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WIP: Developing an Instrument to Understand Engineering Student usage of Digital 

External Resources from Solution Manuals to Generative AI 

Introduction 

The overall structure of the higher education system has not changed in quite some time, especially 

in engineering education. As Sorby et al. astutely observe, "Over the years, we educators have 

done some tinkering around the edges, such as adding in a capstone design project, or replacing 

Fortran with other programming languages—but the basic structure of the curriculum remains 

unchanged even though our students can now find information on their phones that might have 

taken us hours to track down in the library." [1, p. 1]. This newfound instantaneous access to 

information has provided students with significantly more online resources, some provided by the 

instructor and others discovered by the students. As instructors often lament, students seldom used 

their textbooks [3] and did not frequently visit office hours [4] to help develop their problem-

solving skills - even before this explosion of learning supplements. Perhaps now more than ever, 

with the various resources at their disposal, students must leverage considerable metacognitive 

skills to navigate them, as students cannot rely on the filtering provided by the instructor's expertise 

and must experiment with different types of assistance to find the right fit for their needs. We can 

categorize the popular digital external resources students use beyond what instructors provide into 

three groups: (1) Problem Solutions (like Chegg), (2) Video Platforms, and (3) generative AI tools 

like ChatGPT. 

 

Problem Solutions. On many online platforms, students can search catalogs of solutions with 

step-by-step guides of varying quality, including manuals from textbook problems, or even post 

their own questions to have an "expert" post a solution to their problem. These platforms are 

prevalent, but studying solution manuals has relatively low effectiveness [5], [6], and it often leads 

to threats of academic integrity violation [7] (although students do not generally believe using 

them is a form of academic misconduct [8]). Little contemporary work exists examining how 

students interact with problem solutions, which is mainly centered on instances or perceptions of 

cheating [8], [9], [10] and methods to thwart students' attempts to use them [11], [12]. 

 

Video Platforms. Resources focused on recorded lectures, like Khan Academy, boast over 137 

million users [13]. Even larger platforms like YouTube provide numerous videos across various 

topics in multiple languages, increasing accessibility and shareability [14]. Students find these 

videos helpful and easy to use, with benefits like stopping, slowing down, speeding up, rewinding, 

and skipping any content in the video based on what they need [15]. However, finding a suitable 

video to help a student understand a specific topic and trusting the resource poses a challenge. 

Still, faculty have found useful ways to integrate these into their courses as assessments for 

professional development [16], pre-class lectures [17], or as an activity like developing homework 

problems based on a video [18]. 

 

Generative AI tools. Beyond traditional outside resources like problem solutions and videos, 

modern large language models (LLMs) are quickly gaining popularity in engineering education 

[19]. As with other technologies, there is speculation on where generative AI fits in education. At 

face value, generative AI tools are the next step in on-demand help provided by problem-solution 

websites, and it is not difficult to see why, given the focus of the literature. Within the first months 

of its launch, it was found that ChatGPT could pass law school exams, though it only managed a 



C+ [20]. This is just one example of the deluge of papers describing how large language models 

can perform reasonably well on traditional examinations (e.g., [21], [22], [23], [24], [25]). These 

models are trained using large and diverse sets of writing and employ statistical procedures to 

predict a response to a statement or question, which can lead to surprising coherence and the 

appearance of analytical reasoning.  

 

In STEM fields, where communication is less in written short responses and more often a 

combination of diagrams and equations, generative AI tools have seen uneven success in problem-

solving. For standard assessments (that may well be in the training set), such as the Force Concept 

Inventory, ChatGPT could score approximately 50% by the authors' assessment, excluding 

questions requiring graphical understanding [26]. With some additional structuring, performance 

on simplistic physical problems improves but is still not entirely accurate [27]. For STEM students, 

these tools seem most effective at divergent thinking tasks like brainstorming [28], supplementing 

writing, and programming tasks (e.g., debugging [29]).   

Research Aim 

Given the range of digital resources available to students, there is a need to understand what 

resources students use and how they use them. Accordingly, this WIP paper outlines our efforts to 

develop an instrument to explore two research questions: (1) How do engineering students use 

external resources, including generative AI, to assist in problem-solving within their coursework? 

(2) What factors drive their preference for certain tools over others?  

Theoretical Framework 

The model we chose to frame the research questions was the revised technology acceptance model 

(TAM) [30]. The TAM primarily focuses on two factors, which are based on the user's attitude 

toward using the system (called intentions to use): perceived ease of use (the extent to which using 

the system would be free from effort) and perceived usefulness (the extent to which the person 

thinks the system would improve their [job] performance) [31]. As the TAM became more popular 

for explaining how individuals integrate new technologies into their workflows, additions to the 

model tease out the nuances of the dominant constructs of perceived ease of use and perceived 

usefulness. After reviewing the development of the TAM from 1986 to 2013, Marangunić and 

Granić [30] present a revised model to address weaknesses in the more simplistic models of the 

past, which include external predictors influencing perceived usefulness, perceived ease of use, 

contextual factors, factors from other theories that could be moderating variables for intentions to 

use, and explicit usage measures for actual system use. The revised TAM is shown in Figure 1.  

 

Here, the contextual factors would be associated with the courses students are currently enrolled 

in at the time of the study, such as the types of courses they are taking and the available resources 

as part of the courses. Hilliger et al.’s [32] grounded theory model of what makes courses 

demanding to students provides a suite of contextual and external variables that could impact 

perceived usefulness and perceived ease of use, such as content complexity, faculty support, 

workload, and student interests. This work fits into a larger project on how students use 

metacognitive strategies with these external resources, especially large language model-based 

technology like ChatGPT, so metacognitive strategies will be explored as a potential moderating 

variable for the intentions to use and elements of actual system usage. Motivation will be added as 

a possible moderator for intentions to use, primarily because of its strong connection to 

metacognition [33].  



 
Figure 1. Technology Acceptance Model (TAM) adapted from [30] and [32] to this study 

Survey Development 

We began by sourcing items related to the technology acceptance model and the constructs of 

interest in our theoretical model. Table 1 outlines existing scales that we included in our instrument. 

 

Table 1. Existing scales adopted for our instrument 
Instrument or Measure Description 

Metacognitive Activities Inventory 

[34] 

General diagnostic tool for evaluating students' metacognitive strategies, 

initially developed for chemistry context but no prompts are content 

dependent. 

Technology Acceptance 

Questionnaire [35] 

A questionnaire initially designed to measure dimensions of technology 

acceptance for game-based learning. It will be modified for the different 

external resources. 

Academic Motivation [36] A well-established scale created by Jones for probing student motivation in 

academic settings around five dimensions: (1) empowerment, (2) 

usefulness, (3) success, (4) interest, and (5) caring. This is chosen due to the 

relationship between metacognition and motivation [33]. 

Perceptions of 'AI-giarism' [37] A newer instrument meant to probe what students believe to be AI 

plagiarism (given by 'AI-giarism'). We contend that the students’ beliefs 

about generative AI tools might be a predictor of perceived usefulness. 

 

To increase our findings' content and construct validity [38], the remaining items were curated 

through an iterative process within a research group of four undergraduate students, four PhD 

students, a post-doc, and two faculty members. One key discussion point that emerged was a 

distinction between using a resource to complete a task, such as a project or homework assignment, 

versus studying to learn a topic, like for exam preparation. Therefore, consolidating this 

perspective into the item-building process, we refined the items throughout the instrument to 

distinguish between "completing assignments" and "studying." 

 

 



We grouped the scales and new items into sections to allow us to direct survey participants to 

respond to relevant items based on their responses to screening questions at the beginning. The 

instrument sections include background information, general resource-specific questions for each 

resource type, and questions based on the participant's usage of each resource, motivation, and 

demographics. Below is a description of each of the sections. Appendix A contains sample items 

for the categories and their elements presented in Figure 1, which we developed.  

 

Background and Instructor-Provided Resources 

This section collects information on which instructor-provided resources students prefer and how 

they use them. For this section, students will be tasked with ranking different resources regarding 

their usefulness and perceived ease of use for studying and completing assignments. For this 

section, the team considered: (1) textbooks (electronic or physical), (2) PowerPoint Presentations, 

(3) course notes, (4) problem solutions, (5) past exams, and (6) lecture videos. Students will rank 

choices for completing assignments and for studying. The team also wanted further evidence of 

the decreased usage of textbooks [3], so there is a question directly soliciting how often students 

employ their textbooks.  

 

Technology Overview Questions 

The three resource types have common questions to see students' exposure to each one (e.g., Do 

your peers use [resource] in their coursework?). Of most interest will be exposure to generative AI 

tools in an industrial setting for those who have participated in a co-op or internship, as more and 

more employers are employing generative AI software to increase employee productivity. 

 

Usage-level Question Blocks 

Students will be asked to self-identify their usage level of each resource. Because students use 

resources in different capacities or at all, not all questions may be relevant. Therefore, we intend 

to segment the questions for students into three categories: candidate, adopter, or rejector. A 

candidate will be considered someone who does not feel they have tried the resource. An adopter 

is a student who feels the resource is part of their current workflow. Lastly, a rejector is considered 

a student who used a resource in the past to some extent but no longer uses it for their studies. 

From there, there are three question blocks for each resource group. Students will answer questions 

from one of the blocks for the three technology groups.   

 

Candidate: The TAM model is classically intended for this group of students. Hence, this section 

draws from the TAM model to pose questions about a student's perception of the technology and 

its usefulness. Questions are also focused on the intention to use. Of note is that this group's view 

of generative AI tools will be a big part of the takeaway from the project. This will give insights 

into how instructors can present generative AI to help teach students how to interface with 

generative AI. 

 

Adopter: Based on discussions within the research group, we compiled a list of tasks that could 

be completed with each technology. A naturally wider array of tasks was identified for generative 

AI compared to other digital resources, such as summarizing content, code development, and 

composing reports and emails. As such, users will be asked about the uses of the different resources 

and the user strategies with open-ended questions like "If you were talking to a younger student 

about streaming videos, how would you recommend them to find a relevant YouTube video?" 



Rejector: The questions here will be aimed at deciphering (1) how a resource was used and (2) 

why they stopped using the resources. In the discussion of the research team, it was felt that 

available resources are useful based on the level of the student and course topics. For instance, 

students could rely on YouTube videos to aid in their introductory calculus and physics courses. 

However, as they got into more advanced, major-specific courses, YouTube videos became more 

challenging to find. Hence, they had to shift their study and work habits.  

 

Demographics 

This portion aims to understand whether there is any relation between demographic data and 

resource usage. Of particular note, asking the year or number of semesters until graduation will 

allow the team to see if there is an evolution of the resources students employ as they progress into 

more major-specific courses.  

Cognitive Interviews 

We recruited undergraduate engineering students to complete the survey while being asked to 

elaborate on their thinking verbally to ensure the intention and reception of the questions aligned. 

This specific process is often called a cognitive interview, which is a crucial step in improving the 

validity and reliability of the instrument’s results while the items are being developed [39].  

 

Our sample of students for the cognitive interviews (n = 11) contained a variety of engineering 

disciplines, including aerospace (1), chemical (1), computer science (4), electrical (3), and 

mechanical (2). The sample was primarily represented by students identifying as Asian (7), with 

the remaining students identifying as White (2), Black (1), and Mixed Race (1). Most of the 

students were Male (9). Moreover, in terms of academic standing, we had the most representation 

from middle-year students (starting year was 2021 = 2; 2022 = 5; 2023 = 3, 2024 = 1). 

 

After completing all the items, students provided no negative feedback on the survey length. Aside 

from minor typos and small clarifying text in select items, the students reported that the items were 

coherently posed. Regarding visual design, it was noted that some sets of items had anchors that 

were not visible on their screens as they scrolled to respond to later prompts. This issue is a pitfall 

of the matrix-table style items we used in Qualtrics, which required us to break the larger matrices 

into several smaller matrices. There were no other substantial edits to note from the interviews.  

 

Next Steps 

During Summer 2025, the instrument will be revised based on the feedback and be used to collect 

data from at least 200 undergraduate students from the same Midwest University. Based on the 

initial 200 responses, students will be invited to participate in another phase of the study that 

focuses more specifically on using generative AI as a resource. Students will be given an open-

ended problem to be solved using generative AI tools in a think-aloud interview. The interviews 

aim to get insights into students' successful metacognitive strategies to maximize generative AI 

tools' strength.  
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APPENDIX A Summary of Dimensions and Items 

 
Dimension Description Example Item 

Exposure Exposure to different resources through different social, 

educational and professional influences 
• My peers use generative AI tools to complete homework assignments. 

• I used generative AI tools while I was working at a job 

Perceived Usefulness  The degree to which a candidate thinks a resource will 

help them as a student  
• Using online solutions will help me complete my solutions quickly 

• Using generative AI tools will help me learn a concept quickly 

Perceived Ease of Use Using statements from the technology acceptance model 

aims to see if students think a resource will be useful or 

not  

• Finding online solutions would be simple 

• Writing the right question for generative AI would be easy to help solve a 

homework assignment 

• It would be easy to evaluate the accuracy of a response from a generative AI 

tool 

Intention to Use Assessment of a candidate’s inclination to use a resource • I intend to use ChatGPT to aid in my future assignments 

• I intend to use online videos to aid in my future assignments 

 

Actual System Use Assessment of how adopters and rejectors have employed 

a resource 
• I use a generative AI tool like ChatGPT to help compose emails 

• I use online video tutorials to prepare for an exam 

Contextual Factors The factors in which a student may be more inclined to a 

specific resource 
• Generative AI tools would be useful for writing-intensive courses 

• Online published solutions are useful for technical courses  

• Online tutorials are useful in early engineering courses  

External Predictors Factors will show a student’s likeliness to rely on 

additional resources 
• My instructors clearly define the acceptable use of generative AI in my courses 

• Knowing course concepts will prepare me for my career 

Ethical Concerns Evaluation of a student’s views of acceptable and 

unacceptable behavior 
• A student uses a published online solution to a homework problem to determine 

how to solve a problem 

• A student directly copies a homework solution found online and not provided 

by the instructor to a homework problem and submits it 

• A student uses online published problem solutions not provided by an 

instructor to prepare for an exam 

• A student completes an assignment without using any resources beyond what 

was provided by the instructor 

 


