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Abstract: Blended learning has become the mainstream model in higher education. However, existing studies on
learners' behavioral characteristics mostly rely on short-term and small sample data, and lack in-depth exploration of the
intrinsic relationship between objective behavioral logs and subjective self-assessments. This study, based on ten-year
longitudinal tracking data (N=3693), integrates platform objective learning logs and learners' subjective self-assessment
scales, uses stepwise regression to screen key behavioral variables, and then employs K-means clustering to identify
learners' behavioral types. The results show that there is a systematic separation between objective academic
performance and subjective self-assessment results, and gender and academic background are important moderating
variables; the impact of learning behaviors on learning outcomes exhibits a non-linear characteristic, and interaction
quality and self-regulation ability are the core levers beyond "time accumulation"; self-assessed learning behaviors are
generally high and have relatively small individual differences, which contrasts sharply with the significant individual
differences in objective behavioral indicators. This study provides a methodological example for multi-source and
longitudinal learning analysis and has important practical implications for the design of adaptive learning systems and
the formulation of precise teaching intervention strategies.
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1 INTRODUCTION

Blended learning, which combines the flexibility of online learning with the interactivity of offline teaching, has
become the mainstream model in higher education. Its core value lies in leveraging technology to enable precise insight
into the learning process and personalized support. Learning behavior refers to the observable and explicit actions
exhibited by learners during their learning activities. Behavioral science theory indicates that behavior is the external
manifestation of an individual's thoughts, motivations, and needs. By statistically analyzing and interpreting the data of
learning behaviors, it is possible to effectively infer the psychological state of learners and predict their learning
behavior patterns [1]. Therefore, mining effective learning patterns based on behavioral data, optimizing the learning
environment and teaching strategies is an important research direction in the current field of learning analysis.

Based on this, this study takes blended learning as the research scenario, integrates the two core dimensions of
autonomous learning behavior and interactive learning behavior, and relies on the students' objective learning logs
accumulated over the ten years from 2006 to 2015 on the national first-class blended course platform of Modern
Educational Technology of Shaanxi Normal University. It combines the subjective self-assessment data of learners to
systematically explore the behavioral characteristics of college students in blended learning and clarify the predictive
path of learning behavior on learning outcomes. This study focuses on three core questions:

RQI: Based on the ten-year longitudinal data, what are the overall characteristics of college students' blended learning
behaviors? What are the differences in learning behaviors among different demographic groups?

RQ2: What is the relationship between objective learning behavior, subjective self-assessed learning behavior and
blended learning effectiveness? Which behavioral variables are the key predictors of learning outcomes?

RQ3: Based on key behavioral variables, which groups of learners with different behavioral patterns can be identified?
What are the differences in learning outcomes among different groups?

2 LITERATURE REVIEW

The classification and measurement of learning behaviors form the basis of learning analysis research. Early studies
focused on constructing a universal online learning behavior classification framework. Peng Wenhui et al. (2006)
proposed a multi-dimensional and multi-level online learning behavior model, dividing online learning behaviors into
five dimensions: collecting information, organizing information, publishing information, exchanging information, and
using information [2]. Yang Jinlai et al. (2008) based on the definitions of behavioral theory and behavioral science for
the behavioral system, sorted out more than 20 common online learning behaviors [3]. Hannafin (2003) further, from
the perspective of the functions of the learning process, classified online learning behaviors into four categories:
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trajectory behavior, social behavior (including real-time communication and discussion-based communication),
resource learning behavior, and assessment and reflection behavior[4]. The above classification framework provides
theoretical support for understanding the structure of learning behaviors, but it mostly remains at the level of conceptual
construction and does not clearly define specific measurable indicators.

In recent years, with the rapid development of learning analytics technology, researchers have further subdivided
learning behaviors to the level of platform operations, enabling automated tracking and quantitative analysis of learning
behaviors. Zarzour et al. (2020) focused on fine-grained behaviors such as page turning, returning, posting, liking,
sharing, commenting, etc. [5]; Yoon et al. (2021) systematically reviewed 11 video learning behaviors including video
playback, pausing, bookmarking, slide navigation, conditional judgment, evaluation, reply, view switching, filtering,
information seeking, and annotation [6]. These studies significantly enhanced the collectability and computability of
behavioral data, but the underlying assumption is that all recorded behaviors have equal analytical value. However,
which behavioral indicators truly have stable and significant predictive power for learning outcomes remains a matter of
consensus [7].

More importantly, the existing research has two common shortcomings in terms of methodology: Firstly, the data cycle
is limited, mainly relying on cross-sectional or short-term tracking data, lacking longitudinal data across multiple years.
The stability of learning behaviors across semesters and grades, as well as the long-term applicability of short-term
research conclusions, have not been fully verified. Secondly, the data modality is single, overly relying on platform
objective log data, while ignoring the driving role of internal psychological factors such as learning motivation and
self-efficacy on behaviors. The separation phenomenon between objective behaviors and subjective self-assessment and
its internal mechanism lack systematic exploration in blended learning scenarios.

In summary, the current learning behavior analysis framework has significant research gaps in three aspects: the validity
of indicators, the longitudinal stability, and the integration of subjective and objective data. Therefore, this study is
based on the blended learning scenario, with autonomous learning behavior and interactive learning behavior as the core
constructs. It integrates the objective behavioral logs of the platform accumulated over ten years and the subjective
self-evaluation data of learners to construct a learning behavior analysis framework that is predictive, robust, and
psychologically interpretable, thereby addressing the shortcomings of existing research.

3 RESEARCH METHODS
3.1 Research Background and Data Sources

The data for this study were sourced from the self-developed "Modern Educational Technology" blended teaching
course platform of Shaanxi Normal University (http://edutech.snnu.edu.cn). This course is a national-level first-class
blended course. The platform was independently developed by the course team and has been continuously operated.
The research subjects were full-time undergraduate and graduate students who participated in this course during the
period from 2006 to 2015. During the data processing, multi-source data association and matching were achieved
through student numbers. To ensure the completeness of data for the three core dimensions of autonomous learning
behavior, interactive learning behavior, and self-assessment learning behavior, this study excluded samples with
missing core indicators (if any core dimension was missing, the sample was deleted). As a result, 3,693 valid samples
were obtained. The composition of the samples is as follows: 1,498 males (40.6%), 2,195 females (59.4%); 1,502 in the
liberal arts (40.7%), 1,640 in science/engineering (44.4%), 551 in technical subjects (14.9%); 2,902 undergraduates
(78.6%), 791 postgraduates (21.4%).

3.2 Variable Measurement

The main variables of this study and their descriptions are as follows:

3.2.1 Dependent variable

The effectiveness of blended learning is measured by two indicators: (D Academic performance, which is the
comprehensive assessment score of the course (including homework, online learning, online exams, and final exams),
divided into four grades: 4 = Excellent (> 85 points), 3 = Good (75 - 84 points), 2 = Average (60 - 74 points), 1 = Fail
(< 60 points); @ Self-assessment of learning effectiveness, which uses a Likert 5-point scale to measure learners'
overall evaluation of their own learning effectiveness, with binary classification: 2 = Better, 1 = Worse.

3.2.2 Independent variable

The independent variables are divided into three categories: (1) Autonomous learning behavior (16 indicators): covering
online study duration, study resource duration, effective study duration of courses, pass rate of key knowledge, pass rate
of ordinary knowledge, normal withdrawal rate, average number of active days, and average duration of study intervals,
etc.; @ Learning interaction behavior (16 indicators): including participation activity level, centrality, content
contribution degree, interaction breadth, interaction depth, as well as interaction frequency and quality indicators of
BLOG, BBS, MESSAGE systems; 3 Self-assessment of learning behavior, measured by a 5-point Likert scale to
evaluate the overall evaluation of learners' own learning behavior (Beh Avg).

3.2.3 Control variables

The control variables are demographic characteristics, including gender, major category (Liberal arts,
science/engineering, and art disciplines), and academic stage (undergraduate, graduate student).

Volume 4, Issue 10, Pp 43-49, 2026



Mining the learning behavior characteristics of college students in blended ... 45

3.3 Data Analysis Process

This study adopts a two-stage analytical strategy:

Stage 1: Screening of key predictor variables. With academic performance as the dependent variable, all behavioral
indicators and demographic control variables were included in stepwise regression analysis (significance level a=0.05).
The behavioral variables with significant predictive effects on learning outcomes were screened, and the data dimension
was reduced to lay the foundation for clustering analysis.

Stage 2: Cluster analysis of learners. Based on the selected key behavioral variables, the K-means clustering algorithm
was used to cluster students after Z-score standardization. The optimal number of clusters is determined by elbow
method, and verified by contour coefficient. To enhance robustness, the clustering process was randomly initialized 50
times and the solution with the smallest total within-group sum of squares was selected.

3.4 Data Preprocessing

In order to eliminate the influence of dimensional differences, all continuous features were normalized by max-min and
converted to the interval [0,1]. In order to weaken the systematic errors caused by the differences between annual
assessment content and scoring standards, and ensure the comparability of ten-year data across years, the continuous
data (scale scores, platform behavior indicators) were standardized by Z-score in different years. Handling missing
values: A small number of missing values (< 5%) were imputed by the annual mean. The samples missing in any of the
three core dimensions were eliminated, and finally 3693 complete analysis samples were formed. IBM SPSS Statistics
24 and Python 3.10 were used for data analysis.

4 ANALYSIS OF RESEARCH RESULTS
4.1 Descriptive Statistics and Group Differences

4.1.1 Global behavioral characteristics

The statistical results of the standardized data of 3693 learners showed that: first, the individual differences of learners
in the learning habit indicators such as time investment, learning efficiency, active days, and learning interval were
extremely significant, and the Coefficient of Variation (CV) of most indicators was greater than 0.6. Secondly, the
distribution of interaction activity in the learning community was extremely unbalanced, showing the characteristics of
the coexistence of a small number of highly active contributors and a large number of low-participation learners. Third,
the mean value of self-rated learning behavior (Beh Avg) was 3.34 (SD=0.43, 5-point scale), with the overall positive
and individual differences being very small, which was in sharp contrast with the significant differences of objective
behavior indicators.

4.1.2 Demographic differences

Gender differences. Girls' academic performance was significantly better than boys' (t=4.72, p<0.001), but boys'
self-evaluation learning effect was significantly higher (3>=8.34, p=0.004). The contrast between objective performance
and subjective evaluation was prominent in the gender dimension, which may be related to the influence of traditional
gender concepts on self-assessment standards.

Section and subject differences. The academic performance and self-evaluation effect of graduate students were
significantly better than those of undergraduate students (p<0.01). In the subject dimension, liberal arts students had the
best performance, and technical students had the lowest performance, but technical students had the highest
self-evaluation learning effect, which reflected the regulatory effect of subject evaluation standards on learners'
self-cognition.

4.2 Identification of Key Behavioral Predictors

In order to identify the indicators with significant predictive power for blended learning effect, this study took academic
performance and self-rated learning effect as the dependent variables. Firstly, the correlation analysis between 33
behavioral indicators and demographic control variables was carried out, and 20 behavioral indicators significantly
correlated with learning effect were screened out. Then, considering that academic performance and self-rated learning
effect were categorical variables, this study used Logistic regression analysis to investigate the predictive effect of
covariates (gender, academic stage, discipline background) and the above 20 predictor variables on blended learning
effect of college students. Stepwise Logistic regression results showed that 10 behavioral variables with significant
predictive effects were retained in the final model (F(10,3682)=127.45, p<0.001, adjusted R>=0.312). Among them, the
normal dropout rate, extended registration time, average duration of course learning, average duration of online learning,
active days, average duration of learning interval in autonomous learning behavior, and the proportion of total BBS
topic reading and the proportion of BBS circles in interactive learning behavior were entered into the model. It is worth
noting that "total online time" was not included in the final model, indicating that time investment alone has limited
predictive power for learning outcomes.

4.3 Dimension Feature Mining of Learning Behavior
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4.3.1 Learning behavior clustering: Six groups of learners

Based on the 10 key behavioral variables (excluding demographic variables), K-means clustering was performed on the
standardized data. With 6,446 data points as input, using the elbow rule for evaluation, it was found that the DBI index
reached its minimum value of 0.5466 when the number of clusters K was 6, thus determining the optimal number of
clusters to be 6.

4.3.2 Description of behavioral characteristics

In order to reveal the detailed characteristics of different groups in terms of autonomous learning behavior, interactive
learning behavior, and self-assessment learning behavior, this study conducted descriptive statistical analysis on 6
clusters across 3 dimensions and 10 behavioral characteristics. The analysis results are shown in Table 1.

Table 1 Analysis of Behavioral Characteristics of Different Clusters

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Features (681) (1429) (1672) (1448) (918) (298)
Normal exit rate 0.555 0.361 0.612 0.258 0.470 0.651
Registration(CB1) 0.052 0.082 0.040 0.145 0.060 0.040
extension time(CB2) ’ ’ ’ ’ ’ ’
Average course study
Autonomous duration(CB3) 0.239 0.291 0.220 0.323 0.265 0.187
learning behavior Average online
duration(CB4) 0.269 0314 0.254 0.347 0.293 0.229
Active days(CB5) 0.217 0.167 0.244 0.138 0.193 0.309
Average learning interval
duration(CB6) 0.227 0.253 0.211 0.265 0.241 0.180
. . BBS topic reading total 0.561 0.463 0.596 0.393 0.518 0.639
Interactive learning percentage(IB1)
behavior BBS circle 0.005 0.003 0.011 0.003 0.004 0.031
percentage(IB2)
Autonomous learning behavior(CB) 0.601 0.485 0.680 0.413 0.541 0.788
Interactive learning behavior(IB) 0.561 0.463 0.596 0.393 0.518 0.639
Self-assessment learning behavior(Beh) 0.005 0.003 0.011 0.003 0.004 0.031

From the descriptive statistics results, it can be seen that each cluster shows significant differences and common
patterns in learning behaviors, mainly manifested as structural contradictions such as "duration # quality" and
"frequency # depth". Cluster 6 has the highest comprehensive score in autonomous learning (0.788) and interactive
learning (0.639), demonstrating a high completion rate, high activity level, and strong interactivity; Cluster 4 ranks first
in "average course learning duration" (0.323) and "average online duration" (0.347), but has the lowest "active days"
(0.138), and its interaction behavior score (0.393) and self-assessment behavior score (0.003) are both at the bottom,
highlighting the contradictory characteristics of "high investment, low frequency, and low interaction".

Each cluster generally presents the problem of "unequal balance between autonomous learning and interactive learning":
The scores for autonomous learning are generally higher than those for interactive learning, and the self-assessment
behavior is overall low, reflecting the weak self-reflection and feedback mechanism of the learners. Among them,
Cluster 2 and Cluster 5 have a medium learning frequency, but the interaction participation is insufficient; Cluster 3,
although having a high activity level, still has a low self-assessment score.

4.3.3 The complex interrelationship among behavioral patterns, self-perception, and learning outcomes

In order to more clearly observe the differences in students' learning outcomes among different clusters, this study
presents the data through line graphs, as shown in Figure 1. The various behavioral indicators present a complex and
interwoven relationship. Cluster analysis clearly reveals the significant differences in students' learning behaviors.
Based on the differences and characteristics of different types of learners in their learning behaviors, combined with the
research in this paper, the six types of learners are named as: the Isolated Group (Cluster 1), the Passive Procrastinator
Group (Cluster 2), the Shallow Participation Group (Cluster 3), the Stable and Active Group (Cluster 4), the Highly
Engaged Group (Cluster 5), and the Deep Interaction Leadership Group (Cluster 6). The core characteristics of each
group are as follows:

The behaviorally detached group (cluster 1): low autonomous participation, low interactive behavior, the longest
learning interval, the lowest online time, weak willingness to participate in the learning platform, significant learning
procrastination, and the lowest academic performance and self-evaluation effect.

Passive procrastination group (cluster 2): long learning interval, high online time, low interaction quality, mainly
surface passive interaction such as browsing and liking, no deep interaction is formed, and the learning effect is not
good.

Shallow participation group (cluster 3): the learning interval is moderate, the interaction frequency is slightly increased,
and active behaviors such as posting for the first time appear, but shallow interaction is still the core, and the learning
performance and self-evaluation effect are slightly improved.
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Figure 1 Line Graph Showing the Mean Values of Each Characteristic Behavior of Different Clusters

Stable and active group (cluster 4): the online time and active days are above the middle, the interactive behavior is
stable and the quality is gradually improved, the regular learning rhythm is formed, and the learning performance and
self-evaluation effect are above the middle level.

Highly engaged group (cluster 5): the shortest learning interval, the highest online time, frequent interaction behaviors
with excellent quality, strong learning motivation, and high scores and self-evaluation effects.

Deep interaction leading group (cluster 6): the interaction quality was the best (the proportion of BBS topic replies and
the proportion of circles were the first), the independent learning behavior performance was outstanding, not only the
learning effect was excellent, but also played a leading role in the learning community.

The comparison results of the learning performance of each group showed that the learning behavior and learning effect
were not a simple linear relationship of "the more investment, the better effect". The stable active group (cluster 4) had
higher online time investment, but the academic performance (78.9 points) was significantly lower than that of the deep
interaction leading group (cluster 6, 87.6 points). The deep interaction leading group achieved the best results with
medium time investment, which confirmed that interaction quality and learning regularity were the core factors driving
the nonlinear growth of learning effectiveness. The learning performance of the shallow participation group (cluster 3)
(72.1 points) was better than that of some high time investment groups, which further verified that the "quality" of
learning behavior had a stronger predictive power than the "quantity" of learning behavior.

5 DISCUSSION

Based on ten years of longitudinal multimodal data, this study reveals three core findings: the systematic separation of
objective performance and subjective self-evaluation, the nonlinear association between learning behavior and learning
effectiveness, and the six types of learner behavior classification in blended learning scenarios. The detailed discussion
is as follows:

5.1 The Phenomenon of Subjective and Objective Separation: The Double Regulation of Gender and Discipline
Culture

This study found that girls achieved significantly higher objective scores than boys, but their self-assessed learning
outcomes were lower; students in technical subjects had the lowest objective scores, yet their self-assessed learning
outcomes were the highest. This phenomenon is not a measurement error; rather, it is an external manifestation of the
differences in the reference frameworks and success criteria used for self-evaluation among different groups.

Previous studies have provided a theoretical explanation for this finding. Pajares (2002) pointed out that females tend to
adopt stricter standards or make upward comparisons in their academic self-evaluation, while males are more likely to
adopt looser standards or make downward comparisons [8]. This gender difference is manifested in this study as
follows: although female students have higher objective grades, their strict self-evaluation standards lead to a lower
self-assessment. At the same time, the discipline culture has shaped the cognitive paradigm of "ability". The art
disciplines (such as art and sports) focus on practical performance and creative expression, and their success criteria are
different from standardized tests. Therefore, although art disciplines students have lower test scores, they may still give
higher self-assessments based on the value scale of their own field. This finding is consistent with the existing studies
on the moderating effect of disciplinary identity.

From the perspective of learning analysis methodology, this finding holds significant implications. Relying solely on
objective behavior logs may underestimate the learning satisfaction of women and students of liberal arts, while relying
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solely on self-assessment scales may overestimate the knowledge acquisition of students of technical subjects. The
integration of multimodal data is a necessary approach to ensure the validity of research conclusions.

5.2 Nonlinear Behavior-Effectiveness Relationships: The Leverage of Interaction Quality and Self-Regulation

The clustering results clearly challenge the linear perception that "the more time invested, the better the learning
outcome". The deeply interactive group (Cluster 6) achieved the best learning results with non-maximum online
duration as its core feature, which lies in high-quality interaction and strong self-regulation ability. However, the stable
and active group (Cluster 4) had sufficient time investment but failed to achieve the optimal learning outcome due to
insufficient interaction depth. The underlying mechanism is that high-quality deep interaction enables learners to
externalize knowledge, defend viewpoints, and reconstruct through reflection, thereby promoting deep understanding of
concepts; while good self-regulation, such as a regular learning rhythm, avoids inefficient consumption of cognitive
resources. When the learning duration exceeds a certain threshold, the marginal benefit decreases or even turns negative.
Without strategic adjustment, simply accumulating time can easily lead to the "false activity" predicament.

This explanation is in line with the consensus in the field of learning analytics that "quality of input is superior to
quantity of input" [9], and also consistent with the "redundancy effect" in the cognitive load theory.

5.3 Behavior Typologies for Six Groups: From Descriptions to Guidelines for Differentiated Interventions

The six groups of learners identified in this study have distinct behavioral characteristics, providing an empirical basis
for the transition from "uniform teaching" to "precise intervention" in higher education. There are fundamental
differences in the learning difficulties and needs of different groups: the alienated group and the passive procrastinator
group need to lower the participation threshold and rely on external impetus to integrate into the learning process; the
shallow participation group has crossed the threshold, but lacks cognitive strategies to transform surface interactions
into deep processing; the stable and active group and the highly engaged group have already demonstrated strong
autonomy, but may encounter risks of saturation or burnout; the deep interaction leading group has formed an efficient
learning model.

This classification framework corresponds to the three elements of autonomy, competence and belongingness in the
Self-Determination Theory [10]: The alienation group lacks basic belongingness and competence; the shallow
participation group needs to enhance competence to move beyond the surface level; the highly engaged group needs to
maintain autonomy and challenge to prevent burnout; the deep interaction-leading group has achieved a high level of
satisfaction of these three elements and can then shift to contribution and leadership. This classification framework
indicates that effective teaching intervention is not a one-size-fits-all approach of increasing or reducing burdens, but
rather a precise matching based on the behavioral characteristics of learners. In the future, intelligent teaching systems
can rely on real-time behavioral data to automatically identify group types and push differentiated support strategies.

6 CONCLUSION AND IMPLICATIONS

This study is based on a ten-year longitudinal multimodal dataset and employs a two-stage analysis method consisting
of stepwise regression screening and K-means clustering to reach the following conclusions.

First, there is a systematic separation between objective academic performance and subjective self-assessment results.
Girls perform better academically than boys but rate themselves lower. Students in technical subjects have the lowest
scores but rate themselves the highest. This finding confirms that relying solely on objective logs or self-assessment
scales can lead to errors. The integration of multimodal data is a necessary methodological foundation for learning
analysis.

Secondly, the regularity of learning, the habit of systematic withdrawal, and the depth of community participation are
the core indicators for predicting learning outcomes. Among the 10 key variables selected through stepwise regression,
"average duration of learning intervals (reverse)", "normal withdrawal rate", and "percentage of BBS circles" have the
largest effect sizes, revealing a predictive path beyond "time accumulation".

Thirdly, the relationship between behavior and outcome exhibits a non-linear characteristic. The quality of interaction
and the ability of self-regulation are the core levers that surpass the accumulation over time. Among the six types of
learners, the group with deep interaction led achieved the best results with moderate time investment, while the stable
and active group, which invested the most time, did not reach the optimal level.

The above conclusion has clear guiding significance for the practice of blended learning: The course design should
break away from the "time tracking" paradigm and build a learning environment that supports deep interaction and
self-regulation; The learning analysis system should integrate subjective and objective data to achieve multimodal
learning warnings and personalized feedback; Teaching intervention should be implemented precisely based on
behavioral classification, promoting low-threshold participation for the isolated group, building interaction scaffolds for
the shallow participation group, providing challenging tasks and autonomous space for the highly engaged group, and
exerting the value of peer tutoring for the deeply interactive leading group. Future research should conduct replication
verification across courses and institutions, introduce dynamic clustering and sequence mining methods to reveal the
time evolution patterns of learning behaviors, and develop an adaptive intervention system based on the six types of
learner classification for experimental verification.
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