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Abstract 

This study examined how task characteristics (TC) and individual characteristics (IC) affect cognitive load 

(CL) and how artificial intelligence generated content (AIGC) moderates these effects in online learning.

Participants included 435 undergraduate students (200 males and 235 females) enrolled in an introductory 

educational technology course. A structural model, conducted using Mplus software, was employed to test 

the relationships between each of TC and IC, and CL. Additional analyses explored the moderating role of 

AIGC on the relationship between TC and CL, the impact of AIGC on the relationship between IC and CL, 

as well as how these patterns differed by gender. Results revealed that TC positively affected CL, whereas 

IC exhibited a negative correlation. Moreover, AIGC negatively affected the relationship between TC and 

CL, but it enhanced the relationship between IC and CL. The moderating role of AIGC differed by gender. 

Specifically, AIGC positively influenced the connection between IC and CL among males but not females, 

and it weakened the relationship between TC and CL among females but not males. The implications and 

limitations are also discussed. 

Keywords: task characteristics, individual characteristics, cognitive load, AIGC, structuring equation 
modeling, online learning 
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Introduction 

Online learning, as a core driver of the digital transformation in education, has promote educational equity 

and personalized development through technological empowerment (Rulinawaty et al., 2023). As a key 

component of open and distance learning (ODL), online learning environments have typically been 

characterized by learner autonomy, reduced teacher supervision, and asynchronous interactions. However, 

as online educational content has become increasingly complex and knowledge updates have accelerated 

without timely guidance from teachers, students in ODL have been confronted with escalating cognitive 

load (CL; Skulmowski & Xu, 2022). CL refers to the cumulative mental resources expended during 

information processing (Chen et al., 2023; Sweller, 1988). When these resources exceed an individual’s 

processing capacity, CL can occur, negatively affecting learning outcomes. Therefore, identifying the key 

factors affecting CL in online learning is crucial for enhancing students' learning efficiency and reducing 

their psychological stress. 

Existing research has extensively explored the factors influencing CL (e.g., Li, 2010; Paas & Van 

Merriënboer, 1994; Tremblay et al., 2023). The seminal CL structural model by Paas and Van Merriënboer 

(1994) identified task characteristics (TC) and individual characteristics (IC) as pivotal factors shaping CL. 

TC, such as task complexity and time pressure, are external factors that directly affect learners’ 

psychological burden during task completion, thereby increasing CL (Chen et al., 2023). IC encompasses 

psychological factors like self-efficacy and state meta-cognition, reflecting individuals’ psychological states 

and capabilities when facing learning tasks (Le et al., 2024; Orthey et al., 2019). Numerous studies have 

affirmed the significant influence of TC and IC on CL (Le et al., 2024; Li, 2010; Tremblay et al., 2023). 

However, research has predominantly focused on identifying factors related to CL in online learning, with 

limited exploration into the specific mechanisms through which TC and IC exert their influence. 

Researchers have proposed moderating factors, including intelligent tools, that could potentially influence 

the relationships between each of TC and IC, and CL (Zhao et al., 2024; Wu et al., 2024). Artificial 

intelligence generated content (AIGC), an online learning tool, manages learning resources and enhances 

learning processes (Lo, 2023; Xiao et al., 2024). It effectively breaks down complex tasks and reduces task 

completion time in online learning, thereby mitigating the effects of task complexity and time pressure on 

CL (Zhai et al., 2024). Drawing on triadic reciprocal determinism (TRD), AIGC has enhanced students’ 

cognition and self-efficacy (Urban et al., 2024), potentially moderating the effect of IC on CL. Although 

preliminary studies have explored the effects of AIGC on CL, most research has focused on the utility of 

these tools rather than delving into their functional mechanisms within CL (Zhao et al., 2024). Specifically, 

there have been few systematic investigations into how AIGC influences the relationships between TC and 

CL, and IC and CL.  

This study established a structural equation model (d to explore how AIGC moderates the relationships 

between TC and CL, as well as between IC and CL in online learning. Accordingly, this paper extended 

cognitive load theory (CLT) and provided practical guidance for digital education by investigating the 

moderating role of AIGC on CL in online learning. The specific research questions were as follows:  

What is the relationship between each of TC and IC, and CL? 
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How does AIGC moderate the effect of each of TC and IC on CL in online learning? 

Are there gender differences in how AIGC moderates the relationship between IC and CL, as well as between 

TC and CL, in online learning? 

Conceptual Model and Hypotheses 

Cognitive load theory asserts that students’ cognitive resources are finite, and any learning or problem-

solving activities consume these resources, leading to CL (Mayer, 2005; Sweller, 1988). CL refers to the 

overall mental effort placed on a person’s cognitive system during a particular task duration (Sweller, 1988), 

or as the burden on an individual’s cognitive system within a defined time period (Cooper, 1990). A 

renowned CL structure model, established by Paas and Van Merriënboer (1994), reflected causal factors 

and assessment factors. Since this study focuses on the influencing factors of CL, we adopted the causality 

component, including TC and IC, to understand the meaning and structure of student CL.  

Beyond the factors directly influencing CL, elements like learning tools moderate the relationships between 

these factors (i.e., TC and IC) and CL. AIGC, an intelligent learning tool, has been widely researched (Du & 

Lv, 2024). In education, scholars have found that AIGC can alter TC, such as task complexity, and improve 

students’ digital competence (Zhao et al., 2024). Furthermore, researchers have shown through quasi-

experimental studies that AIGC can enhance university students’ programming self-efficacy and individual 

motivation (Yilmaz & Yilmaz, 2023). These studies examined AIGC as a moderating variable to explore its 

effects on the relationships between TC and CL, as well as between IC and CL. 

Effects of TC and IC on CL 

Task Characteristics and Cognitive Load  

With the development of CLT, TC has been defined as attributes related to cognitive effort, including task 

complexity and time pressure (Paas et al., 2003; Sweller, 1998). Task complexity refers to the cognitive 

requirements or characteristics associated with the task that elevate the amount of information to be 

processed (Chen et al., 2023). Time pressure results from strict time limits imposed on task completion, 

leading individuals to feel stress and anxiety, thereby increasing CL and affecting the quality and speed of 

task execution (Seitz et al., 2023). We hypothesized that TC, comprising task complexity and time pressure, 

influences students’ CL. 

This inference was supported by numerous empirical studies (Tremblay et al., 2023). For instance, Li 

(2010) conducted a simulated dual-task experiment to explore the main factors and pathways affecting CL 

and found that TC, including factors like task complexity and time pressure, had a significant positive effect 

on CL. Additionally, TC’s effect on CL has been demonstrated through the design of both simple and 

complex tasks to assess college students’ performance (Tremblay et al., 2023). Meanwhile, task-related 

factors, such as time pressure, significantly affected CL (Li, 2010). Based on this, we proposed our first 

hypothesis. 

Hypothesis 1: Task characteristics have a significant positive influence on cognitive load. 
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Individual Characteristics and Cognitive Load 

IC typically refers to the unique properties or attributes that distinguish one person from another. In CLT, 

Paas and Van Merriënboer (1994) categorized IC into relatively stable traits (e.g., prior knowledge and 

abilities) and unstable traits associated with IC (e.g., self-efficacy and state meta-cognition). Given that this 

study focused on tasks, we chose to investigate IC associated with TC, specifically self-efficacy and state 

meta-cognition. 

Numerous studies have researched the relationship between IC and CL, focusing on self-efficacy and meta-

cognitive states. For instance, Feldon et al. (2023) targeted undergraduate students and examined the 

relationship between CL and self-efficacy through timely and longitudinal measures, finding a correlation 

between the two. Redifer et al. (2021) discovered that high creative self-efficacy was associated with low CL 

in creative thinking tasks. Existing research has consistently demonstrated a direct correlation between 

students’ self-efficacy and CL, suggesting that higher self-efficacy correlates with lower CL compared with 

lower self-efficacy (Jiang, 2023). Similarly, research has indicated a correlation between meta-cognitive 

states and CL, with lower CL observed under conditions of higher meta-cognitive states (Bürgler et al., 

2024). Given the literature above, we proposed a second hypothesis. 

Hypothesis 2: Individual characteristics have a significant negative influence on cognitive load. 

Moderating Role of AIGC 

AIGC, a leading intelligent technology and online learning tool, has been widely touted and researched, 

particularly for its potential in teaching, personalized feedback, digital transformation, and learning 

assessment (Lo, 2023; Zhao et al., 2024). For instance, through semi-structured interviews and 

observations, Zhao et al. (2024) found that ChatGPT, a powerful AIGC platform, influenced students’ 

writing tasks in higher education and facilitated the digitization of student writing. AIGC can be employed 

for teaching practices and personalized tutoring (Bai et al., 2025). In sum, AIGC has served as a moderating 

variable to optimize students’ cognitive resources, assist in online learning tasks, and influence students’ 

learning outcomes. 

Effect of AIGC on the Relationship Between TC and CL 

Previous studies have suggested that AIGC can modulate CL by decomposing complex tasks, reducing 

cognitive intensity, and offering timely assistance and feedback ( Zhai et al., 2024). From the perspective of 

CLT, students’ cognitive resources are limited, and when the cognitive resources demanded for learning 

tasks exceed capacity, CL increases. AIGC can break down complex learning tasks, reduce the cognitive 

resources needed, and allocate resources more effectively (Shah & Soosai Raj, 2024). Research in human–

computer interaction has emphasized cognitive offloading, where external tools reduce CL and free mental 

resources for other tasks (Nückles et al., 2020). 

These studies showed that AIGC can serve as an intelligent tool to break down complex tasks and reduce 

task completion time, alleviating the effect of TC (e.g., task complexity and time pressure) on CL in online 

learning. The following is our third hypothesis. 

Hypothesis 3: AIGC negatively moderates the relationship between TC and CL in online learning. 
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Effect of AIGC on the Relationship Between IC and CL  

TRD has posited that human behavior, cognition, and the environment mutually influence one another 

(Bandura, 1983). Within this framework, AIGC can be seen as an online learning environmental factor 

influencing behavior and cognition through user interaction. TRD has also highlighted that the formation 

of self-concept is influenced by the external environment. AIGC has provided accurate information and 

suggestions, enhancing individuals’ confidence in specific tasks. 

When faced with complex tasks and distractions, AIGC acts as a supportive tool in online learning, boosting 

individuals’ confidence and enabling meta-cognitive activities such as planning, monitoring, and self-

checking, thereby strengthening the effect of IC (i.e., self-efficacy and meta-cognitive states) on CL (Noy & 

Zhang, 2023; Urban et al., 2024). Therefore, AIGC may moderate the relationship between IC and CL. 

Based on these findings, we proposed a fourth hypothesis.  

Hypothesis 4: AIGC enhances the moderating effect between IC and CL in online learning. 

The proposed conceptual model of this paper is illustrated in Figure 1.  

Figure 1  

The Hypothesized Model 

 

Methods 

Participants and Data Collection 

This research was carried out in a modern educational technology course at a university in northeast China. 

The online course focused on the design and development of digital resources. Weekly two-hour sessions 

were organized, with an online teaching assistant providing support to students on their assignments. After 

completing the course, students were asked to fill out a questionnaire consisting of 17 questions covering 

four aspects: CL, TC, IC, and AIGC.  

The 480 questionnaires were distributed, and all were successfully returned (100% response rate). Invalid 

questionnaires, including those completed very quickly (< 30 seconds) or with extreme responses (all 
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strongly agree or all strongly disagree), were excluded, resulting in 435 valid questionnaires (91% validity 

rate). Participants ranged in age from 18 to 22 years, with a mean age of 19.82 years (SD = 0.95). Among 

the valid responses, there were 200 male participants (46% of the total) and 235 female participants (54% 

of the total). All participants who volunteered for the survey were informed that their data would be used 

solely for research purposes.  The ethical standards employed in this study were established by the Science 

and Technology Ethics Committee of Northeast Normal University 

Procedures 

The AIGC tool used in this study was ERNIE Bot, developed by Baidu, similar to ChatGPT, known for its 

deep understanding of Chinese culture (Rudolph et al., 2023). The experimental design process is 

illustrated in Figure 2.  

Figure 2  

Experimental Process 

The experimental procedure was divided into three steps. First, students were introduced briefly to ERNIE 

Bot, including its generative technology, dialogue interaction functions, and methods of use. They were 

instructed on how to interact with ERNIE Bot; students posed questions and received responses from the 

bot. For instance, tasks assigned to students beyond the curriculum included understanding the 

developmental history of generative artificial intelligence and learning to interact effectively with ERNIE 

Bot.  
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In the second phase, the instructor provided learning assignments and resources, and students, guided by 

ERNIE Bot, carried out the online learning tasks. To illustrate this process, we used the example of 

designing a Web page to introduce Beijing, which served as the final learning task of the course. Initially, 

students received the task and related resources; see Figures 3 and 4. 

Figure 3  

Screenshot of Online Learning Tasks for Web Design 
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Figure 4  

Screenshots of Students Interacting with ERNIE Bot in Online Environment 

Figure 3 outlines the Web page design theme, requirements, submission files, and task tips. Subsequently, 

students used ERNIE Bot to complete the task, as depicted in Figure 4, showing their interaction during TC 

and IC activities. (Figure 4a depicts the student’s interaction with ERNIE Bot regarding TC, and Figure 4b 

shows the interaction concerning IC). This phase spanned approximately one semester, during which 

multiple course sub-tasks were completed. 

The third step of the experiment included administering an online questionnaire after the course. 

Subsequently, the collected data were organized using SPSS and Excel software. The associations among 

TC, IC, CL, and AIGC were analyzed using SEM established by Mplus software.  

Measures 

All items in the questionnaire were adapted from existing scales. To ensure the suitability of the content for 

our research, we invited two experts from the fields of psychology and education to review the 

comprehensibility of the questions and make necessary modifications. The revised questionnaire consisted 

of 17 items, encompassing the variables TC, IC, CL, and AIGC. Responses were recorded using a 5-point 

Likert scale, ranging from 1 (strongly disagree) to 5 (strongly agree), or in some cases, from 1 (very low) 

to 5 (very high).  
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Cognitive Load  

CL was assessed using the National Aeronautics and Space Administration’s task load index (NASA-TLX) 

scale, widely recognized and comprising six items: (a) mental demand, (b) physical demand, (c) temporal 

demand, (d) effort, (e) own performance, and (f) frustration level (Hart & Staveland, 1988). The scale 

demonstrated good reliability with Cronbach’s alpha coefficients ranging from 0.70 to 0.90. Given the 

nature of course tasks and the learning processes of college students, this study adapted four items from 

the original scale to measure CL. Participants responded to questions such as:  

How hard did you have to work (mentally and physically) to accomplish your level of performance? 

How much physical activity was required? 

How much time pressure did you feel because of the rate or pace of the tasks or task elements? 

How successful do you think you were in accomplishing the goals of the task set by the experimenter (or 

yourself)? 

Responses were scored on a scale ranging from 1 (very low) to 5 (very high).  

Task Characteristics 

This study assessed TC using the dimensions of task complexity and time pressure. Task complexity was 

measured using the subjective task complexity scale developed by Maynard & Hakel (1997), which has a 

high reliability coefficient (Cronbach’s α = 0.93). From the original 10-item scale, items focusing on 

subjective perceptions of task complexity were selected for this study. These included statements such as 

(a) I found this task to be complex, and (b) this task required a lot of thought and problem-solving. Time 

pressure was measured using a scale adapted from Chong et al. (2010), which showed satisfactory reliability 

(Cronbach’s α ranging from 0.73 to 0.88). The scale items were modified to align with the study’s context 

and included statements such as (a) the importance of completing this task on time, and (b) the lack of time 

buffer planned for this task. 

Individual Characteristics 

State meta-cognition and self-efficacy are crucial dimensions for studying students’ IC (Li, 2010). State 

meta-cognition was assessed using a scale developed by O’Neil and Abedi (1996), whereas self-efficacy was 

measured using the general self-efficacy scale developed by Schwarzer and Jerusalem (1995), translated 

into Chinese by Wang et al. (2001; Cronbach’s α = 0.87). Both scales were adapted to align with the 

requirements of this study. Items for state meta-cognition included statements such as (a) I was aware of 

my thinking, and (b) I checked my work while I was doing it. Items for self-efficacy included statements 

such as (a) I can always manage to solve difficult problems if I try hard enough, and (b) It is easy for me to 

stick to my aims and accomplish my goals. All items were rated on a 5-point Likert scale ranging from 1 

(strongly disagree) to 5 (d, where higher scores indicated higher levels of IC. 
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AI-Generated Content  

AIGC evaluation in this study adopted the technology acceptance model (TAM) framework (Davis, 1993), 

which categorizes AIGC into perceived usefulness and perceived ease of use. The scales demonstrated high 

reliability, with Cronbach’s alpha coefficients of 0.97 for perceived usefulness and 0.91 for perceived ease 

of use. To align with the experimental tools and research objectives, a questionnaire was developed to assess 

college students’ perceptions and applications of AIGC. The questionnaire included five items adapted from 

TAM, such as: it is easy for me to use generative AI tools (like ERNIE Bot). All items used a 5-point Likert 

scale, ranging from 1 (strongly disagree) to 5 (strongly agree), where higher scores reflected greater 

support and satisfaction with AIGC.  

Data Analysis 

In this study, data analysis was divided into three main parts. First, raw data was organized using SPSS and 

Excel software, including removing outliers and preparing the data for Mplus software. Second, the 

reliability and validity of the questionnaire were analyzed using Mplus. This involved assessing construct 

reliability through item reliability (R2), Cronbach’s alpha, and composite reliability (CR). Convergent 

validity was evaluated using average variance extracted (AVE), and discriminant validity was examined 

using the Fornell–Larcker criterion. Descriptive statistics, such as means and standard deviations, were 

computed for each variable to assess their central tendency and variability. 

Finally, a SEM was established to analyze the study’s hypotheses. The model examined the main effects of 

CL, TC, and IC for hypotheses 1 and 2. It also tested the moderating role of AIGC for hypotheses 3 and 4, 

while exploring gender differences in the moderating effects of AIGC.  

Results 

Reliability and Validity 

This study assessed reliability using internal consistency reliability and CR. Internal consistency reliability, 

measured by Cronbach’s alpha coefficient, exceeded 0.70, indicating high internal consistency. 

Additionally, a CR value exceeding 0.70 is acceptable (Hair, 1998). Item reliability, indicated by factor 

loadings greater than 0.71, suggests high item quality (Hair et al., 2009). 

Validity was examined using both convergent and discriminant validity. Convergent validity, evaluated 

through the AVE, should ideally exceed 0.5 (Fornell & Larcker, 1981). Discriminant validity was tested using 

the Fornell–Larcker criterion, where the square root of the AVE for each construct should exceed its 

correlation with any other construct, demonstrating adequate distinctness. 
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Table 1  

Reliability and Convergent Validity 

As Table 1 indicates, all Cronbach’s alpha values exceeded 0.7, with CR values ranging from 0.84 to 0.88. 

Factor loadings were greater than 0.71, indicating high item reliability. The AVE values ranged from 0.58 

to 0.64, exceeding their correlations with other constructs, indicating good validity. This analysis shows 

that the questionnaire used in this study met high standards of reliability and validity, providing strong 

support for the research results.  

Descriptive Statistics and Correlation Analysis 

The study analyzed means, standard deviations, and correlations, revealing the following mean values: CL 

(M = 4.07, SD = 0.48); TC (M = 4.17, SD = 0.44); IC (M = 1.86, SD = 0.45); and AIGC (M = 3.70, SD = 

0.62).  

Construct 

indicator 

Item Factor 

loading 

Item reliability 

(R2) 

Composite 

reliability (CR) 

Cronbach’s 

alpha 

Average variance 

extracted (AVE) 

CL CL1 0.86 0.74 0.86 0.82 0.61 

CL2 0.83 0.68 

CL3 0.72 0.51 

CL4 0.72 0.52 

TC TC1 0.76 0.58 0.84 0.84 0.58 

TC2 0.81 0.65 

TC3 0.79 0.63 

TC4 0.67 0.45 

IC IC1 0.82 0.67 0.88 0.79 0.64 

IC2 0.86 0.74 

IC3 0.76 0.57 

IC4 0.76 0.58 

AIGC AIGC1 0.81 0.66 0.84 0.89 0.63 

AIGC2 0.88 0.77 

AIGC3 0.78 0.61 

AIGC4 0.72 0.51 

AIGC5 0.76 0.58 
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Table 2  

Descriptive Statistics, Latent Variable Correlation Matrix, and Discriminant Validity 

Variable 
 Descriptive statistics  Discriminant validity 

 M SD  CL TC IC AIGC 

CL  4.07 0.48  0.78    

TC  4.17 0.44  0.44*** 0.76   

IC  1.86 0.45  −0.32*** −0.46*** 0.80  

AIGC  3.70 0.62  −0.17*** 0.17*** 0.45*** 0.79 

Note. ***p < .001, **p < .005. Diagonal values in bold represent the square root of the AVE values.  

According to Table 2, CL had significant positive correlations with TC (r = 0.44, p < .001) and significant 

negative correlations with IC (r = −0.32, p < .001) and AIGC (r = −0.17, p < .001). TC was negatively 

correlated with IC (r = −0.46, p < .001) and AIGC (r = −0.26, p < .001). Additionally, IC exhibited a positive 

correlation with AIGC (r = 0.45, p < .001).  

Structural Model Analysis and Hypothesis Testing 

Using maximum likelihood estimation methods, a goodness-of-fit analysis was conducted for an SEM 

containing only dependent and independent variables.  

Table 3 

Results of Model Fit 

Index Recommended value Criteria Research model 

χ²/df <3 Kline, 2011 2.20 

CFI >.90 

Hu and Bentler,1999 

0.97 

TLI >.90 0.96 

SRMR  <.08 0.04 

RMSEA <.08  Browne and Cudeck, 1992 0.05 

As shown in Table 3, according to established standards (Browne & Cudeck, 1992; Hu & Bentler, 1999; 

Kline, 2011), the values for χ²/df, comparative fit index (CFI), Tucker-Lewis Index (TLI), root mean square 

error of approximation (RMSEA), and standardized root mean square residual (SRMR) all met the criteria, 

indicating a satisfactory model fit.  
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Figure 5  

Main Effects of Each of TC and IC on CL, and Correlations Between Variables 

 Task

 characteristic

Individual 

characteristic

Cognitive load-.46 [-.53,-.38]

.37 [.27,.47]

R2=21%[11%,31%]

-.15 [-.24,-.051]

The model examined the main effects of TC and IC on CL using the full sample (see Figure 5). Standardized 

coefficients and 95% confidence intervals (values in brackets) are provided. The bidirectional solid line in 

Figure 5 reflects a significant association (p < .05). The results showed that TC was positively associated 

with CL (β = 0.37, p < .001), whereas IC was negatively associated with CL (β = −0.15, p < .001). Therefore, 

hypotheses 1 and 2 were supported. Overall, the predictors explained 21% of the variability in CL.  

Figure 6  

Moderating Role of AIGC 

 Task

 characteristic

Individual 

characteristic

Cognitive load

AIGC 

.39 [.29,.50]

-.13 [-.22,-.03]

-.14 [-.22,-.04]
-.10 [-.18,-.01]

R2=22% [12%,33%]
-.46 [-.52,-.43]

Furthermore, the potential moderation of AIGC on the effects of TC and IC was tested for the full sample. 

Two significant associations were observed (see Figure 6). Standardized coefficients and 95% confidence 

intervals (values in brackets) are provided. The bidirectional solid line reflects a significant association (p 

< .05). Specifically, AIGC moderated the associations between TC and CL (β =−0.14, p < .005) and between 

IC and CL (β =−0.10, p < .05). The addition of these moderating effects explained an additional 1% of the 

variance in CL because of TC and IC.  
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Figure 7 

Moderating Role of AIGC on the Relationship Between TC and CL (Panel 7a) and Between IC and CL 

(Panel 7b)  

 

To visualize the interaction effects proposed in hypotheses 3 and 4, a simple slopes test of AIGC was 

conducted. As shown in Figure 7a, for AIGC at a low level (one SD below the mean), simple slope = 0.56, p 

< .001, while for AIGC at a high level (one SD above the mean), simple slope = 0.29, p < .001. The effect of 

TC on CL was weakened at higher values of AIGC. In contrast, Figure 7b shows that for AIGC at a low level, 

simple slope = −0.04, p < .001, and for AIGC at a high level, simple slope =−0.23, p < .001. The effect of IC 

on CL was exacerbated at higher values of AIGC. Thus, hypotheses 3 and 4 were supported. 
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Figure 8  

Moderation of AIGC Between Each of TC and IC, and CL, Segmented by Gender 

 

We analyzed the moderating role of AIGC after dividing the sample by gender (see Figure 8). Standardized 

coefficients are provided. Bidirectional solid lines indicate significant associations (p < .05). As shown in 

Figure 8, the moderating effects of AIGC differed noticeably between males and females. Among males, the 

effect of IC on CL was enhanced at higher values of AIGC. An analysis of the explained variance revealed no 

significant difference in CL between males (25%) and females (21%; p > .05). 
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Figure 9  

Moderating Role of AIGC on the Relationships Between IC and CL Among Males (Top Panel), and 

Between TC and CL Among Females (Bottom Panel) 

 

In Figure 9, for males, AIGC at a low level, simple slope = −0.02, p < .05, and at a high level, the simple 

slope = −0.25, p < .005, indicating that AIGC increasingly strengthened the effect of IC on CL. Conversely, 

among females, the effect of TC on CL worsened at higher values of AIGC (low AIGC simple slope = 0.58, p 

< .001; high AIGC simple slope = 0.24, p < .005).  

Discussion 

This study verified the influential relationships between each of TC and IC, and CL in online learning. More 

importantly, it investigated how AIGC moderates these relationships among college students. Gender 

differences in the regulatory role of AIGC were revealed. The findings of this study supported the hypotheses 

and were consistent with previous studies.  

Regarding the first research question, this study discovered that TC directly influenced CL with a positive 

correlation, while there was a negative correlation between IC and CL. These findings aligned with existing 

literature (Li, 2010; Tremblay et al., 2023). Li (2010) found that task complexity and time pressure, as 

components of TC, positively correlated with CL. Similarly, Tremblay et al. (2023) demonstrated that TC 

significantly impacted students’ CL, as increased task demands required more cognitive resources 

(Chakraborty et al., 2024). Additionally, a negative correlation between IC and CL supported hypothesis 2, 

consistent with prior studies (Feldon et al., 2023; Redifer et al., 2021). According to CLT and social cognitive 
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theory, self-efficacy and state meta-cognition help manage cognitive resources, reducing CL. For instance, 

Feldon et al. (2023) showed a negative correlation between self-efficacy and CL, while Scheiter et al. (2009) 

and Sweller (2006) found that learners with favorable IC reported lower CL. Thus, enhancing IC (e.g., self-

efficacy and meta-cognition) can effectively reduce students’ CL. Notably, potential confounding variables 

such as students' prior knowledge, learning motivation, and technological familiarity may influence the 

observed relationships, which were not fully controlled in this study. These findings further validated the 

core tenet of CLT, which has posited that cognitive resources are limited and can be optimized by improving 

IC and managing TC. By confirming that increased IC reduces CL while increased TC heightens CL, this 

study reinforced the causal framework of CLT and highlighted the relevance of both learner characteristics 

and task design in CL management. 

Regarding the second research question, according to the results of the structural equation analysis, AIGC 

attenuated the relationship between TC and CL, while it positively moderated the effect of IC on CL in online 

learning. AI reduces workload and CL (Gandhi et al., 2023), with large language models generating task-

appropriate responses to alleviate workload (Ayers et al., 2023; Gu & Li, 2022). Our study confirmed that 

AIGC mitigated TC’s impact on CL through natural language processing and intelligent tutoring systems 

(Chen et al., 2024). Furthermore, AIGC positively moderated the relationship between TC and CL, 

consistent with prior studies (Gilbert et al., 2023; Lodge et al., 2023). Lodge et al. (2023) described this as 

offload expansion, where AIGC influences IC and CL. Cognitive offloading has suggested that external tools 

reduce CL, and AIGC tools like ChatGPT impact student writing practices (Rudolph et al., 2023). Thus, 

AIGC enhances abilities and moderates the relationship between TC and CL (Lodge et al., 2023). However, 

it is critical to note that the moderating effect of AIGC might be confounded by students’ prior experience 

with AIGC or their digital literacy levels (Chiappe et al., 2024h). Learners with higher proficiency in using 

AIGC may benefit more from its cognitive support, which could independently influence CL (Yang, 2024). 

Additionally, these results substantiated and extended CLT by showing that external technological tools act 

as environmental scaffolds that optimize cognitive resource allocation, thereby reducing intrinsic and 

extraneous CL. This aligned with the moderating mechanism proposed in CLT, where external aids can 

moderate the load experienced by learners during complex tasks (Poupard et al., 2025). From the lens of 

TRD, AIGC operates as an environmental factor that interacts with personal characteristics and behaviors, 

thereby affecting CL. This reciprocal interaction highlighted that CL is not only a result of task complexity 

but also dynamically constructed through the interplay of individual, behavioral, and environmental 

variables, as posited by TRD (Wang et al., 2023). 

For the third research question, our study showed that AIGC significantly influenced IC for males while 

exerting a more pronounced effect on TC for females in online learning. This result may relate to gender 

differences in learning styles and technology acceptance. Males tend to exhibit greater openness and 

receptiveness to new technologies, whereas females often approach them with more caution and 

conservatism (Cai et al., 2017). Male students are more inclined to rely on their abilities and self-efficacy 

when using technological tools (Rosli & Saleh, 2023). This attitudinal difference can affect how effectively 

AIGC supports regulation processes. Consequently, AIGC tools have the potential to enhance male students’ 

self-efficacy and self-directed learning ability (Wang et al., 2024), thereby aiding them in managing CL 

more effectively. In contrast, female students may prioritize the requirements and complexity of tasks 

themselves (Padilla-Meléndez et al., 2013), making AIGC tools particularly effective in task decomposition 
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and reducing task pressure for them. A gendered pattern may reflect socio-cognitive differences in how 

learners perceive control and use technology. Males may view AIGC as a tool to enhance personal 

competence, while females may see it as support for managing task complexity. This gender-specific finding 

added nuance to the TRD framework, as it illustrated how the interplay among personal factors (gender-

based attitudes), behaviors (tool usage), and environment (AIGC) jointly shape CL. 

Implications 

This research provides both theoretical and practical implications. Theoretically, it validated the impacts of 

TC and IC on CL and further emphasized the moderating role of AIGC. Moreover, AIGC mitigated the 

influence of TC on CL while enhancing the effect of IC in online learning, thereby expanding cognitive load 

theory (Seitz et al., 2023) and advancing educational technology theory by demonstrating technology’s 

indirect role in CL optimization. Gender differences further emphasized the need to consider individual 

variations for AIGC applications in online learning. Practically, the findings offered valuable guidance for 

instructional designers and educators in ODL. Given the scalability and flexibility of AIGC, designers can 

use them to support adaptive task design, such as breaking down complex content, scaffolding problem-

solving steps, and reducing extraneous load (Cai et al., 2025). Additionally, in ODL, where learners have 

limited access to real-time human support, AIGC-powered systems can bridge pedagogical gaps with real-

time feedback, personalized learning, and adaptive task difficulty (Packer & Keates, 2023). Instructional 

designers should consider strategies to scaffold complex tasks and integrate meta-cognitive support with 

intelligent tools to reduce unnecessary load (Poupard et al., 2025). Furthermore, enhancing self-efficacy for 

male students and emphasizing task structuring for female students with manageable complexity may help 

students regulate their own cognitive resources more effectively in asynchronous and autonomous learning 

environments.  

Conclusion 

This study explored the relationships among TC, IC, CL, and AIGC in online learning. The findings revealed 

that in online learning, TC positively influences CL, whereas IC is negatively correlated with CL. 

Additionally, AIGC mitigates the effect of TC on CL while concurrently enhancing the impact of IC on CL. 

Notably, gender differences emerged, with AIGC exerting a stronger influence on IC for boys and on TC for 

girls. The primary contribution of this study was in identifying the role of AIGC in online learning by 

moderating the effects of TC and IC on CL. These findings extended cognitive load theory and provided 

insights into integrating AIGC into digital education. In addition, the study enhanced our understanding of 

how AIGC can be leveraged to support cognitive load management, guiding educators in designing more 

effective online learning strategies. Furthermore, the study emphasized the significance of accounting for 

individual differences in AIGC applications, offering valuable implications for personalized learning. 

However, several limitations should be acknowledged. First, the research was carried out at a university 

located in northeastern China. While the setting is typical of the region, contextual factors may have limited 

the generalizability of the findings. Future research should expand the sample size and include participants 

from diverse educational settings to strengthen the applicability of the results. Nonetheless, the relevance 

of the findings likely extends to broader online learning environments. The observed effects of AIGC on 

reducing task-related burden and enhancing self-regulatory capacity have important implications for 

diverse digital education scenarios, including large-scale online courses, blended learning, and personalized 
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learning platforms (Panwale & Vijayakumar, 2025). Moreover, the study relied on self-reported data, which 

may be subject to personal biases. Future research should integrate various data collection methods, 

including behavioral observations, eye tracking, and physiological measures. 
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