements and the extent to which information was emphasized during delivery. We used MediaPipe Hands to detect and track sequences of hand keypoints. We then operationalized gesture motion as the cumulative displacement of hand keypoints between adjacent frames [79]. To ensure that the measure was not systematically affected by differences in resolution or shooting distance, we applied on-screen scale normalization to the displacement values [80]. At the segment level, we standardized the cumulative hand displacement by segment duration to obtain gesture intensity per unit time. This approach more accurately captured the relative activeness of gesture expression across product presentation segments.



3. Postural movement intensity



Postural movement intensity measured the streamer’s overall movement activeness and expressive energy in front of the camera. Because full-body keypoints in live-streaming settings can be unstable due to framing and occlusion, we used stable facial keypoints as a proxy for upper-body movement. We captured macro-level movement amplitude by tracking the displacement changes in these points between adjacent frames and cumulatively summing the displacement within each segment window to obtain total postural movement [81]. We then standardized this total by segment duration to derive postural movement intensity per unit time, ensuring consistent measurement meaning across segments with different presentation lengths [80].



4. Camera proximity



Camera proximity captured the visual distance between the streamer and the camera as presented in the live-streaming view. This indicator emphasizes perceived closeness at the level of screen composition and visual presentation, primarily reflecting the camera-based presentation effect itself rather than the streamer’s actively adopted approach-oriented posture. Based on the set of facial keypoints from FaceMesh, we computed the geometric scale of the face in the frame and used the face’s relative on-screen coverage as a proxy for proximity [82]. After computing this measure at the frame level, we averaged it across valid detected frames within each product presentation segment to obtain segment-level camera proximity. This aggregation smoothed short-term fluctuations and yielded a more stable representation of the camera presentation level.



5. Forward lean



Forward lean captured the intensity of the streamer’s approach-oriented posture during live streaming. This indicator is intended to reflect the streamer’s active tendency to lean forward during explanation and interaction, thereby capturing interactional involvement and approach-oriented intent more directly. Forward lean is typically reflected in both changes in apparent facial scale and shifts in the position of the face within the frame [83]. Therefore, this study does not identify forward lean solely on the basis of facial scale variation. Instead, it combines information on facial keypoint coverage and the vertical distribution of keypoints to distinguish between two different situations, a closer camera and the streamer’s active forward movement, and then integrates them to construct the forward lean score. At the segment level, we averaged the forward-lean scores across valid detected frames to obtain the forward lean measure, which reflected the streamer’s overall leaning tendency and interaction posture intensity during the focal product presentation stage [84].



To assess the reliability of the computer-vision-based measures, we conducted a manual validation on a random subsample of 200 product-presentation segments. Two trained coders independently annotated key behaviors following a protocol aligned with our computational definitions (e.g., nodding events, forward-lean posture, and camera proximity categories). Inter-coder reliability for segment-level summaries was satisfactory (ICC = 0.82). We then compared manual annotations with the automated outputs. For nodding frequency, the correlation between the algorithmic count (per minute) and the manual count was r = 0.758 (p < 0.001), and event-level agreement yielded precision = 0.88, recall = 0.89, and F1 = 0.89. For forward lean and camera proximity, agreement between manual labels and automated scores was high (accuracy = 0.91). These checks suggest that the automated pipeline captures the targeted nonverbal behaviors with acceptable accuracy for large-scale analysis.



To address potential overlap among the five nonverbal indicators, we assessed their bivariate correlations and multicollinearity diagnostics. The pairwise correlations were generally low to moderate, suggesting that the indicators capture related but distinct aspects of nonverbal presentation (r < 0.3). As expected, forward lean and camera proximity were positively correlated because both partially reflect changes in on-screen facial scale (r = 0.225); however, the correlation remained well below levels typically associated with problematic redundancy, and the remaining indicator pairs showed weaker associations. Consistent with this pattern, multicollinearity was not a concern in the full specification: the variance inflation factors were uniformly small (VIFs close to 1, with the maximum VIF = 1.28), indicating that the five indicators provide separable explanatory content when entered jointly.




4.2.2. Dependent Variable


The dependent variable in this study was the live-streaming sales associated with each product presentation segment. We use segment-level sales as an objective behavioral indicator of consumer purchase behavior because, in live-streaming commerce, purchases are executed and recorded directly within the live room during or immediately following a focal product presentation. As a result, sales capture realized conversion rather than self-reported intention and have been widely used in prior live-streaming and digital commerce research as a valid proxy for purchasing outcomes. After completing video segmentation and quality screening, we retained 4600 valid product presentation segment observations. At the product level, we matched each segment one-to-one with the corresponding platform sales record to construct the segment-level sales measure. This procedure ensured that the purchase outcome and the corresponding behavioral cues were aligned within the same unit of analysis, thereby improving the accuracy of subsequent econometric identification.




4.2.3. Mediating Variable


In this study, average watch time is used as a behavioral proxy related to immersion, but this indicator is not equivalent to immersion as a psychological experience in itself. At the behavioral level, immersion is often reflected in stronger sustained attention and a lower tendency to exit [85]. Accordingly, watch time may, to some extent, reflect viewers’ level of experiential involvement during the product presentation stage [86].



It should be noted, however, that although watch time can capture immersion-related engagement to a certain extent, it may also be influenced by platform algorithms, overall live-stream duration, and viewers’ continued presence while waiting for discount information or product logistics details. In this study, the minute-level watch time data provided by the platform are aligned with each segment’s time window and then aggregated or averaged within the segment to obtain the average watch time for that segment, which is used to characterize the level of immersion.




4.2.4. Control Variables


To reduce confounding influences from the live-streaming operational environment, streamer heterogeneity, and product attributes on sales, we included multiple sets of control variables in the model. First, we controlled for concurrent viewers, live session duration, follower count, and product category. Concurrent viewers captured real-time room popularity and the potential base of conversions, reflecting differences in transaction opportunities driven by changes in audience size [87]. Live session duration reflected the supply of content and the intensity of operational investment [88]. Follower count controlled for stable streamer-level differences [89]. Product category controlled for systematic differences across products in decision complexity and demand structure [90], thereby improving the robustness of the core estimates.



In addition, we further controlled for the audio and text features of each live-streaming segment to reduce potential interference from differences in verbal expression on the relationship between nonverbal cues and sales. Persuasion in live-streaming commerce relies heavily on vocal delivery and scripted talk. Speech rate and acoustic properties can directly affect attention maintenance and emotional arousal [91], and emotional word use and social process word use in text may co-vary with streamers nonverbal presentation [92]. Accordingly, controlling for both audio and text features helped more robustly identify the net effects of nonverbal cues.



For audio measurement, we first extracted the audio track from the video corresponding to each product presentation segment and used a source-separation approach to split the vocal signal from background music. This procedure reduced interference from accompaniment, ambient noise, and mixing effects in acoustic feature extraction. Specifically, we used Ultimate Vocal Remover (UVR GUI, v5.6) for two-source separation. This tool is based on deep-learning source-separation models that perform spectral decomposition and mask estimation in the time-frequency domain, producing a separated vocal track and a nonvocal track [93]. We used the separated vocal track for subsequent acoustic analyses and retained the nonvocal track to support extended measures such as background-music rhythm. Next, we input the vocal signal into Praat (v6.2) to extract acoustic features [94]. Following standard speech-processing procedures, Praat segmented continuous speech into short-time frames of 20 to 30 milliseconds with 50% overlap. It then applied windowing and a short-time Fourier transform to obtain stable time—frequency features, which were used to extract the core acoustic measures of speech rate, pitch, and loudness. Finally, we averaged these acoustic measures within each segment window to construct segment-level audio control variables.



For text-feature measurement, we transcribed the vocal audio in each segment into text and performed standardized cleaning to ensure comparability across segments. We then used LIWC (2022) to conduct dictionary matching and proportion calculations. This allowed us to extract the shares of emotional word use and social process word use in the script, capturing the intensity of emotional expression and the orientation toward social interaction [95]. In addition, text readability was measured by the share of easy-to-understand words. A higher proportion of such words indicates lower linguistic complexity and lower information-processing costs [96]. All text measures were computed at the segment level and entered the regression models as control variables. This approach allowed us to control for the effects of both vocal delivery and language content differences on sales in the econometric tests.





4.3. Model Specification


In our dataset, consumer behavior indicators such as sales and average watch time typically exhibited strong right skewness and long-tail distributions. Using raw values in linear estimation would be sensitive to extreme observations and could induce heteroskedastic and non-normal errors, thereby weakening the robustness of statistical inference. To mitigate distributional skewness and improve comparability across observations, we applied a log transformation ln(1 + x) to the variables, which preserved zero-valued observations while compressing extreme values. This treatment is consistent with common empirical practices for handling long-tail behavioral data in marketing and information systems research [97].



For main-effect tests, we estimated the effects of nonverbal cues on sales using linear regression models with fixed effects. All models controlled for operational variables and included live session fixed effects and product category fixed effects to absorb unobserved systematic differences at the live-session and category levels. For mediation tests, we used the product-of-coefficients approach within a two-step regression framework [98]. We first estimated the effect of nonverbal cues on immersion to obtain the a-path coefficient. We then added immersion to the sales equation to obtain the b-path coefficient and computed the indirect effect accordingly. Confidence intervals for the indirect effect were constructed using the delta method based on large-sample approximation. Tests for multicollinearity showed that VIF values were low across models (VIF < 5; ref. [99]), suggesting no substantial risk of collinearity in coefficient estimation.





5. Results


5.1. Main Effects


Table 1 reports the regression results for seven models. Model 1 was the baseline model. Models 2 through 6 added the five types of nonverbal cues separately, and Model 7 included all nonverbal cues simultaneously to identify their net effects. The results showed that the five nonverbal cues examined in this study explained significant variation in sales, and the conclusions remained robust after controlling for live session fixed effects and product category fixed effects. The baseline model had an R2 of 0.24. When a single nonverbal cue was added, the R2 increased to between 0.28 and 0.32. When all five cues were included in Model 7, the R2 further increased to 0.39, indicating that nonverbal cues provided substantial incremental explanatory power for sales beyond the control variables and fixed effects.



First, nodding frequency exhibited a stable positive relationship with sales. In Model 2 of Table 1, the coefficient for nodding frequency was β = 0.16 (SE = 0.03, p < 0.001), indicating that segments with more frequent nodding were associated with higher sales. In the full Model 7, the coefficient for nodding frequency was β = 0.17 (SE = 0.05, p < 0.001). The sign and significance remained consistent, suggesting that the effect of nodding frequency on sales was not explained away by other nonverbal cues. These results supported H1.



Postural movement intensity and camera proximity also showed significant positive effects, and both remained robust in the full model. In Model 4 of Table 1, the coefficient for postural movement intensity was β = 0.21 (SE = 0.06, p < 0.001). In the full Model 7, the coefficient was β = 0.18 (SE = 0.06, p = 0.003), remaining significantly positive and supporting H3. For camera proximity, the coefficient in Model 5 was β = 0.16 (SE = 0.05, p = 0.001). In the full Model 7, it was β = 0.14 (SE = 0.04, p < 0.001), indicating an independent explanatory contribution after simultaneously controlling for the other cues and supporting H5.



Gesture intensity and forward lean were also significantly and positively associated with sales. In Model 3 of Table 1, the coefficient for gesture intensity was β = 0.22 (SE = 0.09, p = 0.015). In the full Model 7, it was β = 0.16 (SE = 0.06, p = 0.008), indicating that the gesture effect remained significant after controlling for multiple cues and supporting H7. For forward lean, the coefficient in Model 6 was β = 0.13 (SE = 0.06, p = 0.030). In the full Model 7, it was β = 0.12 (SE = 0.04, p = 0.003), again showing a robust positive association and supporting H9.




5.2. Mediation Results


Next, we used the product-of-coefficients approach to test the mediating effect of immersion. Under the classic mediation logic, mediation analysis first requires that the independent variables significantly predict the mediator. We therefore first examined the effects of nonverbal cues on immersion. Immersion is operationalized using average watch time as a behavioral proxy. Because average watch time in live-streaming settings also exhibited right-skewed, long-tail distributions, we applied a log transformation ln (1+x) and used ln(1+WatchTime) as the dependent variable in the regression models. This treatment reduced the influence of extreme values and improved the robustness and comparability of the estimates.



In terms of model specification, we followed the main-effect estimation framework and constructed the same stepwise model sequence as in Table 1. All models included control variables, live session fixed effects, and product category fixed effects to absorb differences in the operational environment and other unobserved systematic factors at the live-session and category levels. It should be noted that nonverbal cues, average watch time, and sales outcomes are all measured at the same product presentation segment level. Therefore, the mediation analysis in this study is better understood as an examination of within-segment process relationships rather than a causal mediation interpretation under a strict temporal sequence. Model 1 was the baseline model and included only the control variables and fixed effects. Models 2 through 6 added nodding frequency, gesture intensity, postural movement intensity, camera proximity, and forward lean one at a time to test each nonverbal cue’s unique explanatory power for viewing retention. Model 7 was the full model and included all five cues simultaneously to identify their net effects under mutual controls.



As shown in Table 2, the full Model 7 indicated that nodding frequency was positively associated with average watch time, with a coefficient of α = 0.21 (SE = 0.08, p = 0.009). The corresponding coefficients were α = 0.25 (SE = 0.10, p = 0.012) for gesture intensity, α = 0.16 (SE = 0.06, p = 0.008) for postural movement intensity, α = 0.16 (SE = 0.07, p = 0.022) for camera proximity, and α = 0.14 (SE = 0.05, p = 0.005) for forward lean. Across models, R2 increased from 0.18 in the baseline model to 0.31 in the full model, indicating that nonverbal cues significantly improved the explanatory power for average watch time. These results provided the prerequisite mechanism evidence for H2, H4, H6, H8, and H10.



Furthermore, after average watch time was included in the sales equation, it exhibited a significant positive effect on sales. In Model 10 of Table 3, the coefficient for immersion was ρ = 0.32 (SE = 0.10, p = 0.001), indicating that segments with longer average watch time were associated with higher sales.



Finally, Table 4 reports the indirect effects and confidence intervals. We computed the indirect effect using the product-of-coefficients approach, IE = α × ρ, and constructed 95% confidence intervals using the delta method. The results showed that the indirect effect for nodding frequency was 0.07, with a 95% CI of [0.0023, 0.1321], and the proportion mediated was 0.395. The indirect effect for gesture intensity was 0.08, with a 95% CI of [0.0004, 0.1596], and the proportion mediated was 0.500. The indirect effect for postural movement intensity was 0.05, with a 95% CI of [0.0022, 0.1002], and the proportion mediated was 0.284. The indirect effect for camera proximity was 0.05, with a 95% CI of [0.0028, 0.1052], and the proportion mediated was 0.366. The indirect effect for forward lean was 0.04, with a 95% CI of [0.0031, 0.0865], and the proportion mediated was 0.373.



Across all five cues, the confidence intervals for the indirect effects did not include zero, indicating that immersion played a significant mediating role in the effects of the five nonverbal cues on sales. Overall, the results supported immersion as an important process mechanism linking streamers nonverbal presentation to consumer behavior.




5.3. Robustness Check


To assess sensitivity to extreme observations, we re-estimated our main models after excluding segments in the top and bottom 5% of the sales distribution. The results remain qualitatively unchanged: the estimated coefficients on the five nonverbal cues retain the same signs and similar magnitudes, and statistical significance is consistent with the main findings.





6. Conclusions


6.1. Key Findings


This study used merchant-run live sessions on Douyin as the empirical setting. Drawing on social cognitive theory and integrating multimodal video-computing methods, we systematically tested the relationships between streamers’ nonverbal cues and consumer purchase behavior and the mediating role of immersion. The results suggested that nodding frequency, gesture intensity, postural movement intensity, camera proximity, and forward lean were all positively associated with consumer purchase behavior, and these findings are consistent with the corresponding main-effect hypotheses.



At the mechanism level, the mediation results indicate that immersion may, to some extent, help explain the pathway through which nonverbal cues are associated with consumer purchase behavior. Specifically, all five nonverbal cues were significantly associated with higher average watch time, and average watch time, in turn, was positively associated with consumer purchase behavior. This result aligns with research on immersion in live streaming, which suggests that immersion is associated with longer viewing duration, lower exit rates, and stronger purchasing tendencies [100]. In contrast, prior mechanism-focused studies in live-streaming commerce have more often attributed the associations of nonverbal cues to increases in credibility, attractiveness, or social presence [11], and they have less frequently tested immersion directly as a key behavioral channel. By introducing average watch time as a process proxy and testing the mediating relationship while controlling for live session and product category differences, this study provided more process-oriented empirical evidence that nonverbal cues are associated with transactions through sustained attention and experiential involvement.



More specifically, the positive association of nodding frequency suggests that streamers’ feedback expression during interaction may also be linked to consumer purchase behavior, which is consistent with H1 and H2. The significant pattern for postural movement intensity further suggests that greater overall movement amplitude and more pronounced rhythmic variation may coincide with stronger emotional arousal and a more involving viewing experience, consistent with H3 and H4. The positive association of camera proximity indicates that a closer camera presentation may be linked to viewers’ perceptions of distance from the streamer and make it easier for the viewing process to maintain a continuous sense of immersion, in line with H5 and H6. The results for gesture intensity suggest that more dynamic hand movements may be associated with stronger viewers’ following of and participation in the live-streaming content, which is consistent with H7 and H8. The significant association of forward lean suggests that a forward-leaning posture may be associated with a stronger sense of proximity and involvement during interaction, making it more likely to be interpreted by viewers as a more active communicative orientation and, in turn, to relate to consumer purchase behavior, consistent with H9 and H10. Overall, although different types of dynamic nonverbal cues may operate in different ways, they all show stable associations with consumer purchase behavior.



This pattern is consistent with prior live-streaming commerce research showing that nonverbal cues can be associated with stronger consumer responses and consumer purchase behavior. For example, studies that used gesture frequency, facial changes, or interaction tempo to explain transaction performance suggested that viewers infer streamers’ involvement and communication intent from visible behaviors, which in turn shapes purchase decisions [89]. The difference is that prior work has largely focused on more salient, localized cues such as gaze, facial expressions, and gestures [56]. In contrast, this study extended the scope of nonverbal cues to more processual and rhythmic cues, including head movements, bodily dynamics, and camera proximity. The evidence in this study suggests that these dynamic cues are also significantly associated with consumer purchase behavior, thereby extending the variable coverage of research on nonverbal communication in live-streaming commerce.




6.2. Theoretical Contributions


This study makes three primary theoretical contributions. First, it extends the conceptual boundaries and the set of variables examined in research on nonverbal communication in live-streaming commerce. Existing work has mostly focused on localized cues such as gaze, facial expressions, and gestures [14]. It has rarely examined more processual and manageable presentation features, including head movements, bodily dynamics, and camera proximity, in a systematic way. Using real merchant-run live-session data, we integrated nodding frequency, postural movement intensity, forward lean, and camera proximity into a unified framework and documented their significant associations with consumer purchase behavior. This evidence addressed an empirical gap regarding dynamic behavioral cues in live-streaming commerce research and offered a more comprehensive view of the multidimensional behavioral foundations of live-streaming performance.



Second, this study offers more process-oriented theoretical evidence on the conversion mechanisms of live-streaming commerce. Prior research has often explained the associations of nonverbal cues through relatively static evaluative pathways, such as attractiveness, credibility, or social presence, and has less frequently examined how these cues operate through the viewing process itself [101]. By positioning immersion as the central mediating mechanism, we showed that nonverbal cues are associated with consumer purchase behavior through viewing retention and experiential involvement. This embeds nonverbal presentation into sustained attention and process experience, enriches evidence for applying social cognitive theory in live-streaming commerce, and strengthens the theoretical pathway through which observable behavioral cues are linked to decisions via process experience.



Third, methodologically, this study advances how live-streaming commerce research can leverage unstructured multimodal data. Compared with survey and experimental approaches, which face limitations in ecological validity and scalable measurement, we used AI-based multimodal video analysis to track and quantify nonverbal behaviors at the frame level. We converted behavioral cues into replicable structured measures and aligned them with platform process data at the segment level, enabling large-sample tests in a real transaction environment. This approach enhanced the objectivity and reusability of measurement and provided a useful template for future research that integrates video, operational, and behavioral outcome data in live-streaming settings.




6.3. Practical Implications


This study provides actionable managerial implications for live-streaming commerce operations and streamer management. First, the results suggest that improving conversion does not rely solely on more intensive information output. Streamers’ on-camera behavioral presentation is also a key lever that can be trained and optimized. Nodding frequency, gesture intensity, postural movement intensity, and forward lean were all positively associated with consumer purchase behavior, and part of these associations was linked to longer average watch time. This implies that streamer training may incorporate on-camera behavior management as a core component. In particular, when responding to chat interactions, emphasizing product benefits and promotion information, and maintaining the pacing of explanations, streamers may use clearer feedback actions and more rhythmic bodily dynamics to sustain viewers’ attention and experiential involvement, thereby potentially improving transaction efficiency.



Furthermore, camera proximity, as a highly adjustable media-presentation feature, was significantly associated with consumer purchase behavior and was linked to the immersion mechanism. For merchants and live-room operations, camera distance, framing proportions, and camera strategies across product presentation stages should not be treated merely as stylistic choices. They may be usefully integrated into the conversion-optimization toolbox. Using a closer camera presentation in critical display moments may strengthen psychological proximity and attentional focus, reduce distraction and exit, and ultimately increase viewing continuity and the likelihood of order placement.



Finally, platforms and firms can use nonverbal cue metrics for streamer selection and training evaluation. Because measures such as nodding frequency, gesture intensity, postural movement intensity, and camera proximity can be measured at scale through algorithmic methods and show stable associations with consumer purchase behavior, platforms can incorporate them into streamers’ capability profiling and performance review systems. This enables data-driven identification of high-performing behavioral patterns and guidance for novice streamers to develop more effective on-camera expression habits. Compared with experience-based training, this feedback mechanism based on computable behavioral indicators is more likely to yield replicable standards and is better suited for sustained conversion management in the increasingly routine competitive environment of merchant-run live sessions.




6.4. Limitations and Future Research


Although this study used large-scale multimodal data from a real merchant-run live-session setting to test the relationships between streamers’ nonverbal cues, consumer purchase behavior, and the immersion mechanism, several limitations remain and warrant further research. First, our identification strategy relied primarily on observational secondary data and fixed-effects controls. As a result, we could not fully rule out time-varying unobserved factors that may jointly affect nonverbal cues and consumer purchase behavior, such as promotion intensity, inventory constraints, pricing strategies, and recommendation order. Future research could strengthen causal identification by leveraging exogenous shocks, quasi-experimental designs, or instrumental-variable approaches. In addition, although this study constructed product-presentation-segment-level data from real live-streaming settings, the final sample may still be subject to certain limitations because live-streaming data are inherently difficult to obtain. For example, in segment-level analysis, multiple observations may correspond to the same streamer or live session. To address this potential issue as far as possible, our models included live session fixed effects and product category fixed effects. At the same time, we implemented a series of rigorous procedures during data processing, including one-to-one matching at the product-presentation-segment level, timestamp alignment, minimum-duration requirements, the exclusion of missing or inconsistent records, and valid-frame coverage screening. In addition, we conducted manual validation of the computer-vision-based measures and evaluated the robustness of the findings through multiple checks, including correlation analysis, multicollinearity diagnostics, and sensitivity analysis excluding extreme observations. The overall pattern of the model estimates, together with related diagnostic evidence, also suggests that the findings are reasonably robust. Nevertheless, future research may further examine this issue by applying additional approaches, such as estimating cluster-robust standard errors clustered at the streamer level, so as to provide a more comprehensive assessment of the robustness of the conclusions.



Second, immersion was proxied by average watch time. While this measure captured viewing retention and sustained attention, it did not cover the full scope of immersion, and watch time may also be driven by information needs or by waiting for benefits such as promotions. In addition, future research could incorporate richer user process participation measures, such as the number of comments, likes, and add-to-cart actions, to more finely capture viewers’ interactive participation and different levels of behavioral responses during live-stream viewing. Specifically, comments and likes may, to some extent, reflect viewers’ immediate interactive participation and feedback on the content, whereas add-to-cart behavior may more directly capture the transitional stage through which viewing involvement develops toward purchase readiness [102,103].



Third, AI-based measurement of nonverbal cues may still be affected by occlusion, lighting, filters, and camera shake, and segment-level aggregated measures may attenuate the temporal structure of behavior. Future work could improve measurement precision and the explanation of underlying mechanisms by validating algorithmic measures with human annotations and applying temporal modeling to capture dynamic effects at key moments.



Fourth, the sample came from merchant-run live sessions on a single platform, so external validity remains to be established. Future research could extend the setting to more platforms and broader live-streaming contexts, and further examine whether the associations of nonverbal cues vary across different product categories and different live-streaming organizational entities or broadcaster types. Prior research also suggests that product category and broadcaster type may constitute boundary conditions that shape the associations of nonverbal cues [104]. On this basis, future research could further examine boundary conditions such as category involvement, promotion intensity, and streamer type to clarify when nonverbal cues are more effective.
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Figure 1. Conceptual Model of This Study. 
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Figure 2. Data processing flowchart. 
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Table 1. Regression Analysis of the Effects of Nonverbal Cues on Sales.
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	Variable
	Model 1

Baseline
	Model 2

Nodding
	Model 3

Gesture
	Model 4 Movement
	Model 5

Proximity
	Model 6

Lean
	Model 7

Full Model





	ln(1 + Nodding)
	
	0.16 ***

(0.03)
	
	
	
	
	0.17 ***

(0.05)



	ln(1 + Gesture)
	
	
	0.22 *

(0.09)
	
	
	
	0.16 **

(0.06)



	ln(1 + Movement)
	
	
	
	0.21 ***

(0.06)
	
	
	0.18 **

(0.06)



	ln(1 + Proximity)
	
	
	
	
	0.16 **

(0.05)
	
	0.14 ***

(0.04)



	ln(1 + Lean)
	
	
	
	
	
	0.13 *

(0.06)
	0.12 **

(0.04)



	Control variables
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	Fixed effect

(Live session)
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	Fixed effect

(Product category)
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	VIF
	1.15
	1.15
	1.26
	1.26
	1.26
	1.26
	1.28



	N
	4600
	4600
	4600
	4600
	4600
	4600
	4600



	R2
	0.24
	0.31
	0.32
	0.28
	0.30
	0.29
	0.39







Note: *** p < 0.001, ** p < 0.01, * p < 0.05. Standard errors are in parentheses.













 





Table 2. Regression Analysis of the Effects of Nonverbal Cues on Immersion.
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	Variable
	Model 1

Baseline
	Model 2

Nodding
	Model 3

Gesture
	Model 4

Movement
	Model 5

Proximity
	Model 6

Lean
	Model 7

Full Model





	ln(1 + Nodding)
	
	0.23 *

(0.09)
	
	
	
	
	0.21 **

(0.08)



	ln(1 + Gesture)
	
	
	0.27 **

(0.10)
	
	
	
	0.25 *

(0.10)



	ln(1 + Movement)
	
	
	
	0.18 *

(0.07)
	
	
	0.16 **

(0.06)



	ln(1 + Proximity)
	
	
	
	
	0.17 *

(0.07)
	
	0.16 *

(0.07)



	ln(1 + Lean)
	
	
	
	
	
	0.14 **

(0.05)
	0.14 **

(0.05)



	Control variables
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	Fixed effect

(Live session)
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	Fixed effect

(Product category)
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	VIF
	1.25
	1.28
	1.28
	1.28
	1.45
	1.45
	1.45



	N
	4600
	4600
	4600
	4600
	4600
	4600
	4600



	R2
	0.18
	0.21
	0.23
	0.20
	0.23
	0.22
	0.31







Note: ** p < 0.01, * p < 0.05. Standard errors are in parentheses.













 





Table 3. Results for the Sales Equation Including Immersion.
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	Variable
	Model 9
	Model 10 Immersion





	ln(1 + Nodding)
	0.17 ***

(0.05)
	0.17 ***

(0.05)



	ln(1 + Gesture)
	0.16 **

(0.06)
	0.14 *

(0.06)



	ln(1 + Movement)
	0.18 **

(0.06)
	0.17 **

(0.06)



	ln(1 + Proximity)
	0.14 ***

(0.04)
	0.14 ***

(0.04)



	ln(1 + Lean)
	0.12 **

(0.04)
	0.13 **

(0.04)



	ln(1 + WatchTime)
	
	0.32 **

(0.10)



	Control variables
	YES
	YES



	Fixed effect (Live session)
	YES
	YES



	Fixed effect (Product category)
	YES
	YES



	N
	4600
	4600



	R2
	0.39
	0.43







Note: *** p < 0.001, ** p < 0.01, * p < 0.05. Standard errors are in parentheses.













 





Table 4. Indirect Effects and 95% Confidence Intervals.
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	Variable
	Indirect Effect

(α × ρ)
	95% CI Lower Bound
	95% CI Upper Bound
	Proportion

Mediated





	Nodding frequency
	0.07
	0.0023
	0.1321
	0.395



	Gesture intensity
	0.08
	0.0004
	0.1596
	0.500



	Postural movement intensity
	0.05
	0.0022
	0.1002
	0.284



	Camera proximity
	0.05
	0.0028
	0.1052
	0.366



	Forward lean
	0.04
	0.0031
	0.0865
	0.373
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