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Abstract. This study addresses several challenges commonly encountered in pro-

gramming education, including substantial differences in students’ prior 

knowledge, insufficient support for self-directed learning, and difficulties in im-

plementing effective process-oriented assessment. Taking the Fundamentals of 

Programming course as a case study, the study explores the construction of a 

digital teaching model driven by artificial intelligence (AI) and self-directed 

learning. Relying on a SPOC-based online learning environment and a program-

ming practice platform, learning process data and programming behavior data are 

collected to support the design of personalized learning pathways. During in-

structional implementation, a tiered, progressive competency-oriented structure 

and a blended learning approach are adopted to strengthen students’ practical 

programming skills. In addition, a learning data-driven formative assessment 

mechanism is introduced to enable continuous monitoring and feedback of teach-

ing effectiveness. The results of teaching practice indicate that the proposed 

model contributes to improved student engagement, higher quality completion of 

programming tasks, and enhanced overall competency development, thereby 

providing a viable reference for the digital transformation of programming-re-

lated courses. 
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1 Introduction 

With the increasing integration of artificial intelligence and big data technologies into 
the educational domain, programming-related courses are gradually evolving toward 
digitalized and intelligent instructional models[1]. However, traditional lecture-centered 
teaching approaches continue to exhibit notable limitations in addressing students’ het-
erogeneous backgrounds and divergent learning paces. These limitations are particu-
larly evident in military education contexts, where closer alignment between course 
content and position-oriented competency requirements remains a pressing challenge. 

 

  
The Fundamentals of Programming course is characterized by strong practical ori-

entation and a progressively structured knowledge system, which calls for
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corresponding innovations in teaching design to more effectively cultivate students’ 
programming skills and computational thinking abilities. Against this backdrop, this 
study explores the construction of a digital teaching model driven by artificial intelli-
gence and self-directed learning. By collecting and analyzing learning behavior data, 
the proposed model supports the design of personalized learning pathways and the op-
timization of instructional processes, facilitating the integration of autonomous learning 
and precision-oriented teaching. Ultimately, this approach aims to enhance teaching 
effectiveness and students’ comprehensive practical competencies, providing practical 
insights for the digital transformation of programming education. 

2 Challenges in Programming Course Instruction 

2.1 Insufficient Instructional Support for Differentiated Learning 

In the instructional practice of programming-related courses, existing teaching organi-
zation strategies show limited adaptability to students’ individual differences, and the 
principle of differentiated instruction remains difficult to implement effectively at the 
operational level. Classroom instruction is commonly organized around a uniform pace 
and standardized content, with limited provision for tiered instructional design and dif-
ferentiated learning support. As a result, personalized learning approaches are relatively 
constrained, and self-directed learning is, to some extent, confined to a formal rather 
than substantive role. Within a single instructional setting, instructors face challenges 
in simultaneously addressing students with diverse prior knowledge levels and learning 
rhythms, leading to insufficient responsiveness to heterogeneous learning needs. 

With respect to instructional content and pedagogical approaches, teaching practices 
tend to emphasize programming syntax and discrete knowledge points, while compar-
atively less attention is devoted to computational thinking development and integrated 
practical activities. The connection between programming knowledge and engineering-
oriented practice therefore requires further strengthening. In addition, course assess-
ment is still predominantly based on summative evaluation, with limited collection and 
analysis of learning process data. This constrains timely identification of students’
learning status and, in turn, limits the effectiveness of personalized instructional regu-
lation and differentiated teaching implementation. 

2.2 Insufficient Data Support and Feedback Mechanisms for Self-Directed 
Learning 

In the instructional practice of programming courses, students’ self-directed learning 
processes lack systematic, end-to-end data support and feedback mechanisms. Existing 
learning platforms tend to analyze learning behaviors primarily at an aggregate level, 
making it difficult to accurately capture individual learning states and their dynamic 
changes over time. This limitation constrains instructors’ ability to provide precise
guidance during the learning process and reduces the effectiveness of data-informed 
decisions for personalized instruction. As learning scale and instructional complexity 
continue to increase, relying solely on manual approaches for learning guidance and 
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academic support has become increasingly insufficient. There is a growing need to in-
troduce intelligent instructional support mechanisms grounded in learning behavior
data analysis. Artificial intelligence technologies offer inherent advantages in monitor-
ing learning processes, identifying learning states, and delivering personalized support, 
thereby providing a feasible pathway for establishing data-driven digital learning sup-
port systems oriented toward self-directed learning. 

2.3 Insufficient Alignment Between Instructional Content and Practical 
Requirements, and Limited Efficiency in Resource Utilization 

In the instructional practice of programming courses, a certain degree of misalignment 
persists between course content and position-oriented competency requirements. On 
the one hand, instructional design mechanisms for incorporating feedback from real-
world tasks and evolving technological developments remain limited. Course content 
is typically updated on relatively long cycles, making it difficult to promptly reflect 
changes in information infrastructure development and application scenarios. As a re-
sult, gaps emerge between intended learning outcomes and practical competency re-
quirements. On the other hand, the development and use of instructional resources are 
still largely characterized by decentralized management, with insufficient unified plan-
ning and coordination mechanisms. The level of resource sharing across instructional 
units remains limited, and high-quality cases and practical resources are not easily dis-
seminated or reused across different levels or organizational contexts. These constraints 
reduce the overall effectiveness and utilization efficiency of instructional resources. 

Taken together, the above analysis indicates that current programming course in-
struction exhibits structural limitations in instructional organization, support for self-
directed learning, and coordination between instructional content and practical re-
sources. Existing teaching models struggle to effectively accommodate students’ dif-
ferentiated learning needs or to provide sustained and precise support throughout the 
learning process. These challenges suggest that traditional instructional organization 
and manual intervention alone are no longer sufficient to meet the demands of compe-
tency-oriented and process-focused programming education. Consequently, there is a 
clear need to introduce data-driven and intelligent instructional improvement ap-
proaches. The development of digital teaching models supported by learning behavior 
data analysis offers a critical technical foundation for subsequent instructional design 
and implementation in programming education reform. 

3 Technical Foundations and Instructional Design Framework 

3.1 Educational Informatization and Digital Transformation 

The theory of educational informatization emphasizes the transformative role of infor-
mation technologies in reshaping educational models, aiming to overcome traditional 
temporal and spatial constraints and to enhance the accessibility and equity of educa-
tion. Building upon this perspective, the concept of a digital learning ecosystem further 
conceptualizes learning environments as dynamic systems in which learners,
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instructors, technologies, and data interact to support meaningful learning experi-
ences[3]. Aligned with this theoretical framework, the present study leverages artificial 
intelligence and big data technologies to explore the development of personalized and 
intelligent instructional models that support active knowledge construction in self-di-
rected learning contexts. In addition, competency-oriented education theory highlights 
that educational objectives should prioritize the development of learners’ abilities ra-
ther than the mere transmission of knowledge, with particular emphasis on practical 
applicability and skill development. When integrated into programming course instruc-
tion, this perspective provides a foundational rationale for instructional design, guiding 
students’ progression from conceptual understanding to practical problem solving and 
comprehensive competency development. 

3.2 Blended Learning Technologies 

Blended learning technologies enhance instructional flexibility and diversity by inte-
grating online and face-to-face learning activities[4][5]. The combined use of SPOC
(Small Private Online Course) and MOOC (Massive Open Online Course) platforms 
enables the provision of differentiated learning experiences. SPOC platforms support 
customized instructional delivery by allowing learning resources to be tailored to stu-
dents’ individual learning conditions, while MOOC platforms offer large-scale open 
resources that broaden learners’ exposure and perspectives. On this basis, blended
learning models facilitate the integration of instructor guidance and student self-di-
rected learning, with in-class instruction and out-of-class practice complementing one 
another to form a coherent learning cycle. Such blended approaches not only strengthen 
students’ self-directed learning capabilities but also enable more fine-grained and per-
sonalized learning support through technology-enhanced instructional design. 

3.3 Artificial Intelligence Technologies 

A review of the existing literature on AI-enabled digital teaching indicates a rapidly 
growing body of research in this field. In particular, publications have increased mark-
edly since 2024, as illustrated in Figure 1. Current studies primarily focus on three ma-
jor directions. First, research on the application of AI technologies in personalized
learning explores how intelligent recommendation systems and learning analytics can 
be employed to support individualized educational experiences. Second, studies on AI-
based learning behavior monitoring and assessment emphasize the use of data analytics 
to provide real-time feedback on learning processes and to dynamically adjust instruc-
tional content according to learners’ progress. Third, research on the integration of AI 
technologies into adaptive learning systems investigates how algorithm-driven optimi-
zation of learning pathways can improve learning efficiency and effectiveness. Collec-
tively, these studies demonstrate the considerable potential of AI-enabled digital teach-
ing models in enhancing learning outcomes and supporting personalized instruction, as 
shown in Figure 2. 
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Fig. 1. Overall trend of the number of published literature 

 
Fig. 2. ain Fields of Literature 

Artificial intelligence technologies provide unprecedented support for educational 
practice, particularly in learning process monitoring and personalized feedback[2]. 
Learning analytics techniques collect and analyze learners’ activity data to construct 
individualized learning profiles, enabling instructors to gain timely insights into stu-
dents’ learning states and to implement data-informed instructional interventions. 
Adaptive learning systems leverage AI algorithms to dynamically adjust learning con-
tent based on learners’ competency levels and learning progress, ensuring that instruc-
tion aligns with individual learning paces. Furthermore, the application of natural lan-
guage processing and intelligent code analysis technologies enables AI systems to in-
terpret students’ programming inputs, diagnose errors, and offer targeted improvement 
suggestions, thereby substantially enhancing the interactivity and intelligence of pro-
gramming instruction[6][7]. These technologies provide essential data support and intel-
ligent tools for building self-directed learning ecosystems, facilitating the design of 
personalized learning pathways and improving overall learning effectiveness. 

3.4 Collection and Processing of Learning Behavior Data 

To support AI-enabled instructional analysis and personalized learning support, this 
study systematically collected and processed students’ learning behavior data during 
instructional practice, thereby establishing a stable and reliable data foundation for 
learning process analysis. Learning behavior data were primarily obtained from the 
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course SPOC platform and the programming practice platform. Data collection covered 
the entire learning process, including pre-class preparation, in-class learning, and post-
class practice, enabling a comprehensive representation of students’ learning engage-
ment and practical performance. 

With respect to data collection, this study focused on behavior indicators closely 
related to programming learning, which can be categorized into three groups. The first 
group comprises learning process behavior data, including video click frequency, du-
ration of individual learning sessions, chapter completion rates, and temporal distribu-
tions of learning activities. These indicators were used to characterize students’ learn-
ing engagement and learning pace. The second group consists of programming practice 
behavior data, such as the number of code submissions, compilation and runtime error 
counts, distributions of error types, and task completion time, which reflect students’ 
operational proficiency and problem-solving abilities in programming practice. The 
third group includes stage-based learning outcome data, such as unit quiz scores, peri-
odic assessment results, and completion status of practical tasks, which were used to 
provide a comprehensive evaluation of learning performance. 

In terms of data processing, raw data automatically recorded by the platforms were 
first subjected to data cleaning and preprocessing procedures. These procedures in-
cluded removing clearly abnormal records (e.g., prolonged login durations unrelated to 
active learning), merging duplicate submission records, and completing missing data 
caused by network or system issues. Subsequently, data from different sources and with 
different scales were normalized to ensure consistent statistical definitions of behavior 
indicators, thereby improving data comparability and stability. Through these pro-
cessing steps, the integrity, consistency, and validity of learning behavior data were 
ensured to meet the requirements of subsequent instructional analysis and application. 

Regarding data quality control, this study adopted a multi-source cross-validation 
strategy to verify learning behaviors. For example, learning duration data were exam-
ined in conjunction with code submission records to assess the authenticity of learning 
activities, thereby reducing potential biases associated with single indicators and en-
hancing the reliability of learner profile construction. 

4 Exploring an AI-Enabled and Self-Directed Learning–Driven 
Digital Teaching Model 

4.1 AI-Driven Reconstruction of the Instructional Model 

To address the challenges identified in programming course instruction, this study pro-
poses a personalized instructional model oriented toward individual differences by
adopting the principles of “learning through practice” and “instruction informed by 
learning.” Emphasizing a competency-oriented and design-driven approach, the pro-
posed model follows a progressive pathway from foundational knowledge to advanced 
application, and from knowledge acquisition to competency development. Specifically, 
the instructional model is organized into four interconnected modules: a basic program-
ming module, an advanced programming module, a competition-oriented training
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module, and a design-oriented practice module. Each module is associated with clearly 
defined instructional objectives and task arrangements, and the modules are hierarchi-
cally connected to support students’ gradual progression based on their learning pace 
and competency levels. 

1) The basic programming module focuses on the development of foundational pro-
gramming skills, enabling students to acquire essential programming syntax and logical 
reasoning abilities. Through the integration of hands-on exercises and case-based ac-
tivities, students move beyond isolated syntax learning toward initial applications of 
programming knowledge. 

2) The advanced programming module introduces students to data structures, algo-
rithms, and their practical applications, with an emphasis on cultivating the ability to 
solve more complex problems. Instruction at this stage places greater focus on pro-
gramming thinking, requiring students to apply previously acquired knowledge to more 
challenging programming tasks that encourage exploration and innovation. 

3) The competition-oriented training module incorporates programming contests and 
algorithmic challenges to provide students with opportunities to engage in problem 
solving under realistic constraints. Participation in competitive scenarios helps students 
enhance their analytical skills, adaptability, and performance under time pressure. 

4) The design-oriented practice module, which constitutes the core component of the 
instructional model, emphasizes the development of comprehensive competencies
through project-based design and implementation. Students are required to address au-
thentic problem requirements by applying programming skills in engineering contexts, 
while simultaneously engaging in teamwork and project management activities to fos-
ter interdisciplinary capabilities and innovative thinking. 

Through the hierarchical integration of these modules, the instructional model sup-
ports competency development at multiple levels while ensuring that students encoun-
ter appropriate challenges at each stage of learning. This staged design enables students 
to achieve sustained growth from foundational entry points to higher-level learning out-
comes. 

4.2 AI-Enabled Support for the Learning Process 

Building upon the instructional model design, this study introduces artificial
intelligence and big data analytics to provide intelligent support for the learning
process, with particular emphasis on learning state identification and personalized
learning pathway guidance. Considering the requirements for interpretability and
practical implementability in instructional contexts, the construction of learning
pathways does not rely on complex deep learning models. Instead, a rule-engine–based 
approach is adopted, integrating learning behavior analysis with pedagogically defined 
instructional rules. 

In terms of learning state analysis, the system continuously collects and analyzes 
students’ learning behavior data from the SPOC platform and the programming practice 
platform. Key indicators include code submission frequency, distributions of error
types, learning duration, and task completion status. These behavioral indicators are 
mapped to specific knowledge units and competency objectives based on the course 
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knowledge structure, thereby forming stage-based learner profiles that characterize stu-
dents’ levels of knowledge mastery and practical competency development. 

With respect to personalized learning pathway support, the system evaluates stu-
dents’ learning states according to predefined instructional rules and dynamically ad-
justs the recommendation of learning resources and practice tasks. For example, when 
a student exhibits persistently high error rates or low task completion efficiency within 
a particular knowledge unit, the system prioritizes the delivery of targeted explanatory 
materials and reinforcement exercises related to that unit. Conversely, when stable per-
formance is observed and predefined thresholds are met, students are guided toward 
more advanced learning content or comprehensive practical tasks. These instructional 
rules are jointly defined based on course learning objectives and teaching experience, 
ensuring that pathway recommendations are grounded in clear pedagogical rationale 
and maintain strong interpretability. 

Through the integration of rule-based decision mechanisms and learning behavior 
analysis, the proposed approach enables dynamic monitoring and tiered guidance

-
-
-

 

throughout the learning process. This not only reduces instructors’ workload in manag
ing learning progress but also provides students with timely and targeted learning sup
port, thereby forming a data-driven adaptive learning support loop, as illustrated in Fig
ure 3. 

Fig. 3. Personalized Ability Cultivation and Autonomous Learning Ecosystem in Programming 
Courses 

4.3 Development and Sharing of Digital Instructional Resources 

This study places strong emphasis on the development of online resources and a digital 
course ecosystem to support programming instruction. Specific measures include the 
enhancement of supporting digital materials, such as MOOC- and SPOC-based course 
resources and concise programming tips, as well as the design of diversified program-
ming experiments and practice tasks. These tasks encompass independent program-
ming assignments, game-based challenge activities, competition-oriented training, and 
project-based design tasks, thereby balancing engagement with appropriate levels of 
challenge. In addition, a shared instructional case repository is constructed to support 
applied learning. The repository includes both foundational cases related to program-
ming syntax and algorithms and practice-oriented project cases aligned with position-
oriented competency requirements. Representative examples include data processing 
and task scheduling scenarios simulating information-centric operational environ-
ments, as well as cases involving data security and encryption algorithms in communi-
cation systems. These cases enhance the practical relevance of instructional content 
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while fostering student engagement and motivation. Through case-driven learning ac-
tivities, students are able to strengthen their programming skills and integrated applica-
tion capabilities, developing task-oriented problem-solving thinking. Furthermore, stu-
dents are encouraged to conduct self-directed project-based research in small groups, 
which supports the development of collaboration skills and engineering thinking, and 
promotes deeper integration between in-class instruction and out-of-class learning ac-
tivities. 

To ensure the quality of instructional resources, this study introduces expert review 
and hierarchical management mechanisms during resource development. All online re-
sources, cases, and project tasks undergo joint review by course instructors and domain 
experts prior to deployment, with particular attention to scientific validity, instructional 
appropriateness, and practical relevance. Structurally, instructional resources are orga-
nized into four hierarchical levels—foundation, enhancement, integration, and innova-
tion—to ensure that learners at different proficiency levels receive appropriately
matched learning support. In addition, the instructional platform incorporates a learning 
data–driven feedback mechanism to evaluate resource effectiveness. Based on indica-
tors such as usage frequency, task completion outcomes, and learner evaluations, in-
structional resources are dynamically refined and updated, gradually forming a stand-
ardized and sustainable digital instructional resource system. 

4.4 Learning Process Monitoring and Intelligent Assessment 

To ensure the effective implementation of the proposed instructional model, a system-
atically designed assessment framework is established, emphasizing the integration of 
formative and summative assessment. Formative assessment encompasses multiple di-
mensions, including classroom participation, in-class quizzes, unit tests, post-class as-
signments, innovative tasks, and practical exercises, with particular attention paid to 
the collection of process-oriented data and the provision of staged feedback. Summa-
tive assessment primarily consists of comprehensive final projects and examinations, 
aiming to evaluate students’ overall mastery of knowledge and their ability to apply 
programming skills in integrated contexts. In addition, AI technologies are employed 
to support real-time monitoring of students’ learning processes and to generate person-
alized learning reports in a timely manner. These reports facilitate students’ self-reflec-
tion while providing instructors with data-driven insights for adjusting instructional 
strategies. Through the establishment of this assessment feedback loop, the proposed 
approach mitigates the imbalance associated with outcome-focused evaluation and en-
ables systematic monitoring and dynamic optimization of the entire learning process. 
The specific assessment dimensions and weightings are summarized in Table 1. 

Table 1. Dimensions of Multi-process Evaluation for Programming Courses 

 
pro-
por-
tion 

evalua-
tor 

Evaluation method Evaluation element 

Knowledge 
objective: 
30% 

Basic theo-
retical 
knowledge 

The mastery
core 

level of 
oncepts,

 
c 12% teacher 

Classroom question-
ing, in-class quizzes,
and homework 



 

 

10% 
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pro-
por-
tion 

evalua-
tor 

Evaluation method Evaluation element 

principles, and basic 
methods 

Expansion 
of profes-
sional 
knowledge 

Frontier knowledge in 
relevant fields, and ex-
panding understanding 
of content 

9% 

Teacher 
+ learn-
ing 
group 

Research project re-
port or PPT presenta-
tion, group division 
Enjoy the task 

Knowledge 
application 
and com-
prehension 

Can you apply the 
knowledge you have 
learned to the analysis 
of practical problems 
and understanding 

9% 

Teacher 
+ learn-
ing 
group 

Case analysis, class-
room discussion 

Practical 
operation 
ability 

In experimental and 
practical courses, can 
one be proficient and 
accurate Complete the 
specified operational 
tasks 

24% 

Teacher 
+ teach-
ing 
plat-
form 

Experimental report 
scoring, practical plat-
form training 

Ability tar-
get: 

Problem-
solving 
ability 

When facing practical 
problems, can one ap-
ply the knowledge and 
methods learned
Adopt a systematic ap-
proach, analyze prob-
lems, propose solu-
tions, and effectively 
implement them 

18% 

Teacher 
+ teach-
ing 
plat-
form 

Case practice, project 
practice, course de-
sign 

60% 

Team col-
laboration 
ability 

Whether you can ef-
fectively communicate 
with team members, 
divide and cooperate 
tasks, and jointly com-
plete project tasks 

12% 

Teacher 
+ learn-
ing 
group 

Using anonymous 
questionnaire 

innovation 
capability 

During project prac-
tice, homework com-
pletion, and other pro-
cesses, whether one 
can propose novel
ideas, methods, or so-
lutions 

6% teacher 

During the evaluation 
of students' home-
work, project reports, 
classroom perfor-
mance, and other as-
pects, teachers pay at-
tention to students 
The innovative point 

Quality  
Goal:  

learning at-
titude 

Students' class attend-
ance, classroom par-
ticipation, and home-
work Completing
tasks in a timely man-
ner and with a high de-
gree of diligence, etc 

5% 

Teacher 
+ class 
repre-
senta-
tive 

Class attendance rec-
ords, classroom be-
havior observation, 
homework Submis-
sion status of assign-
ments 

Communi-
cation and 
interaction 
skills 

Can you articulate
your viewpoints and 
thoughts clearly in
class In group discus-
sions and project

5% teacher 

Observe students' 
communication and 
interaction perfor-
mance in classroom 
speaking, group 
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pro-
por-
tion 

evalua-
tor 

Evaluation methodEvaluation element 

 you 
fec-

 and 
ions 

presentations, can
communicate ef
tively with others
listen to their opin

discussions, project 
presentations, and 
other activities 

4.5 Analysis of Teaching Practice Effectiveness 

To evaluate the effectiveness of the AI-enabled and self-directed learning–driven digi-
tal teaching model, this study conducted a comparative analysis using a specific session 
of the Fundamentals of Programming course. Two classes of the same grade level were 
selected for comparison: the experimental group adopted the proposed digital teaching 
model, while the control group followed the traditional instructional approach. In terms 
of academic performance, the experimental group showed a significant improvement 
in the average score of the comprehensive test administered at the end of the course, 
with a greater improvement compared to the control group. Regarding programming 
task completion rates, the experimental group demonstrated higher on-time completion 
rates and accuracy rates compared to the control group. Additionally, data from the 
learning behavior analytics platform revealed that students in the experimental group 
submitted more code and experienced a gradual reduction in low-level syntax errors, 
indicating improved programming proficiency and problem-solving abilities. In terms 
of learning process, students in the experimental group exhibited longer sustained learn-
ing durations and higher levels of task engagement, with a noticeable reduction in pro-
crastination compared to the control group. Overall, the results suggest that the AI-
enabled digital teaching model has a positive impact on enhancing learning outcomes, 
fostering greater learning engagement, and optimizing the learning process. 

5 Conclusions 

This study focuses on key challenges in programming course instruction, including dif-
ficulties in implementing differentiated instruction, insufficient utilization of instruc-
tional resources, limited support for students’ self-directed learning, constraints of tra-
ditional teaching approaches, and weaknesses in assessment and feedback mechanisms. 
Based on an analysis of these issues, an AI-enabled and self-directed learning–oriented 
digital teaching model is proposed. By integrating online learning platforms, program-
ming practice tasks, and learning data analytics, the proposed model seeks to overcome 
the limitations of traditional instructional approaches and to explore personalized and 
intelligent learning pathways. Through the application of learning data analysis, the 
model provides timely feedback and personalized instructional guidance, thereby en-
hancing overall teaching effectiveness. In addition, this study emphasizes the develop-
ment of digital instructional resources, including online course platforms, interactive 
programming environments, and learning material repositories, which together offer 
comprehensive learning support for students. Furthermore, a learning data–driven 
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process monitoring and assessment framework is established, combining formative and 
summative assessment to support continuous learning and competency development 
through real-time feedback and individualized guidance. The results of teaching prac-
tice indicate that the AI-enabled digital teaching model contributes to improvements in 
students’ programming skills and innovative thinking. At the same time, the model pro-
vides instructors with effective instructional support tools, facilitating data-informed 
teaching decisions and promoting innovation in instructional models. Overall, this 
study offers practical insights for advancing digital transformation and pedagogical in-
novation in programming education. 
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