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With the widespread use of social media, online social experiences have become increasingly influential on the mental health of young people. However, how individuals’ socio-emotional skills modify these experiences remains unclear. This study conducted a survey of 1,422 Chinese university students and applied network analysis and latent profile analysis to explore the relationship between socio-emotional skills and online social experiences. The results showed that socio-emotional skills had a significant positive correlation with positive online social experiences and a significant negative correlation with negative online social experiences. Among these skills, stress resilience may serve as a key dimension for enhancing overall socio-emotional competence. Therefore, interventions targeting stress resilience could be particularly effective in helping individuals strengthen their broader socio-emotional skills, thereby improving their online social experiences. Additionally, the study found that positive and negative online social experiences are two distinct constructs, suggesting that intervention strategies should address them separately. These findings provide a theoretical foundation for developing targeted interventions to improve young people’s online social experiences and promote their mental well-being.
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1 Introduction

The rapid advancement of the Internet and digital technologies has led to the widespread use of social media. According to recent statistics, as of 2024, over 5 billion people worldwide use social media platforms (1). Young people aged 18–29 constitute the primary demographic of social media users and engage with platforms such as Facebook, WeChat, and TikTok almost daily to share information, express opinions, and communicate with others (2). In contrast to traditional media, social media offers an interactive platform that enables young people to present themselves and reach a broader audience (3). This interactivity facilitates the formation of online social relationships and strengthens interpersonal connections.

Unlike face-to-face offline interactions, online interactions via social media break through the barriers of time and space, expanding the size of social networks and increasing the potential for obtaining social support (4). Meanwhile, the unique characteristics of online interactions, such as asynchronicity and anonymity (5), can lead to more superficial social relationships and increase the risk of being judged and encountering threats (6, 7). Thus, the effects of social media depend on the quality of the social interactions it facilitates. Based on the interpersonal-connection-behaviors framework (8), when social media promotes meaningful social connections, it can lead to a positive online experience. However, if these interactions fail to fulfill individuals’ sense of belonging, they may result in negative online experiences.

Positive online social experiences, defined as online interactions that foster social connections through emotional, informational, belonging, and capitalization support (9), are widely recognized as a supplement to offline social support. For individuals who struggle to obtain offline social support, positive online social experiences can serve as a vital source of security. For example, sexual and gender minority youth mitigate their feelings of depression through positive online social experiences (10), while people with disabilities gain the opportunity to enhance their self-efficacy (11). The effects of positive online social experiences were more pronounced during the COVID-19 lockdown period, significantly alleviating the loneliness of people under home quarantine (12). While the benefits of positive online social experiences are well-documented for marginalized groups, research remains relatively scarce for more typical populations and everyday situations. One exception is Cole et al. (13), who found that positive online social experiences have a significant impact on the physical and mental health of ordinary college students. Uchino et al. (14) showed that as positive online social experiences increase, individuals’ self-rated health tends to improve correspondingly. Shi et al. (15) found that individuals who experience more positive online interactions tend to exhibit higher levels of well-being in real life. Altogether, positive online social experiences have potential benefits for individuals.

While positive online social experiences can provide meaningful social support for groups who are not accustomed to face-to-face offline interactions, they also create opportunities for harmful interpersonal interactions that may undermine mental health. Negative online social experiences, such as stigmatization, online harassment, and cyberbullying (9), have been shown to increase feelings of loneliness, anxiety, and depression, reducing overall sense of belonging and well-being (16, 17), and even lead to the development of suicidal thoughts (18). Moreover, young people who experience negative online interactions may adopt maladaptive coping strategies to manage their psychological distress. For instance, they may engage in cyberbullying behaviors themselves, thereby extending the negative impact to others (19). Existing research has predominantly examined specific negative online experiences, such as cyberbullying, stigmatization, and harassment. However, less emphasis has been placed on the more subtle yet pervasive negative experiences of everyday online interactions, such as social rejection or digital embarrassment. Bonsaksen et al. (20) discovered that these types of experiences can also have adverse effects on mental health. Additionally, Garcia et al. (21) indicated that negative online social experiences correlate not only with poorer sleep quality but also with an increased risk of comorbidity between poor mental and sleep health. In summary, negative online experiences can have detrimental effects on both physical and mental health.

Both positive and negative online social experiences have been shown to significantly influence individuals’ health and well-being (22). As such, understanding the factors that contribute to these experiences is essential, as it can inform the development of targeted interventions. According to the uses and gratifications theory (23), individuals select media content based on their personal needs and motives, and they derive specific gratifications from their media use, highlighting the role of individual differences in modifying media experiences. In the context of online social interaction, individuals are not passive recipients of digital content. Instead, their personal characteristics play a crucial role in determining how they engage with others online and what kinds of experiences they derive from these interactions. As such, personality traits are increasingly recognized as important factors in online social experiences (24). Some studies have investigated online social experiences based on the Big Five personality traits (25–28). For instance, individuals high in extraversion are more likely to actively engage in online interactions, exhibit greater social confidence, and report more positive online social experiences (27). Conversely, those high in neuroticism tend to be more emotionally reactive to negative online content, experiencing heightened social comparison and jealousy, which in turn may contribute to negative experiences (28). In addition, individuals with higher levels of conscientiousness may hold more critical attitudes toward social media, viewing it as unproductive or distracting. This may lead to more negative perceptions of online interactions (25). These findings collectively suggest that personality has been widely recognized as the key factor of online social experiences. Consequently, interventions tailored to personality may offer a promising approach to improving online interpersonal experiences and promoting well-being.

Personality traits are generally considered relatively stable patterns of thinking, feeling, and behaving across time and contexts (29), and are typically less amenable to short-term interventions (30). In contrast, socio-emotional skills emphasize how individuals adapt their thoughts, emotions, and behaviors to meet the demands of specific situations (31). For example, a usually quiet and shy person may still be able to confidently deliver a presentation when needed, demonstrating their socio-emotional skill in adjusting to social situations (32). Although a wide range of socio-emotional skills have been identified, these skills can be conceptually organized into five domains that correspond to the Big Five personality traits (33). This alignment provides a comprehensive and theoretically grounded approach for assessing and categorizing socio-emotional competencies (34). However, unlike the relatively stable nature of personality traits, socio-emotional skills are considered malleable competencies that can be developed and enhanced through learning (35). This makes socio-emotional skills particularly valuable in interventions. In digital environments, where people often face complex and emotional interactions, focusing on socio-emotional skills provides a more practical and adaptable way to understand and improve online social experiences.

In previous research, the impact of online social experiences on individuals’ health and well-being has been widely explored, and studies have also examined the relationship between personality traits and online social experiences. However, from an intervention perspective, personality traits are generally considered stable and difficult to change through short-term interventions. In contrast, socio-emotional skills, being more malleable, offer a more feasible entry point for interventions. Therefore, the aim of this study is to explore the association between socio-emotional skills and online social experiences, identify the key skills that modify online social experiences, and provide support for developing effective intervention strategies to enhance individuals’ online social experiences and overall well-being. This study used network analysis to explore the relationship between socio-emotional skills and online social experiences and identified key variables through centrality measures (36). Interventions targeting these key nodes may more effectively influence the weight and distribution of other nodes within the network. Given that socio-emotional skills are widely recognized as crucial for individuals’ well-being (37), the study hypothesized that socio-emotional skills were positively associated with positive online social experiences and negatively associated with negative online social experiences. Additionally, considering individual heterogeneity, the study further employed latent profile analysis (LPA) to examine whether key dimensions of socio-emotional skills differed across various groups (38), providing support for the development of intervention strategies and the identification of at-risk populations.




2 Methods



2.1 Participants

The appropriate sample size for the network analysis was determined using the powerly package in R (39). Based on the analysis, a sample of 1,367 participants was required to achieve acceptable statistical power (1−β = 0.8, sensitivity = 0.6) for a cross-sectional network model consisting of 17 nodes with a density of 0.4.

Participants were recruited online through convenience sampling by posting an online questionnaire on social media platforms. Inclusion criteria for the present study required participants to identify as college students, spend at least 180 seconds completing the survey, and pass attention checks (e.g. “Select ‘Disagree’ for this question”). After excluding cases with missing data, anomalous responses, and those failing to meet the inclusion criteria, a total of 1,422 Chinese university students were included in the final dataset. This sample size satisfied the estimated requirement and ensured sufficient power for the planned analyses. The final sample comprised 524 (36.85%) males and 898 (63.15%) females, with an average age of 20.95 years (SD = 2.76, ranging from 17 to 27). The same sample was also used for the latent profile analysis.




2.2 Measures



2.2.1 Online social experiences measure

The Chinese version of the Online Social Experiences Measure (OSEM), originally revised by Kent de Grey et al. (9), was adopted in this study. The scale consists of two dimensions: online social positivity and online social negativity, each comprising 8 items, for a total of 16 items. Participants rated their social media experiences using a 5-point Likert scale ranging from 1 (“Very slightly”) to 5 (“Extremely”), with higher scores on each dimension indicating stronger perceptions of positive or negative experiences on social media. The scale demonstrated good reliability, with Cronbach’s α of 0.96 for online social positivity and 0.92 for online social negativity. Additionally, the scale showed acceptable goodness-of-fit of confirmatory factor analysis (CFA) in the current study (χ2(100) = 947.38, CFI = 0.96, TLI = 0.95, RMSEA = 0.08, SRMR = 0.04).




2.2.2 Short form of the survey on social and emotional skills

The short form of the Survey on Social and Emotional Skills (SESS-SF), which was developed by Wang and King (34), was used to assess five core socio-emotional competencies, as conceptualized by the OECD. These competencies include task performance (self-control, responsibility, persistence), emotional regulation (stress resistance, optimism, emotional control), collaboration (empathy, trust, cooperation), open-mindedness (tolerance, curiosity, creativity), and engaging with others (sociability, assertiveness, energy). Each competency comprises three dimensions, with three items per dimension, resulting in a total of 45 items. Responses were recorded on a 5-point Likert scale, ranging from 1 (“Strongly disagree”) to 5 (“Strongly agree”). The scale showed strong internal consistency (Cronbach’s α = 0.93), with subscale reliability ranging from 0.72 to 0.88, and demonstrated a good goodness-of-fit of CFA (χ2 (840) = 3791.78, CFI = 0.92, TLI = 0.91, RMSEA = 0.05, SRMR = 0.06) in this study.





2.3 Software and statistical methods

Data preprocessing, descriptive statistical analysis, and reliability and validity testing were performed using SPSS 26.0. Harman’s single-factor test indicated that the first factor accounted for only 22.22% of the total variance, suggesting no significant common method bias. The goodness-of-fit test assessed model fit using the CFI, TLI, RMSEA, and SRMR. Model fit was considered acceptable if CFI and TLI exceeded 0.90, RMSEA was below 0.08, and SRMR was below 0.06 (40, 41).

Network analysis was conducted in R 4.4.2 using several specialized packages (42). The networktools package was used to examine node redundancy, while the bootnet package was utilized for network construction and stability testing. The mgm package was employed to estimate node predictability, which quantifies the extent to which a variable’s variance can be explained. The qgraph package was used for network visualization and centrality calculations, including strength, closeness, and betweenness (43). Strength centrality represented the total weight of all edges connected to a node. Closeness centrality was defined as the inverse of the total shortest path length from a node to all other nodes. Betweenness centrality reflected how often a node appeared on the shortest path between two other nodes.

Latent profile analysis was conducted in Mplus 8.0 to determine the most meaningful and optimal number of latent profiles (44). To identify the most appropriate model, multiple fit indices were examined, including log-likelihood, Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), sample size-adjusted BIC (aBIC), and entropy. Lower values of AIC, BIC, and aBIC indicate better model fit, while higher entropy values reflect more accurate classification, with values above 0.8 generally signifying that 90% of cases are correctly classified. In addition, likelihood ratio tests, specifically the Lo-Mendell-Rubin (LMR) test and the bootstrapped likelihood ratio test (BLRT), were conducted. These tests compared models with profile k and profile k–1, where a significant result suggests that the profile k model provides a superior fit. Furthermore, this study explored the impact of socio-emotional skills’ latent profiles on online social experiences. The Bolck-Croon-Hagenaars (BCH) method was employed, a model-based approach that estimates differences in distal outcomes across latent profiles while accounting for classification uncertainty (45). In this study, the BCH method was used alongside one-way ANOVA to examine how different latent profiles of socio-emotional skills influence online social experiences.





3 Results



3.1 Correlation analysis between online social experiences and socio-emotional skills

Figure 1 presents the descriptive statistics for online social experiences and socio-emotional skills, along with the correlation matrix between these variables. Significant correlations were observed among most variables. Specifically, most sub-dimensions of socio-emotional skills exhibited significant positive correlations with each other (r ∈ [0.08, 0.62], p < 0.01), except for stress resilience, which showed significant negative correlations with both self-control (r = −0.28, p < 0.001) and persistence (r = −0.13, p < 0.001). In addition, the majority of socio-emotional skill sub-dimensions were positively correlated with online social positivity (r ∈ [0.08, 0.31], p < 0.01) and negatively correlated with online social negativity (r ∈ [−0.34, −0.09], p < 0.001). Notably, online social positivity and online social negativity were also positively correlated (r = 0.12, p < 0.001). Further details are provided in Figure 1.




Figure 1 | Descriptive statistics and correlation matrix of online social experiences and socio-emotional skills. The color and orientation of the ellipses indicate the direction of the correlations (with blue and a bottom-left to top-right orientation representing positive correlations). The depth of color and the shape of the ellipses reflect the strength of the correlations (darker colors and more elongated shapes indicate stronger correlations). A “×” denotes non-significant correlations with p > 0.05.






3.2 Network analysis of online social experiences and socio-emotional skills

To examine the relationships between online social experiences and socio-emotional skills, a network analysis was conducted using the extended Bayesian information criterion with a tuning hyperparameter of 0.5 (36), as shown in Figure 2. It is important to note that no variables were excluded due to redundancy, which means each variable exhibited at least 25% statistically significant differences in correlations with all other variables within the network (46).




Figure 2 | The network analysis of online social experiences and socio-emotional skills. The color and style of the edges in the network indicate the direction of the correlations (with green and solid lines representing positive correlations). The thickness of the edges reflects the strength of the correlations (with thicker edges corresponding to stronger correlations). The circular rings around the nodes represent the variance of the factors represented by the nodes.



As shown in Figure 2, each node was surrounded by a ring representing the variance of the corresponding variable. The shaded portion of the ring indicates the proportion of the variance explained by its connected variables, also known as predictability. In this network, the predictability of online social negativity was 0.25, meaning that 25% of its variance could be accounted for by its neighboring nodes. Similarly, the predictability of online social positivity was 0.18, suggesting that 18% of its variance was explained by its surrounding nodes. The average node predictability was 0.40, indicating that, on average, 40% of the variance in these nodes could be attributed to their connections within the network model.

The network consisted of 17 nodes and 53 edges, yielding a density of 0.39. Among these edges, 44 represented positive relationships, while 9 reflected negative relationships. The strongest positive and negative edges were both associated with stress resistance, specifically the connection between stress resistance and emotional control (weight = 0.39) and the negative relationship between stress resistance and self-control (weight = −0.25). Most negative edges were linked to online social negativity, with the strongest negative association observed between online social negativity and responsibility (weight = −0.17), followed by its connections to optimism (weight = −0.14), stress resistance (weight = −0.10), emotional control (weight = −0.09), and creativity (weight = −0.09). In contrast, online social positivity was positively associated with empathy (weight = 0.11), trust (weight = 0.11), and sociability (weight = 0.12). It is important to emphasize that the edge between online social positivity and online social negativity was positive (weight = 0.20). Further details are presented in Figure 2.

Figure 3 displays the standardized centrality scores for each variable in the network. Stress resistance exhibited the highest strength centrality, closeness centrality, and betweenness centrality, underscoring its critical role and strong influence within the network. Other sub-dimensions of socio-emotional skills, such as persistence and cooperation, also exhibited high centrality, indicating their significant influence on the overall network structure. In terms of online social experiences, online social negativity showed higher centrality indices compared to online social positivity, indicating a stronger influence on other nodes within the network. The correlation stability (CS) coefficients were 0.59 for node strength and 0.36 for both node closeness and betweenness, suggesting that these indices remained correlated with the original data (r = 0.7) after removing 59% of the data for node strength and 36% for node closeness and betweenness. Overall, the bootstrapped stability of the centrality analysis confirmed that the network demonstrated good stability.




Figure 3 | The centrality plot of the network.






3.3 Latent profile analysis of socio-emotional skills

A latent profile model was constructed using the scores of 15 sub-dimensions of socio-emotional skills as observed variables. Beginning with an initial model, the number of profiles was gradually increased, resulting in five latent profile models for comparison. The fit indices for different latent profile models are presented in Table 1. As the number of profiles increased, the log-likelihood, AIC, BIC, and aBIC values showed a decreasing trend. Model selection based on entropy indicated that the four-profile model provided the best fit. However, the LMR test for the four-profile model was not significant, suggesting that the three-profile model offered a better fit. Moreover, the smallest class in the four-profile model accounted for less than 5% of the total sample. Considering these factors, the three-profile model was ultimately selected as the best-fitting model.


Table 1 | The indexes of model fit.



Figure 4 illustrates the mean scores of each socio-emotional skills sub-dimension across the three identified profiles. Profile 1 comprised 339 participants (23.84%) who demonstrated relatively low scores across all sub-dimensions of socio-emotional skills. Consequently, this profile was labeled the “low socio-emotional skills group” or, for brevity, the “low type.” Profile 2 included 812 participants (57.10%) whose scores were generally around the average across all sub-dimensions, except for a lower score in stress resistance. This group was designated as the “moderate socio-emotional skills group” or the “moderate type.” Profile 3 consisted of 271 participants (19.06%) who scored higher than the other two profiles in most dimensions, except for self-control, which was comparatively lower. This profile was identified as the “high socio-emotional skills group” or the “high type.”




Figure 4 | Average scores of socio-emotional skills sub-dimensions across three profiles.



Further analysis using a one-way ANOVA, as shown in Table 2, revealed significant differences across the three profiles in all sub-dimensions of socio-emotional skills. Post hoc tests indicated that the three profiles exhibited significant differences in all sub-dimensions (p < 0.001), except for self-control and stress resistance. In most dimensions, the scores followed a consistent pattern (low type < moderate type < high type). However, for self-control, the low type scored significantly lower than both moderate and high types (p < 0.001), with no significant difference observed between the moderate and high types (p = 0.51). Similarly, in the stress resistance dimension, the high type scored significantly higher than low and moderate types (p < 0.001), whereas no significant difference was found between the low and moderate types (p = 0.60).


Table 2 | The differences on the socio-emotional skills sub-dimensions across three latent profiles.






3.4 Comparison of online social experiences among the three profiles of socio-emotional skills

A one-way ANOVA was conducted to examine the relationship between the three socio-emotional skills profiles and online social experiences based on the results of the latent profile analysis. For online social positivity, significant differences were found among the three profiles (F(2, 1419) = 61.37, p < 0.001, η2 = 0.08). Post hoc tests indicated that Profile 1 had the lowest scores (M = 22.74, SD = 7.77), followed by Profile 2 (M = 25.95, SD = 7.67), while Profile 3 exhibited the highest scores (M = 29.88, SD = 8.75), with all comparisons being statistically significant (p < 0.001). Similarly, significant differences were observed among the three profiles in terms of online social negativity (F(2, 1419) = 49.46, p < 0.001, η2 = 0.07). However, post hoc tests revealed that the pattern of scores for online social negativity was reversed (p < 0.001), with scores increasing in the order of Profile 3 (M = 14.00, SD = 7.18), Profile 2 (M = 16.42, SD = 5.95), and Profile 1 (M = 19.09, SD = 6.50). In addition to one-way ANOVA, the BCH method was employed to validate the findings. As shown in Table 3, the findings from the BCH method were consistent with those obtained from the one-way ANOVA.


Table 3 | Comparison of online social experiences among the three latent profiles.







4 Discussion

Based on the uses and gratifications theory, the present study employed network analysis and latent profile analysis to explore the relationship between socio-emotional skills and online social experiences and identified key dimensions to support the development of intervention strategies.



4.1 The Association between overall socio-emotional skills and online social experiences

The results of this study demonstrated a clear association between overall socio-emotional skills and online social experiences. The network analysis revealed that 9 out of the 15 sub-dimensions of socio-emotional skills were directly related to online social experiences, collectively explaining approximately 20% of the variance in both positive and negative online interactions. Moreover, socio-emotional skills related to online social experiences were positively associated with positive online interactions, while they were primarily negatively associated with negative online experiences. These findings are consistent with previous studies, indicating that socio-emotional skills could modify online social experiences. Casale et al. (47) suggested that individuals with different levels of socio-emotional skills tend to have varying preferences in social media use, which may lead to different types of online social experiences. In addition, Bottaro and Faraci (48) argued that developing socio-emotional skills could help prevent maladaptive social media use, thereby reducing the opportunities for negative online experiences and increasing the chances of positive ones. Similarly, Marín-López et al. (49) found that individuals with higher levels of socio-emotional competence are better able to build positive interpersonal relationships on social media, thus receiving positive online experiences and avoiding negative online experiences. These conclusions were further supported by the findings of the latent profile analysis.

The latent profile analysis identified three distinct patterns of socio-emotional skills among Chinese young adults, characterized as low, moderate, and high socio-emotional skill groups. These profiles reflected meaningful variations in the overall levels of socio-emotional competence. This classification is consistent with previous research (50, 51), which has repeatedly reported heterogeneity socio-emotional skills, often emerging in the form of high versus low in socio-emotional skills. Despite differences in theoretical frameworks and measurement tools across studies, the recurring presence of such stratified profiles suggests a common structural pattern in socio-emotional skills across different populations and cultural contexts. Notably, within each profile in the present study, the relative levels across the 15 sub-dimensions of socio-emotional skills remained largely consistent, indicating a high degree of internal synchrony or coordination among these competencies. This pattern implies that socio-emotional skills are likely to develop and function in an interconnected manner, rather than operating in isolation (52). The results of the network analysis also revealed complex interrelations among the sub-dimensions of socio-emotional skills, suggesting potential synergistic effects among these competencies.

Furthermore, significant differences in online social experiences were observed across the three socio-emotional skill profiles. Specifically, individuals in the high-skill group reported the highest levels of online social positivity, followed by those in the moderate group, while the low-skill group scored the lowest. In contrast, the pattern for online social negativity was reversed, with the highest levels reported by the low-skill group, followed by the moderate group, and the lowest levels observed in the high-skill group. These findings provided additional evidence for the influential role of socio-emotional skills in modifying online social experience. They suggested that individuals with higher socio-emotional skills are more likely to engage in positive online interactions and less likely to experience negative online encounters. According to social cognitive theory, individuals with greater socio-emotional skills are better equipped to interpret social cues and manage interpersonal challenges (53). These abilities are particularly important in the online context, where nonverbal signals are limited and miscommunication is more likely (54). Higher levels of socio-emotional skills may thus help individuals respond more constructively to ambiguous or negative online interactions, reducing conflict and enhancing positive experiences.




4.2 The role of socio-emotional skill sub-dimensions in online social experiences

Despite the results suggesting a high degree of coordination among socio-emotional skill sub-dimensions, understanding their individual contributions is essential for identifying specific strengths that influence online social experiences. Such an analysis may offer valuable insights for targeted interventions.

Network analysis revealed that all sub-dimensions within the domain of emotion regulation (stress resistance, optimism, emotional control) were negatively associated with negative online social experiences. Emotion regulation is widely regarded as a core component of socio-emotional skills (55, 56). According to the emotion regulation model proposed by Gross (57), individuals engage in two key processes before emotional responses occur: cognitive change and response modulation. Socio-emotional competencies are likely to contribute meaningfully at both stages. In the cognitive change phase, individuals reinterpret events to alter their emotional impact, a process known as cognitive reappraisal. Baumgartner et al. (58) found that individuals with an optimistic disposition tend to engage more frequently in cognitive reappraisal. In the response modulation phase, individuals manage their emotional expressions, a process that requires a certain degree of emotional control (59). Additionally, stress resilience has been shown to be positively associated with cognitive reappraisal and negatively associated with expressive suppression, thereby enabling individuals to adopt contextually appropriate emotional expression strategies (60). Higher levels of emotion regulation are also associated with greater psychological well-being (61). These findings suggest that enhancing socio-emotional skills, particularly those related to emotion regulation, may help young adults reduce negative emotional experiences and experience more positive emotions in online settings.

Notably, stress resilience emerged as the most central variable within the socio-emotional skill network, as indicated by its highest centrality index. This finding suggests that it occupies a pivotal position in socio-emotional skills. Similarly, the latent profile analysis revealed that individuals in the high socio-emotional skill group exhibited significantly greater stress resilience compared to those in the moderate and low types. These results imply that stress resilience may serve as a key facilitator in socio-emotional competencies at a higher level. Stress resilience may function to stabilize and amplify the existing capacities, enabling individuals to operate at a higher level of socio-emotional skill. When stress resilience reaches a sufficient level, the overall coordination and effectiveness of socio-emotional skills can be optimized. Currently, most researchers conceptualize stress resilience as a dynamic process involving the interaction between risk and protective factors when individuals encounter adversity (62). Rather than being an absolute trait, stress resilience is considered a capacity that can be shaped and enhanced through experience and development, mirroring the modifiability of socio-emotional skills (63). The presence of stress resilience does not guarantee successful coping under all conditions; its effectiveness varies across individuals and contexts. According to the risk-protective model proposed by Garmezy et al. (64), individuals with higher levels of stress resilience are more capable of mobilizing protective factors to buffer the impact of stress, either by maintaining stability or by adapting responsively to challenges. Within the context of the present study, it is plausible that individuals with higher stress resilience are better able to activate and leverage other sub-dimensions of socio-emotional skills, such as emotional control, responsibility, or self-control when navigating complex online social environments. This capacity to coordinate multiple skills under pressure may contribute to their more favorable online social experiences (65).

Additionally, the study found that individuals with higher levels of empathy and sociability are more likely to experience positive online social interactions. Meanwhile, self-control was identified as a potential factor for recognizing individuals who may be more vulnerable to negative online social experiences. These findings provide valuable insights for developing targeted interventions aimed at enhancing positive online interactions and mitigating the impact of negative experiences.




4.3 The relationship between positive and negative online social experiences

The finding that positive and negative online social experiences were positively correlated suggests that these experiences may not lie at opposite ends of a single continuum, but rather represent two distinct and co-occurring dimensions of online interaction. In other words, individuals may experience a high level of online social positivity while also encountering a high level of online social negativity. Wu and Yao (66) provided neuroimaging evidence showing that positive and negative experiences activate different neural systems, further reinforcing the conceptual independence of the two constructs. This dual-experience perspective highlights the complexity of digital social environments, where individuals can simultaneously receive emotional support and face interpersonal challenges (9, 14). Moreover, some studies suggested that even positive online social experiences may carry potential risks. For instance, excessive reliance on social support obtained through social media has been linked to problematic smartphone use, which may lead to psychological distress and ultimately contribute to negative online experiences (67). This implies that in digital settings, seemingly beneficial interactions may coexist with or even give rise to adverse outcomes, underscoring the need for a more nuanced understanding of online social dynamics.




4.4 Implications

The results of this study highlighted the urgent need to foster socio-emotional skills in young people in the context of widespread social media use. The association between overall socio-emotional skills and online social experiences suggests that interventions aimed at improving young people’s socio-emotional skills should not focus on isolated dimensions. Instead, they should address a comprehensive range of skills that collectively enhance their ability to navigate and engage in meaningful online interactions (68). However, when time and resources are limited, focusing on young people’s stress resilience may be a more efficient approach. Stress resilience plays a dynamic mediating role between protective and risk factors (69). Designing targeted interventions based on this skill may have broader effects on other dimensions of socio-emotional skills, thereby enhancing individuals’ overall socio-emotional competence and, in turn, improving their online social experiences.

Moreover, the distinction between positive and negative online social experiences implied that intervention strategies should be tailored accordingly, rather than adopting a one-size-fits-all approach. While fostering socio-emotional skills such as empathy and sociability may enhance individuals’ capacity to seek and maintain positive social interactions online, addressing negative experiences, such as social rejection or digital embarrassment, may require a greater focus on optimism and emotional regulation. Recognizing these differential pathways is crucial for developing more precise and effective programs that not only promote supportive online environments but also protect individuals from the psychological harm of negative online interactions.




4.5 Limitations and future directions

Several limitations should be acknowledged. First, the sample comprised university students from China, which may limit the generalizability of the findings to other populations. Future research should explore whether these patterns hold across diverse groups. Second, both social-emotional skills and online social experiences were assessed using self-report questionnaires, which may introduce biases, such as social desirability effects. To improve the validity of the findings, future studies could incorporate evaluations from parents, teachers, or peers, as well as physiological measures. Lastly, this study employed a cross-sectional design, which prevents us from determining the directionality of the relationship between social-emotional skills and online social experiences. For example, Hatamleh et al. (70) found that positive online experiences can also enhance empathy levels. Therefore, longitudinal studies are needed to explore the causal pathways between these variables more thoroughly.





5 Conclusion

This study found a significant association between socio-emotional skills and online social experiences. Individuals with higher levels of socio-emotional skills were more likely to have positive online social experiences, while those with lower levels were more susceptible to negative online social experiences. Among the different dimensions, stress resilience emerged as a key factor in further enhancing the overall level of socio-emotional skills. Additionally, positive and negative online social experiences were found to be independent of each other, implying that interventions should consider both dimensions separately.
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