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Abstract 

Building upon foundational Item Response Theory (IRT) research conducted at Tecnologico de 
Monterrey with University of São Paulo (USP), this study presents CONF.i, a framework integrating 
Canvas LMS with a three-variable IRT model (Grade-Confidence-Performance) and Google’s Gemini 
AI. Using design-based research methodology, an external Google Apps Script application was 
developed, interfacing with Canvas LTI standards, implementing IRT-based assessment with student 
confidence ratings and AI-generated personalized feedback and learning resource recommendations. 
Pilot testing with twenty-three undergraduate students at Tecnologico de Monterrey, Mexico, with 
theoretical validation from USP collaborators, demonstrated technical feasibility and pedagogical 
value. Results revealed that 82% of students rated the interface positively, 87% understood the 
confidence rating mechanism, and 91% would recommend the approach. The three-variable model 
revealed four learning patterns within the pilot sample that would be invisible to traditional scoring: 
aligned mastery (34.8%), underconfident competence (21.7%), overconfident struggle (26.1%), and 
aligned struggle (17.4%). These observed patterns suggest potential for enabling targeted 
instructional interventions, warranting further investigation with larger samples. This Brazil-Mexico 
collaboration demonstrates that sophisticated educational technologies can be integrated within 
existing institutional infrastructure without commercial licensing costs, contributing to Sustainable 
Development Goal #4 (Quality Education) by making adaptive learning technologies more accessible 
through mainstream platforms. 

Keywords: learning management systems; item response theory; generative AI; adaptive assessment; 
learning analytics; educational technology; Gemini AI; CANVAS LMS; sustainable engineering 
education; higher education innovation 
 

1. Introduction 

The digital transformation of higher education has positioned Learning Management Systems 
(LMS) as central infrastructures for teaching and learning. Platforms such as Canvas, Moodle, and 
Blackboard serve millions of students globally, yet their core functionality has remained static over 
the past decade, primarily functioning as content repositories, assignment submission portals, and 
grade management tools [1,2]. While these functions are essential, they represent a fraction of the 
intelligent capabilities that contemporary educational technologies could offer. 

Parallel to LMS evolution, psychometric theory has advanced significantly through Item 
Response Theory (IRT), which provides probabilistic models for assessing student abilities based on 
item level performance rather than aggregate scores [3,4]. IRT offers advantages over Classical Test 
Theory by enabling adaptive testing, where question difficulty adjusts to respondent ability, thereby 
providing more precise measurement with fewer items [5,6]. However, IRT implementation has 
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historically required specialized software and statistical expertise, limiting its integration into 
mainstream educational platforms [7,8]. 

The emergence of generative Artificial Intelligence represents a third transformative force. Large 
Language Models (LLMs) such as OpenAI’s GPT series, Google’s Gemini, and open-source 
alternatives demonstrate unprecedented capabilities in natural language understanding, content 
generation, and contextual reasoning [9,10]. In educational contexts, these models can provide 
personalized tutoring, generate practice questions, and offer explanatory feedback at scale [11,12]. 
The release of specialized educational models such as Google’s LearnLM, specifically trained in 
learning science principles, further expands these possibilities. 

The intellectual foundation for this work originates in Brazil, specifically through doctoral and 
master’s research exploring intelligent tutoring systems and IRT applications for addressing 
uncertainties in multiple-choice assessment. These theoretical frameworks established the core 
principles for integrating psychometric models with digital learning environments, providing the 
conceptual basis for CONF.i’s multidimensional approach. 

Despite these parallel advancements in Brazil and globally, their integration within mainstream 
educational platforms remains fragmented. Institutions seeking adaptive assessment typically 
require expensive proprietary systems [13]. Institutions seeking AI tutoring face concerns about data 
privacy, institutional integration, and pedagogical alignment [14,15]. The challenge, therefore, is not 
whether these technologies offer value, but how they can be cohesively integrated within existing 
institutional infrastructures without requiring wholesale platform replacement or extensive technical 
reconfiguration. 

This study addresses this gap through the CONF.i project, an integration framework connecting 
Canvas LMS with IRT-based assessment and Gemini AI, developed within the constraints of existing 
institutional credentials and infrastructure at Tecnologico de Monterrey. The project builds upon and 
validates theoretical IRT models originally developed by the authors, extending them into a practical 
implementation that leverages contemporary AI capabilities while maintaining fidelity to established 
psychometric principles. This Brazil-Mexico research collaboration demonstrates how theoretical 
advances can be translated into practical educational innovations through international partnership. 

The project was guided by three research questions: 
RQ1: How can Canvas LMS be technically integrated with external IRT assessment services and 

generative AI using existing institutional authentication systems, building upon theoretical IRT 
frameworks developed? 

RQ2: What pedagogical value does a three variable IRT model (Grade-Confidence-
Performance), validated through collaboration with USP researchers, provide beyond traditional 
assessment approaches? 

RQ3: How do students and instructors perceive the usability and educational value of AI-
generated feedback integrated within their familiar LMS environment? 

The significance of this work extends beyond technical integration. First, it demonstrates that 
sophisticated educational technologies can be developed and deployed without commercial licensing 
costs, addressing equity concerns central to Sustainable Development Goal #4 (Quality Education) 
[16]. Second, it provides an empirical evaluation of student experiences with AI-generated feedback, 
contributing to emerging literature on human-AI interaction in education [17,18]. Third, it offers a 
replicable framework that other institutions could adapt using their existing Canvas and Google 
Workspace infrastructure. Fourth, it illustrates a successful model of international research 
collaboration, where theoretical advances from one national context inform practical innovation in 
another, with findings that can benefit both. 

2. Literature review 

2.1. Learning Management Systems as Evolving Platforms 
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Learning Management Systems have evolved from simple content delivery platforms to 
complex ecosystems supporting diverse pedagogical activities [19,20]. Canvas LMS, developed by 
Instructure, has gained significant market share in higher education due to its open architecture, 
robust API, and support for Learning Tools Interoperability (LTI) standards [21,22]. These technical 
characteristics make Canvas particularly suitable for institutional innovation, as external tools can be 
integrated without modifying core platform code. 

However, research consistently indicates that institutions underutilize available LMS 
capabilities [1,23]. Most faculty employ LMS for administrative functions, syllabus distribution, 
grade recording, content hosting, while pedagogical features such as analytics, adaptive release, and 
competency-based tracking remain underused [24,25]. This “feature gap” represents lost 
opportunities for enhancing student learning through data-informed instruction [26]. 

Recent institutional experiences highlight both potential and challenges in LMS analytics 
adoption. The University of Waterloo’s pilot of D2L’s Performance+ analytics add-on revealed that 
while instructors desired better learning analytics, inconsistent course data structures and limited 
customization capabilities reduced practical value. Similarly, Graz University of Technology’s 
dashboard redesign demonstrated that student-centered analytics require careful attention to 
usability, transparency, and alignment with curricular structures [27]. These cases underscore that 
effective LMS enhancement requires both technical capability and pedagogical intentionality. 

In the Latin American context, institutions including Tecnologico de Monterrey and 
Universidade de São Paulo have been at the forefront of LMS innovation, exploring integrations that 
address regional educational challenges while contributing to global knowledge. The collaboration 
between these institutions represents a strategic approach to leveraging complementary strengths, 
with deep theoretical expertise in psychometrics and intelligent systems, and Tecnologico de 
Monterrey’s experience with Canvas implementation and educational technology innovation. 

2.2. Item Response Theory in Digital Assessment: The Brazilian Theoretical Foundation 

Item Response Theory represents a change in basic assumptions from classical test theory by 
modeling the probability of correct response as a function of latent student ability and item 
characteristics [3,4]. The three-parameter logistic model (3PL) accounts for discrimination, difficulty, 
and guessing parameters, providing nuanced measurement particularly valuable for high-stakes 
assessment [5,6]. 

The theoretical foundation for the CONF.i project was established through doctoral and master’s 
research conducted by the author Antonio Carlos Bento. This foundational work focused on the 
development and study of intelligent tutoring systems and expert systems, with particular emphasis 
on applying IRT to address uncertainties inherent in multiple-choice student assessments. The 
research recognized that traditional scoring methods fail to capture important dimensions of student 
learning, including confidence calibration, response patterns, and the metacognitive processes 
underlying academic performance. 

The theoretical framework identified three critical variables for comprehensive student 
assessment: 

Grade (summative performance): The traditional measure of correct responses, providing 
baseline achievement data. 

Confidence (student self-assessment): The degree of certainty students expresses about their 
responses, revealing metacognitive awareness and potential overconfidence or under confidence 
patterns. 

Performance (engagement and process): A composite measure reflecting how students navigate 
assessments, including response patterns and consistency. 

This three-variable model emerged from extensive analysis of student response behaviors in 
intelligent tutoring contexts, where researchers observed that accuracy alone failed to predict long-
term learning outcomes. Students who answered correctly but expressed low confidence often 
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demonstrated fragile knowledge that deteriorated over time, while students who answered 
incorrectly but expressed appropriate uncertainty showed greater receptivity to remediation. 

In digital learning environments, IRT enables computer-adaptive testing (CAT), where 
algorithms select subsequent items based on real-time ability estimates [7,8]. CAT reduces test length 
while maintaining or improving measurement precision, benefiting both students (reduced fatigue) 
and institutions (efficient assessment) [28]. Meta analyses confirm that adaptive assessments yield 
more accurate ability estimates than fixed-form tests across diverse subject domains [29,30]. 

Recent innovations extend IRT beyond correct/incorrect scoring. Researchers have incorporated 
response time [31], confidence ratings [32], and process data [33] as additional dimensions enriching 
ability estimation. These multidimensional IRT models acknowledge that learning involves not only 
accuracy but also efficiency, certainty, and strategic approach [34,35]. The CONF.i project 
operationalizes multidimensional assessment through two directly measured variables Grade 
(accuracy) and Confidence (self-reported certainty) and a derived composite variable, Performance, 
calculated as their arithmetic mean. While Performance is not an independent psychometric 
dimension, it serves a crucial diagnostic function: it provides a single metric that captures the 
alignment between accuracy and certainty, revealing patterns invisible when these dimensions are 
examined separately. This approach builds on multidimensional IRT traditions [34] while 
maintaining computational simplicity suitable for real-time LMS integration. The theoretical 
justification, validated by the results, is that the relationship between Grade and Confidence carries 
distinct diagnostic information about learning quality beyond either measure alone. 

2.3. Generative AI in Education: Opportunities and Challenges 

The release of ChatGPT in November 2022 catalyzed unprecedented interest in generative AI’s 
educational applications [11,12]. Systematic reviews identify six primary applications: intelligent 
tutoring systems, content generation, assessment support, language learning, personalized feedback, 
and administrative assistance [10]. Benefits documented include improved academic performance, 
increased engagement, enhanced accessibility, and optimized resource utilization. 

Google’s Gemini family includes LearnLM, an experimental model specifically trained in 
learning science principles including cognitive load management, active learning, curiosity 
stimulation, and metacognitive reflection. This specialization distinguishes LearnLM from general-
purpose models by aligning its interaction patterns with established pedagogical frameworks [36]. 
For test preparation applications, LearnLM implements adaptive difficulty progression, explanation 
requirements, and session summaries that mirror effective tutoring strategies [37]. 

However, challenges persist. Student overreliance on AI, technical reliability issues, assessment 
fairness concerns, and data privacy requirements demand careful attention [14,15]. A 2023 Brookings 
Institution study emphasized the need for bias mitigation in educational AI to avoid disadvantaging 
underrepresented groups [38]. The European Union’s proposed AI Act classifies educational 
applications as high-risk, requiring transparency, human oversight, and robust testing [8]. These 
considerations informed CONF.i’s design, particularly the decision to maintain human instructor 
control over final grading while using AI for formative feedback. 

The integration of AI with IRT-based assessment represents a particularly promising direction, 
as AI can interpret multidimensional student data and generate personalized guidance that would 
be impossible to produce manually on a scale. This aligns with the original vision from the research, 
which sought to create intelligent systems capable of providing individualized support based on 
sophisticated student modeling. 

2.4. Integration Challenges and Opportunities 

Technical integration between LMS, IRT systems, and AI services presents both challenges and 
opportunities. Canvas LTI standards provide standardized authentication and data exchange, but 
custom assessment engines require additional development [21,40]. Google Apps Script offers a low-
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barrier development environment leveraging institutional Google Workspace credentials, 
simplifying authentication and data storage. 

The Gemini App’s integration of AI-powered SAT practice tests with Princeton Review content 
demonstrates commercial interest in AI assessment at scale. This development, announced by 
Google, validates the broader trend toward AI-enhanced test preparation and suggests growing 
market acceptance of these technologies. For higher education institutions, the challenge lies not in 
whether to adopt such capabilities but in how to integrate them within existing workflows and 
infrastructure. 

The CONF.i project addresses this integration challenge through a design approach prioritizing: 
(1) use of existing institutional credentials, (2) minimal disruption to faculty and student workflows, 
(3) open-source development without licensing costs, and (4) compatibility with Canvas LMS without 
requiring institutional IT modifications. This approach aligns with contemporary calls for sustainable 
educational innovation that builds on existing investments rather than requiring wholesale 
replacement [41,42]. 

The collaboration with USP serves as a critical validation mechanism, ensuring that the technical 
implementation remains faithful to the theoretical IRT models developed during the foundational 
research. The researchers have reviewed the three-variable model implementation, provided 
feedback on measurement approaches, and contributed to the interpretation of student confidence 
patterns. This ongoing engagement ensures that the practical innovation maintains theoretical rigor. 

3. Methodology 

3.1. Research Design 

This study employed design-based research (DBR) methodology, appropriate for investigating 
complex educational interventions in authentic contexts [43,44]. DBR’s iterative cycles of design, 
implementation, analysis, and refinement align with the project’s goals of developing a functional 
integration while generating theoretical insights about LMS enhancement possibilities. 

The research proceeded through four phases: 
Analysis and Design (Months 1-2): Technical requirements specification, IRT model 

development, API exploration. During this phase, the research team engaged with collaborators 
through three structured virtual meetings. In these sessions, the researchers: (1) reviewed the 
mathematical specification of the three-variable model (Grade-Confidence-Performance) against 
foundational IRT literature from their prior studies; (2) assessed the face validity of the confidence 
rating mechanism as a proxy for metacognitive awareness; and (3) provided written feedback on the 
interpretation framework for identifying student patterns. This process confirmed that the simplified 
multidimensional approach maintained theoretical integrity while enabling real-time computation. 
The USP research team reviewed this model through theoretical analysis, comparing its formulation 
with established multidimensional IRT approaches [34]. Their assessment confirmed that while the 
simplified arithmetic mean approach does not constitute a formal multidimensional IRT model, it 
maintains sufficient diagnostic validity for formative, low-stakes assessment contexts while enabling 
real-time computation within the Google Apps Script environment. 

Prototype Development (Months 3-4): Google Apps Script implementation, Canvas LTI 
configuration, Gemini API integration. The researchers provided periodic feedback on the 
implementation of fidelity to theoretical models. 

Pilot Implementation (Month 5): Testing with twenty-three students in authentic course context 
at Tecnologico de Monterrey. 

Evaluation and Refinement (Month 6): Mixed-methods data collection, analysis, and future 
recommendations. The collaborators participated in data interpretation and theoretical implications 
analysis. 

3.1. System Architecture 
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The CONF.i architecture comprises four interconnected components (Figure 1): 

 
Figure 1. CONF.i Interaction architecture for intelligent LMS enhancement using IRT and Generative AI. 

Component 1: Canvas LMS Integration Layer 

• LTI 1.3 compliant external tool configuration 
• OAuth2 authentication using institutional credentials. 
• Course context passing (course ID, assignment ID, user role, user email) 
• Grade pass back to Canvas gradebook. 

Component 2: Google Apps Script Backend 

• Web application serving HTML/JavaScript interfaces. 
• Spreadsheet-based data storage for questions, responses, and analytics. 
• Session management and user role detection (instructor vs. student) 
• REST API endpoints for frontend communication. 

Component 3: IRT Assessment Engine 
Three-variable model implementation based on theoretical framework: 

• Grade: Percentage of correct responses (summative accuracy) 
• Confidence: Student-reported certainty per response (Low=0%, Average=50%, High=100%) 
• Performance1: Composite metric = (Grade + Confidence/100) / 2 
• Question bank management with correct answer verification 
• Real-time scoring and visualization 
• Component 4: Gemini AI Integration 
• Gemini API (gemini-2.0-flash or learnlm-2.0-flash-experimental) 
• Prompt engineering for educational feedback. 

o Student view: Personalized feedback on responses with resource recommendations 
o Instructor view: Aggregated class analytics with intervention suggestions 

• Response parsing and HTML rendering 

The Google Apps Script backend was selected because institutional accounts at Tecnologico de 
Monterrey integrate both Canvas and Google Workspace with unified credentials. This eliminated 
additional authentication layers and simplified user identification across platforms. 
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3.2. IRT Three-Variable Model Specification 

The CONF.i IRT implementation extends traditional dichotomous scoring by incorporating 
student confidence ratings, following the theoretical framework developed. For each assessment 
item, the system captures: 

1. Response Correctness (Grade component): Binary (correct/incorrect) based on comparison with 
instructor-defined correct answer. 

2. Confidence Rating: Student selection from three options: 

• Low confidence (0% weight): “Not sure” 
• Average confidence (50% weight): “Reasonably sure” 
• High confidence (100% weight): “Very confident” 

3. Performance Score: For item *i*: 

1. Performance_i = (Grade_i + Confidence_Weight_i) / 2 
2. where Grade_i = 1 if correct, 0 if incorrect 

Aggregate metrics are calculated: 

• Average Grade: Mean of Grade_i across all items (0-100%) 
• Average Confidence: Mean of Confidence_Weight_i across all items (0-100%) 
• Overall Performance: Mean of Performance_i across all items (0-100%) 

This formulation provides diagnostic information beyond simple percentage scores. For 
example, a student scoring 100% correct with low confidence (Average Confidence=0%) yields 
Performance=50%, suggesting mastery without certainty that may indicate fragile knowledge. 
Conversely, a student scoring 67% correct with high confidence (Average Confidence=100%) yields 
Performance=83.5%, suggesting overconfidence in incorrect responses that warrant metacognitive 
intervention. 

The research team validated this model through theoretical analysis and comparison with 
established multidimensional IRT approaches, confirming that the simplified formulation maintains 
diagnostic validity while enabling real-time computation within the Google Apps Script 
environment. 

3.3. Gemini AI Prompt Engineering 

Feedback generation employed structured prompts optimized for educational applications. For 
individual student reports, the system instruction specified: 

Prompt 1: 
You are an educational tutor providing personalized feedback on assessment results. 
For each student response, consider both correctness and confidence level. 
Provide encouraging, constructive feedback that: 

1. Acknowledges correct responses with appropriate reinforcement 
2. Addresses incorrect responses with explanation and learning resources 
3. Comments on confidence-accuracy alignment (overconfidence/under confidence) 
4. Suggests specific resources (videos, tutorials, readings) for improvement 
5. Maintains supportive, growth-oriented tone 

Format response in HTML with appropriate headings and bullet points. 
For instructor reports, an additional aggregation prompt synthesized class-wide pattern: 
Prompt 2: 
Analyze this class assessment data and provide: 

1. Overall class strengths (topics with high accuracy) 
2. Areas needing improvement (topics with low accuracy or concerning confidence patterns) 
3. Individual student alerts (students requiring intervention) 
4. Suggested instructional adjustments based on evidence 
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5. Recommended resources for class-wide review 

3.4. Participants and Context 

Pilot testing was conducted with twenty-three undergraduate students enrolled in TC2005B.503 
“Software Construction for Decision Making” at Tecnologico de Monterrey, Monterrey campus, 
during the Fall 2025 semester. Participant demographics: 

• Age range: 19-22 years (M=20.3, SD=1.1) 
• Gender: sixteen male (69.6%), seven female (30.4%) 
• Academic program: All enrolled in Engineering and Sciences programs. 
• Prior experience with Canvas: All students had minimum two semesters Canvas use. 
• Prior experience with AI tools: nineteen students (82.6%) reported using ChatGPT or similar. 

The course instructor (author Bento) served as facilitator, with co-authors Torres and Camacho 
observing and documenting the pilot. The collaborators participated remotely in data interpretation 
sessions. 

3.5. Data Collection Instruments 

Mixed-methods data collection employed: 
Quantitative Instruments 
Usability Survey: 10-item Likert-scale questionnaire (1-5) assessing interface experience, 

feedback quality, and overall satisfaction. 
System Usage Logs: Automated recording of access times, response patterns, and feature 

utilization 
Assessment Performance Data: Grade, Confidence, and Performance metrics for all participants 

3.6. Qualitative Instruments 

Open-Ended Survey Questions: Four prompts eliciting suggestions, concerns, and 
improvement ideas. 

Instructor Observation Notes: Documented during pilot implementation 
Feedback Comments: Collected from sixteen participants providing written responses. 
Validation Notes: Documentation of feedback from Brazilian collaborators on theoretical 

alignment 
Procedure 
The pilot procedure followed ethical protocols approved by Tecnologico de Monterrey’s 

Institutional Review Board and acknowledged by ethics committee: 
Informed Consent: Students received written information about the pilot, data usage, and their 

rights. All twenty-three students provided consent. 
IRT Orientation: Instructor explained the three-variable model, emphasizing that confidence 

ratings would not affect grades but would inform feedback. This orientation included reference to 
the theoretical foundations developed. 

Assessment Administration: Students completed a 5-question mathematics assessment through 
the CONF.i interface, providing answers and confidence ratings for each item. Screenshots of this 
interface are presented in Figures 2–4. 

AI Feedback Generation: Following submission, Gemini AI generated personalized feedback 
displayed within the Canvas assignment interface. 

Survey Completion: Students completed the usability survey and provided open-ended 
comments. 

Debriefing: Instructor facilitated class discussion about the experience, gathering additional 
qualitative insights. 
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Figure 2. Canvas LTI Integration Screen. 

 
Figure 3. Student Interface with Confidence Options. 
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Figure 4. Student Results Dashboard. 

3.7. Data Analysis 

Quantitative data were analyzed using descriptive statistics (means, standard deviations, 
percentages) and visualizations. Given the pilot’s exploratory nature and sample size, inferential 
statistical tests were not appropriate; instead, patterns in the data inform future larger-scale 
investigation. 

Qualitative comments were analyzed using thematic analysis following six-phase framework: 
familiarization, initial coding, theme search, theme review, theme definition, and write-up. Two 
researchers independently coded responses, achieving 87% inter-code agreement with discrepancies 
resolved through discussion. 

The collaborators participated in the interpretation phase, providing theoretical perspectives on 
observed patterns and their alignment with the foundational IRT research. 

4. Results 

4.1. Technical Integration Feasibility (RQ1) 

The CONF.i framework successfully demonstrated all planned technical integrations, 
confirming the feasibility of implementing theoretical IRT models within the Canvas LMS 
environment. 

LTI Integration: Canvas external tool configuration enabled seamless launching of the CONF.i 
application from within course assignments. User authentication passed through institutional 
credentials without additional login steps. Role detection (instructor vs. student) functioned 
correctly, presenting appropriate interfaces for each user type. 

Google Apps Script Backend: The script-based web application managed concurrent user 
sessions without performance degradation for the pilot scale. Spreadsheet-based storage successfully 
recorded questions, responses, and analytics. However, occasional latency (3-7 seconds) occurred 
during database write operations, consistent with Google Apps Script limitations noted in prior 
implementations. 

IRT Engine: The three-variable model, validated by the collaborators, calculated Grade, 
Confidence, and Performance metrics in real-time. Visualization components rendered correctly 
across devices (desktop and mobile). Grade pass back to Canvas gradebook succeeded, allowing 
instructors to maintain Canvas as the grade source of truth. 
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Gemini API Integration: API calls successfully generated personalized feedback for all twenty-
three participants. Response times averaged 4.2 seconds (SD=1.8), with occasional timeouts requiring 
retry logic. Generated feedback consistently addressed both correctness and confidence patterns, 
demonstrating prompt effectiveness. 

The Figure 2 shows the Canvas assignment creation interface with the CONF.i external tool 
selected. The image demonstrates how instructors can create a new assignment and select the “IRT 
task type” option, illustrating the integration with the existing Canvas workflow. 

Instructor quote: “The integration felt seamless from my perspective. I created the assignment 
in Canvas as usual, selected the CONF.i tool, and the system managed everything else. No IT support 
tickets required.” 

4.2. IRT Three-Variable Model Insights (RQ2) 

Analysis of pilot data using the three-variable model revealed patterns in this student cohort 
that would not be apparent from traditional scoring alone. Table 1 presents aggregated results: 

Table 1. Aggregated Assessment Results. 

Metric Mean SD Min Max 

Grade (% correct) 72.5% 18.3% 33.3% 100% 

Average Confidence 68.2% 22.1% 25.0% 100% 

Performance Score 70.4% 16.8% 41.7% 100% 

Figure 3 shows the student view of the assessment interface, including the question presentation 
and the three confidence options (Low, Average, High). The image illustrates how students interact 
with the IRT confidence mechanism while answering questions. 

More revealing were individual student profiles. Four distinct patterns emerged: 
Observed Pattern A: Aligned Mastery (n = 8, 34.8% of sample) 
High Grade (>80%) with aligned Confidence (±15%). Example: One student scored 100% correct 

with 65% confidence (Performance=82.5%). AI feedback: “Excellent work! Your confidence was 
appropriately high for correct answers. Consider whether you might increase confidence in basic 
facts you’ve mastered.” 

Observed Pattern B: Underconfident Competence (n = 5, 21.7% of sample) 
High Grade (>80%) with low Confidence (<50%). Example: Student scoring 100% correct with 

33% average confidence (Performance=66.5%). AI feedback: “You answered everything correctly but 
seemed unsure. Trust your knowledge more, you clearly understand these concepts!” 

Observed Pattern C: Overconfident Struggle (n = 6, 26.1% of sample) 
Low Grade (<60%) with high Confidence (>80%). Example: Student scoring 33% correct with 

87% confidence (Performance=60%). AI feedback: “Some answers were incorrect despite high 
confidence. This suggests reviewing foundational concepts carefully, verification is especially 
important when you feel certain.” 

Observed Pattern D: Aligned Struggle (n = 4, 17.4% of sample) 
Low Grade (<60%) with appropriately low Confidence (<50%). Example: Student scoring 50% 

correct with 42% confidence (Performance=46%). AI feedback: “You’re aware of areas needing 
improvement, which is an important first step. Let’s focus on those specific concepts.” 

These patterns demonstrate the diagnostic value of confidence measurement. Traditional 
grading would identify only high/low performers, missing the metacognitive insights that inform 
targeted intervention. 
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It is important to emphasize that these categories describe the performance of participants in 
this pilot study; larger-scale research is needed to determine whether these patterns generalize across 
populations and contexts. 

Figure 4 shows an individual student’s results, including the Assign Results display with 
question-by-question breakdown of answers, correctness, confidence levels, and the calculated 
average Grade, Confidence, and Performance metrics. 

The collaborators noted that these patterns align with theoretical predictions from the 
foundational research, validating the three-variable model’s diagnostic utility. The identification of 
overconfident struggle patterns (Pattern C) was particularly significant, as this group represents 
students most resistant to traditional remediation, they believe they understand material they have 
not mastered. 

4.2. Student Experience and Perceptions (RQ3) 

Quantitative Survey Results: 
Twenty-three students completed the usability survey. Table 2 presents aggregated responses: 

Table 2. Student Survey Results. 

Survey Item Mean (1-5) SD Positive (4-5) 

Interface ease of use 4.2 0.8 82.6% 

Confidence rating clarity 4.3 0.7 87.0% 

Feedback helpfulness 4.1 0.9 78.3% 

Resource recommendation value 3.9 1.1 73.9% 

Would recommend to other courses 4.4 0.6 91.3% 

Overall satisfaction 4.3 0.7 87.0% 

Figure 5 shows the Gemini AI-generated feedback presented to a student after assessment 
completion. The feedback includes personalized comments on each response, suggestions for 
improvement, and recommended resources including bibliographic references and video links. 
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Figure 5. AI Feedback for Student. 

Interface experience received 82% positive ratings, with students appreciating the familiar 
Canvas context. One student commented: “It felt like part of Canvas, not a separate tool. I didn’t have 
to learn anything new.” 

AI feedback helpfulness received 78% positive ratings. Students valued personalization: “The 
feedback addressed my specific wrong answers, not generic comments.” However, 22% expressed 
neutrality or dissatisfaction, primarily citing response delays. 

Resource recommendations received the lowest ratings (74% positive). Some students found 
suggestions too general: “The AI recommended entire books when I missed one multiplication 
question. More specific resources would help.” Another noted: “Links to Khan Academy were useful 
but some resources seemed aimed at younger students.” 

Qualitative Thematic Analysis: 
Sixteen students provided written comments, yielding four themes: 
Theme 1: Metacognitive Awareness (n=12) 
Students reported that confidence rating prompted reflection. “Having to say how confident I 

was made me think about what I really know versus guess. I realized I’m often overconfident.” 
Another: “The confidence part was interesting, I noticed I was sure about wrong answers. That’s 
something to work on.” 

Theme 2: Feedback Specificity (n=10) 
Students valued individualized attention. “It felt like having a tutor look at my specific work, 

not just a score.” However, some desired more detail: “The AI said, ‘review multiplication’ but didn’t 
explain why 9×9 equals 81 specifically.” 

Theme 3: Technical Performance (n=8) 
Latency concerns emerged. “It took maybe 30 seconds to get feedback. Fine for homework but 

stressful for timed tests.” Another: “I had to refresh once when it seemed stuck.” These comments 
align with observed Google Apps Script limitations. 

Theme 4: Future Applications (n=7) 
Students suggested expanded uses. “This would be great for practicing quizzes before exams, 

see what you don’t know.” Another: “Could it generate similar practice questions automatically? 
Like if I miss 9×9, give me more multiplication practice.” 

The paragraphs below show the collection of student comments gathered during the pilot 
evaluation. The comments include both positive feedback about the IRT and AI integration as well 
as suggestions for improvement (translated to English by the authors) as shows Table 3. 
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Table 3. Student’s voluntary comments. 

ID Comments 

S1 I liked the idea and think it is a useful tool for assessment in tests. 

S2 What could be improved is that the report appears immediately without needing to 
reload the page, and the interface could be improved. 

S3 
The feedback written by the AI was not displayed, which is not a problem; I understand 
the issue. 

S4 The feedback and suggestions for improvement seemed excellent to me. It is a good 
implementation that could help students improve in the future. 

S5 I really liked the AI; it is particularly good. The professor is also excellent; I like this 
professor a lot. 

S6 
Everything was excellent, except for the AI suggestions. I think instead of being general 
and using books, it could be more specific. If you fail a specific topic, share a video on 
that specific topic instead of giving an entire book with a lot of content. 

S7 

It took a little while to process, but everything was fine. I reloaded the page, and the 
results appeared. The analysis and recommendations are particularly good, and the 
graph is extremely helpful. The good thing about it was that it gave me the chance to 
share my opinion on how confident I felt. As for what went wrong, I would say nothing, 
since everything worked perfectly. 

S8 
I liked the concept; a minimalist and elegant interface, like Canva’s quiz section, would 
be much more appealing. Overall, a good project! 

S9 The results were as expected: a nice interface, and the AI is impressive. 

S10 

The overall experience is quite good. The results analysis and recommendations are 
good; however, I would like more options regarding the confidence questions. Only 
three answers are sufficient for me; I think four or five would be enough to provide a 
more accurate confidence response. 

S11 
It could be visually improved to be more user-friendly; it lacks a defined design yet. 
Aside from that, everything seemed excellent to me. The feedback and the way things 
are presented are good, but I would like to see a bit more feedback from the AI. 

S12 It did not provide me with any support materials. 

S13 

It was a pleasant experience. I liked receiving immediate feedback after taking the test. 
I would like AI to offer practice questions related to the questions I answered incorrectly. 
It also recommended a website for children aged 4-14. It would be helpful to tell the AI 
which demographic it is targeting. 

S14 The results were displayed, but no AI feedback was shown at the bottom of the page. 
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ID Comments 

S15 The results were as expected. 

S16 All the questions were particularly good, as was the way the answers worked and the 
AI analysis. 

S17 The survey was quite well done; the focus on understanding a student’s confidence in 
their knowledge is spot on. 

S18 
I really liked how the app helps by providing resources and a practical, easy-to-
understand data analysis. 

S19 I liked the insights it gives you after finishing the exam. 

Instructor Observations 
The instructor noted three implementation insights. First, explaining the confidence rating 

purpose was essential, students initially wondered if confidence affected grades. Second, the 
instructor dashboard enabled initiative-taking outreach: “I identified three overconfident students 
struggling and scheduled brief meetings before the next exam.” Third, grading efficiency improved: 
“I didn’t grade anything manually. The system managed scoring and feedback, I just reviewed and 
posted grades.” 

Figure 6 shows the instructor’s comprehensive view of student results, including the IRT02 
interface with the option to view individual student reports and send grades to Canvas. The 
dashboard aggregates data from multiple student submissions. 

 
Figure 6. Instructor Dashboard. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 May 2026 doi:10.20944/preprints202605.0041.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.0041.v1
http://creativecommons.org/licenses/by/4.0/


 16 of 21 

 

5. Discussion 

5.1. Principal Findings 

This study demonstrates that integrating Canvas LMS with IRT-based assessment and 
generative AI is technically feasible and pedagogically valuable using existing institutional 
infrastructure. Three principal findings emerge: 

Finding 1: Feasible Integration Pathway 
The CONF.i framework establishes that Google Apps Script provides a viable bridge between 

Canvas LTI standards and Gemini AI capabilities, successfully implementing the theoretical IRT 
models developed. This approach leverages institutional Google Workspace credentials, eliminating 
additional authentication layers and simplifying deployment. While Google Apps Script exhibits 
latency limitations at pilot scale, it enables rapid prototyping without dedicated server infrastructure, 
valuable for institutional innovation before committing to production systems. 

Finding 2: Diagnostic Value of Multidimensional IRT 
The three-variable model (Grade-Confidence-Performance) reveals learning patterns invisible to 

traditional scoring. Overconfidence in incorrect responses (Pattern C) represents particular concern, 
as students holding incorrect belief confidently may resist remediation. Underconfident competence 
(Pattern B) suggests opportunities for confidence-building interventions. These findings extend 
multidimensional IRT research demonstrating that confidence calibration predicts learning outcomes 
beyond accuracy alone [32,35]. The validation from the collaborators confirms that these patterns 
align with theoretical predictions from the foundational research. 

Finding 3: Positive Student Reception with Improvement Areas 
Student responses indicate openness to AI-generated feedback when integrated within familiar 

LMS workflows. The 91% willingness to recommend CONF.i to other courses suggests perceived 
value despite technical limitations. However, feedback specificity and latency concerns identify clear 
improvement priorities. These findings align with broader research on student attitudes toward AI 
in education, which emphasizes the importance of pedagogical alignment over technological novelty 
[11]. 

5.2. Theoretical Contributions 

This work contributes to three theoretical conversations: 
LMS Evolution Theory: Prior research characterized LMS as underutilized platforms [1,24]. 

CONF.i demonstrates that LMS can become intelligent learning environments through external 
integration without requiring platform replacement. This suggests a ‘platform augmentation’ model 
for institutional innovation, where existing investments provide foundation for incremental 
enhancement [41]. This model aligns with [43] diffusion of innovations theory, which suggests that 
innovations perceived as compatible with existing systems and practices are adopted more readily 
than those requiring radical change. By working within Canvas’s LTI standards and leveraging 
existing Google Workspace credentials, CONF.i reduces the ‘complexity’ barrier that often impedes 
educational technology adoption. The Brazil-Mexico collaboration further illustrates how theoretical 
advances from one context can inform practical innovation in another, creating a bidirectional flow 
of knowledge that enriches both partners. 

IRT in Digital Contexts: The three-variable model, originating from research, extends IRT 
applications beyond traditional testing into formative, low-stakes assessment. By incorporating 
confidence ratings, the model addresses metacognitive dimensions of learning increasingly 
recognized as critical for self-regulated learning. This approach aligns with calls for assessment that 
measure not only what students know but how they know it. 

Human-AI Collaboration in Education: The CONF.i design maintains instructor agency while 
leveraging AI for scalable feedback. Instructors retain control over grading policies, intervention 
decisions, and resource selection, with AI providing evidence-based suggestions. This 
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“augmentation rather than replacement” model addresses concerns about AI undermining educator 
roles [15] while capturing efficiency benefits. 

5.2. Practical Implications 

For institutions considering similar integrations, several implications emerge: 
Technical Strategy: Google Apps Script offers low-barrier entry for institutions with Google 

Workspace. However, production deployments should consider migration to more robust platforms 
(Firebase, AWS, Azure) for improved performance and scalability. The identified latency issues 
would amplify with larger user populations. 

Pedagogical Implementation: Confidence ratings require careful framing. Students need 
assurance that confidence does not affect grades to provide honest self-assessment. Instructors should 
discuss confidence calibration as a learning skill, not merely a data point. 

Faculty Development: The CONF.i approach requires faculty comfort with configuring LTI 
tools and interpreting multidimensional analytics. Institutions should provide training in both 
technical setup and pedagogical interpretation of IRT confidence patterns. 

AI Prompt Engineering: Effective educational feedback requires carefully crafted prompts 
incorporating learning science principles. Generic prompts yield generic feedback. Institutions 
should develop prompt libraries aligned with their pedagogical frameworks. 

International Collaboration: The USP-Tecnologico de Monterrey partnership demonstrates the 
value of cross-institutional validation. Institutions seeking to innovate should consider partnerships 
that combine theoretical expertise with practical implementation experience. 

5.3. Limitations 

Several limitations warrant consideration: 
Sample Size and Context: Twenty-three students from a single engineering course at one 

institution limits generalizability. Results may differ across disciplines, institution types, and student 
populations. Larger-scale replications are needed. 

Technical Constraints: Google Apps Script performance limitations may affect user experience 
at scale. The current prototype was not load-evaluated beyond twenty-five concurrent users. 

AI Consistency: Gemini API responses varied across sessions, as noted in identified problems. 
Some students received more detailed feedback than others. This inconsistency requires attention 
before production deployment. 

Assessment Domain: The pilot used mathematics items; results may differ for open-ended, 
qualitative, or project-based assessments requiring different feedback approaches. 

Duration: Single-session exposure limits understanding of longitudinal effects. Would repeated 
CONF.i use improve confidence calibration over time? Would students maintain engagement? These 
questions require extended study. 

Cross-Institutional Validation: While USP collaborators provided theoretical validation, the 
pilot was conducted only at Tecnologico de Monterrey. Future research should include parallel 
implementations at both institutions. 

5.4. Future Research Directions 

Based on these findings and the ongoing collaboration with USP, seven future research priorities 
were identified: 

Scalability Testing: Systematic performance evaluation with larger student populations (100-
1000+ concurrent users) to identify thresholds and optimization requirements. 

Database Migration: Comparative study of Google Apps Script spreadsheet storage versus 
cloud databases (Firebase, MongoDB) on response time and reliability. 
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Longitudinal Effects: Multi-semester investigation of whether repeated CONF.i use improves 
confidence calibration and learning outcomes, conducted jointly at USP and Tecnologico de 
Monterrey. 

Cross-Disciplinary Application: Testing across humanities, social sciences, and professional 
programs to identify domain-specific adaptation requirements. 

Pedagogical Integration: Design-based research exploring how instructors integrate CONF.i 
analytics into teaching practice, what interventions follow from identified patterns? 

Comparative AI Analysis: Systematic comparison of Gemini, GPT-4, and open-source models 
on feedback quality, response time, and cost. 

Student Metacognition: Deeper investigation into how confidence rating affects metacognitive 
awareness and self-regulated learning behaviors. 

Brazil-Mexico Comparative Study: Parallel implementation at USP and Tecnologico de 
Monterrey to examine how institutional and cultural contexts affect IRT-AI integration outcomes. 

Figure 7 shows the comprehensive dashboards displaying the three variables (Grade, 
Confidence, Performance) for individual students. The visualizations illustrate how the 
multidimensional IRT model provides richer diagnostic information than traditional single-score 
reporting. 

 

Figure 7. General Dashboard with Grade, Confidence, Performance. 

6. Conclusion 

The CONF.i project demonstrates that integrating Canvas LMS with Item Response Theory and 
generative AI is technically achievable and pedagogically valuable without requiring institutional 
infrastructure changes. By leveraging existing institutional credentials, open-source development 
approaches, and LTI standards, the framework provides a replicable model for institutions seeking 
to enhance their learning platforms with adaptive assessment and personalized feedback capabilities. 

The three-variable IRT model (Grade-Confidence-Performance), originating from foundational 
research with the Universidade de São Paulo, offers diagnostic insights beyond traditional scoring, 
identifying student patterns, overconfidence, under confidence, aligned mastery, aligned struggle, 
which inform targeted instructional intervention. The validation provided by the collaborators 
confirms that this simplified multidimensional approach maintains theoretical integrity while 
enabling real-time implementation within existing LMS infrastructure. 

Student responses indicate positive reception to AI-generated feedback, with 91% willing to 
recommend the approach to other courses, while also identifying improvement priorities including 
feedback specificity and system responsiveness. These findings suggest that students value AI 
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integration when it provides personalized, actionable guidance within familiar learning 
environments. 

This work contributes to Sustainable Development Goal #4 (Quality Education) by 
demonstrating that sophisticated educational technologies need not re-main the province of well-
resourced institutions. Through thoughtful integration of existing platforms and open AI services, 
institutions can develop intelligent learning environments that support both instructors and students 
in achieving quality learning outcomes. 

The Brazil-Mexico collaboration underlying this research illustrates a powerful model for 
educational innovation: theoretical advances developed in one national context can inform practical 
implementation in another, with findings that benefit both. As generative AI capabilities continue 
advancing, with specialized educational models like LearnLM and commercial integrations like 
Gemini SAT preparation, the opportunity for LMS enhancement will only grow. The question is no 
longer whether AI belongs in educational platforms, but how to integrate it thoughtfully, equitably, 
and effectively across diverse institutional and cultural contexts. 

The CONF.i framework offers one answer, grounded in existing institutional realities, validated 
through international collaboration, and oriented toward pedagogical improvement rather than 
technological replacement. Future work will extend this research through expanded 
implementations at both partner institutions, contributing to a growing body of knowledge on 
intelligent, adaptive, and personalized learning environments in higher education. 
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