

[image: image1]
Online Fitness Content as a behavioral catalyst: extending the Theory of Planned Behavior to unmask time-dependent effects on resistance training engagement









 


	
	
ORIGINAL RESEARCH
published: 20 November 2025
doi: 10.3389/fpsyg.2025.1575832








[image: image2]

Online Fitness Content as a behavioral catalyst: extending the Theory of Planned Behavior to unmask time-dependent effects on resistance training engagement

Wei Wei1, Ronghai Su2*, Chen Lin3, Meng Meng4 and Rongrong Zheng2


1School of Physical Education, China University of Geosciences, Beijing, China

2College of Physical Education and Sports, Beijing Normal University, Beijing, China

3School of Physical Education, Education University of Hong Kong, Hong Kong, China

4Department of Physical Education, Xiamen University, Xiamen, China

Edited by
 Aleksandra Maria Rogowska, University of Opole, Poland

Reviewed by
 Gordon Chih Ming Ku, National Taiwan University of Sport, Taiwan
 Zameer Hassan, University of Science and Technology of China, China
 

*Correspondence
 Ronghai Su, sronghai@bnu.edu.cn 

Received 20 February 2025
 Accepted 27 October 2025
 Published 20 November 2025

Citation
 Wei W, Su R, Lin C, Meng M and Zheng R (2025) Online Fitness Content as a behavioral catalyst: extending the Theory of Planned Behavior to unmask time-dependent effects on resistance training engagement. Front. Psychol. 16:1575832. doi: 10.3389/fpsyg.2025.1575832
 

Introduction: Resistance training plays a vital role in promoting physical and mental health among university students. However, approximately three-quarters of students globally fail to meet recommended guidelines, with a significant intention-behavior gap persisting. Based on an extended Theory of Planned Behavior (TPB) framework, this study aimed to examine the dual-chain mediating effects of Online Fitness Content (OFC) on students’ resistance training behavior through Planning (PL) and Positive Emotion (PE), and to test the suppressing effect of Consumption Time (CT).

Method: A stratified random sampling method was administered to 356 college students (60.39% male, 39.61% female) regularly engaged in resistance training across 17 Chinese universities. Structural Equation Modeling (AMOS 20.0) was employed to analyze the chain mediation pathways, with multi-group comparisons testing the moderating effect of CT.

Results: The core TPB variables (attitude, subjective norm, perceived behavioral control) significantly predicted intention (path coefficients: 0.265–0.494, p < 0.01), and intention significantly predicted behavior (β = 0.229, p = 0.032). OFC demonstrated significant dual-path mediation effects through both PL (β = 1.215, p = 0.001) and PE (β = 1.074, p = 0.001). The key finding revealed a suppressing effect when daily usage exceeded 30 min: the path effect from OFC to PL attenuated by 72% (β > 1 h = 0.192 vs. β < 1 h = 1.145), the path effect from OFC to PE attenuated by 73% (β > 1 h = 0.301 vs. β < 1 h = 1.101), and the direct effect of OFC on behavior became significantly negative (β > 1 h = −0.690, p < 0.05).

Discussion: The study demonstrates that OFC serves as an effective digital mediator in bridging the intention-behavior gap in university students’ resistance training, but its efficacy exhibits a critical threshold (30 minutes/day). Future health communication should optimize content distribution strategies and implement CT control mechanisms to achieve sustainable behavior change.
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Introduction

Resistance training plays a vital role in promoting physical and mental health, enhancing muscular strength, bone density, and metabolic function, while reducing the risks of chronic diseases (Westcott, 2012; Cavarretta et al., 2018; Wald et al., 2014). The university period represents a critical window for establishing lifelong health behaviors (Snedden et al., 2019; Mehri et al., 2016). Promoting participation in resistance training among college students not only enhances their physical and mental well-being but also fosters the development of sustainable exercise habits into adulthood. However, despite explicit recommendations from both the WHO and ACSM–AHA guidelines that university students should engage in resistance training at least twice per week (World Health Organization, 2020), approximately three-quarters of students worldwide fail to meet these standards (Ren et al., 2024; Garcia-Hermoso et al., 2023). Notably, participation rates in resistance training remain significantly lower than those in aerobic exercise (Abildso et al., 2023; Bennie et al., 2019, 2021). Moreover, a significant discrepancy between self-reported and objectively measured resistance training engagement among university students highlights a pronounced intention-behavior gap. Specifically, while 70.8% of students claimed to exercise at the gym regularly, objective records indicated that only 29.2% actually participated in resistance training, a disparity of 48.3% (Brenner and DeLamater, 2014). Therefore, bridging this intention-behavior gap has emerged as a critical challenge for improving adherence to resistance training programs in this population.

In recent years, social networking sites have provided a new mediating perspective for research on resistance training behaviors due to their unique advantages in information dissemination, social interaction, and virtual environment construction (Kong et al., 2021; Lau et al., 2022). The penetration rate of social networking sites among university students exceeds 90%, with a daily average usage time ranging from 1 to 2.5 h (Twenge and Martin, 2020; Bottaro et al., 2024). However, information overload and variable content quality on social networking sites often lead users to place greater trust in influential accounts within specific domains—a phenomenon also observed in the context of resistance training (Durau et al., 2022; Lutkenhaus et al., 2019; Wiedmann and von Mettenheim, 2020). Studies indicate that workout plans shared by fitness influencers and athletes on platforms such as TikTok and Instagram attract considerable attention among university students and serve as a significant motivator for their engagement in physical exercise (Picazo-Sánchez et al., 2022; O’Donnell et al., 2023). Moreover, the duration of social networking sites usage exhibits complex relationships with user intentions and behaviors (Hall and Liu, 2022; Qin et al., 2024). This is particularly relevant as online fitness content (OFC) on social networking sites is undergoing a shift in values from “thinness-oriented” to “strength and health-focused” paradigms, creating new opportunities to bridge the intention–behavior gap. OFC broadly refers to online graphic, text, and video content designed to promote health, athletic physiques, and healthy lifestyles through exercise, diet, and other methods (Ganson et al., 2023). Its functions primarily encompass two aspects: first, fitness activity support, which involves recording training intensity, frequency, and adherence to form an individual behavior log, reflecting stable user behavior patterns; and second, social interaction and knowledge sharing, which relies on user-generated content such as text, images, and videos (Wang et al., 2024). Furthermore, “fitspiration,” a common form of OFC, motivates users to achieve health goals through fitness images and videos, inspirational quotes, and sharing of personal experiences, further expanding the diverse expression of OFC in behavior promotion (Wang et al., 2024). Nevertheless, existing research has primarily focused on how OFC influences individuals’ intrinsic motivations, such as through Self-Determination Theory (SDT), examining how OFC fulfills users’ needs for competence, autonomy, and relatedness (Wei et al., 2021; Zhang et al., 2024). While these studies elucidate OFC’s role in driving intrinsic motivation for resistance training, they often overlook the integrated mechanisms through which internal and external factors jointly influence behavior. In contrast, the Theory of Planned Behavior (TPB) provides a more systematic framework for explaining behavioral mechanisms via a comprehensive analysis of attitude (an individual’s positive or negative evaluation of the behavior), subjective norms (perceived social pressure from significant others), perceived behavioral control (the perceived ease or difficulty of performing the behavior), and intention (the individual’s readiness to perform the behavior) (Bosnjak et al., 2020). Among these, intention and attitude emphasize internal drives, whereas subjective norms and perceived behavioral control underscore external influences (Ajzen, 2011). Against this backdrop, the present study employs an extended TPB model incorporating both planning and affective variables to investigate the transformation from intention to behavior in university students’ resistance training participation from dual cognitive-affective perspectives. Specifically, OFC caters to personalized needs (Cavaliere, 2024; Martin, 2023; Sweet et al., 2014), compensates for the lack of professional guidance within academic settings, facilitates training planning, and enhances the likelihood of behavioral translation (Kaplan and Haenlein, 2010; López-Carril et al., 2025). On the other hand, real-time interactive features on social networking sites, such as liking and commenting on OFC may elicit positive emotions in users (Maher et al., 2016). These positive emotions are susceptible to social interactions (Zielinski et al., 2023; Rothman and Magee, 2016), act as a powerful force in shaping decision-making and motivation, thereby significantly promoting exercise behaviors (Cameron et al., 2015). The cognitive and emotional changes driven by OFC may shorten the decision-making cycle from intention to behavior. This can address the limitations of the TPB in explaining the low translation rate of intentions into resistance training behaviors (Bosnjak et al., 2020; Armitage, 2005; Ajzen, 2011; Gholamnia-Shirvani et al., 2018; Sheeran and Webb, 2016; Conner and Norman, 2022; Rhodes and Dickau, 2012).

Based on the above, this study constructs an extended TPB model to examine the chained mediation effects between intention and behavior in university students’ resistance training participation, and proposes the following primary hypotheses:


H1: Online Fitness Content-driven training plan formulation plays a chained mediating role between resistance training intentions and behaviors among university students.
H2: Online Fitness Content-driven positive emotions play a chained mediating role between resistance training intentions and behaviors among university students.


Although OFC has the potential to promote behavioral transformation in resistance training, inter-individual differences in the duration of social media use may significantly influence this effect. Studies have shown that the duration of social media use is negatively correlated with exercise behavior (Hall and Liu, 2022; Hall et al., 2018). Exceeding 2 h of daily social media use can reduce vigorous-intensity physical activity (MVPA) by 5–10 min per day, infringe on daily activity time, increase sedentary time (average 19.8 min), and even shorten sleep duration, further impairing next-day exercise participation (Yao Lin and Lachman, 2022; Herman, 2024; Kontostoli et al., 2023). Furthermore, prolonged eye use and prolonged sitting can strain vision and the lumbar spine (Bener et al., 2013; Kawashima et al., 2016). Other studies have found that limiting social media usage to 30–50 min significantly promotes the conversion of online information into actual behavior (Lutkenhaus et al., 2019; Liu et al., 2024; Bai et al., 2023). However, existing research has primarily focused on the impact of general health information, and direct evidence linking exposure to specific content, such as the OFC, and behavioral conversion remains insufficient (van Duin et al., 2025). Although research has demonstrated that viewing fitness content can enhance motivation, the conversion of motivation into behavior is mediated by multiple factors, with viewing time as a key variable remaining underexplored, limiting our understanding of the mechanisms that influence behavior (Lavoie et al., 2025; Sokolova and Perez, 2021). Therefore, further research is urgently needed to examine the differential effects of varying OFC exposure on intention and behavior.

In summary, this study further proposes the secondary hypothesis:


H3: Online Fitness Content Consumption Time moderates the relationship between Online Fitness Content-driven resistance training intentions and behaviors among university students. Specifically, the pathways INT → OFC → PL → BE and INT → OFC → PE → BE follow the same directional trend, but both differ from the INT → OFC → BE pathway. Furthermore, Social Networking Site Consumption Time moderates the relationships between OFC and PL/PE/BE across the three pathways.


The proposed extended Theory of Planned Behavior model is illustrated in Figure 1.
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FIGURE 1
 Extended Theory of Planned Behavior model. H1: INT → OFC → PL → BE; H2: INT → OFC → PE → BE; H3: The pathways INT → OFC → PL → BE and INT → OFC → PE → BE follow the same directional trend, but differ from the INT → OFC → BE pathway. Moreover, CT moderates the relationships between OFC and PL/PE/BE across the three pathways. ATT, Attitude; SN, Subjective Norm; PBC, Perceived Behavioral Control; INT, Intention; BE, Behavior; OFC, Online Fitness Content; PL, Plan; PE, Positive Emotion; CT, Consumption Time.




Methods


Participants and research design

Using R (version 4.2.2), based on the recommended calculation method for Structural Equation Modeling (SEM) based on the RMSEA approach (MacCallum et al., 1996), we computed the required sample size as follows: to ensure close fit (ε₀ = 0.05 and εₐ = 0.08), the minimum sample size was 54 participants; to test not-close fit (ε₀ = 0.05 and εₐ = 0.01), the minimum sample size was at least 80 participants. As the model included multiple observed indicators, the degrees of freedom (df = 420) were determined by the difference between the number of model parameters and the imposed constraints. Allowing for a 20% rate of invalid responses, we planned to recruit more than 300 participants to ensure adequate statistical power.

A stratified random sampling design was employed. Participants were selected from 17 universities (8 in northern China and 9 in southern China) using stratified random sampling, based on the list of standard universities published by the Ministry of Education of China. Although dissemination used convenient channels, the randomness of the sample was mainly ensured by the initial stratified sampling of universities. Recruitment notices containing QR codes and detailed informed consent information were distributed via WeChat groups by fitness club leaders at each participating institution. Participants were required to read and agree to the study overview, privacy protection measures, and voluntary participation statement before accessing the questionnaire. All data were collected anonymously and used solely for the purposes of this study. The research team strictly adhered to data confidentiality and storage protocols to safeguard participant privacy. Scanning the QR code directed participants to the questionnaire, whose landing page presented the study overview, privacy measures, and voluntary participation statement. Data collection took place between March and May 2023, with the questionnaire requiring approximately 15 min to complete.

Eligibility Criteria were: good health (no major diseases or current medication use); non-sports-related major; and being a university student who regularly engaged in resistance training (≥2 days/week for at least 3 months) (World Health Organization, 2010). A total of 416 questionnaires were initially collected (297 from northern China and 119 from southern China), achieving a 100% response rate. After manually reviewing the responses, 60 invalid responses were excluded, resulting in 356 valid samples. The average age of participants was 21.37 ± 2.40 years (males: 21.53 ± 2.40 years, n = 215; females: 21.12 ± 2.26 years, n = 141). The top three Social Networking Sites used by participants were TikTok (56.18%), Bilibili (55.62%), and WeChat (46.63%). Additionally, 38.48% of participants reported browsing fitness-related content on Social Networking Sites for ≤0.5 h per day (see Table 1 for details).


TABLE 1 Descriptive analysis of the sample.


	Variable
	Category
	Number
	Percentage

 

 	Gender 	Male 	215 	60.39%


 	Female 	141 	39.61%


 	Judgment 	Yes 	356 	100%


 	CT 	≤0.5 h 	137 	38.48%


 	0.5 h–≤1 h 	95 	26.69%


 	1 h–≤2 h 	70 	19.66%


 	2 h–≤3 h 	26 	7.30%


 	>3 h 	28 	7.87%


 	OFCa 	WeChat 	166 	46.63%


 	Little Red Book 	161 	45.22%


 	Microblog 	86 	24.16%


 	Tik Tok 	200 	56.18%


 	Bilibili 	198 	55.62%


 	Tencent 	33 	9.27%


 	Kuaishou 	28 	7.87%


 	Others 	22 	6.18%


 	Major 	Engineering 	125 	35.11


 	Management 	142 	39.89


 	Arts and Humanities 	36 	10.11


 	Law 	36 	10.11


 	Education 	11 	3.09


 	Natural Sciences 	6 	1.69





Judgment = “Do I usually use online media software to learn about resistance training-related content?”; CT = “How much time do I usually spend each day browsing resistance training-related videos, pictures, etc., on OFC?”; a represents multiple-choice questions.
 



Measures


The Theory of Planned Behavior

The Theory of Planned Behavior (TPB) scale was adapted from Ajzen’s standard questionnaire (Ajzen, 2005), utilizing standardized wording from previous studies. The adaptations aimed to enhance the situational relevance for the target behavior. For instance, the original attitude item “I believe engaging in the behavior is/is not valuable” was modified to “I believe spending some time each week on resistance training will be/will not be worthwhile” (3 items), thereby specifying the resistance training context. Subjective norms were assessed using items such as “Most of my family members approve of me spending some time each week on resistance training over the next three months” (4 items), which emphasized the influence of significant others related to resistance training. Perceived behavioral control included items like “I am confident that I can spend some time each week on resistance training over the next three months” (6 items), enhancing the focus on perceived executability. Intention: Included three items, such as “I intend to spend some time each week engaging in resistance training over the next three months.” All TPB items were rated on a 7-point Likert scale (1 = strongly disagree, 7 = strongly agree). Behavior was assessed using two items: “On average, how often did you engage in strength training in the past?” and “How many times have you engaged in strength training in the past two weeks?.” The reliability of the scale was tested using McDonald’s Omega (ω). The results indicated values of 0.877 for attitude, 0.973 for subjective norms, 0.953 for perceived behavioral control, and 0.966 for intention. These values meet the reliability standards suggested by Peters (2014), demonstrating that the TPB scale has good reliability.



Online Fitness Content

The Online Fitness Content Scale was developed with reference to the Social Media Marketing Activities (SMMA) Scale and the Social Networking Sites Usage & Needs (SNSUN) Scale (Ruangkanjanases et al., 2022; Ali et al., 2019). The scale consists of two dimensions: Online Fitness Content Influence and Online Fitness Content Motivation. Online Fitness Content Influence: Includes three items, such as “I began following more fitness/sports influencers on social media.”; Online Fitness Content Motivation: Includes three items, such as “Watching fitness-related content on social media frequently makes me feel more motivated to train.” The scale uses a 7-point Likert scoring system (1 = strongly disagree, 7 = strongly agree). The reliability of the scale was tested using McDonald’s Omega (ω). The results showed a value of 0.835 for Social Networking Sites Influence and 0.973 for Social Networking Sites Motivation, meeting the reliability criteria outlined by Peters (2014). These findings indicate that the Online Fitness Content scale has excellent reliability.



Planning

The Planning Scale was adapted from the studies by Sniehotta et al. (2006) and Sniehotta et al. (2005), comprising two dimensions: Action Planning and Coping Planning. Action Planning: Includes five items, such as “I am confident that I have planned the start time for my resistance training program.” Coping Planning: Includes five items, such as “I have considered potential situations in the future, such as academic obligations, that might interfere with completing my training plan.” All items were rated on a 7-point Likert scale (1 = strongly disagree, 7 = strongly agree). The reliability of the scale was tested using McDonald’s Omega (ω). The results showed a value of 0.933 for Action Planning and 0.948 for Coping Planning, meeting the reliability standards outlined by Peters (2014). These findings indicate that the Planning Scale has excellent reliability.



Positive emotion scale

The assessment of emotions was developed based on The Profile of Mood States (POMS; Searight and Montone, 2017) and the measurement approach by Changiz Mohiyeddini et al. (Jones et al., 2005), using high-frequency emotion words to capture affective experiences associated with the intention to perform resistance training. A 7-point frequency scale (1 = never, 7 = always) was developed and administered to a healthy population with prior resistance training experience (n = 169; 67 males, 102 females). From the 40 emotion words across the six POMS dimensions: (Westcott, 2012) tension/anxiety, (Cavarretta et al., 2018) anger/hostility, (Wald et al., 2014) vigor/activity, (Snedden et al., 2019) fatigue/inertia, (Mehri et al., 2016) depression/dejection, and (World Health Organization, 2020) confusion—the top 10 most frequently reported terms related to resistance training intention were selected: Cheerful, Lively, Active, Enthusiastic, Energetic, Competent, Confident, Satisfied, Full of Pep, and Vigorous. All selected terms reflected positive emotions. Exploratory factor analysis indicated strong correlations among the 10 emotion indicators, which loaded onto a single common factor, accounting for a cumulative variance of 65.15%. The scale’s content validity was evaluated by a panel of six experts in strength conditioning and sport psychology, who assessed the relevance, appropriateness, validity, and feasibility of the selected emotion terms, yielding an average score of 87.18. Reliability analysis demonstrated excellent internal consistency, with McDonald’s Omega (ω) = 0.974, indicating that the positive emotion scale possesses strong psychometric properties.




Data analyzes

To reduce model complexity and enhance measurement precision, item parceling was performed separately for the constructs of the Online Fitness Content scale and the planning scale, using the content grouping approach. This involved grouping items according to the theoretical dimensions of the scales (e.g., the influence and motivation dimensions of the Online Fitness Content scale) and calculating the mean score of each group to serve as a parcel indicator. The validated measurement model and structural model were analyzed using structural equation modeling with AMOS 20.0 software. Model parameters were estimated using the maximum likelihood (ML) method, which assumes a multivariate normal distribution of the data and provides robust parameter estimates. As the data were primarily collected via self-report measures, which are susceptible to social desirability effects, testing for common method bias (CMB) was necessary. First, Harman’s single-factor test was conducted. The results indicated poor model fit when all items were loaded onto a single common factor: χ2/df = 12.023, RMSEA = 0.176, CFI = 0.691, GFI = 0.348, TLI = 0.423, SRMR = 0.090, suggesting that CMB was not a severe concern. Considering the limited sensitivity of Harman’s test, the unmeasured latent method factor approach was further employed. This method involved introducing a method factor uncorrelated with the substantive latent variables into the original seven-factor model and allowing all items to load on this factor. The model including the method factor demonstrated good fit: χ2/df = 2.483, RMSEA = 0.07, CFI = 0.960, GFI = 0.860, TLI = 0.870, SRMR = 0.045. However, the chi-square difference test was not statistically significant (p > 0.05), indicating that the model incorporating the method factor did not yield a significantly better fit than the original seven-factor model. This further confirmed that common method bias was not a substantial issue in this study. The significance level for all hypothesis tests was set at α < 0.05.




Results


Confirmatory factor analyses

A confirmatory factor analysis (CFA) was conducted for the seven variables: OFC, attitude, subjective norms, perceived behavioral control, intention, planning, and positive emotion. The Corrected Item-Total Correlation (CITC) for all measurement items or indicators exceeded 0.30, indicating good reliability of the scales (Zhang et al., 2020; Churchill and Peter, 1984). Factor loadings ranged from 0.620 to 0.968, all above the 0.50 threshold. Composite reliability (CR) values ranged from 0.814 to 0.973, exceeding the 0.60 benchmark, while the average variance extracted (AVE) values ranged from 0.690 to 0.901, all above the 0.50 criterion (Hair, 1998); see Table 2. The seven-factor model demonstrated good model fit: χ2/df = 2.369, RMSEA = 0.06, CFI = 0.970, GFI = 0.920, TLI = 0.920, SRMR = 0.038. Therefore, the measurement model exhibited satisfactory reliability and convergent validity.


TABLE 2 Confirmatory factor analysis of measures.


	Variables
	Items
	CITC
	Std.
	SMC
	CR
	AVE

 

 	ATT 	ATT1 	0.539 	0.907 	0.823 	0.884 	0.72


 	ATT2 	0.489 	0.931 	0.867


 	ATT3 	0.553 	0.687 	0.472


 	SN 	SN1 	0.531 	0.909 	0.826 	0.973 	0.901


 	SN2 	0.494 	0.956 	0.914


 	SN3 	0.593 	0.968 	0.937


 	SN4 	0.476 	0.962 	0.925


 	PBC 	PBC1 	0.602 	0.937 	0.878 	0.952 	0.769


 	PBC2 	0.562 	0.935 	0.874


 	PBC3 	0.702 	0.934 	0.872


 	PBC4 	0.567 	0.8 	0.64


 	PBC5 	0.537 	0.838 	0.702


 	PBC6 	0.632 	0.806 	0.65


 	INT 	INT1 	0.519 	0.892 	0.796 	0.952 	0.868


 	INT2 	0.533 	0.956 	0.914


 	INT3 	0.507 	0.946 	0.895


 	OFC 	Influence 	0.604 	0.719 	0.517 	0.814 	0.69


 	Impulse 	0.592 	0.929 	0.863


 	PL 	Action 	0.584 	0.875 	0.766 	0.894 	0.809


 	Cope 	0.627 	0.923 	0.852


 	PE 	Cheerful 	0.577 	0.872 	0.76 	0.968 	0.752


 	Lively 	0.622 	0.873 	0.762


 	Active 	0.557 	0.885 	0.783


 	Enthusiastic 	0.509 	0.891 	0.794


 	Energetic 	0.585 	0.873 	0.762


 	Competent 	0.562 	0.879 	0.773


 	Confident 	0.547 	0.857 	0.734


 	Satisfied 	0.652 	0.911 	0.83


 	Pep 	0.547 	0.875 	0.766


 	Vigorous 	0.552 	0.745 	0.555





CITC, Corrected Item Total Correlation; Std., Standardized; SMC, Squared Multiple Correlation; CR, Composite Reliability; AVE, Average Variance Extracted; ATT, Attitude; SN, Subjective Norm; PBC, Perceived Behavioral Control; INT, Intention; BE, Behavior; OFC, Online Fitness Content; PL, Plan; PE, Positive Emotion; The letters 1–6 after the abbreviation represent different items.
 



Analysis of discriminative validity

The seven variables—OFC, attitude, subjective norms, perceived behavioral control, intention, planning, and positive emotion—all exhibited significant positive correlations (γ = 0.634–0.845, p < 0.001). These correlation statistics provided preliminary support for subsequent hypothesis testing. Discriminant validity was assessed using the AVE method (Fornell and Larcker, 1981), which requires that the square root of the AVE for each variable exceed the correlation coefficients between all paired variables. As shown in Table 3, the square roots of the AVEs (ranging from 0.831 to 0.949, displayed on the diagonal) were greater than all corresponding inter-variable correlation coefficients, supporting discriminant validity among the constructs. These results indicate that the variables included in this study possess adequate discriminant validity and represent distinct constructs.


TABLE 3 Pearson correlation and discriminant validity.


	
	1
	2
	3
	4
	5
	6
	7

 

 	1. OFC 	0.831 	 	 	 	 	 	


 	2. ATT 	0.643*** 	0.849 	 	 	 	 	


 	3. SN 	0.675*** 	0.765*** 	0.949 	 	 	 	


 	4. PBC 	0.702*** 	0.778*** 	0.822*** 	0.877 	 	 	


 	5. INT 	0.732*** 	0.776*** 	0.804*** 	0.845*** 	0.932 	 	


 	6. Plan 	0.735*** 	0.690*** 	0.720*** 	0.774*** 	0.769*** 	0.899 	


 	7. Emotion 	0.678*** 	0.676*** 	0.634*** 	0.668*** 	0.703*** 	0.723*** 	0.867





The diagonal bold values represent the square root of the AVE, and the lower triangle contains the Pearson correlations between variables. *** indicates p < 0.001; ATT, Attitude; SN, Subjective Norm; PBC, Perceived Behavioral Control; INT, Intention; BE, Behavior; OFC, Online Fitness Content; PL, Plan; PE, Positive Emotion.
 



Model fit and path analysis of the Theory of Planned Behavior

To address potential model fit issues arising from large sample sizes (N > 200) in Structural Equation Modeling (SEM), which can inflate the chi-square statistic, bootstrap correction was applied to the model fit indices. The bootstrap-corrected model demonstrated adequate fit: χ2 = 715.83, χ2/df = 1.70, CFI = 0.98, GFI = 0.95, NNFI = 0.98, IFI = 0.98, TLI = 0.98, RMSEA = 0.04. These results indicate satisfactory model fit, as illustrated in Figure 2. Path analysis results are presented in Table 3. Attitude significantly predicted intention (β = 0.265, Z = 4.156, 95% CI [0.068, 0.404], p < 0.001), as did subjective norms (β = 0.204, Z = 3.874, 95% CI [0.066, 0.343], p = 0.002) and perceived behavioral control (β = 0.494, Z = 7.557, 95% CI [0.282, 0.718], p < 0.001). Furthermore, intention significantly predicted behavior (β = 0.229, Z = 2.319, 95% CI [0.122, 3.175], p < 0.05). These findings collectively lend support to the appropriateness of employing the Theory of Planned Behavior as the theoretical foundation for this study.

[image: Structural equation model diagram displaying relationships between various constructs: ATT, SN, and PBC are connected to INT, which links to BE. INT also connects to PL, OFC, and PE. Numerical values indicate path coefficients and correlations for each relationship among latent variables, with observed indicators detailed in respective boxes.]

FIGURE 2
 Structural Equation Model analysis diagram. ATT, Attitude; SN, Subjective Norm; PBC, Perceived Behavioral Control; INT, Intention; BE, Behavior; OFC, Online Fitness Content; PL, Plan; PE, Positive Emotion.




Testing hypotheses of the TPB

The bootstrapping method, which offers greater statistical power than the causal steps approach or product of coefficients methods (Williams and MacKinnon, 2008), was employed to test the mediation effects in the model, using 5,000 bootstrap samples (see Table 4). The total effect between intention and behavior was significant (B = 3.231, p < 0.001), as were the direct effect (B = 1.205, p = 0.032) and the indirect effect (B = 2.026, p = 0.048). Specifically, the mediating roles of planning (PL: B = 0.73, p = 0.145) and positive emotion (PE: B = 0.414, p = 0.305) between intention and behavior were not significant. However, the mediating roles of OFC via planning (B = 1.215, p = 0.001) and OFC via positive emotion (B = 1.074, p = 0.001) between intention and behavior were significant, supporting Hypotheses 1 and 2. Notably, the indirect effect of OFC between intention and behavior was negative (B = −1.407, p = 0.039) and opposite in direction to the direct effect, indicating a suppression effect (Wen and Ye, 2014), warranting further analysis. Daily social media use of 30 min or less typically reflects purposeful, controlled instrumental use, whereas use exceeding 30 min—particularly reaching several hours—often indicates more passive, aimless content consumption and “scrolling” behavior (Verduyn et al., 2017; Frison and Eggermont, 2020). This usage pattern aligns more closely with problematic social media use, potentially substituting for real-world social interaction and reflecting poor time management (Marino et al., 2018; Boer et al., 2022). Therefore, participants were dichotomized into two groups for multi-group SEM analysis: those spending ≤30 min per day on social networking sites (coded as 1) and those spending >30 min (coded as 2). Results are presented in Table 5. A significant negative indirect effect of OFC was found between intention and behavior. Using the ≤30 min group as the reference, the >30 min group showed lower predictive effects of OFC on planning (B = 0.399, SE = 0.089) and positive emotion (B = 0.439, SE = 0.101), ultimately resulting in a negative predictive effect on resistance training behavior (B = −0.690, SE = 0.672). Significant differences between the two groups were observed in the paths from OFC to planning (Δχ2 = 5.775, p = 0.016), OFC to positive emotion (Δχ2 = 5.141, p = 0.023), and OFC to behavior (Δχ2 = 4.893, p = 0.027). No significant difference was found in the path from intention to OFC (Δχ2 = 0.061, p = 0.806). In summary, the weaker effects of OFC on planning and positive emotion, coupled with its negative effect on behavior in the >30 min group, counteracted the positive effects observed in the ≤30 min group. This resulted in an overall negative indirect effect of OFC, indicating that the pattern in the high-usage group suppressed the relationship between intention and behavior. Consequently, Hypothesis 3 was supported.


TABLE 4 Mediating effect test between intention and behavior.


	Level 2
	Level 1
	Path
	
B

	
σ

	
Z

	95% CI
	
p

	Level 1 result
	Level 2 result

 

 	 	 	INT to PL to BE 	0.73 	0.868 	0.841 	[−0.661, 1.721] 	0.145 	Not significant 	


 	 	 	INT to PE to BE 	0.414 	0.523 	0.792 	[−0.72, 1.006] 	0.305 	Not significant 	


 	H3 	 	INT to OFC to BE 	−1.407 	1.894 	−0.743 	[−5.546, −0.069] 	0.039 	Significant 	Suppression effect


 	H1 	INT to OFC to PL to BE 	1.215 	1.49 	0.815 	[0.382, 4.273] 	0.001 	Supported


 	H2 	INT to OFC to PE to BE 	1.074 	0.732 	1.467 	[0.454, 3.001] 	0.001 	Supported


 	Direct effect 	1.205 	1.133 	1.064 	[0.122, 3.175] 	0.032 	Significant 	


 	Total indirect effect 	2.026 	1.138 	1.780 	[0.039, 3.206] 	0.048 	Significant 	


 	Total effect 	3.231 	0.293 	11.027 	[2.713, 3.884] 	<0.001 	Significant 	





B = Coefficient; σ = Standard Error; Z = Z-score; Bootstrap 5000次; ATT, Attitude; SN, Subjective Norm; PBC, Perceived Behavioral Control; INT, Intention; BE, Behavior; OFC, Online Fitness Content; PL, Plan; PE, Positive Emotion.
 


TABLE 5 Multi-group comparison of structural equation models for Consumption Time (less than 30 min vs. more than 30 min).


	Path
	Group
	Default model
	Model comparisons



	
B

	
σ

	
Z

	∆x2(df)
	
p


 

 	INT to OFC 	<30 min 	0.771 	0.046 	16.871 	0.061 (1) 	0.806 (>0.05)


 	>30 min 	0.755 	0.047 	16.200


 	OFC to PL 	<30 min 	0.961 	0.232 	4.137 	5.775 (1) 	0.016 (<0.05)


 	>30 min 	0.399 	0.089 	4.501


 	OFC to PE 	<30 min 	1.064 	0.273 	3.897 	5.141 (1) 	0.023 (<0.05)


 	>30 min 	0.439 	0.101 	4.367


 	OFC to BE 	<30 min 	0.935 	0.389 	−2.404 	4.893 (1) 	0.027 (<0.05)


 	>30 min 	−0.690 	0.672 	−1.026





B = Coefficient; σ = Standard Error; Z = Z-score; ATT, Attitude; SN, Subjective Norm; PBC, Perceived Behavioral Control; INT, Intention; BE, Behavior; OFC, Online Fitness Content; PL, Plan; PE, Positive Emotion.
 



Cross-validation of the model

To enhance the robustness of the research findings and test the model’s stability, the total sample was randomly split into two groups, each containing 178 participants. A multi-group structural equation modeling analysis was conducted to examine the cross-validation of the theoretical model by testing for significant differences between these two randomly split samples. Following a sequence from least to most restrictive, five nested models were tested: the measurement weights model, structural weights model, structural covariances model, structural residuals model, and measurement residuals model. The differences in model fit between successive models were analyzed sequentially (Blozis and Craft, 2024). As shown in Table 6, constraining all 27 factor loadings to be equal across groups (measurement weights model) resulted in a χ2 increase of 38.242 (p = 0.074) and a ΔCFI of −0.001, which is below the 0.01 threshold, indicating the factor loadings were invariant. Imposing additional constraints on the 8 structural path coefficients (structural weights model) led to a χ2 increase of 13.185 (p = 0.106) and a ΔCFI of 0.000, supporting the invariance of the structural paths. Further constraining the 6 structural covariances (structural covariances model) yielded a χ2 increase of 7.649 (p = 0.265) and a ΔCFI of −0.001, indicating covariance invariance. Subsequently, constraining the 4 structural residuals (structural residuals model) resulted in a significant χ2 increase of 22.760 (p < 0.001) but a minimal ΔCFI of −0.001, suggesting residual invariance. Finally, constraining the 31 measurement residuals (measurement residuals model) led to a substantial χ2 increase of 170.614 (p < 0.001) and a ΔCFI of −0.009, which remains below the critical threshold. Additionally, the changes in other indices (ΔNFI, ΔIFI, ΔRFI, ΔTLI) were all within acceptable limits (< 0.05), meeting the standards established by Little (1997) and Cheung and Rensvold (2002). These results collectively demonstrate that the theoretical model did not differ significantly between the two randomly split samples, confirming its stability. Furthermore, as indicated in Table 7, the unconstrained model demonstrated superior fit compared to all sequentially constrained models, further affirming the high stability of the model and, consequently, the reliability of the study’s conclusions.


TABLE 6 Cross-validation test of the model.


	Model
	Δdf
	Δχ2
	
p

	ΔNFI
	ΔIFI
	ΔRFI
	ΔTLI
	ΔCFI

 

 	Measurement weights 	27 	38.242 	0.074 	0.002 	0.002 	−0.002 	−0.002 	−0.001


 	Structural weights 	8 	13.185 	0.106 	0.001 	0.001 	0.000 	0.000 	0.000


 	Structural covariances 	6 	7.649 	0.265 	0.000 	0.001 	0.000 	0.000 	−0.001


 	Structural residuals 	4 	22.760 	0.000 	0.001 	0.001 	0.001 	0.001 	−0.001


 	Measurement residuals 	31 	170.614 	0.000 	0.011 	0.011 	0.006 	0.007 	−0.009




 


TABLE 7 Multi-group model fit indices.


	Model
	NPAR
	χ2/df
	GFI
	AGFI
	CFI
	NFI
	IFI
	TLI
	RMSEA

 

 	Unconstrained 	152 	2.329 	0.745 	0.699 	0.927 	0.879 	0.927 	0.919 	0.061


 	Measurement weights 	125 	2.301 	0.74 	0.703 	0.926 	0.877 	0.926 	0.921 	0.061


 	Structural weights 	117 	2.295 	0.739 	0.704 	0.926 	0.876 	0.926 	0.921 	0.06


 	Structural covariances 	111 	2.288 	0.738 	0.705 	0.925 	0.875 	0.926 	0.921 	0.06


 	Structural residuals 	107 	2.304 	0.736 	0.704 	0.924 	0.874 	0.924 	0.92 	0.061


 	Measurement residuals 	76 	2.412 	0.719 	0.696 	0.915 	0.863 	0.915 	0.914 	0.063





NPAR, number of parameters.
 




Discussion

This research, based on an expanded TPB model, illuminates the dual-faceted role of OFC in influencing the intention-behavior relationship in university students’ resistance training. OFC facilitates the translation of intention into behavior by promoting the formulation and implementation of training plans. It also shortens the decision-making cycle between intention and behavior by fostering positive emotions. However, the suppression effect of OFC becomes evident when usage exceeds 30 min per day, weakening the positive effects of planning and emotions and significantly negatively impacting behavior.


The dual role of Online Fitness Content within the TPB framework: theoretical extension and critical threshold effect

The primary theoretical significance of this study lies in revealing how OFC integrates into and extends the TPB framework within the social networking sites environment. Unlike prior research highlighting the gap between online participation and offline behavior—exemplified by the Ice Bucket Challenge, where many participants did not mention ALS or donate (Van der Linden, 2017)—this study focused on university students with prior experience in resistance training. The findings indicate that for this population, OFC significantly facilitates the alignment and implementation of intentions into offline behaviors through the mediating pathways of planning and positive emotion, thereby enhancing the consistency between intentions and behaviors. However, this facilitative effect is highly dependent on usage duration. The study further identified a critical threshold: when daily OFC use exceeds 30 min, the positive influence of OFC reverses, exhibiting a significant suppressing effect. This outcome can be interpreted through the lens of information cognitive load and processing. Time serves as a crucial dimension (Oberiri Destiny et al., 2022); while diverse online guidance can encourage active information-seeking and processing strategies, excessive recommendations and choices often lead to cognitive overload (Zhong et al., 2024). Prolonged exposure may exceed an individual’s information processing capacity, resulting in difficulties in cognitive synthesis, increased anxiety, and an impaired ability to filter and absorb high-quality training information. Such informational redundancy not only undermines the efficiency of plan formation but can also obstruct behavioral execution, shifting user focus toward passive content consumption (Cao et al., 2021). Moreover, although interactive features such as likes and comments can elicit positive emotions, excessive use fosters a “reward cycle” that leads to emotional habituation or fatigue, ultimately weakening the motivational drive for behavior execution (Goldenberg and Gross, 2020; Przybylski and Weinstein, 2017). Studies also indicate that frequent online browsing correlates significantly with attentional dispersion (Marty-Dugas et al., 2018), and prolonged overuse is associated with reduced sleep quality and increased psychological burden (Przybylski and Weinstein, 2017; Exelmans and Van den Bulck, 2017), further impairing the foundational conditions for translating intention into action. Thus, the present results corroborate the view that excessive OFC consumption distorts behavioral focus and inhibits the conversion of training intentions into actual behavior.



Mechanism of the planning pathway

Although the present study found that planning did not significantly mediate the relationship between intention and behavior among university students—a result that contrasts with research emphasizing individual proactive planning (Lidong et al., 2025) or the role of positive mental representations during plan formation as key drivers of intention translation (Lachman and Burack, 2016; Scholz et al., 2008)—it reveals that OFC reshapes the mechanism of behavior transformation by comprehensively intervening in the intention-behavior pathway within the social networking sites environment. By providing content highly aligned with individual preferences of university students (e.g., personalized training programs, demonstrations by fitness influencers), OFC significantly reduces the cognitive cost of plan formulation, thereby serving as a “planning guide” (Gao et al., 2021). This finding is corroborated by related studies indicating that online guidance and monitoring functions—such as video demonstrations, instructional content, goal setting, progress tracking, and behavior evaluation and adjustment (Wang et al., 2020; Geng et al., 2023)—constitute some of the most prevalent and user-preferred features of OFC (Middelweerd et al., 2015; Domin et al., 2022). These features substantially diminish the time, cognitive effort, and cost associated with independent plan development among students (Durau et al., 2022). Furthermore, primary creators of OFC, such as fitness bloggers and online influencers, establish professional knowledge frameworks and instructional content that foster user recognition and brand credibility, thereby facilitating a sustainable cycle of information interaction among users. Consequently, planning behavior derives not only from individual initiative but can also be effectively guided and supplemented through technological means. OFC can thus be regarded as a key mediating variable and driver in the chain linking planning to behavior after the formation of resistance training intentions among university students.



Mechanism of the emotion pathway: complexity and emotion-dependency

This study also found that the positive emotions elicited by resistance training intentions did not exhibit a significant mediating effect between intention and behavior. This finding contrasts with previous studies suggesting that resistance training improves emotional states (Cavarretta et al., 2018; Cavarretta et al., 2019) or that emotions promote behavior (Mohiyeddini et al., 2009; Weyland et al., 2020). This discrepancy may be attributed to the widespread use of smartphones, wearable devices, the exponential growth of OFC, and the unique characteristics of digital emotional experiences (Penglee et al., 2019; Pope et al., 2019; Raggatt et al., 2018). Some studies suggest that online interaction environments and algorithmic recommendations can amplify users’ emotions, foster emotional convergence and significantly influencing their perception of behavioral value. Additionally, the intensity of emotional expression can predict the level of likes and shares received, further enhancing the impact of positive emotions. For instance, community-driven enthusiasm and resonance triggered by success stories can magnify emotional effects (Goldenberg and Gross, 2020; Gao et al., 2021; Gao et al., 2018; Klier et al., 2022; Goldenberg and Gross, 2020). In this study, the positive emotions induced were linked to university students’ real-life resistance training behaviors. The findings showed that OFC, through precise content recommendations and influencer-driven support, triggered users’ sense of identification and activated emotional states such as cheerfulness, liveliness, activity, and enthusiasm. These emotions played a role in situational activation within decision-making processes. Moreover, the interactive and feedback mechanisms of social networking sites, such as sharing training results, likes, and comments, were found to activate the brain’s reward circuits, thereby reinforcing emotional incentives and strengthening the connection between intentions and behaviors (Sherman et al., 2018). This finding offers a new theoretical perspective for extending the TPB in the context of digital health, suggesting that emotional experiences are not merely outcomes of behavior but also catalysts for behavioral transformation.



Limitations and future directions

As an exploratory study, this research has several limitations. First, the sample representation is limited, as it only included Chinese university students with prior resistance training experience. Therefore, caution is needed when generalizing the findings to other populations or cross-cultural contexts. Second, although validated measurement tools were used, the assessment of OFC focused primarily on usage duration, without thoroughly examining the potential influence of interactive features or content heterogeneity, such as the quality and frequency of user-content and user-influencer interactions, as well as content variations in information quality, emotional tone, and influencer type. These dimensions may be key contextual factors influencing the translation of behavior. Future research could conduct more precise measurements of the relationship between the volume of OFC information and university students’ information reception and processing capacity to determine specific threshold standards. Third, the cross-sectional survey design limits the ability to establish causal or temporal relationships between variables. Future studies should address these limitations by Westcott (2012) adopting multi-method approaches, such as incorporating objective app usage data to measure key variables; (Cavarretta et al., 2018) deepening the measurement of OFC quality by deconstructing its interactive dimensions and content characteristics; Wald et al. (2014) validating the model in larger and more diverse samples, including theory-based subgroup comparisons; and Snedden et al. (2019) employing longitudinal designs or experimental interventions to verify the effects and critical thresholds of OFC from a causal inference perspective.



Implications

The study found that OFC significantly facilitates the translation of resistance training intentions into behavior by reducing the cognitive cost of planning. To further enhance its practical value, it is recommended to embed diversified and personalized “planning guide functions” within OFC platforms. Based on individual user characteristics such as gender, fitness level, and training goals, a tiered content system can be dynamically generated. Utilizing check-in systems, progress tracking tools, and achievement rewards can transform plan execution into visible behavioral completion rates, thereby increasing user participation and adherence. Simultaneously, strengthening the professional knowledge output of content creators and influencers is crucial to ensure the scientific reliability of the provided plans, avoiding limitations in user plan effectiveness due to low-quality content.

This study revealed the indirect influence of the emotional pathway on behavioral translation, indicating that OFC can induce and enhance positive emotions to promote the alignment of intention and behavior among university students. It is therefore suggested to design structured emotional incentive feedback mechanisms. Features such as “likes” and “shares” can be leveraged to create a visible positive emotional feedback loop. For instance, awarding honorary badges to users who complete specific training plans and converting their completion data into emotional incentives can foster a tighter connection between online-induced emotional experiences and offline behaviors.

The study identified that when daily OFC use exceeds 30 min, issues like information overload and emotional incentive fatigue can undermine the positive effects of OFC. Consequently, implementing a usage duration reminder system—such as monitoring user screen time and providing periodic alerts—can help mitigate information overload and cognitive fatigue caused by excessive use, promoting focused and efficient behavioral translation. Integrating “Healthy social networking sites Use” into public health education systems, including health curricula and public service announcements, is essential to enhance university students’ efficiency in using OFC health information and their awareness of behavioral translation.




Conclusion

By extending the TPB framework, this study uncovers the “double-edged sword” effect of OFC in bridging the intention-behavior gap in resistance training among university students. Theoretically, this research breaks through the limitations of the traditional TPB, which overemphasizes cognitive drivers and individual proactive planning, by establishing the core roles of the “technology empowerment” and “emotional activation” dual pathways in the intention-behavior translation. OFC significantly promotes the transformation of intentions into behaviors through its influence on content, incentive facilitation for planning, and induction of positive emotions. However, when average daily usage exceeds 30 min, the promotive effect of OFC reverses, exhibiting a significant suppressing effect. Within the planning pathway, information overload impairs the efficiency of plan formulation and execution. Within the emotional pathway, the formation of a “reward cycle” causes the emotional experience to shift from being a “driver” to an “inhibitor,” leading users to become engrossed in the OFC content itself. This not only crowds out actual time for behavior but also undermines the foundational conditions necessary for behavioral translation.
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