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Short Description  

 

In this study we investigated instructor expectations and design considerations 

of the AI based Pedagogical Language Analysis tool, ExplainIt, which was designed 

to promote interactivity between instructors and students in large undergraduate 

STEM classes. The team interviewed three instructors in undergraduate STEM fields 

from two public universities in the US. We captured expectations, perceived benefits, 

and barriers of ExplainIt shared by instructors in order to identify expectations and 

design considerations for the system.  
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Abstract  

 

Introduction  

 

Interactivity has positive impacts on students’ learning outcomes (Chan et al., 

2019). However, it is difficult for higher education instructors to create interactive 

courses since large class sizes often pose limitations on effective interactions between 

instructors and students (Caldwell, 2007; Hornsby & Osman, 2014). Lack of 

interactivity in lectures may lead to low grades in undergraduate STEM courses 

(Freeman et al., 2014). 

 

Various studies have demonstrated that learning outcomes improved as 

interactivity increased through integrating technological tools such as audience 

response systems (Hunsu et al., 2016), or personal response systems (PRSs) (Chan et 

al., 2019). However, these systems may not help students develop deep conceptual 

understanding and achieve higher level cognitive outcomes in STEM courses (Hunsu 

et al., 2016; Shapiro et al., 2017), because these systems are limited to multiple choice 

answers, and do not allow students to construct their own responses, which is a critical 

part of active learning (Chi & Wylie, 2014).  

 

Integration of Artificial Intelligent (AI) technologies in large courses showed 

promising results for achieving high-quality communication that created an interactive 

learning environment (ILE) (Chassignol et al., 2018). The most frequent AI application 

in education is intelligent tutoring systems (ITS), which can provide personalized 

interactions to students at scale to improve their learning outcomes (Cantu-Ortiz et. al., 

2020; Hwang et al., 2021), especially in well-defined structured subjects such as 

mathematics or physics (Fadel et al., 2019). AI could be applied to simulate one-to-one 

personal tutoring by providing cognitive scaffolding and engaging students in dialogue 

(Zawachi-Richter et al., 2019). 

AI technologies have the capability to create one-to-one interaction in courses      
covering complex problems (Roll & Wylie, 2016), and may offer opportunities for 

students to write self-explanations, which is a deeply constructive activity (Chiu & Chi, 



2014), and then provide personalized feedback. Self-explanation— the process of 

expressing concepts in learners’ own words, allowing learners to relate new knowledge 

to prior knowledge, to make inferences, integrate information, and monitor or correct 

misconceptions—has been found effective for learning (Fonseca & Chi, 2011; Johnson 

& Mayer, 2010). Furthermore, self-explanations were found to be effective for fostering 

student learning in undergraduate STEM subjects such as computer science (Sudol-

DeLyser, 2015), biology (McNamara, 2017; Elme et al., 2022), and engineering (Vieira 

et al., 2017).  

 

ExplainIt is an AI based Pedagogical Language Analysis tool developed      
using natural language process (NLP) to analyze students' timely self-explanations and 

provide timely feedback to instructors during large STEM courses. Specifically, for 

students, ExplainIt automatically analyzes their written responses to pose real-time 

questions to evaluate the quality or correctness of their explanations. For instructors, it 

provides real-time summaries of students’ written explanations, their correctness, in 

aggregate classroom level so that they can adjust their instruction. 

  

The current study is exploratory research to investigate expectations and 

perceptions of instructors teaching large STEM courses for embedding ExplainIt.  

Research questions: 

1. What are STEM instructors’ expectations of an AI based Pedagogical Language 

Analysis tool (ExplainIt) embedded in their classrooms? 

2. What do STEM instructors perceive are benefits of using ExplainIt embedded in 

their classrooms? 

3. What do STEM instructors perceive are barriers to using ExplainIt embedded in 

their classrooms? 

 

Method  

Participants 

 

Participants were three instructors teaching large computer science and biology 

courses. Instructor A, a professor in Computer Science (CS), has taught an introduction 

to AI course for both undergraduate- and graduate-level (75 and 100 students 

respectively) for three years. Instructor B, also a CS professor, has been teaching this 

course for three years (100) for undergraduate students. Instructor C, a Biology 

professor, has been teaching an undergraduate-level foundational biology course (250) 

for more than four years. 

 

Data Collection Procedures and Analysis 

 

The researchers developed a semi-structured interview protocol and then 

recruited instructors who have been teaching large STEM courses. Upon IRB approval, 

researchers sent an email to the instructors, and asked them to participate in an-hour 

interview. On the interview day, two researchers conducted the interview on Zoom. All 

interviews were recorded for later analysis. 

  

Researchers later transcribed interview recordings to conduct thematic 

analysis. Thematic analysis was used for identifying and reporting themes within data 



(Terry et al., 2017), and identifying common themes across (Riger & Sigurvinsdottir, 

2016). 

 

Results  

Instructors emphasized various expectations of ExplainIt related to system 

accommodations such as class size; numbers of questions they would pose; teaching 

mode (online or face-to-face); beneficial topics; types of feedback; integration of 

ExplainIt with an existing Learning Management System (LMS). Instructor A 

expected ExplainIt to analyze students’ “just-in-time” responses much quicker than 

Google sheets, and present an overview “snapshot” of students’ understanding. 

Instructor B hoped ExplainIt could inspire students’ to express deeper explanations of 

concepts and encourage higher engagement with laptops or smartphones. Instructor C 

wanted the system to provide accurate feedback to students and also provide feedback 

instead of grades to students. Technically, he expected ExplainIt to boot up and 

function with a high speed in the devices such as laptop.  

 

In terms of the perceived benefits of ExplainIt, instructor A stated that the 

system could easily provide a picture of students' understanding from the response 

analysis (e.g., percentages of correct responses), allowing her to adapt her instruction 

immediately. Instructor B mentioned that using such a system can increase student 

engagement and push students’ thinking further. Instructor C stated that using such a 

system may benefit low achieving students in the content area.  

 

When asked about potential barriers, one common theme amongst the 

instructors was the question of AI technologies’ accuracy of the automated 

assessment of students’ self-written explanations. Other potential barriers included the 

time commitment for instructor to author questions and answer in the system and AI 

training (instructors A and C), limitations of NLP for analyzing long student 

explanations correctly (instructor B), and students being critical of AI systems used in 

courses generally (Instructor A). 

 

Discussion  

 

This initial study showed that instructors have various expectations and 

identified multiple barriers for integrating an AI-based system to provide feedback to 

their students’ self-explanation responses. Results will be further discussed and 

detailed discussion will be provided in the full paper and session.  

 

 

References 

Blasco-Arcas, L., Buil, I., Hernández-Ortega, B., & Sese, F. J. (2013). Using clickers 

in class. The role of interactivity, active collaborative learning and 

engagement in learning performance. Computers & Education, 62, 102-110. 

Caldwell, J. E. (2007). Clickers in the large classroom: Current research and best-

practice tips. CBE—Life Sciences Education, 6(1), 9-20. 

Cantú-Ortiz, F. J., Galeano Sánchez, N., Garrido, L., Terashima-Marin, H., & Brena, 

R. F. (2020). An artificial intelligence educational strategy for the digital 

transformation. International Journal on Interactive Design and 

Manufacturing (IJIDeM), 14, 1195-1209. 



Chan, S. C., Wan, C. J., & Ko, S. (2019). Interactivity, active collaborative learning, 

and learning performance: The moderating role of perceived fun by using 

personal response systems. The International Journal of Management 

Education, 17(1), 94-102. 

Chassignol, M., Khoroshavin, A., Klimova, A., & Bilyatdinova, A. (2018). Artificial 

Intelligence trends in education: a narrative overview. Procedia Computer 

Science, 136, 16-24. 

Chi, M. T., & Wylie, R. (2014). The ICAP framework: Linking cognitive engagement 

to active learning outcomes. Educational psychologist, 49(4), 219-243. 

Chiu, J. L., & Chi, M. T. (2014). Supporting self-explanation in the 

classroom. Applying science of learning in education: Infusing psychological 

science into the curriculum, 91-103. 

Elme, L., Jørgensen, M. L., Dandanell, G., Mottelson, A., & Makransky, G. (2022). 

Immersive virtual reality in STEM: is IVR an effective learning medium and 

does adding self-explanation after a lesson improve learning 

outcomes?. Educational technology research and development, 70(5), 1601-

1626. 

Fadel, C., Holmes, W., & Bialik, M. (2019). Artificial intelligence in education: 

Promises and implications for teaching and learning. The Center for 

Curriculum Redesign, Boston, MA. 

Fonseca, B. A., & Chi, M. T. (2011). Instruction based on self-explanation. 

In Handbook of research on learning and instruction (pp. 310-335). 

Routledge. 

Freeman, S., Eddy, S. L., McDonough, M., Smith, M. K., Okoroafor, N., Jordt, H., & 

Wenderoth, M. P. (2014). Active learning increases student performance in 

science, engineering, and mathematics. Proceedings of the national academy 

of sciences, 111(23), 8410-8415. 

Hornsby, D. J., & Osman, R. (2014). Massification in higher education: Large classes 

and student learning. Higher education, 67, 711-719. 

Hunsu, N. J., Adesope, O., & Bayly, D. J. (2016). A meta-analysis of the effects of 

audience response systems (clicker-based technologies) on cognition and 

affect. Computers & Education, 94, 102-119. 

Hwang, G. J., & Tu, Y. F. (2021). Roles and research trends of artificial intelligence 

in mathematics education: A bibliometric mapping analysis and systematic 

review. Mathematics, 9(6), 584. 

Johnson, C. I., & Mayer, R. E. (2010). Applying the self-explanation principle to 

multimedia learning in a computer-based game-like environment. Computers 

in Human Behavior, 26(6), 1246-1252. 

McNamara, D. S. (2017). Self-explanation and reading strategy training (SERT) 

improves low-knowledge students’ science course performance. Discourse 

Processes, 54(7), 479-492. 

Riger, S. & Sigurvinsdottir, R. (2016). Thematic analysis. Handbook of 

methodological approaches to community-based research: Qualitative, 

quantitative, and mixed methods, 33-41. 

Roll, I., & Wylie, R. (2016). Evolution and revolution in artificial intelligence in 

education. International Journal of Artificial Intelligence in Education, 26, 

582-599. 

Sudol-DeLyser, L. A. (2015). Expression of abstraction: Self explanation in code 

production. In Proceedings of the 46th ACM technical symposium on 

computer science education (pp. 272-277). 



Shapiro, A. M., Sims-Knight, J., O'Rielly, G. V., Capaldo, P., Pedlow, T., Gordon, L., 

& Monteiro, K. (2017). Clickers can promote fact retention but impede 

conceptual understanding: The effect of the interaction between clicker use 

and pedagogy on learning. Computers & Education, 111, 44-59. 

Terry, G., Hayfield, N., Clarke, V., & Braun, V. (2017). Thematic analysis. The SAGE 

handbook of qualitative research in psychology, 2, 17-37. 

Vieira, C., Magana, A. J., Falk, M. L., & Garcia, R. E. (2017). Writing in-code 

comments to self-explain in computational science and engineering 

education. ACM Transactions on Computing Education (TOCE), 17(4), 1-21. 

Zawacki-Richter, O., Marín, V. I., Bond, M., & Gouverneur, F. (2019). Systematic 

review of research on artificial intelligence applications in higher education–

where are the educators?. International Journal of Educational Technology in 

Higher Education, 16(1), 1-27. 

 

 

 

 

 


