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RFE: Design of a Generative AI Assistant for an Educational 
Technology Tool - Year 3 

 
Introduction and Background 
In this NSF Grantees Poster Session paper, we report on Year 3 of a collaboration between 
engineering education researchers at Tufts University and machine learning researchers at the 
University of Massachusetts, Lowell. This project is funded by National Science Foundation 
(NSF) Research in the Formation of Engineers Grant No. 2226553. The goal of this project is to 
develop an AI Assistant Tool for instructors using the Concept Warehouse to analyze short-
answer responses to concept questions in thermodynamics and mechanics.  
 
Concept questions, sometimes referred to as ConcepTests [1], are challenging single-right-
answer multiple choice questions that ask students to apply recently learned concepts to novel 
scenarios. When used as part of active learning pedagogies, like Peer Instruction [1], concept 
questions have been shown to improve learning outcomes [2] - [4]. In this project, we are 
interested in pairing concept questions with a short-answer justification task. Explicit prompting 
of students for self-explanations has been shown to promote the development of higher-order 
knowledge construction and transfer [5], [6]. Previous work done by the Authors has shown that 
concept questions coupled with a short-answer justification task has been shown to promote 
deeper understanding, better prepare students for in-class discussion, and improve learning 
outcomes [7], [8]. Analyzing short-answer responses to understand student reasoning provides 
valuable information about student understanding but is resource intensive leading us to 
investigate machine learning as a way to automate the analyses.    
 
Machine learning (ML) approaches have been utilized in education spaces for automated 
grading, personalized tutoring [9], [10], curriculum development [11], understanding student 
discourse in small-group work [12] - [14], and analysis of short- and long-answer texts [15] - 
[22]. Compared to conventional ML techniques, large language models (LLMs) can analyze 
complex, unstructured data, motivating us to apply them to analysis of short-answer 
justifications. As application of state-of-the-art LLMs is still emergent in STEM education 
research, this project applies transformer-based decoder-only models to show potential for more 
nuanced and scalable analyses of student reasoning. Through this project we have compared 
several models, including: Mixtral [23], Llama-3 [24], GPT-4 [25] GPT-4o-mini [26], and Phi-
3.5-mini [27] to automate coding.  
 
Our previous work has presented findings from qualitative coding on student responses and 
model development [28] - [32]. Here, we briefly foreground the studies done in Years 1 and 2 
and then describe the current progress toward the development of a Generative Artificial 
Intelligence (GenAI) Assistant tool to supplement the Concept Warehouse, a free, web-based 
active learning tool and content repository [33].  
 
Methods 
Below we detail the data collection, qualitative coding, and model development done to position 
us to develop and implement the GenAI Assistant in the Concept Warehouse.  
 
 



 

Data Collection 
Short-answer justifications were collected on the Concept Warehouse from consenting students 
between 2012 and 2024 from a diverse array of 2- and 4-year institutions. Information about the 
questions studied in this project are shown in Table I. Active data collection occurred for 
mechanics questions (M1 – M4) where all instructors were asked to give students a set of 
common questions, while historical data was used for thermodynamics questions (T1 – T3). An 
example of a question, T3, is shown in Fig. 1.  

TABLE I  
QUESTIONS ANALYZED IN THIS PROJECT. TABLE REPRODUCED FROM [28]. 

Domain No. Topic Responses % Correct 

Mechanics 

M1 3-D Moments 54 59 
M2 3-D Moments 53 68 
M3 Friction 240 46 
M4 Moment of Inertia 106 50 

Thermodynamics 
T1 Enthalpy of mixing ideal gases 1396 84 
T2 Entropy of mixing ideal gases 1387 66 
T3 Enthalpy of mixing two-non-ideal liquids 904 49 

 

 
Fig. 1. Example of a concept question analyzed in this study. 

Data Analysis 
Fig. 2 shows the entire process for qualitative coding and training/testing of LLMs.  

 
Fig. 2. Overall process describing the qualitative coding and model. Reproduced from [28]. 

Qualitative Coding
Emergent Coding

Themes

Data Formatting
Metadata is anonymized, and a CSV file with spans 

of text and associated codes is created.

Data Pre-processing
• Entries removed that lacked coding or those 

that were corrupted due to format conversion 
errors 

• Metadata removed and data shuffled before 
input into the model

Model Development
Used Mixtral-of-Experts, Phi-3.5-mini, Llama-3-
8B, GPT-4, and GPT-4o-mini to automate the 
coding of responses. 

Training Configurations: 
• Same dataset: tested on held-out data from 

the same dataset
• In-domain, different data sets: trained on one 

question and tested on another within the 
same domain 

• Cross-domain: trained on one domain (e.g., 
thermodynamics) and tested on another 
domain (e.g., mechanics)

Model Evaluation
• Exact match: codes and spans of text that 

were the same as the human coder  
• Calculation of Precision, Recall, and F1
• Qualitative Analysis  

Codebooks for previous 
questions were revised 
after recent questions 
were coded.

A heat map of themes 
and answer choices was 
analyzed to generalize 
findings.

Coding Summary



 

Qualitative Coding 
A two-stage constant comparative coding approach [34] was completed from 2021-2024 for 
3000+ short-answer justifications across seven questions, shown in Table I. We utilized a 
resources framing [35], [36] to guide our coding process. Stage 1 coding involved a mixture of a 
priori and emergent coding. Stage 2 involved condensing codes into cognitive resources and 
associated themes.   
 
Machine Learning 
The ML problem was formulated as a sequence labeling task where spans of student 
justifications were labeled with manual codes. We then trained Mixtral [23], Llama-3 [24], GPT-
4 [25], GPT-4o-mini [26], and Phi-3.5-mini [27] to automate coding. Mixtral, Llama-3, and Phi-
3.5-mini were all trained using fine-tuning [37] and GPT-4, GPT-4o-mini were trained using in-
context learning [38]. Evaluation was done an exact match approach using precision, recall, and 
F1 scores as metrics of model performance. Precision is the ratio of the correct codes generated 
by the model relative to the total number of model-generated codes. Recall is the percentage of 
human codes that the model was able to generate correctly. Finally, F1 is the harmonic mean of 
precision and recall. 
 
Findings 
In this section we detail the results from qualitative coding and training of large language models 
as a foundation for the GenAI Assistant.   
Research Question 1: What ideas do students use to explain their reasoning when writing short-
answer responses to conceptually challenging questions? 
Students activate a variety of cognitive resources to write short-answer justifications. For 
example, in question T3 (Fig. 1), we observed that students who used resources related to 
molecular-scale reasoning were less likely to get the correct answer choice, suggesting that the 
connective tissue often provided when thinking about molecular reasoning may not be fully 
developed in this context [28].  
Research Question 2: How well do transformer-based machine learning models replicate the 
human-coded data? 
Mixtral and Llama-3 performed best at within the same-dataset, in-domain coding tasks, 
especially as the training set size increased. Phi-3.5-mini, while effective for mechanics questions, 
struggled in thermodynamics. In contrast, GPT-4 and GPT-4o-mini stood out for their robust 
generalization across in- and cross-domain tasks [28]. Selected results are shown in Table II.  

TABLE II 
 SELECTED RESULTS FROM MOST RECENT EXPERIMENTS 

Configuration Metric Mixtral* Llama-3* Phi-3.5-
mini* GPT-4^ GPT-4o-

mini^ 

Same Dataset 
Precision 0.51±0.02 0.50±0.02 0.37±0.03 0.50±0.02 0.43±0.02 
Recall 0.66±0.03 0.66±0.03 0.16±0.02 0.51±0.02 0.42±0.02 
F1 0.58±0.01 0.57±0.02 0.23±0.02 0.50±0.02 0.42±0.02 

In Domain, 
Different 
Dataset 

Precision 0.26±0.01 0.20±0.01 0.18±0.01 0.39±0.01 0.38±0.01 
Recall 0.37±0.01 0.38±0.01 0.20±0.01 0.36±0.01 0.39±0.01 
F1 0.31±0.01 0.26±0.01 0.19±0.01 0.37±0.00 0.38±0.00 

Out of Domain, 
Different 
Dataset 

Precision 0.25±0.01 0.22±0.01 0.17±0.01 0.29±0.01 0.27±0.01 
Recall 0.38±0.01 0.40±0.01 0.27±0.01 0.38±0.01 0.28±0.01 
F1 0.30±0.01 0.28±0.01 0.21±0.01 0.33±0.01 0.32±0.01 

*Trained on 85% with 10% held out, ^4-shot. Bolded items note the highest values. 



 

Design of a GenAI Assistant Tool 
As we identified the possibility of open-source models like Mixtral and Llama-3 to analyze 
short-answer justifications, Year 3 has focused on the development GenAI assistant tool to 
supplement the Concept Warehouse. The use and propagation of educational technology tools is 
deeply embedded in the context of the ecosystems in which they exist [39] - [43]. To design with 
end users in mind, we met with instructors involved in data collection to brainstorm a potential 
user interface (UI) which would promote their interest in the use of the tool. During our session, 
we co-created a storyboard, shown in Fig. 4, to scaffold a shared experience where an instructor 
could use the tool.  

 
Fig. 4. Storyboard developed with instructors to center our co-design session around a shared 

experience. 
 

We then asked instructors to brainstorm and draw their ideal UI for the tool. Each instructor was 
given their own slide on a Zoom whiteboard. Examples of their brainstorming is in Fig. 5, where 
they discuss key aspects of their ideal UI.  
 



 

 
Fig. 5. Samples of instructor ideas for AI Assistant Tool UI. 

 
During our discussion, we observed some common themes that emerged regarding the tool:  

• Use of Trends/Patterns from the Tool: Instructors wanted a feature where the tool 
would find common patterns/trends associated with student responses.   

• Proposed Interactions with Visualizations: Instructors discussed how they would like 
to interact with the visualizations in the UI. For example, an instructor mentioned that 
they wanted to be able to click on a notable theme/pattern identified by the tool and see 
example responses related to the theme. Similarly, another instructor identified that the 
tool could produce a histogram weighed by the strength of the justification. They would 
then be able to click on a certain bar of the histogram to see example responses.   

• Misconceptions: Instructors discussed how common misconceptions could also be 
identified. This also came up alongside separating responses by correctness. 

 
Our future work will utilize what we learned from the community of practice alongside our 
trained models to design a beta version of the tool for future study and iteration. Throughout this 
process, we will consult instructors to gather feedback.  
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