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Abstract: Al Chatbots, such as ChatGPT/Grok, can be used as tutors in self-paced learning; they provide personalized
support for technical (e.g. data structures) and management topics, but may require high level of cognitive effort due to
ambiguous responses. This study examined 129 postgraduate students (73% MCA, 21% MBA, 6% other) at DYPCMR using
a ChatGPT tutor with standardized prompts. Grounded in Cognitive Load Theory (CLT), NASA Task Load Index (TLX)
measured moderate overall workload (M = 3.20/5, SD = 1.10), with Mental Demand peaking (M = 3.30, SD = 1.20; 45% rated
high). Digital literacy (93% prior Al use) reduced load (r = -0.25, p < 0.05), while 24-29% ambiguities spiked Frustration (M
= 2.00, SD = 1.00). Satisfaction was high (55% strongly agreed; M = 4.30/5), inversely tied to load (r = -0.35).
Recommendations: concise summaries, adaptive modes. Extends CLT to LLMs in Indian education; limits: self-reports, short
sessions (~10 min).
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I. INTRODUCTION
1.1 Background and Problem Statement

Al chatbots like ChatGPT transform self-paced learning by providing real-time, tailored feedback on topics like recursion in data
structures (MCA) and Porter’s Five Forces (MBA). 70% of teachers will use Al tools by 2025, increasing student engagement
(Labadze et al., 2023). Yet, generative outputs often include ambiguities (e.g., "Let’s understand it in the simplest possible way" in
24% of prompts), imposing extraneous load per CLT (Sweller et al., 2011) — competing with intrinsic task demands and germane
processing.

This gap is acute in Indian postgraduate contexts: high adoption (93% prior use) but underexplored workload, especially with
brief sessions (~10 min) and varying literacy levels. We measured the effects of (1) load drivers such as ambiguities, (2) literacy
moderation, and (3) satisfaction links among 129 DYPCMR students using NASA-TLX.

Il. REVIEW OF LITERATURE

Both opportunities and threats are identified by research on Al in education. Adaptive feedback increases engagement in self-paced
environments (Jose et al., 2025), while chatbots enhance performance and higher-order thinking (Wang & Fan, 2025), according to
meta-analyses. Murtaza et al. (2025) discovered that LLM chatbots outperformed traditional methods in teaching complex concepts
such as driver-assistance systems, resulting in better outcomes through personalized interactions.

However, problems still exist. Cognitive offloading where efficiency gains undermine deep processing can be introduced by
generative Al (Jose et al., 2025). The analysis is framed by Cognitive Load Theory (CLT) (Sweller et al., 2011): intrinsic load arises
from task complexity; extraneous load stems from poor design (e.g., verbose outputs); and germane load refers to the effort devoted
to schema construction and automation. According to multimedia learning principles, optimal tools reduce extraneous load while
maintaining desirable challenge, consistent with Mayer’s split-attention principle (Holmes et al., 2023).

NASA-TLX, a validated multi-dimensional workload measure (Hart & Staveland, 1988), has been applied to educational tech,
revealing lower frustration in well-designed chatbots (Schmidhuber et al., 2021). Recent studies (2023-2025) on ChatGPT in higher
education note satisfaction gains but highlight ambiguities as load amplifiers (e.g., 20-30% error rates in responses; Wang & Fan,
2025). However, no work has used TLX to dissect load in postgraduate self-paced tutoring across technical/management domains.
This study fills that void, integrating TLX with usage logs to inform CLT-aligned designs. Additional gaps include digital literacy’s
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role and domain differences (e.g., coding vs. strategy tasks). By testing hypotheses, we extend theory and practice for scalable Al
tutors.

I11. OBJECTIVES OF STUDY

The study’s objectives were as follows: - Primary Objective: Quantify the overall cognitive load and subscale components (mental,
physical, temporal demand; effort; frustration; performance) experienced by students using a ChatGPT tutor, via the NASA-TLX
instrument [3]. - Secondary Objective 1: Determine the impact of digital literacy (prior Al/chatbot experience) on cognitive load,
specifically whether frequent Al users report a lower workload. - Secondary Objective 2: Identify specific chatbot features or
behaviors (such as ambiguous or verbose responses) that are associated with increased extraneous load. - Secondary Objective 3:
Evaluate user satisfaction and chatbot usefulness, as well as the relationship between satisfaction and cognitive load. - Secondary
Objective 4: Create actionable design recommendations (e.g., concise summaries, clarifications) that reduce cognitive load while
maintaining learning effectiveness.

These objectives are based on CLT principles and address the lack of empirical workload data for Al tutors [3]. By combining
TLX metrics with usage logs and feedback, we hope to improve Al design guidelines for educational contexts.
3.1 Hypotheses of Study

e H1: Higher digital literacy — lower NASA-TLX.

e HO-1: No relationship between digital literacy and NASA-TLX.

e H2: Sessions with ambiguous/error-prone chatbot responses — higher NASA-TLX.

e HO0-2: Ambiguous/error responses are not associated with different NASA-TLX scores.
e H3: Higher NASA-TLX — lower satisfaction/usefulness.

e HO0-3: NASA-TLX is not associated with satisfaction/usefulness.

e H4: No significant difference in overall NASA-TLX between MCA and MBA students.
e HO-4: There is no difference in overall NASA-TLX between MCA and MBA students.

IV. RESEARCH METHODOLOGY

We used a web-based tool to conduct a survey. Important components: - Research Design: A convenience sample in a descriptive
study. Participants interacted with a ChatGPT -driven Q&A tutor before completing surveys. This design is consistent with validated
TLX studies and is appropriate for self-paced learning contexts [3]. - Participants: Included 129 postgraduate students from a
technical college who provided their full consent. 8 students (6%) were from other programs and 27 students (21%) were MBA,
with 94 MCA students (73%). The sample was gender balanced (approximately 50% male and 50% female) and primarily young
(58% under 26). The two main groups worked on curriculum-related tasks (MCA students solved data structure problems, MBA
students applied Porter’s model). - Tools & Instruments: All data was gathered using Google Forms. Instruments included: (a) a
NASA-TLX questionnaire (6 dimensions on 5-point Likert scales [6]), (b) a custom Digital Literacy survey (4 items on Al use
frequency), (c) chatbot interaction logs. TLX was chosen for its multi-dimensional workload assessment [6], and we ensured TLX
reliability by instructing students on the scale prior to the task. - Procedure: Over two weeks (November 2025), participants
accessed a ChatGPT-powered tutor interface. They submitted subject-specific prompts (programming or management questions)
and received Al responses. Immediately after interaction, they rated workload via TLX and answered Likert-scale questions on
usefulness and satisfaction. Open-ended responses were collected for qualitative feedback. Participants were anonymous and the
completion rate was 87% overall. - Data Analysis: The responses were exported to Python for analysis. We calculated descriptive
statistics (means, SDs, and frequencies). ANOVA was used for group comparisons between MCA and MBA. Pearson correlations
assessed relationships (e.g. literacy vs. load). We also coded open feedback to identify common suggestions (e.g. request for
summaries). The NASA-TLX means, distributions (median, IQR), and cross-tabulations are presented in Figures 1-4 and Tables
1-4 (see Appendix). Statistical significance was set at p < 0.05.
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V. ANALYSIS AND INTERPRETATION OF DATA
5.1 Mean NASA-TLX subscale scores by program
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TLX results from 129 valid surveys showed an overall moderate workload (mean TLX ~2.21 on a 5-point scale). Mental Demand
was the highest subscale (mean = 3.26; 49% rated it 4-5), reflecting the effort required to comprehend responses. Physical Demand
(M=2.04) and Temporal Demand (M=2.07) were minimal, as anticipated for a standard desktop, untimed activity. Effort (M = 1.84)
and Frustration (M = 1.90) were fairly low, suggesting that the majority of students found the tasks easy to complete. These findings
align with CLT expectations in an interactive environment [6].

5.2 Relationship between digital literacy and perceived cognitive load

Overall NASA-TLX Score
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Digital literacy had a significant effect: students reporting frequent prior Al use (daily/weekly) had lower TLX scores on average,
with a negative correlation between literacy score and overall TLX (r ~ —0.25, p < 0.05). This suggests familiarity with chatbots
reduces cognitive load. No significant TLX difference was found between MCA and MBA groups (ANOVA F <2, p>0.1).
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5.3 Workload profile across NASA-TLX dimensions
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Analysis of chatbot log data revealed that 24-29% of user prompts produced responses containing errors or incomplete phrases
(e.g., typos in code examples). Sessions with such “ambiguous” answers were associated with higher Mental Demand ratings (+0.5
mean increase). In other words, unclear outputs directly spiked perceived workload. In contrast, clear and concise answers were
generally rated as easy to process.

Table 5 summary of TLX performance and statistical comparisons:

Comparison r (Load-Usability) | t-stat p-value | Effect Size (Cohen's d)
Literacy vs. Overall Load -0.25 - <0.01 | 0.45 (medium)

MCA vs. MBA (Mental) - 1.2 0.23 0.25 (small)

Load vs. Satisfaction -0.35 - <0.01 | 0.60 (medium)
ANOVA Subgroups (Overall) | — F=1.8] 0.17 -

User feedback indicated high usability, with 55% strongly agreeing that the chatbot was easy to understand (mean satisfaction =
4.24/5). Lower workload correlated with higher usefulness (r = —0.35). Overall performance ratings were strong, and detailed TLX
patterns are presented in Table 5.

Findings of the Study: The analysis yielded several key points: - The student sample was evenly split by gender and predominantly
young (58% under 26). The majority (73%) tackled technical (MCA) queries, the rest management (MBA). - Overall cognitive load
was moderate: average NASA-TLX ~2.2/5. Nearly half the students found the tasks mentally demanding (TLX mental >4), but
physical/temporal load remained low. - High Al experience reduced load: Students who regularly used ChatGPT or similar tools
reported significantly lower workload (r = —0.25, p < 0.05), suggesting learning transfer of skills. - Ambiguous outputs increased
load: Approximately 25% of chatbot answers contained errors or unclear wording. These instances coincided with significant
increases in mental demand (typically +0.5 above baseline). - Strong satisfaction despite load: 55% of students “strongly agreed” the
chatbot was useful and easy to use (mean =~ 4.2/5). Higher satisfaction correlated with lower TLX (r = —0.35). - No clear subgroup
differences: There were no statistically significant TLX differences between MCA and MBA learners, implying the tutor’s cognitive
impact was similar across domains. - Design recommendations: Open responses highlighted a need for concise explanations: 30%
suggested adding brief summaries or examples. This aligns with reducing extraneous load via clarity (as per Mayer’s split-attention
principle [7][5]).

These results align with Cognitive Load Theory. When the chatbot employed unclear or confusing language, students experienced
increased cognitive strain. Conversely, familiarity with Al tools and the provision of clear explanations facilitated the learning
process. What makes this study particularly noteworthy is that it evaluates cognitive load within a real chatbot tutoring session, rather
than purely in a theoretical context. Overall, the findings indicate that while ChatGPT can be an effective learning tool, its responses
must be clear and straightforward to prevent students from feeling overwhelmed.
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VI. CONCLUSION

This empirical investigation of 129 postgraduate interactions reveals ChatGPT's moderate cognitive footprint (TLX = 2.21/5),
mitigated by literacy and clarity. By supporting hypotheses on load sources and benefits, we extend CLT to Al tutoring. Optimized
designs—emphasizing concise, error-free outputs—can maximize engagement without overload. Future refinements promise
efficient, accessible self-paced learning, harnessing Al's potential equitably.
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