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WIP: Assessing the Reliability of the AI Adoption and Motivation 

Survey Instrument in Engineering Education 
 

Introduction  

 

Recent advances in generative Artificial Intelligence (AI) have rapidly altered the landscape of 

higher education, prompting increased student use of AI tools for learning, problem solving, and 

career preparation. Prior work within this research program has shown that AI adoption among 

university students is widespread but uneven, varying by academic level, discipline, and 

perceived relevance to professional practice [1-2]. Engineering students, especially, demonstrate 

differential patterns of adoption, with students closer to workforce entry reporting higher levels 

of AI use than first-year students, suggesting that task value and perceived usefulness play an 

important role in adoption decisions [1], [3]. Cross-disciplinary analyses further indicate that AI 

use is shaped by disciplinary norms and task structure, consistent with technology acceptance 

research emphasizing perceived usefulness as a primary driver of adoption [1], [4]. 

 

While students frequently describe AI as useful for explanation, efficiency, and ideation, they 

also express concerns about trust, overreliance, and academic integrity, highlighting the need to 

examine adoption beyond simple measures of frequency of use [5-6]. These findings align with 

prior work showing that trust in technology and motivational factors such as goal orientation and 

task value influence students’ willingness to adopt and reuse emerging tools [7-10]. In response, 

an AI adoption and motivation survey was developed to capture multiple dimensions of student 

engagement with AI, integrating constructs related to motivation, learning strategies, perceived 

usefulness, trust, and technology reuse intentions [3], [7], [10-11]. Because the survey adapts 

items from multiple validated instruments for use in a novel and rapidly evolving domain, 

establishing the internal consistency of its constructs is a necessary methodological step [12]. 

This work is framed within the context of Classical Test Theory (CTT), which conceptualizes an 

observed score as the combination of a true score and measurement error and evaluates 

instrument quality through psychometric properties such as internal consistency [13-14]. This 

framework is particularly suited to the present study, as it establishes foundational evidence of 

instrument quality before applying more complex measurement models, including factor analysis 

and item response theory [12], [14]. Consistent with Classical Test Theory, internal consistency 

was evaluated prior to any examination of latent structure. The purpose of this work-in-progress 

paper is therefore to examine the reliability of the survey when administered to engineering 

students at an Intermountain West, R1 institution. 

 

Methods  

 

The AI use survey was adapted from three parent instruments, following guidelines established 

for adopting and adapting existing scales [15], and following the methodology presented in 

similar instrument development publications in the field of engineering education. See for 

example, [16-20]. Parent instruments include the Motivated Strategies for Learning 

Questionnaire (MSLQ) [21], a healthcare student survey on AI perspectives [22], and  

the Reliance on Technology Questionnaire [23]. Specific items from each parent instrument were 

selected for use in the adapted survey to provide a more complete view into students’ 

perspectives involving both AI and their role as students. Items from the MSLQ were adopted to 



provide insight into students’ learning strategies (LS) and motivational factors (MF). Learning 

strategies are assessed on the MSLQ from constructs of critical thinking (CT) and help-seeking 

(HS). Motivational factors are measured from constructs of intrinsic goal orientation (ISO), 

extrinsic goal orientation (EGO), and task value (TV). The MSLQ has been validated and 

demonstrated adequate reliability in a general population [24] and with an engineering student 

population [25]. The healthcare student survey on AI perspectives (P) provides items that assess 

students’ perspectives on AI and their understanding of its implications on their education [22]. 

The Reliance on Technology Questionnaire contributes items on technology reuse intentions, 

perceived usefulness, and trust which were adapted to measure reuse intentions of AI (RI), AI 

perceived usefulness (PU), and trust in AI (T). Details of parent instruments are shown in table 1. 

Adapted items were presented alongside demographic items within an online Qualtrics survey.   

 

Table 1. Constructs measured in each parent instrument with their associated abbreviations and 

sample items.  

Parent Instrument Construct Name Abbreviation Sample Item 

Motivated Strategies 

for Learning 

Questionnaire 

(MSLQ) 

Intrinsic Goal 

Orientation 
IGO 

The most satisfying 

thing for me in this 

course is trying to 

understand the content as 

thoroughly as possible 

Extrinsic Goal 

Orientation 
EGO 

Task Value TV 

Critical Thinking CT 

Help Seeking HS 

Motivational Factors 

(IGO + EGO + TV) 
MF 

Learning Strategies (CT 

+ HS) 
LS 

Healthcare student 

survey on AI 

perspectives (Teng et 

al.) 

AI Perspectives P 

I feel hopeful about 

having AI available in 

my classes 

Reliance on 

Technology 

Questionnaire 

AI Reuse Intentions RI In my opinion, using the 

disruptive technology, 

such as Chat GPT, 

increased my problem 

solving effectiveness. 

AI Perceived Usefulness PU 

AI Trust T 

 

 
Figure 1. Construct integration framework for the adapted AI use survey. 



 

Population  

 

The survey was distributed online through a series of emails sent to the entire student body 

population of a large R1 western university. Participation in the survey was voluntary, and all 

participants were required to digitally sign an IRB-approved informed consent document before 

participating. As compensation, students were entered into a raffle for an online gift card. A total 

of 1,679 students responded to the survey. This paper specifically focuses on responses from 

students who indicated that their major is housed in the college of engineering. Before filtering 

out ineligible responses, there were a total of 238 responses from engineering students. After 

cleaning the data, responses from 140 students were included for analysis in the study. 

Demographic information regarding gender, race, and academic level are shown in figure 2.  

 
Figure 2. Participant demographics 

 

Data analysis  

 

Items adapted from the MSLQ and the Reliance on Technology Questionnaire were measured 

using a 7-point Likert scale, while items from the Teng et al. survey employed a 10-point Likert 

scale. All responses were converted to numerical values for analysis. Reliability analysis for this 

data includes a measure of internal consistency for each construct measured in the survey using 

McDonald’s Omega and Cronbach’s alpha. Cronbach’s alpha has been used widely as a 

measurement of reliability in social science despite known limitations [26-27]. One alternative to 

Cronbach’s alpha which has proven to be a more robust indicator of internal consistency when 

working with human subject data is McDonald’s omega [28-29]. This analysis utilizes 

McDonalds omega in an effort to more accurately represent the internal consistency of this 

instrument while also reporting Cronbach’s alpha values to be consistent with other reliability 

analysis publications. In accordance with many other studies on human subjects, for the purpose 

of this analysis, reliability coefficients greater than 0.7 are considered acceptable [30]. All 

reliability analysis for this study was conducted using Jamovi version 2.7 [31].  

 

Limitations 

 

While the sample size used in this analysis is of adequate size for a study on reliability, 

participants were selected from one college at a single institution. Future reliability studies could 

benefit from a more diverse sample of students. Results of this reliability analysis may not be 

completely generalizable to students at different institutions. There may also be selection bias 

associated with the sampling technique, with students who use AI and have a favorable view of 

AI integration being more likely to participate in the study. Furthermore, the use of McDonald’s 



omega and Cronbach’s alpha assumes unidimensionality within constructs which has not 

formally been established using factor analysis methods [32].  

 

Results  

 

Reliability coefficients for items adopted from the MSLQ were calculated for each of the five 

constructs originating from the MSLQ including IGO, EGO, TV, CT, and HS. Results of the 

reliability analysis for this portion of the survey are presented in Table 2. Omega coefficients for 

IGO, TV, and CT are considered acceptable for the purpose of this study. The construct in this 

portion of the study with the highest reliability is TV with an omega coefficient of 0.871. The 

lowest omega value was for HS.  

 

Table 2. Reliability coefficients by construct for items adapted from the MSLQ.  

 IGO EGO TV CT HS 

N items 4 4 5 5 4 

Mean 5.29 5.18 5.91 4.78 4.44 

SD 0.87 1.02 0.872 1.07 1.07 

Alpha 0.71 0.627 0.856 0.831 0.565 

Omega 0.741 0.669 0.871 0.833 0.63 

 

Constructs including IGO, EGO, TV, CT, and HS adopted from the MSLQ can be grouped into 

broader constructs of motivational factors (MF) and Learning Strategies (LS). Grouping these 

constructs into broader categories allows for a greater number of items in each group, allowing 

for a more robust reliability analysis. Results of a reliability analysis with the broader constructs 

of MF and LS are shown in Table 3. When viewed as broader constructs, omega values for each 

construct are adequate.  

 
Table 3. Reliability coefficients for MF and LS.  

 MF (IGO, EGO, TV) LS (CT, HS) 

N items 13 9 

Mean 5.49 4.63 

SD 0.616 0.786 

Alpha 0.738 0.67 

Omega 0.794 0.723 

 
The portion of the instrument adopted from the Teng et al. survey was organized into one single 

section without clearly defined constructs of AI perception. Internal consistency of this subset of 

items was relatively low with an omega coefficient of 0.643. Results of the analysis are shown in 

Table 4.  

 

 



Table 4. Reliability coefficients for items adapted from the Teng et al. survey.  

 AI perspectives (P) 

N items 7 

Mean 7.29 

SD 1.15 

Alpha 0.537 

Omega 0.643 

 

Reliability for the Reliance on Technology Questionnaire was relatively high. Item groups for 

each of the constructs measured (RI, PU, and T) all demonstrated good reliability when used 

with the engineering student population. The value of McDonald’s omega for the RI construct 

are notably the highest of all constructs assessed in this work with a value of 0.907. Details are 

shown in Table 5.  

 

Table 5. Reliability coefficients for items adapted from the Reliance on Technology 

Questionnaire.  

 RI PU T 

N items 5 4 4 

Mean 5.8 5.43 3.7 

SD 1.14 1.37 1.25 

Alpha 0.903 0.891 0.794 

Omega 0.907 0.899 0.801 

 

Discussion and Conclusions 

 

Preliminary analysis of the survey indicates good overall reliability of the scale across all 

portions in measuring targeted constructs with an engineering student population. However, 

certain constructs measured in the survey demonstrate lower reliability, indicating a potential for 

future work to further define constructs or revise items.  

 

Three of the five MSLQ constructs including IGO, TV, and CT had omega coefficients higher 

than 0.7, indicating that they reliably measure the constructs intended when used with an 

engineering student population. MSLQ constructs of EGO and HS had lower omega coefficients. 

These findings are in alignment with other studies which have found lower reliability coefficients 

for EGO and HS constructs [33]. However, as shown in Table 3, items adopted from the MSLQ 

may be the most useful when grouped into broader constructs of motivational factors and 

learning strategies. In this study, omega coefficients for MF and LS were both above 0.7, 

indicating adequate reliability. Based on these results, it is recommended to use the selected 

MSLQ items to measure the broader constructs of MF and LS in relation to students’ use of AI.  

 



The Teng et al. survey on AI perspectives demonstrated inadequate reliability with the 

engineering student population. This is likely due to the seven items in this portion of the survey 

measuring unrelated AI perspectives. The introductory publication of the Teng et al. survey 

included little information on the validity and reliability of the instrument [22]. Based on these 

results, it is recommended to use the items which are derived from the Teng et al. survey item-

by-item to analyze AI perspectives rather than as a single construct of AI perspectives. Future 

work on establishing reliability and validity of this portion of the survey will include identifying 

latent constructs within the AI perspective items using exploratory and confirmatory factor 

analysis.  

 

The Reliance on Technology Questionnaire showed the highest coefficients of reliability out of 

all the constructs measured in this work. Each of the constructs measured in the subset of items 

derived from the Reliance on Technology Questionnaire had an omega coefficient that was 

greater than 0.8 which indicates good reliability.  

 

Results of this analysis position the survey as a reliable instrument for measuring constructs of 

motivational factors, learning strategies, reuse intentions, perceived usefulness of AI, and trust in 

AI within an engineering student population. Other items within the survey also have potential 

for providing insights into specific student perspectives on AI and could be the focus of future 

work to further identify relevant constructs related to students’ AI perspectives.  

 

Future Work  

 

Future directions of research with the AI survey include further validating the survey through 

exploratory and confirmatory factor analysis. The current reliability analysis can also be 

strengthened through expanding the sample size and collecting data in populations with more 

diversity of gender, race, and other demographic variables which may influence the reliability of 

the instrument. Further work will also include comparing responses to the survey at the 

university level to responses from students at technical colleges who may approach the 

integration of AI into their coursework differently than university engineering students.  
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