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Abstract 

Purpose: This research aims to investigate the Factors Impacting the Attitude and Behavioral Intention of Blended Learning in 

Higher Education in Chengdu, China. Blended learning involves integrating conventional in-person teaching with online distance 

education, and it has garnered growing interest and importance among educators and students in higher education institutions. 

Research design, data, and methodology: A quantitative approach was utilized for this study, with questionnaire surveys serving 

as the primary data collection tool. Before distributing the questionnaires, efforts were made to ensure content validity and 

reliability through item-objective consistency checks and pilot tests. Subsequently, confirmatory factor analysis (CFA) and 

structural equation modeling (SEM) were employed to examine the collected data comprehensively. By assessing model fit and 

confirming causal relationships between variables, hypothesis testing was conducted to draw scientifically sound conclusions. 

Results: Studies indicate that students' attitude towards blended learning and their perception of its usefulness significantly 

influence their intention to use blended learning. Furthermore, the theoretical model can forecast the behavioral intention of 

embracing blended learning within university settings. Conclusions: As a result, this research proposes encouraging students to 

recognize the usefulness of blended learning, fostering a favorable outlook on it, and prompting corresponding behavioral 

intention.  

 

Keywords: Blended Learning, Higher Education, Attitude, Behavioral Intention, Chengdu 

 

JEL Classification Code: E44, F31, F37, G15  

  

 

1. Introduction 
 

Online instruction involves using the Internet and 

modern information technology to facilitate teaching 

activities. This encompasses various formats, such as online 

courses, distance education, and digital learning materials, 

offering students more adaptable and convenient learning 

methods (Lotfizadeh & Acosta, 2023). Through online 

instruction, students can access knowledge anytime and 

anywhere while interacting and communicating with 

teachers and peers (Conrad, 2011). Blended learning 

involves integrating various educational approaches, 

technologies, and materials to address the diverse learning 

requirements of students (Kaban et al., 2024). This approach 

combines traditional classroom instruction, online learning, 

and hands-on projects to offer students a more 

comprehensive and tailored learning experience (Lv & Li, 

2024). Additionally, blended learning fosters increased 

interaction and communication between educators and 

learners while positively impacting creativity and problem-

solving skills (Latchem, 2010). 

Blended education is a method of instruction that 

integrates traditional teaching with contemporary 

technological resources. Through this approach, students can 

learn using a combination of online classes, digital materials, 

and physical classrooms to gain a more comprehensive and 

diverse educational experience (Jones et al., 2007). 

Furthermore, blended education offers tailored learning 
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paths and personalized resources to support individualized 

and effective study based on each student's unique 

characteristics and requirements. Additionally, educators can 

leverage data analysis and intelligent tools within blended 

education to monitor and assess students' progress while 

adjusting teaching strategies promptly for improved 

educational outcomes. As such, blended education 

encompasses various educational resources and tools while 

positively impacting aspects such as customization, 

efficiency, and interaction. 

The benefits of blended learning are evident in numerous 

aspects. It can cater to the unique requirements of diverse 

learners and offers a wider range of flexible and varied 

learning approaches by integrating online and offline 

educational resources, enabling each student to discover a 

personalized learning path (Shoukat et al., 2024). Blended 

learning also enhances the effectiveness of information 

acquisition and knowledge exchange. By combining online 

platforms with physical classrooms, students can access 

essential information at any time and from anywhere and 

engage in interactions and communication with teachers and 

peers, thereby expediting the dissemination and sharing of 

knowledge (Suandi et al., 2024). Furthermore, blended 

learning can leverage various digital tools and smart devices 

to support the educational process effectively while 

enhancing the quality and efficiency of education (Rahmi et 

al., 2024). The challenges of blended learning primarily lie 

in areas such as incorporating teaching resources, teacher 

training, and course design. Firstly, ensuring seamless 

connectivity and complementarity among contents from 

various sources requires standardized integration standards 

and norms for teaching resources. Secondly, effective 

utilization of online and offline teaching tools and proficient 

organization of classroom activities necessitate specialized 

training and guidance for teachers in the blended learning 

model. Furthermore, balancing online and offline teaching 

content proportions while making adaptable adjustments 

based on real-world scenarios presents a challenge in course 

design (Safyari & Rezaei, 2024). Moreover, technical 

support also poses certain limitations, encompassing issues 

like network stability and device compatibility that could 

impact the efficacy of blended learning. 

Due to the continuous advancement of information 

technology and the evolution of educational ideologies, 

many universities have started actively exploring the blended 

learning approach. This model combines traditional 

classroom instruction with online learning, offering students 

a more effective method of acquiring knowledge (Johnston 

& McCormack, 1996). Through blended learning, students 

can engage in real-time interaction and discussions during 

class while utilizing online resources for self-study and 

submitting assignments (White, 2000). This instructional 

approach not only enhances the quality of teacher-student 

interactions but also fosters independent thinking and 

problem-solving skills among students (Jones et al., 2007). 

Consequently, it is anticipated that more universities will opt 

for the blended learning model to align with the demands for 

educational reform in contemporary society. 

Amid the COVID-19 pandemic, many higher education 

institutions actively embraced online courses and distance 

learning models to respond to the challenge. They developed 

virtual classroom platforms, created recorded lecture videos, 

and designed interactive online assignments, making online 

teaching the new standard. Additionally, there was an 

increased utilization of Massive Open Online Course 

(MOOC) platforms that offered free or paid courses in 

various professional fields (Liu, 2021). The COVID-19 

outbreak has pushed higher education towards a more 

diverse, flexible, and digitalized direction while prompting 

global reflection and exploration of future strategies for 

adjusting to the hybrid learning model. 

This study explores the factors influencing students' 

tendency to adopt blended learning behavioral intention. By 

analyzing elements like perceived usefulness, attitude, social 

influence, and facilitating conditions, it is clear that blended 

learning brings substantial benefits in meeting modern 

college students' diverse and personalized learning needs. It 

stimulates students' interest in knowledge and cultivates their 

independent learning abilities and innovative thinking, 

thereby better suiting future societal demands for talent 

development. This research result will provide critical 

theoretical support and practical guidance for promoting 

implementing the blended education model in higher 

education institutions. 

 

 

2. Literature Review 

 
2.1 Perceived Usefulness 
                                                                                                                                                                                                                                                                                                                        

Perceived usefulness pertains to whether an object or 

action holds practical value and importance for an individual 

or a collective (Davis, 1989). Perceived usefulness is an 

individual's mental process and assessment of specific 

information, abilities, or assets to ascertain if they can fulfill 

their requirements and yield positive outcomes (Vardar et al., 

2024). Perceived usefulness is commonly understood as the 

level of convenience, enhancement in efficiency, and 

fulfillment of particular needs that users experience when 

utilizing a product (Zakaria et al., 2024). It allows users to 

play a crucial role in choosing and utilizing a specific system, 

accurately assessing its real value and relevance to 

themselves (Lin, 2007). It has become a significant factor in 

people's evaluation of mobile learning approaches (Ortiz-

López et al., 2024). Increasing users' perceived usefulness of 

the Online Course Tool (WebCT) can also boost their 



110                                                        Xu Min / AU-GSB e-Journal Vol 18 No 4 (2025) 108-120        

 

positive attitude towards WebCT and motivate them to 

participate more willingly in related activities (Arteaga 

Sánchez et al., 2013). Based on these studies, the following 

hypothesis was proposed: 

H1: Perceived usefulness has a significant impact on 

attitude. 

H2: Perceived usefulness has a significant impact on 

behavioral intention. 
 

2.2 Attitude 
                                                                                                                                                                                                                                                                                                                      

The attitude shown by users when using computer 

information systems refers to their positive behaviors and 

expectations (Davis, 1989). This concept involves 

preferences for information management systems and 

corresponding reactions of likes or dislikes (Asyari, 2024). 

Moreover, students' positive attitude towards computers as 

learning tools directly affects the formation of their 

intentions to use computers (Ocak & Karakuş, 2024). When 

making product choices, consumers consider their attitudes, 

which can be demonstrated through verbal expressions and 

usage decisions (Robey, 1979). Users with extensive 

computer operation experience will likely embrace new 

technologies and maintain a positive attitude. 

Conversely, those needing more relevant experience or 

facing technical challenges may display a more positive 

outlook (Thi et al., 2023). In education, students' positive, 

supportive attitude towards online learning systems directly 

impacts their level of engagement and academic 

performance (Bag et al., 2020). Hence, the mindset of an 

individual plays a crucial role in shaping their behavioral 

intention when considering the adoption of a specific 

technology or service (Kara, 2020). Following the 

examination of these studies, a hypothesis was put forward: 

H3: Attitude has a significant impact on behavioral intention. 

 

2.3 Perceived Behavioral Control 
 

Perceived behavioral control refers to an individual's 

belief in their ability to influence a specific behavior (Ajzen, 

2002). It is a significant factor in influencing an individual's 

decision to adopt a particular behavior (Do et al., 2024). 

Encompassing their perception of the environment, self-

assessment of abilities and resources, and expectations for 

achieving the goal (Zhang, 2024). In the context of 

participating in a particular activity, PBC can be used to 

analyze the potential barriers individuals may encounter 

while completing or participating in the activity (Ho et al., 

2022). Perceived behavioral control is closely linked to 

behavioral intention during the implementation phase. 

Boosting an individual's confidence in their abilities and 

providing a supportive environment with positive incentives 

can facilitate the development of positive behavioral patterns 

(Aga, 2023). Therefore, perceived behavioral control is 

crucial in shaping people's intentions toward certain 

behaviors (Ajzen, 1991). After reviewing these studies, a 

hypothesis was proposed: 

H4: Perceived behavioral control has a significant impact on 

behavioral intention. 

 

2.4 Performance Expectancy 
 

Performance expectancy refers to the anticipated 

performance targets and levels a technology is expected to 

attain in professional or academic settings (Venkatesh et al., 

2003). It can also be seen as the projected result of an 

individual's or organization's actual performance on a 

specific task, project, or duty (Abd Aziz et al., 2021). The 

aim is to ensure that the product or technology can meet its 

intended objectives and deliver a positive user experience 

(Lutfie & Marcelino, 2020). Consequently, if blended 

learning has the potential to enhance students' academic 

performance, they are more likely to embrace this 

technology (Rudhumbu, 2022). With ChatGPT becoming 

more popular and advanced, more and more students are 

beginning to appreciate the convenience and benefits that the 

technology provides. Therefore, they are increasingly 

inclined to embrace these technologies to improve their 

academic performance actively (Duong et al., 2024). 

Performance expectancy represents a pivotal consideration 

for most individuals when embracing online education or 

other innovative educational approaches (Abd Aziz et al., 

2023). As a result, perceived behavioral control has been 

demonstrated to significantly influence people's daily 

behaviors (Alajmi, 2012). Therefore, the following 

hypothesis is proposed: 

H5: Performance expectancy has a significant impact on 

behavioral intention. 

 

2.5 Effort Expectancy 

 
Effort expectancy pertains to an individual's anticipation 

of the level of exertion needed to finish a specific 

undertaking (Yadav et al., 2016). Students hope they can 

easily learn, communicate, and share knowledge through 

ChatGPT without spending much time learning complicated 

operational steps or dealing with various technical issues 

(Duong et al., 2024). The effort expectancy is connected to 

the level at which students utilize video-based learning 

technologies, as opposed to their actual level of exertion 

(Abd Aziz et al., 2023). This is influenced by the ease of use 

of the utilized system; the blended learning model enables 

college students to reach their educational objectives 

effectively (Sang et al., 2023). Effort expectancy is closely 

associated with the perceived ease of utilizing e-learning 

technologies, and learners' direct utilization of these 
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technologies will significantly impact their inclination 

toward them (Odelami et al., 2023). Per the UTAUT model, 

users' higher effort expectancy toward information 

technology will directly affect their behavioral intention 

(Neufeld et al., 2007). Therefore, the following assumption 

is made: 

H6: Effort expectancy has a significant impact on behavioral 

intention. 

2.6 Social Influence 

Social influence refers to the impact of an individual's 

actions, beliefs, and values on users within a specific setting 

(Tarhini et al., 2017). Cava et al. (2023) emphasized that 

social influence is the extent to which influential individuals 

persuade consumers to adopt mobile Internet technology. 

Furthermore, Yunior and Augustine (2024) discovered that 

educators with social influence play a crucial role in the e-

learning process by guiding students' acceptance and 

acknowledgment of new technologies. When choosing their 

type of social learning, influential figures in their lives often 

influence teenagers and choose their interests or types of 

social learning related to their future career plans 

(Cunningham et al., 2023). Consequently, when the guidance 

from others is more favorable, there is an increased 

likelihood of user adoption, which serves as a primary 

determinant of users' willingness to persist with this 

technology (Liang et al., 2024). This study found that 

students with higher social influence tend to be more inclined 

to participate in classroom discussions actively and 

demonstrate better e-learning willingness and academic 

performance (Billman et al., 2023). Based on the above 

studies, the following hypothesis is assumed: 

H7: Social influence has a significant impact on behavioral 

intention. 

 

2.7 Facilitating Conditions 
 

Facilitating conditions pertain to whether a technology or 

system offers the necessary resources for users to facilitate 

task completion (Ebadi & Raygan, 2023). It also 

encompasses the user-friendliness and functionality of 

educational platforms or applications (Bervell & Arkorful, 

2020). Users proficient in operating mobile phones or tablet 

computers may find it easier to adapt to the mobile learning 

environment and resolve encountered issues more efficiently 

(Camilleri & Camilleri, 2023). If these tools can provide 

intuitive, interactive, and diverse teaching resources with 

rich content, students will find using online classrooms more 

convenient and enjoyable (Wut et al., 2022). The flexibility 

and popularity of the e-learning system can foster student 

recommendations, thereby enhancing their intention to 

engage in e-learning (Koyu & Singh, 2024). Only by 

ensuring adequate resource support and usage experience 

can user needs be genuinely met, promoting the adoption of 

blended learning (Rudhumbu, 2022). Hence, facilitating 

conditions directly impact their willingness to opt for the 

mobile learning method (Waris & Hameed, 2023). Based on 

the above references, the following assumption can be 

derived: 

H8: Facilitating conditions has a significant impact on 

behavioral intention. 

 

2.8 Behavioral Intention 
 

Behavioral intention refers to the tendency behavior 

exhibited by an individual in a specific situation, which can 

be revealed through observation and analysis (Davis, 1989). 

An in-depth understanding and analysis of behavioral 

intention is helpful for better understanding the needs and 

preferences of individuals or groups and is conducive to 

predicting possible future events or trends (Lv & Li, 2024). 

Various factors, including cognition, attitude, emotion, 

social influence, etc., influence behavioral intention 

formation. When predicting whether students will choose the 

blended learning mode, all the above factors must be 

comprehensively considered (Davis, 1989). 

 

 

3. Research Methods and Materials 
 

3.1 Research Framework 

  
The proposed research model is based on the technology 

acceptance model (TAM), planned behavior theory (TPB), 

and Unified theory of technology acceptance and Use 

(UTAUT). TAM elucidates how perceived usefulness and 

attitude influence user behavioral intent. 

This research model incorporates three established 

theoretical frameworks. The first framework, introduced by 

Davis (1989), examines the impact of perceived usefulness 

and attitude on behavioral intention. The second framework, 

developed by Ajzen (1991), explores the effect of perceived 

behavioral control on behavioral intention. The third 

framework, from a study by Venkatesh et al. (2003), 

investigates performance expectancy, effort expectancy, 

social influences, and facilitating conditions. The conceptual 

framework of the research is presented in Figure 1 below. 
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Figure 1: Research Conceptual Framework 

 

H1: Perceived usefulness has a significant impact on attitude. 

H2: Perceived usefulness has a significant impact on 

behavioral intention. 

H3: Attitude has a significant impact on behavioral intention. 

H4: Perceived behavioral control has a significant impact on 

behavioral intention. 

H5: Performance expectancy has a significant impact on 

behavioral intention. 

H6: Effort expectancy has a significant impact on behavioral 

intention. 

H7: Social influence has a significant impact on behavioral 

intention. 

H8: Facilitating conditions has a significant impact on 

behavioral intention. 

 

3.2 Research Methodology 
 
Based on the method combining empirical and 

quantitative analysis, this study collected sample data from 

sophomores, juniors, and seniors of undergraduate students in 

four universities in Chengdu using a questionnaire survey as 

the main tool. Before collecting large-scale data, we strictly 

verified the content validity and reliability of the 

questionnaire, including the item-objective congruence (IOC) 

test and Cronbach's Alpha pilot test. After the reliability test, 

we distributed the questionnaire online to the eligible 

respondent groups and ensured they had more than one year 

of blended learning experience. 

The initial stage of this research involves conducting 

confirmatory factor analysis (CFA) using SPSS and AMOS 

to assess convergent validity. Throughout this process, we 

thoroughly explored and validated each construct in the 

conceptual model to ensure its alignment with real-world 

scenarios and reliability. The subsequent step entails 

employing structural equation modeling (SEM) to investigate 

the causal relationships between different constructs. SEM is 

a robust and adaptable statistical tool capable of testing 

intricate theories and structures while providing researchers 

with a comprehensive understanding of variable 

interrelationships, thereby unveiling the complexity and 

uncertainty inherent in these associations (Yurinanda et al., 

2023). 

3.3 Population and Sample Size  
 

In this research, we chose undergraduate students from 

four universities in Chengdu, China, as the focal group. They 

needed at least one year of experience with blended learning 

to ensure they had a certain level of familiarity and 

interaction with this type of learning. According to Soper's 

(2006) SEM priori sample size calculator, at a significance 

level of 0.05 and considering eight latent variables and 30 

observed variables, the recommended minimum sample size 

was 444. Therefore, for the actual study, we will distribute 

questionnaires and filter valid data from 500 responses for 

analysis. 

 

3.4 Sampling Technique 
 

The research utilized a multi-stage sampling approach, 

considering the unique characteristics and distinctions 

among various types of universities and disciplinary fields to 

ensure that the chosen samples accurately represented the 

university landscape in Chengdu. Initially, four diverse 

universities were selected as initial samples using judgment 

sampling. Then, specific sample sizes were determined for 

each university or sample stratum using stratified random 

sampling, adhering strictly to the selection criteria outlined 

in Table 1. This multi-stage sampling technique effectively 

mitigated potential biases and errors, enhancing the 

reliability and persuasiveness of the research findings. 

 
Table 1: Sample Units and Sample Size 

Universities 
School  

Enrollments 

Proportional 

Sample Size 

Sichuan University 37000 170 

Southwest Jiaotong University 28914 133 

Chengdu University of Technology 20161 92 

Sichuan University of Media and 
Communication 

23000 105 

Total 109075 500 

Source: Constructed by author 

 

 

4. Results and Discussion 

 

4.1 Demographic Information 
 

Based on the demographic data presented in Table 2, it is 

evident that out of the 500 respondents, there were 211 

females and 289 males, constituting 42.2% and 57.8% of the 

total, respectively. Regarding grade distribution, sophomore 

students represented 25.2%, junior students accounted for 

54.6%, and senior students comprised 20.2%. These statistics 

depict the distribution of respondents based on gender and 

academic year level. 
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Table 2: Demographic Profile 
Demographic and General 

Data (N=500) 
Frequency Percentage 

Gender 
 

Male 289 57.8% 

Female 211 42.2% 

Year of college 

Sophomore 126 25.2% 

Junior 273 54.6% 

Senior 101 20.2% 

 

4.2 Confirmatory Factor Analysis (CFA) 
 

When conducting confirmatory factor analysis (CFA) to 

evaluate the test model's validity, various indicators must be 

considered. First, its reliability should be evaluated by 

considering factors like internal consistency and stability to 

ensure the measurement tool accurately reflects the concept 

or variable. Second, convergent validity must be assessed by 

examining the correlation between different measurement 

indicators to confirm their convergence to a common concept 

or dimension. Finally, discriminant validity also needs 

evaluation to determine the degree of differentiation between 

each measurement indicator and other unrelated constructs. 

Moreover, when using structural equation modeling (SEM) to 

examine causal relationships between structures, it is 

necessary to explore potential direct and indirect influence 

relationships among variables and validate model hypotheses 

through statistical methods (Crocker & Algina, 2006). 

When the factor loading is 0.5 or higher, it indicates a 

strong correlation between the variable and the latent factor 

and is considered practical significance (Hair et al., 2019). 

The composite reliability (CR) is greater than 0.70 (Cheung 

et al., 2023). The average variance extracted (AVE) is greater 

than or equal to 0.4 (Sarstedt et al., 2017), and a Cronbach 

alpha (CA) value above 0.7 is considered good (Nunnally & 

Bernstein, 1994). In this research, the factor loadings for each 

item exceeded 0.50, ranging from 0.637 to 0.911. The CR 

value exceeded the level of 0.7. The AVE value exceeded 0.4, 

and the CA values all exceed 0.8. As indicated in the table 3 .

 
Table 3: Confirmatory Factor Analysis Result, Composite Reliability (CR) and Average Variance Extracted (AVE)  

Variable 
Source of Questionnaire 

(Measurement Indicator) 
No.of Item 

Cronbach's 

Alpha 
Factors Loading CR AVE 

Perceived Usefulness (PU) Abdekhoda et al. (2019) 5 0.819 0.760-0.868 0.919 0.695 

Attitude (ATT) Dubey et al. (2023) 3 0.840 0.823-0.865 0.877 0.703 

Behavioral Intention (BI) Alrousan et al. (2022) 4 0.835 0.798-0.911 0.926 0.759 

Effort Expectancy (EFE) Rudhumbu (2022) 4 0.813 0.686-0.777 0.822 0.537 

Performance Expectancy (PE) Rudhumbu (2022) 4 0.828 0.663-0.704 0.782 0.473 

Perceived Behavioral Control (PBC) Al-Mamary et al. (2023) 3 0.815 0.637-0.755 0.747 0.497 

Social Influence (SI) Rudhumbu (2022) 3 0.828 0.696-0.856 0.832 0.624 

Facilitating Conditions (FC) Rudhumbu (2022) 4 0.819 0.664-0.799 0.806 0.511 

                                                                                                                     

Furthermore, Table 4 displayed various goodness-of-fit 

indices, including CMIN/DF, GFL, AGFI, NFI, CFI, TLI, 

and RMSEA. It is worth noting that all these values 

surpassed the acceptable standard range by a considerable 

margin. These results provide strong evidence for the 

adequacy of the measurement model's goodness of fit. 

 
Table 4: Goodness of Fit for Measurement Model 

Fit Index Acceptable Criteria Statistical Values  

CMIN/DF < 5.00 (Al-Mamary & Shamsuddin, 

2015; Awang, 2012) 

1.354 

GFI ≥ 0.85 (Sica & Ghisi, 2007) 0.936 

AGFI ≥ 0.80 (Sica & Ghisi, 2007) 0.921 

RMSEA < 0.08 (Pedroso et al., 2016) 0.027 

NFI ≥ 0.80 (Wu & Wang, 2006) 0.940 

CFI  ≥ 0.80 (Bentler, 1990) 0.983 

TLI ≥ 0.80 (Sharma et al., 2005) 0.981 

Model 

Summary 

 Acceptable  

Model Fit 

Remark: CMIN/DF = The ratio of the chi-square value to degree of 

freedom, GFI = Goodness-of-fit index, AGFI = Adjusted goodness-of-fit 

index, RMSEA = Root means square error of approximation, NFI = Normed 
fit index, CFI = Comparative fit index, and TLI = Tucker-Lewis index 

 

During the research data analysis, we carefully examined 

and assessed the discriminant validity presented in Table 5. 

The findings indicated that all variables were statistically 

significant, as their average variance extracted (AVE) values 

exceeded the inter-factor correlations. 

 
Table 5: Discriminant Validity 

 PU ATT BI EFE PE PBC SI FC 

PU 0.833        

ATT 0.591 0.838       

BI 0.539 0.533 0.871      

EFE 0.350 0.358 0.443 0.732     

PE 0.288 0.284 0.435 0.299 0.687    

PBC 0.285 0.302 0.413 0.299 0.284 0.704   

SI 0.395 0.354 0.483 0.326 0.350 0.284 0.789  

FC 0.360 0.384 0.483 0.430 0.407 0.389 0.328 0.714 

Note: The diagonally listed value is the AVE square roots of the variables 

Source: Created by the author. 
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4.3 Structural Equation Model (SEM)   
 

This research analyzed the gathered data using the 

Structural Equation Model (SEM). In practical scenarios, 

SEM can examine the observed data and investigate 

potential causal relationships and mutual influences 

(Yurinanda et al., 2023). Furthermore, as the level of 

goodness-of-fit increases, it indicates that the established 

model aligns well with real data, demonstrating reasonable 

and positive correlations among variables. In contrast, a 

lower value may suggest potential negative correlations or 

other significant factors that have not been considered 

(Byrne, 2010). As depicted in Table 6, the statistical values 

are CMIN/DF = 2.566, GFI = 0.851, AGFI = 0.820, RMSEA 

= 0.056, NFI = 0.884, CFI = 0.925, and TLI = 0.916—all of 

which exceed acceptable thresholds—thus confirming the 

suitability of the model.  

 

Table 6: Goodness of Fit for Structural Model 

Fit Index Acceptable Criteria 
Statistical 

Values 

CMIN/DF < 5.00 (Al-Mamary & Shamsuddin, 

2015; Awang, 2012) 
2.566 

GFI ≥ 0.85 (Sica & Ghisi, 2007) 0.851 

AGFI ≥ 0.80 (Sica & Ghisi, 2007) 0.820 

RMSEA < 0.08 (Pedroso et al., 2016) 0.056 

NFI ≥ 0.80 (Wu & Wang, 2006) 0.884 

CFI  ≥ 0.80 (Bentler, 1990) 0.925 

TLI ≥ 0.80 (Sharma et al., 2005) 0.916 

Model 

Summary 

 Acceptable 

Model Fit 

Remark: CMIN/DF = The ratio of the chi-square value to degree of 

freedom, GFI = Goodness-of-fit index, AGFI = Adjusted goodness-of-fit 

index, RMSEA = Root means square error of approximation, NFI = Normed 
fit index, CFI = Comparative fit index, and TLI = Tucker-Lewis index 

 

4.4 Research Hypothesis Testing Result 
 

The regression coefficient measures the degree of the 

independent variable's influence on the dependent variable, 

while the standardized path coefficient can more clearly 

present the correlation intensity among various variables. As 

presented in Table 7 all eight hypotheses proposed in the 

study were supported. The behavioral intention to use 

blended learning was strongly influenced by social influence, 

followed by attitude, and attitude was strongly influenced by 

perceived usefulness. 

  

 

 

 

 

Table 7: Hypothesis Results of the Structural Equation Modeling 

Hypothesis (β) t-value Result 

H1: PU→ATT 0.651  13.941* Supported 

H2: PU→BI 0.215  3.654* Supported 

H3: ATT→BI 0.236  3.912* Supported 

H4: PBC→BI 0.168  3.578* Supported 

H5: PE→BI 0.212  4.524* Supported 

H6: EFE→BI 0.177  3.941* Supported 

H7: SI→BI 0.250  5.611* Supported 

H8:FC→BI 0.180  3.989* Supported 

Note: *** p<0.001, ** p<0.01, * p<0.05 

Source: Created by the author  
 

The primary factor impacting attitudes is perceived 

usefulness. The standardized coefficient (β) for HI is 0.651 

with a T-value of 13.941, which aligns with similar findings 

from previous research conducted by Yadav et al. (2016), 

Mafuna and Wadesango (2016), and Cheng (2022). When 

students think blended learning can solve problems on time 

and improve learning efficiency, they will be more inclined 

to adopt a positive attitude. 

The perceived usefulness exerts a significant direct 

impact on behavioral intention, as evidenced by a 

standardized coefficient (β) of 0.215 and a T-value of 3.654 

for H2, aligning with the findings of Shin and Kang (2015), 

Cheng (2012), Gupta (2020), and Thi et al. (2023). When 

students positively perceive the usefulness of blended 

learning, it will directly affect their intention to use this 

behavior.  

Attitude has a notable direct influence on the behavioral 

intention to act, with the standard coefficient (β) of H3 at 

0.236 and a T-value of 3.912. This aligns with the findings 

from studies by Chen et al. (2014), Buabeng-Andoh and 

Baah (2020), Alajmi (2012), and Dubey et al. (2023). A good 

attitude can usually stimulate the willingness to act positively, 

making students more willing to accept new concepts, try 

new methods, and have the courage to face challenges. 

The perceived behavioral control exerts a significant 

direct influence on behavioral intention, with the 

normalization coefficient (β) for H4 being 0.168 and the T-

value reaching 3.578. These findings align with previous 

research conducted by Ajzen (2002), Murugesan and 

Jayavelu (2015), Shih (2008), and Ohanu et al. (2022). 

Through perceived behavioral control, students can have a 

clearer understanding that they need to adopt blended 

learning to achieve the expected goals, thereby enhancing 

their ability to form and implement specific behavioral 

intentions. 

Performance expectancy has a significant direct impact 

on behavioral intention. The standardization coefficient (β) 

of H5 is 0.212, and the T-value is 4.524. This finding aligns 

with the research outcomes reported by Neufeld et al. (2007), 
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Onaolapo and Oyewole (2018), Lwoga and Komba (2015), 

and Lantu et al. (2023). When students clearly understand 

their performance goals and expectations, they are more 

inclined to actively take behavioral measures of blended 

learning to achieve their goals. 

Effort expectancy has a significant direct impact on 

behavioral intention. The standardization coefficient (β) of 

H6 is 0.177, and the T-value is 3.941. This finding aligns 

with the research outcomes reported by Venkatesh et al. 

(2012), Sung et al. (2015), Thaker et al. (2022), and Tarhini 

et al. (2017). Students with positive expectations for their 

future grades usually focus more on blended learning and are 

willing to make extra efforts. 

Social influence has a significant direct impact on 

behavioral intention. The standardization coefficient (β) of 

H6 is 0.250, and the T-value is 5.611. This finding aligns with 

the research outcomes reported by Neufeld et al. (2007), 

Lwoga and Komba (2015), Twum et al. (2022), and Bommer 

et al. (2022). Social influence acts on every individual and 

imperceptibly shapes their ideological concepts and 

behavioral intentions through various channels and ways. 

The Facilitating conditions significantly impact 

behavioral intention. The standardization coefficient (β) of 

H6 is 0.180, and the T-value is 3.989. This finding aligns 

with the research outcomes reported by Chawla and Joshi 

(2020), Shah and Khanna (2023), and Reyes-Mercado et al. 

(2023). Specifically, many factors, such as the learning 

environment, convenience, and usage efficiency, may all 

affect a person's behavioral intention to varying degrees. 

 

 

5. Conclusion and Recommendation 
 

5.1 Conclusion 
 

This study aims to comprehensively analyze the factors 

influencing attitudes and behavioral intentions toward using 

blended learning in higher education institutions in Chengdu, 

China. The conceptual framework put forward by 

researchers included eight hypotheses to investigate the 

factors that impact behavioral intention. Following the 

compilation and verification of questionnaire reliability, it 

was distributed online to undergraduates with over a year of 

blended learning experience in four universities in Chengdu. 

Utilizing the gathered data, CFA was utilized to assess and 

validate the research conceptual model's reliability. SEM 

was then used to analyze and discuss the influences on 

college students' attitudes and behavioral intentions toward 

using blended learning. The findings indicated that all eight 

proposed hypotheses were supported, successfully achieving 

the research objectives.  

 

 

The results of this study can be summarized as follows: 

First, the impact of perceived usefulness on attitude is the 

most significant. This is because people tend to evaluate 

whether a situation or product is useful to them before 

deciding whether to take action. When individuals perceive 

something as having practical value for themselves, they are 

more likely to form a positive attitude and support related 

behaviors. However, while attitude can influence willingness 

and inclination, it does not always directly translate into 

specific actions. Therefore, perceived usefulness is crucial in 

many cases, motivating people to take concrete actions. 

Secondly, perceived behavioral control has a notable 

effect on behavioral intention. It involves understanding 

factors such as the environment, internal motivation, and 

external pressure and adjusting one's behavior accordingly. 

Research indicates that when individuals clearly understand 

their behavior and can effectively control it, this significantly 

influences the formation and implementation of specific 

behavioral intentions. 

Lastly, performance expectancy, effort expectancy, social 

influence, and facilitating conditions all impact behavioral 

intention. Specifically, performance expectancy refers to an 

individual's anticipated task performance level; effort 

expectancy relates to the perceived amount of effort required 

to achieve a goal; social influence encompasses attitudes and 

opinions from others as well as group pressure; facilitating 

conditions refer to external environmental factors that can 

either promote or hinder certain actions taken by individuals. 

These aspects collectively shape individuals' choices and 

decisions when forming behavioral intentions through their 

interwoven effects. 

 

5.2 Recommendation 

 
In a study conducted by four universities in Chengdu, an 

extensive analysis was carried out to examine the impact of 

perceived usefulness (PU), perceived behavioral control 

(PBC), performance expectancy (PE), effort expectancy 

(EFE), social influence (SI), and facilitating conditions (FC) 

on attitudes (ATT) and behavioral intentions (BI) towards the 

use of blended learning. These factors are identified as 

crucial influencers in college students' adoption of blended 

learning and require further development and promotion. 

The findings indicate that perceived usefulness strongly 

predicts attitudes toward using blended learning. Therefore, 

it is essential to promote and cultivate its practical 

application value when advocating for its adoption. When 

undergraduate students recognize that blended learning can 

enhance their academic performance, they are more inclined 

to embrace and actively apply this approach. 

Furthermore, perceived behavioral control has been 

shown to help college students better understand the 

necessity of adopting blended learning to achieve their 
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desired outcomes and effectively guide them toward taking 

appropriate actions. Additionally, performance expectancy, 

effort expectancy, social influence, and facilitating 

conditions collectively shape individual choices and 

decisions when forming behavioral intentions. 

This research comprehensively elucidates the factors 

influencing college students' attitudes and intentions 

regarding blended learning. It emphasizes that these 

variables play significant guiding roles in project investment 

decisions and maximizing the utilization of the blended 

education model. These insights will contribute to better 

promoting and optimizing potential benefits arising from 

technological innovation combined with educational reform 

in the field of education in the future. 

 

5.3 Limitation and Further Study 
 

This study is subject to certain limitations. The following 

recommendations are proposed for further research. Firstly, 

the study focuses solely on four higher education institutions 

in Chengdu, limiting its scope and sample size. To achieve 

more comprehensive and representative data, future research 

should include a wider range of higher education institutions 

from different regions and of varying types and sizes. 

Secondly, there is potential for further exploration into the 

course content of blended learning beyond MOOCs and VR 

technology, including the introduction of emerging 

technologies such as artificial intelligence-assisted learning 

systems and personalized learning platforms, with an in-

depth analysis of their roles in blended learning. Thirdly, 

expanding the survey subjects to include stakeholders such 

as parents, alums, and corporate employers alongside 

students and teachers would allow for comparing their 

evaluations of educational quality under the blended learning 

model. Lastly, improvements can be made to the 

methodology by adopting more rigorous experimental 

design methods to verify causal relationships while 

combining quantitative and qualitative analyses better to 

understand college students' behavioral intentions in blended 

learning. 
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