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Abstract: With the development of digital learning environments in higher education, researchers and educators have 
begun to give more and more attention to how to use large-scale learning process data to provide good, personalized 
instructional support. The subject of research for this paper is the university’s computer course “Fundamentals of 
Programming,” and a personalized learning-resource-recommendation framework based on learning analytics has 
been developed and applied to collect behavior data, implement Bayesian knowledge tracing, create learner profiles, 
and perform hybrid resource ranking. A one-semester quasi-experimental study was carried out on 102 first-year 
undergraduate students; one group (n = 52) was given personalized resource recommendations as the experimental 
group, and the other group (n = 50) continued to use the traditional fixed course materials as the control group. Based 
on the above results, the experimental group performed better than the control group in the post-test (t = 5.63, P < 0.001, 
Cohen’s d = 1.10), showed more active learning behavior, and reached a recommendation precision@5 of 0.78; this 
is much higher than that of the popularity-based baseline (0.41). Therefore, it has been decided that learning analytics 
will be employed to integrate process data with personalized instruction in university computer courses, and thus a 
reproducible technical path and empirical evidence for precision teaching have been obtained in this field.
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1. Introduction
University computer courses, such as programming basics, data structures, and database principles, are 
generally abstract in nature, have strong logical dependencies among the points of knowledge, and show 
a wide range of students’ prior knowledge. Teachers in the traditional classroom generally teach the same 
content and exercises for all students, fail to consider individual differences, and thus advanced students are 
often under-stimulated; at the same time, misunderstandings among struggling students may be carried over 
to the next topic. With the spread of Learning Management Systems (LMS) and online judge platforms, times 
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have changed; now, every click, quiz attempt, code submission, and forum interaction can be recorded as 
detailed process data [1]. Learning analytics is defined as the measurement, collection, analysis, and reporting 
of data on learners and their environments to understand how they learn and improve teaching; thus, this type 
of data can be used to make teaching decisions [2].

At the same time, the quantity of available digital learning materials has been expanding rapidly. Video 
lectures, interactive tutorials, coding exercises, and open courseware are all good options, but there are 
too many choices, which is called information overload. Recommender systems have been introduced in 
education to match resources with the needs of learners [3]. The first educational recommenders were based 
on content similarity or collaborative filtering from e-commerce, and they did not consider the pedagogical 
structure of knowledge or changes in the state of learners [4]. Recently, some studies have begun to combine 
knowledge graphs, deep neural networks, and human-centered design to make more accurate, understandable, 
and educationally effective recommendations [5,6].

Nevertheless, three gaps remain in the literature. First, most of the recommendation research has been 
carried out on public MOOC datasets, and there is a shortage of empirical evidence from real, semester-
long university computer courses[7]. Second, learner modeling and resource recommendation are often 
separate modules, so the recommendations cannot be quickly updated in light of changes in the learner’s 
knowledge state. Third, there are no behavioral observations of learning activities or the corresponding levels 
of achievement; thus, the explanation for the observed effects is weak [8]. To address the problems mentioned 
above, this paper will construct an integrated learning-analytics and recommendation framework and carry 
out an experiment in a real university computer course over the entire semester. RQ1: Is the increase in 
students’ grades after personalized resource recommendation higher than the increase in the traditional fixed-
content model? RQ2: What changes occur in students’ learning behavior after the intervention? RQ3: How 
far is the proposed hybrid recommendation algorithm from the popularity-based baseline?

2. Related work
Learning analytics in higher education has gone from descriptive dashboards to predictive and prescriptive 
applications. Khor and K [1] have systematically studied and found that the first kinds of support for 
personalized learning based on learning analytics are early warning prediction, adaptive content delivery, 
and reflective feedback, and they have also conducted more classroom-based empirical studies. Alfredo and 
others [5] have studied how to use learning analytics for students and other interested parties and found that 
participation and understanding need to be organized in these systems. Gao and others [8] have divided the 
learning paths in an introductory programming course according to scores, participation, and code metrics, 
and found that process data can reveal whether a student is doing well or struggling long before the end of the 
semester. Zhang and others [9] have also found that multimodal learning analytics can show how scaffolding 
and all kinds of examples work together to affect programming learning behavior.

Narimani and Barbera [4] have studied course recommendation systems in their paper and found that the 
two essential parts of personalization are learner profiling and course feature extraction. Liu and others [2] 
have put forward self-attention convolutional neural networks and deep metric attention models to improve 
the adaptation of online learning resources and enhance the responsiveness of recommendations to the 
needs of learners. Raj and Renumol [3] have put forward an adaptive learning path recommendation model 
that adjusts the order of learning materials in real time based on the current level of knowledge of students. 
Knowledge graphs have also been used to model prerequisite relationships among concepts: Chen and others 
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[6] built a course knowledge graph with large language models and employed it for course recommendation,
and Chen and others [10] have explored the application of knowledge graphs and large language models
in education. Konstantinidou and others [11] have also studied what university staff know about AI-driven
personalized learning and analytics; they have high hopes but are also worried about data governance.

Many new tools for educational research have been developed with deep learning. Wang [7] has combined 
recurrent neural networks and attention mechanisms for content recommendation, fine-tuned large language 
models to automatically generate feedback, and used random forests to predict early risks in college English 
education; he has shown that a pipeline of complementary models can be employed to achieve personalization, 
assessment and prediction simultaneously. Although the above multi-model architectures are very inspiring, they 
also increase the demand for interpretability and the amount of data required, and this is often not available in a 
single good package. Therefore, light-weight, transparent models are suitable for course-level deployment.

3. Framework and methodology
3.1. Overall architecture
The five levels of the proposed framework are shown in Figure 1. The Data Collection Layer will collect all 
kinds of process data from the LMS, online judge, and course forum, such as page views, video watching, 
quiz attempts, code submissions, and discussion posts. Organize the raw data in the learning analytics layer 
into behavior features and then use Bayesian knowledge tracing (BKT) to determine how well each student 
has mastered all the knowledge points. The Learner Model Layer does not have a fixed size and contains the 
knowledge-state vector, learning-behavior preference, and forgetting estimate. The recommendation engine 
calculates the combined score of all candidate resources and shows the top-ranked ones on the student’s 
personal page each week. Finally, the feedback dashboard will notify teachers of problems in their classes 
and then address them promptly.

Figure 1. Architecture of the learning-analytics-driven personalized recommendation framework
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3.2. Knowledge tracing
Bayesian knowledge tracing is used to model the learner’s knowledge state. Let P(L_t) be the probability that 
a student has mastered a knowledge point at time t. Based on the observed response of the student, update the 
mastery probability according to equation (1), where P(T) is the learning transition probability, P(G) is the 
guessing probability, and P(S) is the slipping probability:

( ) ( )( 1 ) ( | ) [1 ( | )]t tP L t P L obs P L obs xP T+ = + − （1）

where P(L_t | obs) is the posterior obtained from the standard BKT conditionalization on a correct or 
incorrect observation. The parameters were initially set to P(L_0)=0.30, P(T)=0.12, P(G)=0.20 and P(S)=0.10 
according to the general rule, and then fitted using expectation-maximization on the first four weeks of data. 
A knowledge point is considered mastered when P(L) > 0.85.

3.3. Hybrid recommendation scoring
Based on the combination of content relevance, knowledge-state fitness, and recency, order the Candidate 
Resources. The semantic relevance of learner u and resource r is given by the cosine similarity of their 
embedding vectors, as shown in equation (2):

( ) ( ) ( ), . /u r u rsim u r v v v x v=             （2）

The total recommendation score is given by equation (3), and KS(u, r) is the degree to which the 
resource is in line with a student’s unmastered knowledge points; W(t) = exp(-lambda x delta_t) is an 
Ebbinghaus-type forgetting weight that gives more weight to recently weakened knowledge, and alpha, beta 
and gamma are weighting coefficients set to 0.4, 0.4 and 0.2 respectively, determined through grid search on 
validation data:

( ) ( ) ( ) ( ), , ,R u r alphaxsim u r betaxKS u r gammaxW t= + + （3）

Every Monday, the engine selects the top five resources that students have rated most highly and 
presents them together with a brief reason, such as “Recommended because your understanding of loop 
structures is estimated to be 0.62.”

4. Empirical design
In the autumn of 2025, I took the Fundamentals of Programming class, which is a mandatory first-year 
course at a comprehensive university in southwestern China. Two parallel classes were taught by the same 
teacher and had the same syllabus, textbooks, and tests. As shown in Table 1, there were 52 students in 
the experimental group and 50 in the control group; the two groups were comparable in terms of gender, 
previous programming experience, and entrance examination scores at the start. The study was conducted 
in accordance with the ethical guidelines of the institution. All data were anonymized, and informed consent 
was obtained from all participants prior to data collection.

Table 1. Baseline comparison between the experimental and control groups

Indicator Experimental (n = 52) Control (n = 50) Test
Gender (male/female) 31 / 21 30 / 20 χ2 = 0.004, P = 0.951
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Prior programming experience (%) 38.5 36.0 χ2 = 0.071, P = 0.790
Entrance score (mean ± SD) 76.3 ± 8.1 75.8 ± 8.6 t = 0.30, P = 0.763
Pre-test score (mean ± SD) 68.4 ± 9.2 67.9 ± 8.8 t = 0.29, P = 0.774

It was about a year. Based on the structure in Section 3, the experimental group received personalized 
material recommendations every week, and the control group was given the same set of materials from a 
single, fixed, and ordered list. Both groups attended the same classes and took the same weekly tests. The 
sources of the data are: LMS logs (approximately 187,000 events), 12 weekly quizzes, standardized pre- and 
post-tests, and system logs of recommendation impressions and clicks. Academic achievement is the post-
test score (maximum of 100 points), behavior is quantified by the number of active learning behaviors per 
student per week, and algorithmic quality is shown as precision@5 on held-out clicks. Parallel forms of the 
pre-test and post-test were created by two experienced teachers to cover the same 46 knowledge points and 
had the same difficulty; the post-test had a Cronbach’s alpha of 0.87 and showed good internal consistency. 
Weekly quizzes were used to gauge how well students had grasped the material and to monitor changes 
in their knowledge; finally, all students completed a five-point Likert scale questionnaire to rate their own 
satisfaction with the helpfulness and convenience of the recommended service. All statistical tests were 
carried out at the 0.05 level of significance, and the P-values are presented as effect sizes.

5. Results
5.1. Academic performance
Table 2 presents the pre-test and post-test results. There was no significant difference between the two 
groups in the pre-test, but the experimental group scored higher after the intervention (82.6 ± 7.4) than the 
control group (74.1 ± 8.1); that is, t(100) = 5.63, P < 0.001, and the effect size was relatively large (Cohen’s 
d = 1.10). The mean gain of the experimental group was 14.2 points, about 2.3 times that in the control group 
(6.2 points), so RQ1 was positively answered.

Table 2. Comparison of test performance between the two groups

Measure Experimental Control Statistics
Pre-test (mean ± SD) 68.4 ± 9.2 67.9 ± 8.8 t = 0.29, P = 0.774
Post-test (mean ± SD) 82.6 ± 7.4 74.1 ± 8.1 t = 5.63, P < 0.001, d = 1.10

Gain score 14.2 ± 6.8 6.2 ± 5.9 t = 6.34, P < 0.001

5.2. Learning behavior
Figure 2 shows the weekly development of active learning behavior. Both groups started at the same level 
in week 1, but the experimental group showed a continuous increase after the recommendation engine was 
stable in week 3, reaching 226 behaviors per student by week 12, and the control group only reached about 
142 and then stopped growing. Repeated-measures ANOVA indicated a significant group-by-time interaction 
(F = 21.47, P < 0.001). Based on Behavioral Sequence Analysis, the experimental students have been able to 
complete more cycles of the “watch recommended video–attempt exercise–review feedback” loop, and their 
past efforts have led to deeper interest and self-regulated learning [9]. The results answer RQ2.



282 Volume 10, Issue 9

Figure 2. Weekly active learning behaviors of the two groups

5.3. Recommendation quality
RQ3: Compare the hybrid algorithm with the popularity-based baseline based on held-out click data from the 
past four weeks. The precision@5 and recall@5 of the hybrid engine were 0.78 and 0.46, respectively, and 
they surpassed the baseline values of 0.41 and 0.22. In addition, 71.3 percent of the pushed resources were 
for knowledge points with an estimated mastery of less than 0.70, so the engine focused on actual learning 
deficiencies rather than popular materials. The click-through rate of the personalized push was 64.8%, and 
the end-of-course questionnaire (5-point scale) showed that people found it quite useful (mean = 4.31) and 
easy to use (mean = 4.18).

6. Discussion
The improvement in this study is in line with the results of the meta-analysis that analytics-driven 
personalization can improve performance, and given that its effect size (d = 1.10) is relatively large compared 
with other studies on dashboards alone, this paper supports the idea that closing the loop between analytics 
and actionable advice is necessary. The behavior data are in line with the path analysis results of Gao et al. [8] 
and the multi-modal results of Zhang et al.; that is, personalized prompts have expanded both the frequency 
and the order of study behavior through repeated application. BKT-based knowledge tracing with semantic 
and forgetting-aware scoring will be employed to extend the learning-path recommendation line proposed by 
Raj and Renumol and the neural adaptation method of Liu et al., while still meeting the model interpretability 
requirements set by the university staff [11].

Three indications of teaching practice follow. First, instructors of university computer courses should 
make weekly recommendations part of their teaching routine, not an optional extra; only after the engine has 
been running stably and some weeks have passed will any effect be observed. Second, the interpretability 
of the model is also a problem; instructors do not trust it and are thus unwilling to follow the gap-oriented 
explanations provided by Push. Third, the quality of the resources used by recommenders is relatively low; 
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thus, the course team should optimize the resource library first. Based on the research of learning analytics, 
achievement, behavior sequences, and algorithmic indicators can be combined in a single Design to build a 
replication model for other STEM courses.

7. Conclusion
We developed, implemented, and empirically tested a learning-analytics-driven personalized resource 
recommendation framework for a university computer course in this paper. The framework helped the 
students improve their grades, form some good study habits, and receive some targeted advice to address 
their problems. In the future, we will expand the framework to several courses, integrate knowledge graphs 
generated by large language models, and study the duration of the observed effect.
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