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Why did the instructors use GenAI for learning and teaching?
Large language models (LLM) are playing an increasingly prominent role  in everyday learning and research, especially 
through conversational interfaces. Like human-to-human dialogue, human–LLM interaction is shaped by the 
“personality” expressed in language. Measuring that personality has been difficult because traditional psychometric tools 
assume human emotions and actions. To address this, Lik-Hang and his team developed the Language Model Linguistic 
Personality Assessment (LMLPA), a system that evaluates the linguistic personalities of LLMs. By quantifying distinct traits 
reflected in model outputs, LMLPA enables educators and researchers to tailor AI-powered conversational agents to 
disciplinary needs, including education, where different teaching personas may enhance engagement and outcomes.

How was GenAI applied in this scenario?
The team designed LMLPA to assess personality through language rather than self-reported feelings or behaviours as 
detailed in Figure 1. They adapted the Big Five Inventory (BFI) into open-ended questions focused on linguistic features 
such as assertiveness, positivity, coherence, and handling of stress-inducing scenarios. An AI rater was then used to 
convert these free-text responses into numeric trait scores. Both GPT-4-Turbo and Llama3 were set to temperature 0 to 
ensure deterministic, reproducible outputs. The full system integrated the adapted questionnaire and the AI rater to 
automate personality detection for LLMs. In addition, the team compared LLM-generated responses under 
personality-induction prompts to the scores produced by LMLPA, examining how well measured traits track the intended 
persona changes.

What was the impact on student learning?
With the ability to characterise and control the linguistic personality of an LLM, educators can design conversational 
agents that match pedagogical goals and learner preferences. For instance, teaching agents could be configured to be 
more agreeable or more conscientious, then evaluated to see which traits correspond to improved learning curves or 
engagement. The study suggests that while measured scores generally follow the direction of prompted traits, extreme 
expressions are dampened, likely due to protective mechanisms in aligned models. This is useful in educational settings, 
as it supports stable and constructive interactions. The results also indicated GPT-4-Turbo was particularly strong as an 
AI rater for personality assessment, while Llama3 could yield consistent responses under complex prompts—insights 
that can inform tool selection for classroom or research deployment.

What were the challenges encountered during the 
implementation and what solutions were used?
One major challenge was that traditional human-centric psychometrics and multiple-choice formats could introduce bias 
in LLM evaluations, particularly because these models are sensitive to the order of answer options. The team mitigated 
this by using open-ended questions with required frequency wording and a brief rationale, then scoring with AI raters. 
Another challenge was the lack of gold-standard datasets containing texts labelled with numeric Big Five scores, which 
limited supervised training of raters. The study therefore relied on zero-shot prompting and validated AI raters against 
human experts. Future work will explore in-context learning or fine-tuning once suitable datasets are available. 

Looking ahead, LMLPA establishes a practical path for shaping and measuring LLM teaching personas. By reducing biases 
associated with traditional multiple-choice instruments and aligning well with human judgments, the system enables 
systematic experimentation with AI personalities in education and other professions. As datasets and methods mature, 
context-specific AI personas can be refined to suit different domains and learner needs, improving user experience and 
learning outcomes across disciplines.

Figure 1: The complete structure of LMLPA with 2 main components ‘Adapted-Big 
                 Five Inventory (Adapted-BFI) and the AI rater
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