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Abstract


The literature has highlighted the importance of engaging students in online learning through multiple forms of interaction: student-content, student-instructor, and student-student interactions. While the quality of interaction plays a significant role in either enhancing or undermining students’ motivation to learn, anxiety has remained a persistent challenge. Limited research has examined the indirect relationships between each of the three forms of interaction and motivation through the lens of anxiety. This study aimed to investigate the mediating role of anxiety in the relationships between the forms of interaction quality and student motivation in university-level online courses. Data were collected from 140 students via an online survey, and multiple procedures ensured instrument validity. Structural equation modeling was used to evaluate research hypotheses. The research model revealed a good fit with the collected data based on the recommended goodness-of-fit indices. Findings revealed that anxiety fully mediated the relationships between student-content and student-instructor interactions and motivation, and partially mediated the relationship between student-student interaction and motivation. These results suggested that instructors should carefully consider the quality of all three types of interaction when designing and delivering online courses, with the goal of reducing students’ anxiety and supporting their motivation to learn.
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Introduction


The demand for online postsecondary education has grown rapidly (Xia et al., 2022) due to increasing student numbers and constraints on space, time, and scheduling (Lu et al., 2024). In response, many institutions have shifted from face-to-face to online delivery, especially for theoretical courses (Xia et al., 2022). Online learning may be synchronous (Banna et al., 2015; Majewska & Zvobgo, 2023), asynchronous (Lu et al., 2024), or blended (Yamagata-Lynch, 2014), offering students flexibility to learn from anywhere (Martin & Bolliger, 2022). However, online learning places greater demands on instructors (Conklin & Dikkers, 2021), who are expected to implement strategies tailored to the online environment across multiple areas, including teaching (Mahmood, 2021), assessment and evaluation (Martin et al., 2019), facilitation (Martin, Polly, & Ritzhaupt, 2020; Conklin & Dikkers, 2021), and interaction (Abrami et al., 2011; Banna et al., 2015; Martin & Bolliger, 2018). A comprehensive review by Baldwin et al. (2018) indicated that interaction was one of the key criteria in many rubrics used to design, deliver, and evaluate high-quality online courses.

 
Interaction has been defined as a reciprocal event involving at least two objects and actions that mutually influence each other (Wagner, 1994) and it has long played a critical role in shaping the quality of the online learning experience. Bernard et al. (2009) identified three key forms of interaction: student-content (SC), student-instructor (SI), and student-student (SS), as originally conceptualized by Moore (1989). The quality of these interactions predicts student satisfaction (Wang et al., 2024), engagement (Limbu & McKinley, 2025), and learning outcomes (Quadir et al., 2019). To optimize SC, SI, and SS interactions, online courses should include both synchronous and asynchronous components (Banna et al., 2015; Martin, Wang, & Sadaf, 2020; Yamagata-Lynch, 2014).

 
Motivation has been defined as an internal state that drives students to act, pursue goals, and stay engaged (Ormrod, 2008). Research has shown that postsecondary online learners often report low motivation due to limited or poor SI and SS interactions (Esra & Sevilen, 2021; Lin et al., 2017; Xia et al., 2022). Low-quality SC interaction, resulting from (a) unclear instructions; (b) ineffective feedback; (c) a mismatch between students’ expectations and course content; (d) poor course organization (Esra & Sevilen, 2021); and (e) dissatisfaction with the format and quality of course content and delivery (Xia et al., 2022) has also contributed to reduced motivation. Overall, studies indicated that student interaction positively predicted motivation (Çebi, 2023). Peer interaction further enhanced motivation directly and indirectly by reducing technological and communication barriers (Kulal et al., 2025). Additionally, intrinsic motivation has been positively related to SC, SI, and SS interactions (Jung et al., 2025).

 
Anxiety has been defined as a feeling of concern, uneasiness, and apprehension about uncertain situations (Ormrod, 2008) and has been the most commonly reported negative emotion among online postsecondary students (Xu & Wang, 2023). These students experienced higher anxiety than those in lower educational levels (Xu & Wang, 2023) or traditional classrooms (Li et al., 2024). Anxiety has been positively linked to low motivation in online learning (Peng et al., 2024). Research has also shown that low-quality interaction contributed to elevated anxiety: discomfort with instructor capacity and communication increased general and technology anxieties (Ritzhaupt et al., 2022), and separation from instructors and peers, along with technological challenges, positively predicted online learning anxiety (Peng et al., 2024).

 
Recent studies provided important insights into the relationships between interaction and different forms of anxiety. Lu et al. (2024) found that SI and SS interactions indirectly reduced test anxiety through emotional engagement, while SI interaction directly reduced test anxiety. Wut and Wong (2024) showed that interaction quality directly reduced performance and technology anxieties and indirectly alleviated psychological distress by reducing these anxieties in online learning environments. Additionally, an interactive online educational environment that enhanced student interaction with instructors, peers, and content had a significant impact on reducing general anxiety among postsecondary students (Wang, 2024).

 
Existing research has primarily examined interaction, motivation, and anxiety separately or has focused only on the direct relationships among them. However, very limited work has explored whether general anxiety serves as a connecting pathway between the quality of SC, SI, and SS interactions and student motivation in online postsecondary education. To address this gap, the present study examined the indirect relationships between interaction quality and motivation through general anxiety, offering a more comprehensive understanding of how different forms of interaction may support motivational outcomes in online learning environments.


Theoretical Framework and Hypotheses Development

The Quality of Interaction Through Self-Determination Theory


Interaction is a central element of online course design (Baldwin et al., 2018; Martin et al., 2021) and includes engagement with content, communication with instructors, and collaboration with peers (Bernard et al., 2009; Majewska & Zvobgo, 2023; Moore, 1989). High-quality interaction is typically supported through a combination of asynchronous and synchronous components (Yamagata-Lynch, 2014; Martin, Wang, & Sadaf, 2020; Martin & Bolliger, 2022). Asynchronous elements provide students with flexibility and autonomy in managing their learning (Jacobi, 2018), whereas synchronous elements promote real-time interaction and relatedness (Banna et al., 2015; Conklin & Dikkers, 2021; Jacobi, 2018; Majewska & Zvobgo, 2023), Together, these elements enhance students’ engagement and a sense of competence (Martin, Wang, & Sadaf, 2020).

 
The current study used self-determination theory (SDT), developed by Deci and Ryan (1985), as a framework to evaluate the quality of interaction in terms of three psychological needs—autonomy, competence, and relatedness. SDT emphasizes that motivation strengthens when these needs are fulfilled (Ryan & Deci, 2017). SDT was selected as the primary framework because it provides an explicit mechanism linking interaction quality to students’ basic psychological needs, which are closely associated with anxiety and motivation. Online course designs that support choice, mastery, and social connection are associated with engagement, intrinsic motivation, retention, and learning outcomes (Martin et al., 2018; Hsu et al., 2019; Shank et al., 2025).

 
The first psychological need in SDT is autonomy, which refers to experiencing control, independence, and ownership over one’s actions (Ryan & Deci, 2017). Autonomy is fostered when courses provide flexibility through (a) asynchronous learning materials that allow self-paced engagement, and (b) asynchronous communication channels that enable students to connect with instructors and peers at their convenience (Jacobi, 2018; Martin et al., 2018). The second basic psychological need in SDT is competence, which refers to feeling effective and capable of achieving desired outcomes. It is fostered when courses include (a) clear instructions and expectations for performance and communication, (b) timely and clear instructor feedback, and (c) collaborative activities that provide an optimal level of challenge (Jacobi, 2018; Martin et al., 2018; Shank et al., 2025). The third basic psychological need in SDT is relatedness, which refers to feeling connected to others and experiencing a sense of belonging. Relatedness is fostered when courses include synchronous learning opportunities and communication channels that enable meaningful interaction with instructors or peers (Jacobi, 2018; Martin et al., 2018; Shank et al., 2025).

 
When these psychological needs were supported, students were more likely to engage cognitively, emotionally, and behaviorally (He et al., 2025; Huang & Wang, 2023), interact with instructors, peers, content, and the platform (He et al., 2025), feel competent and connected (Hsu et al., 2019), and perform optimally (Huang & Wang, 2023). In contrast, in courses lacking autonomy-, competence-, and relatedness-supportive features, students reported lower motivation (Esra & Sevilen, 2021; Hartnett, 2015; Lin et al., 2017; Xia et al., 2022) and higher anxiety (Ritzhaupt et al., 2022; Peng et al., 2024). SDT therefore provided a coherent framework for examining how interaction quality relates to anxiety and motivation in online learning.


The Quality of Student-Content Interaction


Student-content interaction involves engagement with course materials, both asynchronously (e.g., readings, recorded lectures, assignments, discussion forums, projects, assessments) and synchronously (e.g., real-time presentations and demonstrations; Moore, 1989; Bernard et al., 2009). SC interaction is associated with active engagement and improved learning outcomes (Zimmerman, 2012; Nieuwoudt, 2018; Quadir et al., 2019).

 
In this study, SC interaction quality was conceptualized through SDT needs: (a) autonomy, reflected in asynchronous materials that enable self-paced engagement (Jacobi, 2018); (b) competence, reflected in clear instructions and expectations (Martin & Bolliger, 2018; Martin et al., 2018); and (c) relatedness, reflected in synchronous opportunities for interaction (Jacobi, 2018).


The Quality of Student-Instructor Interaction


Student-instructor interaction involves communication and feedback that can occur synchronously (e.g., phone calls, live chats, virtual sessions) or asynchronously (e.g., e-mail, forums; Abrami et al., 2011; Banna et al., 2015). Students often prefer synchronous channels for direct communication (Conklin & Dikkers, 2021), while e-mail and forums have been valued for personal contact, rapport building, discussion, updates, and feedback delivered in multiple formats (Conklin & Dikkers, 2021; Glazier, 2016; Martin & Bolliger, 2018). SI interaction has been identified as the most important interaction type (Martin & Bolliger, 2018), positively associated with SC interaction quality (Majewska & Zvobgo, 2023), and linked to engagement, satisfaction, perceived learning, retention, and grades (Alqurashi, 2018; Glazier, 2016; Martin & Bolliger, 2018). Optimal SI interaction includes multiple communication channels and timely feedback to maintain connection and reduce isolation (Conklin & Dikkers, 2021; Martin & Bolliger, 2018).

 
In this study, SI interaction quality was conceptualized through SDT needs: (a) autonomy, supported by flexible asynchronous communication channels (Glazier, 2016; Conklin & Dikkers, 2021); (b) competence, supported by timely and effective feedback (Jacobi, 2018; Martin et al., 2018); and (c) relatedness, supported by synchronous tools enabling real-time connection (Jacobi, 2018; Conklin & Dikkers, 2021; Majewska & Zvobgo, 2023).


The Quality of Student-Student Interaction


Student-student interaction refers to communication between peers in pairs or small groups, with or without instructor presence (Moore, 1989), and may occur synchronously (e.g., live sessions, chats) or asynchronously (e.g., forums, e-mail; Abrami et al., 2011). Effective online courses integrate both formats (Yamagata-Lynch, 2014; Martin & Bolliger, 2018), as students value synchronous peer interaction (Banna et al., 2015). SS interaction is associated with active engagement (Martin & Bolliger, 2018), improved learning outcomes (Quadir et al., 2019), and higher achievement, as supported by meta-analytic evidence (Bernard et al., 2009).

 
In this study, SS interaction quality was conceptualized through SDT needs: (a) autonomy, supported by flexible asynchronous peer communication channels (Jacobi, 2018; Martin et al., 2018); (b) competence, supported by optimally challenging collaborative activities (Martin et al., 2018; Shank et al., 2025); and (c) relatedness, supported by synchronous tools that foster real-time peer connection (Jacobi, 2018; Shank et al., 2025).


Research Model and Hypotheses Development


Figure 1 shows the research model, which included student anxiety as the mediator, interaction quality (SC, SI, SS) as the independent variables, and student motivation as the dependent variable.

 
 Figure 1 

Research Model




The Direct Relationship Between Anxiety and Motivation


In this study, student anxiety referred to the extent to which students experienced concern while engaging in online learning environments due to a lack of autonomy, competence, and relatedness. Student motivation referred to the extent to which students experienced interest and willingness to engage in online learning based on perceived autonomy, competence, and relatedness. The literature has shown that online learning can enhance students’ motivation when the quality of interaction is high (Çebi, 2023; Jung et al., 2025; Kulal et al., 2025), but it can also heighten anxiety due to limited social interaction, technical challenges, isolation, weak two-way communication, or discomfort with instructor support (Peng et al., 2024; Ritzhaupt et al., 2022). Research has shown that online postsecondary students report higher anxiety (Li et al., 2024) and lower intrinsic and extrinsic motivation (Stark, 2019) than students in face-to-face settings. Anxiety among online learners has also been positively associated with lower motivation (Peng et al., 2024), suggesting that elevated anxiety can reduce students’ willingness to engage. Given these patterns, this study examined the direct relationship between anxiety and motivation as part of testing anxiety’s mediating role between the quality of each of SC, SI, and SS interactions and motivation. Accordingly, the following hypothesis was proposed:

 
H1: Student anxiety is negatively associated with their motivation toward online learning.


The Direct Relationships Between Interaction Quality and Anxiety


Literature on online postsecondary education has shown that interaction quality plays a key role in shaping student anxiety. Poor instructor communication or competence has been linked to higher anxiety (Ritzhaupt et al., 2022), with increased anxiety when students felt separated from instructors and peers or when they faced technological challenges (Peng et al., 2024). In contrast, high-quality SI interaction has been negatively associated with test anxiety (Lu et al., 2024), and strong interaction can reduce both performance- and technology-related anxieties (Wut & Wong, 2024). Interactive online environments that promote engagement with instructors, peers, and content has also helped alleviate anxiety (Wang, 2024). Accordingly, the current study examined the direct relationships between the quality of SC, SI, and SS interactions and student anxiety as a foundation for testing anxiety’s mediating role. The following hypotheses were proposed:

 
H2: The quality of SC interaction is negatively associated with student anxiety toward online learning.

 
H4: The quality of SI interaction is negatively associated with student anxiety toward online learning.

 
H6: The quality of SS interaction is negatively associated with student anxiety toward online learning.


The Direct Relationships Between Interaction Quality and Motivation


Literature on online postsecondary education has shown that interaction quality is significantly associated with student motivation. Low levels of motivation have been linked to limited real-time SI and SS interaction, insufficient feedback and instructions, poor course organization, and mismatches between student expectations and content (Esra & Sevilen, 2021; Lin et al., 2017; Xia et al., 2022). Conversely, high-quality interaction with instructors, peers, or content has been shown to enhance motivation (Çebi, 2023; Jung et al., 2025; Kulal et al., 2025). The current study examined the direct relationships between SC, SI, and SS interaction quality and motivation as part of testing anxiety’s mediating role. Accordingly, the following hypotheses were proposed:

 
H3: The quality of SC interaction is positively associated with student motivation toward online learning.

 
H5: The quality of SI interaction is positively associated with student motivation toward online learning.

 
H7: The quality of SS interaction is positively associated with student motivation toward online learning.


The Indirect Relationships Between Interaction Quality and Motivation Through Anxiety


In online postsecondary education, interaction quality has been shown to indirectly affect psychological outcomes through anxiety. For example, Wut and Wong (2024) found that interaction quality reduced psychological distress via performance and technology anxiety. Lu et al. (2024) showed that high-quality SI and SS interactions indirectly alleviated test anxiety through emotional engagement. Kulal et al. (2025) found that peer interaction indirectly enhanced motivation by reducing technology and communication barriers. However, there has been limited research on the indirect effects of SC, SI, and SS interaction quality on motivation through anxiety. Accordingly, the following hypotheses were proposed:

 
H8: Students’ anxiety mediates the relationship between the quality of SC interaction and their motivation.

 
H9: Students’ anxiety mediates the relationship between the quality of SI interaction and their motivation.

 
H10: Students’ anxiety mediates the relationship between the quality of SS interaction and their motivation.


Method

Population, Sampling, and Setting


The study population comprised undergraduate students in online courses at public universities in Saudi Arabia. Due to time and access constraints, a convenience sample was drawn from a single university in Medina.


Sample and Participants


A total of 140 undergraduate students completed the online survey, with no missing data or outliers. Most participants were male (84%), and nearly half were enrolled in community college (47.1%). Other disciplines included humanities (12.1%), business (9.3%), computer science (9.3%), medical science (7.9%), engineering (5%), science (4.3%), education (2.9%), and law (2.1%). Regarding technology use, 52.1% identified as intermediate users, 27.9% as experts, and 20% as novices. Most accessed the platform via smartphones (53.6%) or computers (40.7%), while a few used tablets (5.7%). Device availability and quality varied: 43.6% had no private access, 28.6% had outdated devices, 26.5% had unworkable devices, and 18.6% had out-of-order devices. Internet access was poor for 59.3%, expensive for 37.1%, and unavailable for 10.7%. Most participants reported sufficient knowledge and skills to use their devices (70%) and the learning management system (LMS; 73.6%). Multiple responses were allowed for device status and Internet access items; therefore, percentages may exceed 100%.


Procedure and Data Collection


Ethical approval was obtained from the institutional review board of the participating public university. Undergraduate students received an email invitation containing the survey link, study purpose, and confidentiality assurances. Participation was voluntary, and participants provided electronic informed consent prior to completing the survey. Responses were collected anonymously.


The Research Instrument


The research instrument was an online survey with 23 items divided into two sections. The first section included eight demographic questions on gender, academic discipline, technology use, device type and status, Internet access, and knowledge/skills for using the device and LMS. The second section had 15 Likert-scale items, developed by the author from the literature on student anxiety, motivation, and interaction in online postsecondary education. These items were grouped into five dimensions—SC interaction, SI interaction, SS interaction, student anxiety (SA), and student motivation (SM)—each with three items (see Table 1). Items were randomly ordered, and participants responded on a five-point scale from 1 (strongly disagree) to 5 (strongly agree).

 
Table 1

Dimensions and Likert-Scale Items of the Research Instrument

  	SDT need
 	Item
 	Variable
 

	Student-content interaction
 

	
	Online courses provide... 
 

	Autonomy
 	SC1
 	asynchronous learning materials that I can engage with at my own pace (e.g., readings, recorded lectures, presentation slides, Web-based resources) 
 

	Competence
 	SC2
 	clear instructions and expectations for my performance, participation, and communication
 

	Relatedness
 	SC3
 	synchronous learning materials that foster interaction with my instructor and classmates 
 

	Student-instructor interaction
 

	
	Online courses provide... 
 

  	Autonomy
 	SI1
 	asynchronous communication channels for connecting with the instructor (e.g., e-mail, instructor forum)
 

  	Competence
 	SI2
 	clear instructor feedback on my assignments and inquiries
 

  	Relatedness
 	SI3
 	synchronous communication channels for connecting with the instructor (e.g., virtual classrooms, chats, phone calls)
 

	Student-student interaction
 

	
	Online courses provide... 
 

  	Autonomy
 	SS1
 	asynchronous communication channels for connecting with peers (e.g., student e-mail lists, discussion forums)
 

  	Competence
 	SS2
 	collaborative learning activities that offer an optimal level of challenge
 

  	Relatedness
 	SS3
 	synchronous communication channels for connecting with peers (e.g., virtual student sessions, group chats)
 

	Student motivation
 

	
	Online learning... 
 

  	Autonomy
 	SM1
 	allows me to study at my own pace
 

  	Competence
 	SM2
 	provides support I need to succeed
 

  	Relatedness
 	SM3
 	helps me feel connected to others
 

	Student anxiety 
 

	
	Online learning makes me feel anxious due to a lack of... 
 

  	Autonomy
 	SA1
 	control and independence in my learning
 

  	Competence
 	SA2
 	confidence in my ability to succeed
 

  	Relatedness
 	SA3
 	opportunities to interact with peers or instructors
 

 



Validating the Research Instrument


Content Validity of the Research Instrument. Content validation was conducted in three stages. First, the 23-item English instrument (15 Likert-scale, 8 demographic) was developed based on literature on student anxiety, motivation, and interaction in online postsecondary education. Second, three experts reviewed the instrument, leading to modifications for clarity, reduced ambiguity, and better alignment with constructs. Third, the instrument was translated into Arabic and back-translated into English by a bilingual translator, confirming the accuracy and validity of the Arabic version.

 
Construct Validity of the Research Instrument. Exploratory factor analysis was used to identify dimensions of the research instrument. A sample of 140 students was suitable for conducting reliable factor analysis (Sapnas & Zeller, 2002), and data suitability was confirmed with KMO = .774 (p < .001) and Bartlett’s χ2 = 622.42 (df = 105, p < .001). Principal components extraction with varimax rotation revealed five dimensions as shown in Table 2, with all 15 Likert-scale items loading above.50. The final instrument included 23 items: 15 Likert-scale and 8 demographics.

 
Table 2

Factor Analysis Results of the Research Instrument

  	Dimension and item
 	Factor loading
 	Eigenvalue
 	Variance
(%)
 

 	 1
 	 2
 	 3
 	 4
 	 5
 

	Quality of SC interaction
 	 4.51
 	 30.06
 

	SC1
 	 0.723
 	
 	
 	
 	
 	
 	
 

	SC2
 	 0.655
 	
 	
 	
 	
 	
 	
 

	SC3
 	 0.778
 	
 	
 	
 	
 	
 	
 

	Quality of SI interaction
 	 1.89
 	 12.60
 

	SI1
 	
 	 0.731
 	
 	
 	
 	
 	
 

	SI2
 	
 	 0.835
 	
 	
 	
 	
 	
 

	SI3
 	
 	 0.686
 	
 	
 	
 	
 	
 

	Student motivation
 	 1.27
 	 8.47
 

	SM1
 	
 	
 	 0.680
 	
 	
 	
 	
 

	SM2
 	
 	
 	 0.672
 	
 	
 	
 	
 

	SM3
 	
 	
 	 0.857
 	
 	
 	
 	
 

	Quality of SS interaction
 	 1.12
 	 7.44
 

	SS1
 	
 	
 	
 	 0.688
 	
 	
 	
 

	SS2
 	
 	
 	
 	 0.581
 	
 	
 	
 

	SS3
 	
 	
 	
 	 0.840
 	
 	
 	
 

	Student anxiety
 	 1.06
 	 7.04
 

	SA1
 	
 	
 	
 	
 	 0.722
 	
 	
 

	SA2
 	
 	
 	
 	
 	 0.825
 	
 	
 

	SA3
 	
 	
 	
 	
 	 0.662
 	
 	
 

	Total variance (%) =
 	 65.61
 





A confirmatory factor analysis supported the five-dimension instrument identified in the exploratory factor analysis and showed good fit (CFI = .96, TLI = .95, RMSEA = .04, SRMR = .06). All standardized loadings (see Figure 2) exceeded .60, supporting construct validity.

 
Figure 2

Confirmatory Factor Analysis Model with Standardized Loadings




Convergent Validity of the Research Instrument. Convergent validity was assessed following Fornell and Larcker (1981) and Hair et al. (2010), with average variance extracted (AVE) ≥ .50, composite reliability (CR) > .70, and factor loadings > .60. All dimensions met these criteria (see Figure 2 and Table 3), indicating adequate convergent validity.

 
Discriminant Validity of the Research Instrument. Discriminant validity was assessed following Fornell and Larcker (1981), with the square root of the average variance extracted (√AVE) for each dimension exceeding its inter-dimension correlations (see Table 3), indicating adequate discriminant validity.

 
Reliability of the Research Instrument. Cronbach’s alpha (α) and composite reliability (CR) were used to assess internal consistency. Following Hair et al. (2017), CR values ≥ .60 are acceptable; in this study, CR ranged from .76 to .79, indicating satisfactory reliability. Cronbach’s alpha ranged from .66 to .73. Although two constructs fell slightly below the .70 threshold (Nunnally, 1978), lower values are common in short scales with few items.

 
Table 3 

Results of Convergent and Discriminant Validity and Composite Reliability of the Research Instrument

  	Dimension
 	α
 	CR
 	AVE
 	√AVE
 	Inter-dimension correlation
 

	SC
 	SI
 	SS
 	SA
 	SM
 

	SC
 	0.67
 	0.76
 	0.51
 	0.71
 	1
 	.39
 	.44
 	-.44
 	.33
 

	SI
 	0.70
 	0.76
 	0.52
 	0.72
 	.39
 	1
 	.27
 	-.40
 	.13
 

	SS
 	0.72
 	0.78
 	0.54
 	0.73
 	.44
 	.27
 	1
 	-.39
 	.46
 

	SA
 	0.73
 	0.79
 	0.56
 	0.75
 	-.44
 	-.40
 	-.39
 	1
 	-.35
 

	SM
 	0.66
 	0.77
 	0.53
 	0.73
 	.33
 	.13
 	.46
 	-.35
 	1
 




 
Common Method Bias. Harman’s single-factor test indicated that no single factor accounted for the majority of the variance, with the single factor explaining approximately 26.1% of the total variance. In addition, a common latent factor analysis revealed minimal changes (< .20) in standardized loadings, suggesting that common method bias was unlikely to be a serious concern.


Goodness-of-Fit, Assumption Testing, and Statistical Power


Prior to analysis, goodness-of-fit measures—including chi-square/degree of freedom (χ2/df), goodness-of-fit index (GFI), adjusted goodness-of-fit index (AGFI), normalized fit index (NFI), incremental fit index (IFI), comparative fit index (CFI), and standardized root mean square residual (SRMR)—were used to assess model fit. All values met recommended criteria (see Table 4), indicating a reasonable fit.


Table 4 

Goodness-of-Fit Measures and Values for the Research Model

  	Goodness-of-fit measure
 	Recommended criterion
 	Research model value
 

	χ2/df 
 	Low as 2 or high as 5 (Marsh & Hocevar, 1985)
 	2.83
 

	GFI
 	> 0.95 (Byrne, 1994)
 	0.96
 

	AGFI
 	> 0.90 (Byrne, 1994)
 	0.91
 

	NFI
 	> 0.90 (Byrne, 1994)
 	0.92
 

	IFI
 	> 0.90 (Bollen, 1989)
 	0.91
 

	CFI
 	> 0.90 (Bentler, 1990)
 	0.93
 

	SRMR
 	< 0.08 (Hu & Bentler, 1999)
 	0.05
 




 
Structural equation modeling (SEM) assumptions were examined prior to analysis. Tolerance and variance inflation factor (VIF) values indicated no multicollinearity, as tolerances did not approach zero (Tabachnick & Fidell, 2007) and VIFs did not exceed 5 or 10 (James et al., 2013) (see Tables 5 and 6). Histograms and normal Q-Q plots supported the assumption of normality. Scatterplots of standardized predicted values against standardized residuals for the anxiety and motivation models (Figures 3 and 4) showed random dispersion around zero with no systematic curvature and approximately constant variance, supporting the assumptions of linearity and homoscedasticity.

 
The research hypotheses were tested using structural equation modeling (SEM) in AMOS. Direct and indirect relationships were tested using 2,000 bootstrap samples with bias-corrected 95% confidence intervals. Using Cohen’s (1988) multiple regression framework, the statistical power exceeded .99 for both student motivation (R2 = .26, four predictors, N = 140) and student anxiety (R2 = .29, three predictors) at α = .05.


Table 5

Multicollinearity Diagnostics for the Model Predicting Student Anxiety

  	Independent variable
 	Tolerance
 	VIF


	SC
 	0.73
 	1.38


	SI
 	0.83
 	1.20


	SS
 	0.80
 	1.26






Table 6

Multicollinearity Diagnostics for the Model Predicting Student Motivation

  	Independent variable
 	Tolerance
 	VIF


	SC
 	0.68
 	1.47


	SI
 	0.78
 	1.29


	SS
 	0.76
 	1.32


	SA
 	0.71
 	1.41






Figure 3

Scatterplot of Standardized Predicted Values and Standardized Residuals for the Model Predicting Student Anxiety




Figure 4

Scatterplot of Standardized Predicted Values and Standardized Residuals for the Model Predicting Student Motivation




Results


Table 7 presents the results of the mediation analysis that examined students’ perceived anxiety in the relationships between the quality of SC, SI, and SS interactions, as well as students’ perceived motivation in online learning. SC and SI interaction qualities were significantly associated with anxiety (SC → anxiety: β = -0.25, p = .002; SI → anxiety: β = -0.24, p = .002), and anxiety was significantly associated with motivation ( β = -0.20, p = .022). However, the direct relationships between SC and SI interaction qualities and motivation were not significant (SC → motivation: β = 0.13, p = .153; SI → motivation: β = 0.09, p = .261). Their indirect relationships with motivation through anxiety were significant (SC → anxiety → motivation: β = 0.05, p = .021, 95% CI [.01, .16]; SI → anxiety → motivation: β = 0.05, p = .015, 95% CI [.01, .13]), indicating full mediation. SS interaction quality was significantly associated with anxiety (SS → anxiety: β = −0.21, p = .009), which in turn was significantly associated with motivation. The direct association between SS interaction quality and motivation remained significant (SS → motivation: β = 0.35, p = .008). The indirect association via anxiety was also significant (SS →  anxiety → motivation: β = 0.04, p = .037, 95% CI [.01, .13]), indicating partial mediation. The model explained 26% of the variance in motivation and 29% in anxiety, indicating moderate explanatory power.


Table 7

 Results of the Structural Path Analysis and Mediation Testing of the Research Model

  	Hypothesis
 	Path type
 	β
 	 p 
 	95% CI
 	Hypothesis supported? 
 	Mediation type
 

	LL
 	UL
 

	H1: anxiety → motivation 
 	Direct
 	-.20
 	.022
 	-.38
 	-.02
 	Yes
 	-
 

	H2: SC → anxiety
 	Direct
 	-.25
 	.002
 	-.45
 	-.05
 	Yes
 	-
 

	H3: SC → motivation
 	Direct
 	.13
 	.153
 	-.04
 	.30
 	No
 	-
 

	H8: SC → anxiety → motivation
 	Indirect
 	.05
 	.021
 	.01
 	.16
 	Yes
 	Full
 

	H4: SI → anxiety
 	Direct
 	-.24
 	.002
 	-.40
 	-.10
 	Yes
 	-
 

	H5: SI → motivation
 	Direct
 	.09
 	.261
 	-.26
 	.08
 	No
 	-
 

	H9: SI → anxiety → motivation 
 	Indirect
 	.05
 	.015
 	.01
 	.13
 	Yes
 	Full
 

	H6: SS → anxiety
 	Direct
 	-.21
 	.009
 	-.40
 	-.02
 	Yes
 	-
 

	H7: SS → motivation
 	Direct
 	.35
 	.008
 	.15
 	.53
 	Yes
 	-
 

	H10: SS → anxiety → motivation 
 	Indirect
 	.04
 	.037
 	.01
 	.13
 	Yes
 	Partial
 

 


Note. R2 for student motivation = .26; R2 for student anxiety = .29; LL = lower limit; UL = upper limit.


Discussion


This study examined how interaction quality—conceptualized through SDT principles of autonomy, competence, and relatedness—was associated with student motivation in online learning through anxiety. It investigated whether anxiety statistically mediated the relationships between each of SC, SI, and SS interaction quality and student motivation.

 
The findings indicated that anxiety fully mediated the relationship between SC interaction and motivation. The significant negative association between SC interaction quality and anxiety aligned with prior research in which well-designed, interactive learning environments were associated with lower levels of reported anxiety (Wang, 2024). Within SDT, clear expectations and structured content may be associated with greater perceived competence (Martin et al., 2018), while asynchronous materials may be positively associated with autonomy through flexible engagement (Jacobi, 2018). Incorporating appropriate synchronous materials may correspond with stronger perceptions of relatedness (Jacobi, 2018). The absence of a significant direct path from SC interaction quality to motivation suggested that the association between SC interaction quality and motivation may have operated primarily through students’ emotional experiences rather than through a direct motivational pathway.

 
A similar pattern emerged for SI interaction quality, where anxiety fully mediated its association with motivation. Supportive and responsive instructor communication may be associated with lower uncertainty and isolation, which are commonly linked to anxiety in online learning contexts. Timely and constructive feedback has been positively associated with perceived competence (Jacobi, 2018; Martin et al., 2018; Shank et al., 2025). Synchronous communication channels—such as virtual classrooms, chats, or phone calls—have been linked to perceived relatedness through real-time interaction (Jacobi, 2018; Martin et al., 2018; Conklin & Dikkers, 2021; Majewska & Zvobgo, 2023), while asynchronous communication channels such as e-mail or forums have been positively associated with perceived autonomy, as they allowed students to engage on their own terms (Conklin & Dikkers, 2021; Glazier, 2016). These elements have also been linked to lower anxiety and a more supportive learning environment in which SI interaction quality was positively associated with student motivation. The non-significant direct path indicated that the association between SI interaction quality and motivation was largely explained by anxiety. This pattern suggested that instructor interaction may be associated with motivation primarily through students’ emotional regulation rather than through a direct motivational pathway.

 
The findings showed that anxiety partially mediated the relationship between SS interaction and student motivation, indicating that SS interaction quality was associated with motivation both directly and indirectly through anxiety. From an SDT perspective, asynchronous communication tools, such as discussion forums and peer e-mail lists, have been positively associated with perceived autonomy by allowing students to engage at their own pace (Jacobi, 2018; Martin et al., 2018), while synchronous communication tools—such as virtual student sessions and group chats—have been linked to perceived relatedness through real-time interaction (Jacobi, 2018; Shank et al., 2025). Collaborative problem-solving activities are associated with perceived competence (Martin et al., 2018; Shank et al., 2025). Although higher-quality SS interaction was associated with lower anxiety, the significant direct path suggested that peer interaction may relate to motivation through additional social mechanisms—such as belonging or social presence—that extend beyond anxiety. SS interaction quality may be particularly connected to relatedness, which may be associated with motivation independently of anxiety.

 
Taken together, the findings suggested that different forms of interaction may operate through distinct psychological pathways within the SDT framework. SC and SI interactions appear to be closely linked to emotional regulation processes, whereas SS interaction may be more strongly connected to relatedness-based social mechanisms that extend beyond anxiety. This distinction advances our theoretical understanding by demonstrating that interaction types are not functionally equivalent in their associations with motivation.


Conclusion


The findings showed that anxiety differentially mediated the relationships between types of interaction quality and motivation. Anxiety fully mediated the relationships between SC and SI interactions and motivation, indicating these interactions related to motivation primarily through anxiety. For SS interaction, anxiety partially mediated the relationship, suggesting that peer interaction related to motivation through additional emotional or social factors beyond anxiety.

 
This study advanced online learning research by demonstrating that SC, SI, and SS interaction quality were not functionally equivalent in their associations with anxiety and motivation. While prior SDT-informed research has often treated interaction quality as a unified construct, the present findings distinguished full mediation for SC and SI interaction quality from partial mediation for SS interaction quality. This distinction suggested that SC and SI interaction quality may be linked to motivation primarily through emotional regulation processes, whereas SS interaction quality may operate through additional social mechanisms, such as belonging or social presence. By differentiating these pathways, the study refined our theoretical understanding of interaction quality within SDT and contributed to a more nuanced model of motivational processes in online learning contexts.

 
The findings of this study offer practical implications for instructional designers and instructors. For SC interaction quality, the full mediation pattern suggests that online courses may include asynchronous learning materials that support autonomy, explicit guidance on performance, participation, and communication to support competence, as well as synchronous learning activities that support relatedness. For SI interaction quality, the full mediation pattern suggests that instructors may maintain asynchronous communication channels (e.g., e-mail, forums) to support autonomy, synchronous communication channels (e.g., virtual classrooms, phone calls) to support relatedness, and timely, constructive feedback on assignments and inquiries to support competence. The partial mediation observed for SS interaction suggested that peer activities and communication channels should be designed to support not only anxiety-related processes but also broader social dimensions such as belonging and relatedness.

 
This study had several methodological limitations. The use of a convenience sample from a single public university in Saudi Arabia limited the generalizability of the findings to other cultural or educational settings. The sample was predominantly male students enrolled in virtual courses, which may have limited the generalizability of the results. The study data were self-reported, which may have introduced response biases. The researcher did not control instructors’ course design, which may have contributed to variability in students’ perceptions of interaction quality, anxiety, and motivation. This study was limited by the exclusive use of an SDT-informed framework to measure the three forms of interaction quality. Each construct in the instrument was measured using only three items, which may not have fully captured its breadth. This study employed a cross-sectional design, which precluded causal inference. Finally, focusing solely on anxiety as a mediator limited consideration of other relevant mediators or covariates.

 
Future research could expand on the findings of this study in several ways. First, replicating the findings across institutions, digital platforms, academic levels, cultural contexts, and more gender-balanced samples would help assess the generalizability of the observed mediation patterns. Second, incorporating qualitative methods could complement self-reported data and help reduce potential response bias. Third, future studies could control course design features to improve internal validity when examining associations among interaction quality, student anxiety, and motivation. Fourth, this study adopted an SDT-informed framework; future research could extend this work by comparing alternative theoretical models, such as social-cognitive or control-value theories. Fifth, future research could use longer and more comprehensive measurement scales to capture the constructs more fully and strengthen measurement validity. Sixth, experimental or quasi-experimental designs could be employed to examine the effect of SDT-informed interaction quality on student anxiety and motivation. Finally, future research could examine additional emotional, social, cognitive, demographic, or contextual mediators or covariates to further clarify the mechanisms linking interaction quality and student motivation.
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