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Abstract: Computational thinking is one of the core competencies for talents in the field of
artificial intelligence. However, artificial intelligence courses aimed at cultivating
computational thinking face three major predicaments: lack of authentic context, cognitive
opacity, and weak motivation. Based on an analysis of scenario—based teaching, scaffolding
instruction, and gamification, this paper proposes a collaborative teaching approach
characterized by “scenarios continuously present, with scaffolding and games dynamically
intervening and promptly returning to the scenario upon goal achievement.” Specifically,
scenario-based teaching serves as the underlying cognitive field that runs throughout the entire
course, while scaffolding instruction and gamification are introduced on demand into the
scenario—based teaching process, targeting cognitive confusion and insufficient motivation
respectively. When both cognitive confusion and insufficient motivation occur simultaneously,
the principle of “cognitive priority” is followed. Furthermore, taking recommender systems as
an example, this paper elaborates on key design points including scenario design covering
seven elements, scaffold fading mechanisms, and gamification level design, providing operable
methods for cultivating computational thinking in artificial intelligence courses.

Keywords: computational thinking; scenario—based teaching; scaffolding instruction;
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1. Introduction

Computational Thinking(CT) is defined as the thought process of applying fundamental
computer science concepts to problem solving, system design, and understanding human
behavior [1], it has become one of the core literacies for talent in the intelligent eral?. In
2018, the Ministry of Education issued the “Action Plan for Artificial Intelligence Innovation
in Higher Education Institutions”, urging universities to incorporate computational thinking
cultivation into the core objectives of Al curricula [3]. For instance, the United States has
prioritized computational thinking skills such as problem solving and abstraction in Al
education [4]. However, after years of pedagogical practice, the academic community has
generally recognized three major predicaments:

Copyright©2026 by the authors. Published by ELSP. This work is licensed under Creative Commons
‘@ ® \ Attribution 4.0 International License, which permits unrestricted use, distribution, and reproduction

in any medium provided the original work is properly cited.

Ding L, et al. Proc. Humanit. Educ. Soc. Sci. 2026(1):0010


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Proc. Humanit. Educ. Soc. Sci. Article

(1) Lack of context: Traditional instruction is detached from real-world engineering
scenarios, resulting in unsatisfactory outcomes in thinking cultivation [5].

(2) Cognitive opacity: Elements of computational thinking such as decomposition and
abstraction are inherently tacit, making them difficult to observe and express
directly; thus, scaffolding is needed to externalize implicit knowledge [6].

(3) Weak motivation: There is a lack of organic integration among course content, game
design, and thinking practice; gamification elements often remain disconnected
from core thinking training, making it difficult for students to perceive their
cognitive progression during gameplay, and their participation motivation
significantly declines as the course proceeds [7].

However, existing studies tend to focus on a single strategy (e.g., scenario design alone,
scaffolding alone, or gamification alone), which makes it difficult to simultaneously address the
above three challenges. Therefore, it is necessary to systematically explore the connotations,
design essentials, and synergistic mechanisms of the three approaches.

2. The connotation of computational thinking

Computational thinking practice is a collection of methodological elements for problem
solving [8]. The U.S. K-12 Computer Science Framework explicitly cultivates practices
such as pattern recognition and abstraction [9]. Shute et al., after reviewing 45 papers,
proposed a universal computational thinking framework comprising six elements:
decomposition, abstraction, algorithm, debugging, iteration, and generalization [10]. Selby
et al., by screening the consistency in the use and interpretation of computational thinking
elements across various literature, summarized five key elements with relatively high
consensus: abstraction, decomposition, algorithm, evaluation, and generalization, where
“generalization” is similar in meaning to “generalisation” [11]. Building on Selby’s
definitions of computational thinking elements, Shen Shusheng et al. further noted that the
requirements for computational thinking in the field of artificial intelligence are significantly
different from those in general programming courses [12]. Zhang Yi et al. pointed out that
when dealing with complex engineering problems, debugging and iteration are equally
critical [13].

Considering the special demands of artificial intelligence courses for debugging and
iteration, as well as the transfer value of generalization ability in engineering practice, this
study synthesizes the above viewpoints and adopts seven elements—namely decomposition,
abstraction, algorithm, debugging, evaluation, iteration, and generalization—as the core
orientation for computational thinking cultivation.

3. Design of teaching methods for artificial intelligence courses

This paper integrates the advantages of scenario design, scaffolding, and gamification
instruction to construct a collaborative teaching design characterized by ‘“continuous
presence of scenarios, with scaffolding and games dynamically intervening”.
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3.1. Scenario—based instruction: a continuously operating cognitive field

Piaget’s view [14] grounds CT in authentic scenarios. Shen et al. [12] create sequential,
relational, or dynamic scenarios by regulating roles, tasks, resources, and events, adapting
abstraction, decomposition, algorithm, evaluation, and generalization to Al paradigms.
Scenario instruction designs real-world problems for applying these elements. Design
principles: (1) set project cycle (e.g., 4 weeks) with real data (e.g., MovieLens) and emergent
requirements; (2) scenario runs continuously, with scaffolding/gamification triggered within;
(3) solving authentic problems covers decomposition, abstraction, algorithm, evaluation,
debugging, iteration, and generalization; (4) generalization is key—students generalize via
new datasets/domains in cross—context tasks; (5) flexibly construct sequential, relational, or
dynamic scenarios per problem nature. Example: a 4-week video recommendation project
with five stages (requirements, modeling, testing, optimization, cross-domain transfer). Table
1’s 'Scenario events/problems’ and ‘Thinking activities” show emergent task contexts and
invoked CT elements.

Table 1. Application of scenario—based instruction (using a recommendation system
as an example).

CT

Scenario Event / Problem Thinking Activities Provided to Students
Element

Build the model in the form of a user—item rating

Obtain large volumes of heterogeneous matrix, and abstract user preferences into latent

Abstraction data such as browsing, clicks, and ratings

vectors.
Simultaneously satisfy the needs of new Decompose the work into five modules: data
Decomposition and existing users as well as popular and preprocessing, user profiling, collaborative filtering,
long-tail items cold start, and evaluation.

Adopt recommendation strategies based on
high- probability events, such as combining
demographic features with content popularity

New users with no historical data (e.g.,

Algorithm cold start)

Unexpected recommendations (e.g.,
Debugging recommending childish animated content
to adults)
Recommendation accuracy fails to meet
the preset requirements

Debug separately for similarity computation, weight
allocation, missing data, etc

Evaluation Combine offline evaluation with online evaluation

Adopt an iterative cycle of
Iteration Accuracy still below the target “evaluation—diagnosis—adjustment—revaluation”
until the target is met
Analyze the similarities and differences between
food-delivery data and video data, and derive a
general model framework

Can the system be transferred to a

Generalization - .
food-delivery recommendation system

3.2. Scaffolding instruction: on—demand cognitive support

Grizioti et al. [15] define CT as extracting problem structure; Zhu et al. [6] note scaffolding
concretizes tacit knowledge. Zhang et al. [13] designed conceptual scaffolding (via cognitive
chains: decomposition—abstraction—debugging, and algorithm design—iterative
optimization—algorithm improvement) and procedural scaffolding (full engineering
process). These cover abstraction, decomposition, algorithm, debugging, and iteration. To
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align with scenario-based instruction, we add generalization and a withdrawal mechanism.
Design principles: (1) covers six elements (excluding generalization); (2) scaffolding only
aids generalization (e.g., cross—domain tables), with scenario instruction primarily cultivating
it; (3) triggered by student request or repeated failures; (4) removal differs: procedural
scaffolding goes from full template — 80% — 50% — interfaces — independent; conceptual
from full diagram — hidden info — hints — independent framework. Table 2 shows specific
application.

Table 2. Application of Scaffolding Instruction.

) ] ] CT Scaffolding  Scaffolding Thinking Activities Provided to

Triggering Scenario
Element Type Form Students
Unsure how to extract _ Flowchart for constructing the rating
. . Conceptual Principle R .
effective features, and  Abstraction . . matrix; visualization explanation of latent
; scaffolding diagram

confused about ideas vectors
Don’t know where to Module Three-layer framework of

start, and uneven Decompos-  Procedural N . .

- o - decomposition “Input—Processing —Output”; interface
decomposition ition scaffolding

. template  definition templates for the five modules
granularity

comparison of applicable conditions,

Unclgar undgrst_andmg of . Conceptual Strate_gy advantages, and disadvantages of three
algorithm principles, and  Algorithm - comparison . . -
- scaffolding recommendation strategies; checklist of
unsure which to choose table .
cold-start solutions
, Four-step method for error localization:
Don’t know how to | . . . . |
roceed next: blindly  Debugging Procedu_ra Debugg_lng da_ta input— mterme(_jlate results—
proce ’ scaffolding checklist similarity computation— weight
tuning parameters . .
configuration
Eva!uatlon Provides definitions and applicable
Unsure how to select . Conceptual — metric cards . . .
. . Evaluation . scenarios for metrics such as precision,
evaluation metrics scaffolding and trade- off . X
matrix recall, coverage, novelty, diversity, etc.
Don’t know how to . Standardized log table recording
o . Procedural Iteration log w . ) .
proceed next; blindly Iteration scaffoldin template Evaluation— Diagnosis—
tuning parameters g P Adjustment— New Results”
Transferring to a food—
delivery Transfer
recommendation system; Generaliza- Conceptual comparison Blank table for comparing data-format
unsure how to analyze tion scaffolding tz[a)ble dimensions
similarities and
differences

3.3. Gamification instruction: On—demand embedded motivation and assessment tool

Garris et al.’s TPO model [16] and Zhang et al.’s integration of CT, game elements, and Al
content [17] allow students to learn via playing/designing games. In Al courses, gamification
inserts challenges, feedback, and competition into key thinking nodes to boost engagement
and thinking; levels are catalysts, not substitutes, covering abstraction, decomposition,
algorithm, pattern recognition, and debugging. Scenario-based design principles: (1) covers
six elements (excluding generalization); (2) generalization is only tested (failure sends back
to scenario); (3) triggered by decreased participation and increased completion time; (4)
removed when participation and scores recover, with final withdrawal based on performance
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in subsequent scenario tasks.When gamification instruction is initiated, its specific

application is shown in Table 3.

Table 3. Application of gamification instruction.

Triggering Scenario Level

Mechanism

Thinking Activities Provided
to Students

Faced with massive log
data and lacking
motivation for matrix
construction tasks

Faced with complex
decomposition tasks and
lacking confidence and
patience

Task
Master
Faced with complex

coding implementation Algorithm
and lacking confidence Designer

Data Detective  Abstraction Progressive Hints

o Decompositio  Time—limited
Decomposition

Challenge-based

Under step—by-step hints, identify

key fields from logs, construct the

rating matrix, and gain a sense of
achievement

Within a time limit, sort out
module boundaries and
decompose into 5 modules,
experiencing a sense of control

Write the relevant core code; pass
only after reaching the goal,

and patience enhancing self—efficacy

Faced with complex
debugging work and  Debugging Expert Debugging
lacking patience

Bug-fixing Fix preset bugs and earn
Competition corresponding points.

Select the optimal model within 3

Feeling bored with Evaluation Leaderboard minutes and provide reasons. A

X Evaluation leaderboard is set up to stimulate
evaluation work Analyst Race . .
enthusiasm for evaluation through
competition
After multiple . Time—imited Fmd_ the. optimal parameter
. . . Iteration . combination and experience a
iterations, feeling dull - Iteration Parameter # rhvthm th h
and uninteresting Optimizer Tuning sense of rhythm throug
immediate feedback
Transfer to a food—delivery
Performing pa_ssn{ely in Transfer Generaliza—  Cross—domain recommendation system; the
the generalization : system evaluates the transfer
Challenger tion Challenge . L
process effect and stimulates motivation

for improvement

3.4. Synergistic mechanism of the three teaching methods

The scenario runs continuously as the foundational field. Scaffolding and games are triggered
on demand: scaffolding when cognitive confusion arises, gamification when motivation is
low. If both are needed simultaneously, cognition first—scaffolding before gamification.
Generalization ability is cultivated solely by scenario instruction; scaffolding provides
auxiliary tools, and gamification provides checkpoint tests for generalization. Both are
temporary interventions with clear objectives; once achieved, students return to the main
scenario track, ensuring continuous presence. Synergies are shown in Table 4 and Figure 1.
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Table 4. Synergistic application of the three methods.
Matching
Triggering Judgment ] Principle for
o . Action Example ]
Situation Condition Scaffolding/
Levels
Sr_npoth Smooth cognition Students steadily advance the
cognition and - . 4
and normal Maintain scenario recommendation system
normal N . _ >
L motivation operation development; no additional
motivation
support needed
Scenario Two consecutive . Student fails consecutively in Scaffolding type
. failures or active Push matching . . matches the
—Scaffolding - collaborative filtering— push code .
request for help scaffolding current scenario
template
stage
. No interaction for Only push Student. remalns‘lnactlve‘after Game levels are
Scenario completing algorithm design —

15 minutes and
abnormal task
completion time

— Gamification

Scenario Both cognitive
— Scaffolding difficulty and low
— Gamification = motivation are
present

Scaffolding/
Gamification Stage goal achieved
—Scenario

motivation levels
matching the
current stage

push the “Algorithm Designer”
challenge

Consecutive failures and no
interaction — first provide a
debugging checklist; if still no
progress, push the Bug-fixing
Competition

Scaffolding first,
then gamification

Complete debugging checklist
tasks — return to the
recommendation system
debugging phase

Return to scenario
tasks

synchronized
with scenario
stages

Scaffolding and
game elements
are consistent,
forming a chain
of “cognitive
repair —
motivation
consolidation”
The return point
connects with
the intervention
point

Stage goal achieved

difficulty

Scaffolding Instruction:
Triggered by cognitive

Scenario-Based
Instruction: Continuously

operating
trigg>N

Gamification Instruction:
Triggered by low motivation

Stage goal achieved
trigger

Figure 1. Synergistic relationships among the three teaching methods.

4. Conclusions

This study proposes a collaborative teaching model for Al courses in higher education,
characterized by continuous scenarios and dynamically intervening scaffolding and games.
Its main innovation, compared with existing studies that focus on single strategies, is a
dynamic scheduling mechanism based on students’ cognitive and motivational states.

Contributions: (1) It analyzes relationships among the three methods: they are not all applied
6
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simultaneously throughout the entire course; scenario-based instruction is foundational,
while scaffolding and gamification are scheduled based on states. (2) It defines functions:
scenario—based instruction covers all seven CT elements; scaffolding enhances six via
cognition and provides auxiliary support for generalization; gamification enhances six via
motivation and tests generalization. (3) It provides operable designs and their synergy:
scenario covers all seven; trigger and removal conditions for conceptual and procedural
scaffolding; trigger contexts, tasks, and removal for gamification levels; scaffolding and
games play only auxiliary or testing roles for generalization. Future research can explore
automated triggering via learning analytics to reduce teachers’ operational burden and verify
the model's effectiveness in enhancing CT elements, especially generalization ability
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