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Abstract: The integration of large language models into higher education has necessitated 

structural adjustments in traditional coding instruction. However, applying these generative 

tools to complex, cross-disciplinary subjects like "Intelligent Data Analysis" within 

vocational settings remains a practical challenge. This paper outlines a pedagogical 

framework that transitions from syntax-focused memorization to Visual Logic Verification. 

Rather than treating generative AI as an automated coding assistant, this approach reframes 

the technology as an object of critical analysis, intentionally utilizing it to generate 

plausible but statistically flawed outputs that stimulate student inquiry. By examining a 

specific financial time-series case study involving Bollinger Bands calculations, we 

illustrate how analyzing AI-generated visual anomalies can foster deep algorithmic 

comprehension. The paper also discusses strategies for code-free conceptual assessment 

and diagnostic scaffolding. In summary, this framework offers a practical model for 

modernizing vocational data science curricula, balancing the utility of AI tools with the 

necessity of rigorous academic standards. 

1. Introduction 

The computer curricula in China's vocational education sector are undergoing significant 

transformations in the AI era[1]. Foundational courses such as "Intelligent Data Analysis (Python)" 

are fundamental to IT and business professional clusters. These subjects require students to bridge a 

significant cognitive gap, that they need to simultaneously master programming syntax and 

comprehend abstract statistical theories. Topics ranging from multi-dimensional data manipulation 

to time-series forecasting naturally impose a high cognitive load on learners[2]. 

Compared to traditional university cohorts, vocational learners often possess strong hands-on 

operational capabilities but may require additional scaffolding when confronting abstract 

mathematical models. Historically, instructional methods in these subjects have relied heavily on 

linear, lecture-based syntax delivery. While this approach builds basic coding proficiency, learners 

with uneven foundational skills often struggle to synthesize the underlying mathematical logic. 

Consequently, students may successfully execute a piece of code by rote memorization without 
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understanding the statistical assumptions driving the algorithm. 

The rapid accessibility of generative artificial intelligence presents both a distinct challenge and 

new pedagogical possibilities for vocational educators[3]. The default application of AI in 

programming education often involves using it as a shortcut to generate boilerplate code. To 

counter this tendency, our research seeks to establish a "human-in-the-loop" pedagogical framework. 

The primary objective is to harness generative AI not as a bypass for academic effort, but as an 

interactive tool for analytical reasoning and logic validation, aligning with the applied-skills focus 

of vocational education. 

2. Reconstructing Classroom Dynamics 

To move beyond passive knowledge transfer, instructional design should intentionally introduce 

cognitive challenges. In this model, the instructor curates AI outputs that contain subtle logical or 

statistical inaccuracies. This forces students to actively debug the underlying mathematical concepts 

rather than merely correcting typographical or syntax errors. 

2.1. AI-Driven Conceptual Analogies 

Before engaging with complex scripting, students must construct a mental model of abstract data 

structures[4]. Instructors can utilize AI to generate real-world analogies for specific functions. For 

instance, distinguishing between relational database operations like pandas.merge() and 

pandas.concat() is a common hurdle for beginners. An instructor might prompt the AI to explain 

these concepts using practical scenarios. The AI might compare concatenation to physically 

stacking monthly sales ledgers sequentially, while merging is likened to cross-referencing customer 

identity numbers across two separate corporate databases. 

When students visualize the "stacking" versus "cross-referencing" metaphor, the abstract syntax 

of Pandas functions becomes grounded in tangible operations. The instructor's role is to moderate 

these explanations, ensuring students successfully map these intuitive, AI-generated metaphors back 

to the rigorous constraints of relational database theory, rather than stopping at a superficial 

understanding. 

2.2. The Visual Logic Approach 

Standard text-based debugging often frustrates vocational learners, as dense error tracebacks can 

be intimidating and counterproductive. To address this, we propose the Visual Logic approach. This 

technique uses Python's visualization libraries (such as Matplotlib and Seaborn) to expose 

algorithmic flaws in a highly intuitive format[5]. When an AI generates logically flawed data 

processing code, the resulting visual distortion serves as a clear problem to solve. Resolving a 

visual anomaly shifts the student's cognitive focus from "Why won't this code run?" to "Why does 

this output contradict our statistical expectations?". 

3. Practical Implementation: Time-Series Analysis 

To illustrate this application, we introduced a targeted scenario involving financial market 

analysis within the classroom. Students were assigned the task of calculating and plotting Bollinger 

Bands for a stock's historical closing prices, which is a standard dynamic volatility indicator used in 

quantitative analysis[6]. This specific task was chosen because it effectively combines core 

programming skills (DataFrame manipulation) with fundamental statistical concepts (moving 

averages and standard deviations). 
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During the live demonstration, the instructor prompted the AI to generate the analytical script. 

The resulting Python code was syntactically flawless; it executed without raising any system errors. 

However, it contained a fundamental statistical misapplication. The AI utilized an expanding() 

window instead of a localized rolling() window to calculate the standard deviation of the asset's 

price. 

 

Figure 1. Applying Visual Logic Verification: (A) The anomalous volatility bands produced by the 

AI's expanding window error; (B) The dynamic, accurate bands restored after students implemented 

a 20-day rolling window. 

Upon plotting the AI's script, the generated chart displayed volatility bands that expanded 

indefinitely over time, failing to capture recent price dynamics (Figure 1A). The instructor used this 

visible anomaly as a teaching point, asking the class: "The generated chart contradicts the financial 

reality of how volatility behaves in localized periods. Based on the moving average principles we 

covered earlier, how did the AI misapply the statistical window function?". 

Through collaborative analysis, students were required to trace the visual distortion back to the 

cumulative standard deviation logic embedded in the code. By identifying the error and modifying 

the script to employ a proper 20-day window (rolling(window=20).std()), they successfully restored 

the accurate, dynamic visualization (Figure 1B). This exercise demonstrated that large language 

models, while syntactically proficient, often lack domain-specific contextual awareness, thereby 

reinforcing the necessity of statistical literacy. 

4. Restructuring Homework and Examinations 

The integration of AI necessitates adjustments beyond direct classroom instruction, extending 

into how students manage their independent study and how educators evaluate student 

understanding. 

4.1. AI as a Diagnostic Guide 

Outside the classroom, students are encouraged to interact with AI as a diagnostic companion 

rather than an answer generator. When encountering exceptions during homework assignments, 

students are explicitly trained in prompt engineering. For instance, if a student encounters a 

KeyError when merging datasets, they are guided to ask the AI to explain the principles of index 

alignment rather than simply asking for the corrected code. This practice transforms routine study 

sessions into analytical dialogues that support autonomous problem-solving. 
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4.2. Code-Excluded Knowledge Testing 

A significant challenge in contemporary education is accurately assessing true student 

understanding when AI can easily generate functional scripts. To prevent students from relying on 

rote syntax memorization, the assessment strategy requires a fundamental shift. Instructors can use 

generative tools to rapidly design extensive sets of "code-free" multiple-choice and short-answer 

questions. 

These questions are structured to focus strictly on underlying statistical intent and algorithmic 

logic. For example, rather than asking a student to write the code for filling missing values, a 

question might ask them to evaluate the statistical impact of choosing median imputation over mean 

imputation in a dataset heavily skewed by outliers. By intentionally removing code snippets from 

the evaluation metrics, instructors can isolate and measure the students' conceptual mastery without 

the interference of AI-assisted coding tools. 

5. Academic Integrity and Boundary Setting 

Deploying an AI-integrated framework within a vocational curriculum requires strict 

pedagogical guidelines. The primary boundary is maintaining the centrality of foundational theory. 

AI should be positioned consistently as an enhancement mechanism, not as a replacement for 

acquiring fundamental statistical and computational knowledge. 

To maintain academic integrity, clear departmental policies need to be established. For example, 

practical lab assessments can be conducted in controlled, offline environments to evaluate genuine 

coding competency, while open-book conceptual exams can allow restricted AI use to test students' 

prompt formulation and output verification skills. Furthermore, instructors should regularly review 

AI-generated analogies, study guides, and problem sets to ensure they remain tightly aligned with 

the specific instructional goals of the vocational program. 

6. Conclusion 

The integration of generative AI into curricula such as "Intelligent Data Analysis" represents a 

necessary, pragmatic adaptation in vocational IT education. By transitioning towards Visual Logic 

Verification and treating AI models as collaborative tools, this framework shifts the educational 

focus from basic syntax acquisition to critical algorithmic analysis. Through targeted exercises like 

debugging financial time-series visualizations, students not only practice essential Python skills but 

also cultivate the analytical intuition required to audit machine-generated logic. As intelligent tools 

become standard utilities in the modern workplace, equipping vocational students with the ability to 

critically verify and guide AI outputs will remain a central objective of pedagogical design. 
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