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ABSTRACT To address the difficulty of integrating multi-source heterogeneous learning behavior data
and the broadness of conventional teaching intervention strategies, this paper proposes a data-driven
analysis framework based on K-means clustering for higher vocational midwifery education. The study
collects multidimensional behavioral data from online learning logs, smart classroom interaction records,
and practical training assessments, and constructs a 12-dimensional feature system covering cognitive
input, behavioral activity, practical competence, and comprehensive performance. Zscore standardization
is used to eliminate dimensional differences, and the optimal cluster number K=3 is determined by
combining the elbow rule and silhouette coefficient. Students are classified into actively balanced,
theoretically weak, and practically lagging groups. Experimental results show that targeted interventions
based on clustering profiles significantly improve core competency indicators in theoretical and practical
dimensions. Hotelling’s T2 tests and external evaluation indicators confirm the statistical significance
and educational interpretability of the clustering structure. The framework can also support engineering
training environments using smart classrooms, wireless sensing, and electromagnetic-compatible data
acquisition systems for precise learning diagnosis and intervention.

INDEX TERMS k-means clustering, learning behavior, teaching intervention, smart classroom, wireless

sensing

I. INTRODUCTION

ITH the deepening of digital transformation in ed-
Wucation, higher vocational education in engineering
and materials science is rapidly evolving from experience-
driven paradigms to data-driven smart manufacturing in-
struction. As a typical highly skilled and practical medical-
related major, midwifery’s talent training quality is directly
related to maternal and infant safety and the capacity of
primary healthcare services. However, in current teaching
practice, although teachers can obtain a large amount of stu-
dent learning behavior data through channels such as smart
teaching platforms and training management systems, this
data often presents characteristics of being multi-sourced,
heterogeneous, and high-dimensional, making it difficult to
effectively integrate and interpret [1-2]. Meanwhile, teach-
ing intervention strategies still generally adopt a uniform,
experience-based “one-size-fits-all” approach, lacking pre-
cise responses to individual differences. This results in high-

VOL. 15, NO. 3, AUGUST 2026

quality educational resources failing to efficiently match the
truly needy student groups, creating a structural contradic-
tion of “rich data but poor insights, frequent interventions
but limited effects.” While existing learning analytics re-
search has made some progress in general courses, it still
has significant limitations in highly specialized vocational
education scenarios, especially in professions like midwifery
that emphasize the integrated training of “theory-skills-
competencies” [3-4]. On the one hand, most studies focus
only on single-dimensional learning indicators, failing to
fully integrate multimodal behavioral data such as class-
room interaction, virtual simulation operations, and clinical
training performance, making it difficult to comprehensively
depict the true learning status of midwifery students. On the
other hand, even when some studies attempt to introduce
clustering algorithms for student grouping, the results often
remain at the descriptive profile level, lacking a logical
connection mechanism with subsequent teaching actions,
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making it difficult to transform the analytical results into
executable and assessable teaching intervention plans [5-
6]. To address the aforementioned issues, this paper fo-
cuses on midwifery majors in higher vocational colleges
and proposes a data-driven teaching intervention framework
that integrates the K-means clustering algorithm. Based
on real teaching scenarios, this framework systematically
collects and integrates online learning logs, smart classroom
interaction records, and practical training assessment data
to construct a multi-dimensional feature system covering
cognition, behavior, and skills. On this basis, by scientifi-
cally determining the optimal number of clusters, it achieves
refined segmentation of the student population. More im-
portantly, it constructs a “clustering profile—intervention
strategy”” mapping rule library, directly transforming the be-
havioral pattern labels output by the algorithm into specific
teaching measures that align with the training objectives of
the midwifery major, such as personalized resource delivery,
group collaborative task design, and simulated operation
reinforcement training. This provides a practical teaching
path for midwifery majors while offering a methodological
reference for data-driven reforms in engineering and other
highly practical vocational fields focused on advanced fiber
processing technology.

Il. RELATED WORK

In recent years, Educational Data Mining (EDM) technology
has shown great potential in student behavior modeling
and academic early warning. Among them, unsupervised
learning methods are widely used in learner classifica-
tion research because they can discover potential group
structures without prior labels [7-8]. K-means clustering,
as the most classic partitioning clustering algorithm, has
become the mainstream tool for identifying student behavior
patterns in educational scenarios due to its advantages
such as high computational efficiency, clear principles, and
strong interpretability of results. Studies generally construct
feature spaces by defining indicators such as learning input,
resource usage frequency, and test performance, and use
K-means to divide students into several homogeneous sub-
groups, thereby providing a basis for differentiated teaching
[9-10]. To further improve cluster stability, researchers often
combine internal evaluation indicators such as the elbow rule
and silhouette coefficient to determine the optimal number
of clusters, avoiding biases caused by subjective settings
[11-12].

In the field of higher vocational education, research
on student learning behavior has gradually shifted from
macro-level attitude surveys to micro-level process track-
ing. Related work indicates that higher vocational stu-
dents generally suffer from insufficient learning motiva-
tion, weak self-learning ability, and a disconnect between
theory and practice, exhibiting significant unevenness in
their learning engagement [13-14]. Based on this, some
studies have attempted to identify typical groups such
as “low-participation,” “subject-specific,” and “passive fol-
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lower” through clustering methods and explore their causes.
However, these studies largely rely on static data such as
questionnaires or final exam scores, lacking fine-grained
capture of dynamic behavior throughout the learning pro-
cess, especially neglecting behavioral representations of core
vocational education aspects such as practical training and
hands-on practice, resulting in weak correlation between the
identified group characteristics and professional competence
development [15-16].

At the level of teaching intervention, the data-driven pre-
cision teaching concept has gained widespread acceptance.
Learning analytics should form a closed loop of “collection
analysis diagnosis intervention evaluation” [17-18]. How-
ever, most current research is limited to the diagnostic stage
and has not established an effective conversion mechanism
from data insights to teaching actions. Especially in courses
with strong professionalism and high skill requirements,
how to transform abstract clustering results into concrete,
feasible, and professionally logical intervention measures
remains a key challenge that has not yet been systematically
addressed [19-20]. The existing intervention strategies are
mostly general recommendations, lacking deep coupling
with professional core competency indicators, making it
difficult to support teachers in carrying out targeted teaching
adjustments [21-22].

In summary, although K-means clustering has been
widely applied in educational analysis, there is still a lack
of an end-to-end research framework that integrates multi-
source heterogeneous behavior data, achieves refined group
recognition, and can directly generate professional oriented
intervention strategies in highly specialized scenarios such
as vocational midwifery. This article is dedicated to bridging
the gap between data analysis and educational practice, and
promoting the transformation of learning analytics technol-
ogy from visible to actionable.

lll. MATERIALS AND METHODS

A. DATA COLLECTION AND PREPROCESSING

The data collection follows the principle of “multi-source,
whole process, high fidelity”, aiming to comprehensively
reflect the training characteristics of the “theory skills liter-
acy” trinity in the midwifery profession. The data sources
include three categories: (1) Online learning platform log
data comes from the smart teaching platform deployed
by the school, recording students’ behavior trajectories in
core courses such as Obstetrics and Gynecology Nursing
and Midwifery Technology, such as video viewing time,
chapter test submission times and scores, resource download
frequency, etc. (2) The interactive data of smart classroom
teaching is automatically captured through the classroom
response system and teaching management platform, includ-
ing classroom question response rate, in class test accu-
racy, group discussion participation, etc. (3) The training
assessment data is provided by the on campus simulated
delivery room training center, covering structured evaluation
indicators such as standardized operation process execution
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scoring, simulated delivery scenario response ability, and
sterile operation standardization.

Based on the above raw data, this article constructs a
feature vector space containing 12 dimensions to quantify
students’ learning behavior, as shown in Table 1.

Due to significant differences in the dimensions and value
ranges of each feature, directly inputting it into the cluster-
ing model can result in distortion in distance calculation.
Therefore, Z-score normalization is used to preprocess all
features, ensuring that each dimension has equal weight in
the clustering process. The standardized formula is:

Xij — 1y

Zij =
gj

ey

X;; represents the original value of the i-th student on
the j-th feature, where 11; and o are the mean and standard
deviation of the feature in the entire sample, respectively.
After this processing, all features follow a standard normal
distribution with a mean of 0 and a standard deviation of 1.

B. CONSTRUCTION OF K-MEANS CLUSTERING MODEL
The core goal of K-means clustering is to divide n samples
into K mutually exclusive clusters C' = {C1,Cy,...,Ck},
minimizing the Sum of Squared Errors (SSE) within each
cluster. The optimization objective function can be for-
malized as ming Y b, Yowec, lzi — prll?, where x; is
the standardized eigenvector of the i-th student, py is the
centroid of the k-th cluster, and ||-|| represents the Euclidean
distance [23-24]. To address the well-known sensitivity of
the standard K-means algorithm to initial centroid selection,
this study adopted the K-means++ algorithm for initial
centroid initialization, which selects initial centroids with
large mutual distances to avoid local optimal solutions.
Meanwhile, the model was independently run 20 times with
different random seeds, and the clustering result with the
minimum intra-cluster sum of squared errors was selected
as the final result.

The determination of the optimal number of clusters K
is crucial for model construction [25-26]. A single indicator
is susceptible to subjective influence, so this article uses the
elbow rule and contour coefficient to jointly determine. The
elbow rule calculates SSE at different K values:

K
SSE(K) =" > o — el (2)
k=1z,€C}

Draw the K-SSE curve and select the “inflection point” as
the candidate K [27-28]. The silhouette coefficient evaluates
the clustering quality from the perspectives of cohesion and
separation. The silhouette coefficient of a single sample ¢
is:

b(i) — ali
(i) — b —al)
max{a(i),b(i)}

a(?) is the average distance between sample 7 and other
samples in the same cluster, and b(¢) is the minimum

3)
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average distance between sample ¢ and all samples in the
nearest neighboring cluster. The overall contour coefficient
is:

F=-> (i) @)

This article selects the K value that maximizes 5 and
causes a clear inflection point in the SSE curve. The
effectiveness evaluation of clustering adopts two external in-
dicators: Calinski-Harabasz (CH) index and Davies-Bouldin
(DB) index [29-30]. The CH index measures the ratio of
inter cluster dispersion to intra cluster compactness:

_ Tr(Bg)/(K 1)
Tr(Wg)/(n — K)

By is the inter group dispersion matrix, Wi is the intra
group dispersion matrix, and 7'r(-) is the matrix trace. The
larger the CH value, the better the clustering effect. The DB
index calculates the average similarity between each cluster
and its most similar cluster:

CH &)

K
1 R, +R;
DB—Zmax(l+ J> ©)
K & i \d(pi )

R; is the average dispersion of cluster ¢. The smaller
the DB value, the better the clustering effect. In addition,
to quantify the significance of inter cluster differences,
Hotelling’s T test was introduced:

nng  _  \T o—1/- _
T = —— (71 — S - 7
——— (T1 —22)" S, (T1 — 72) @)

Z1 and Z, are the centroids of the two clusters, and S; Lis
the merged covariance matrix. If the T2 statistic corresponds
to p < 0.01, it is considered that there is a significant
difference between the two clusters in the multidimensional
feature space [31-32].

C. CONSTRUCTION OF INTERVENTION STRATEGY
MAPPING RULE LIBRARY

The value of clustering results lies in guiding teaching
actions. To this end, this study constructed a structured
“clustering portrait intervention strategy” mapping rule li-
brary, achieving a closed-loop transformation from data
insights to educational practice [33-34]. This process is
divided into three steps:

Step 1: Semantic interpretation of centroid features. Ana-
lyze the centroid vector puy, = [pr1, ftk2, - - - , r12] T of each
cluster and identify the dimensions that are significantly
higher or lower than the global mean. It can be labeled as
‘weak in theory but strong in practice’. Z-score normaliza-
tion was applied to all 12-dimensional features to eliminate
dimensional differences and ensure equal weight in the K-
means clustering process, which guaranteed the objectivity
of sample distance calculation and cluster division without
subjective feature weighting. The subsequent definition of
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TABLE 1. 12 dimensional feature vector space

Feature No. Feature Category Feature Name Calculation method/explanation
X1 Cognitive Engagement Average Video Completion Rate Total effective video watching duration / Total course video duration
X2 Cognitive Engagement Average Score of Chapter Quizzes Arithmetic mean of all chapter quiz scores
X3 Cognitive Engagement Classroom Interaction Accuracy Rate Number of correct classroom answers / Total number of answers
X4 Behavioral Activity Weekly Average Login Frequency Total login times during the semester / Number of teaching weeks
X5 Behavioral Activity Community Participation Number of forum posts + Number of replies
X6 Behavioral Activity Homework Submission Timeliness Rate Number of on-time homework submissions / Total number of homework assignments
X7 Practical Competence Average Score of Practical Training Arithmetic mean of practical training project scores
Operations
X8 Practical Competence Completeness Score of Simulated Delivery Completeness score assessed by teachers based on standardized checklists
Operation
X9 Practical Competence Responsiveness (Agility) 1 / Emergency handling response time
X10 Comprehensive Standardized Score of Midterm Theoretical ~ Raw score processed by Z-score standardization
Performance Exam
X11 Comprehensive Mean of Teachers’ Process-oriented Mean of teachers’ comprehensive scores on learning attitude, collaboration, and other
Performance Evaluation dimensions
X12 Comprehensive Peer Evaluation Z-score Raw peer evaluation scores processed by Z-score standardization
Performance

the feature significance index was a post-clustering semantic
interpretation step for labeling group characteristics, rather
than a reweighting of features in clustering. To quantify
significance, define the feature significance index:
by = ksl (8)
Opj

0,; 1s the standard deviation of the centroid values of
all clusters in the j-th dimension. When 6; > 1.5, it is
considered that this feature plays a decisive role in group
labeling.

Step 2: Expert collaboration strategy generation: a focus
group meeting with three midwifery teachers with over 10
years of teaching experience and two educational technology
experts can be organized. The meeting focused on dis-
cussing “how to improve the weaknesses of this group” and
“how to strengthen its advantages”. For the “theoretically
weak” group, experts suggest: “pushing obstetric pathology
mechanism animation micro courses” and “organizing” case
theory “paired learning groups”; For the “practice lag type”,
it is recommended to “increase the duration of high fidelity
simulated childbirth operations to 2 hours per week” and
“implement a one-on-one skill mentorship system between
experienced and new staff”’. The baseline duration of high-
fidelity simulated childbirth operation training for all three
student groups was uniformly set at 1 hour per week in
this study. The expert-recommended increase to 2 hours
per week for the practice lagging group was a targeted
adjustment based on their core competency weakness in
practical operation, rather than a blind increase in practice
volume. For the balanced & active group and theory weak
group, their baseline training duration was maintained un-
changed during the intervention period, which ensured that
the improvement in practical competency of the practice
lagging group could be attributed to the precision of the
clustering-based targeted intervention strategy, rather than
the simple change in practice time.

Step 3: Formalize and store rules: it can transform expert
consensus into structured production rules, expressed using
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the “IF-THEN” logic. The general form is:

IF HEN I,

N Xi>08 | Al N\ X <o)

JjEH JEL

H is a high score feature collection, L is a low score
feature collection, G;L, 9; are thresholds, and I, is a set of
intervention measures for the k-th group. This mapping rule
library not only ensures the professionalism and operability
of intervention measures, but also establishes a traceable and
iterative optimization mechanism [35-36].

D. EXPERIMENTAL DESIGN AND QUANTITATIVE
INDICATORS

This study adopted a pre-test experimental design to verify
the effectiveness of the data-driven teaching intervention
framework. The experimental subjects were 120 midwifery
students divided by K-means clustering, corresponding to
three groups: “positive balance type”, “theoretical weakness
type”, and “practice lag type”. This study was approved by
the Ethics Committee of Laiwu Vocational and Technical
College, and was performed in accordance with the princi-
ples of the Declaration of Helsinki. All eligible participants
signed an informed consent form. The classification results
are shown in Figure 1.

From Figure 1, it can be seen that the “positive balance
type” group (blue circular dots, 42 people) is concentrated
in the upper right area of the coordinate system; Theoretical
weak groups (purple square dots, 38 people) gather in the
middle area of the coordinate system, while practical lagging
groups (green triangle dots, 40 people) are distributed in the
lower right middle area of the coordinate system.

At the same time, 36 students from the same major in
the previous academic year were selected as the control
group. The two groups maintained consistency in curriculum
system, teacher configuration, and assessment standards.
The control group only received traditional standardized
teaching and did not receive targeted interventions based
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Clustering of Higher Vocational Midwifery Students Learning Behavior
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FIGURE 1. Classification results of three types of students

on clustering portraits. To ensure the rigor of the exper-
iment, homogeneity tests were conducted on the baseline
characteristics of each group before intervention, including
the average scores of the college entrance examination, the
average scores of professional basic courses in the first
semester, and the scores of the learning motivation scale.
The results of one-way ANOVA showed no significant
differences between the groups, ensuring good comparabil-
ity between the groups. To mitigate potential confounding
variables introduced by selecting students from the previous
academic year as the control group, rigorous homogeneity
tests were conducted on the baseline characteristics of
both the intervention and control groups, covering college
entrance examination average scores, first-semester profes-
sional basic course scores, and learning motivation scale re-
sults. One-way ANOVA confirmed no significant intergroup
differences (p>0.05). Meanwhile, the same curriculum sys-
tem, teacher configuration, and assessment standards were
strictly maintained for both groups, minimizing the impact
of non-intervention factors and ensuring the reliability of
the experimental results despite the between-academic-year
control group design.

The quantitative indicator system is constructed around
the training objectives of “theory-skills-literacy” in the
midwifery profession, taking into account the evaluation
of clustering quality and the verification of intervention
effects. The internal evaluation of clustering uses SSE,
silhouette coefficient, CH index, and DB index to measure
the effectiveness of clustering from dimensions such as
intra cluster compactness, sample clustering rationality, inter
cluster dispersion and intra cluster compactness balance,
and inter cluster similarity; The external intervention effect
indicators include the average score improvement rate of
the final theoretical exam, the achievement rate of practi-
cal training skills, and the growth rate of online learning
activity. At the same time, additional indicators such as
the pass rate of professional core courses, the improvement
value of simulated childbirth operation integrity, and the
derived indicators of classroom interaction participation rate
are supplemented. The subjective evaluation indicators are
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evaluated by two professional teachers with more than 8
years of teaching experience in a double-blind manner, and
the consistency of the scores is tested by the correlation
coefficient within the group to ensure the objectivity and
reliability of the data.

IV. RESULTS AND DISCUSSION

A. QUANTITATIVE ANALYSIS OF CLUSTERING AND
GROUPING FEATURES

To accurately characterize the behavioral differences among
three groups of students, a quantitative comparison table was
constructed based on clustering centroid data of 12 dimen-
sional feature vectors. A systematic analysis was conducted
from four dimensions: cognitive investment, behavioral ac-
tivity, practical ability, and comprehensive performance. The
results are shown in Table 2.

Table 2 shows that the centroid values of the positive
balanced group in all feature dimensions are significantly
higher than the global mean, with outstanding scores in
weekly login frequency, average video completion rate, and
timely homework submission rate, reflecting the compre-
hensive advantages of sufficient cognitive investment, active
behavioral participation, and solid practical skills. The core
weakness of the theoretically weak group is concentrated in
the dimension of cognitive investment. The centroid values
of the average scores in chapter tests and the standardized
scores in mid-term theoretical exams are significantly lower
than those of other groups, while the characteristics related
to practical ability are close to the global average, showing a
non-equilibrium feature of strong practical ability and weak
theoretical ability. The practice lagging group shows obvious
disadvantages in the dimension of practical ability, with the
lowest scores in the completeness of simulated childbirth
operations and the average score in practical training op-
erations among the three groups. The characteristic values
of cognitive investment and behavioral activity dimensions
are at a moderate level, forming a behavior pattern that
is theoretically acceptable but lacks practical experience.
The ranking results of feature saliency further validated
the core difference dimensions of various groups, providing
a quantitative basis for the precise design of subsequent

2846



JOURNAL
¢ ORG

AE

Y. Sun et al.

TABLE 2. Behavioral differences among three types of student groups

Feature Feature Category Feature Name Balanced & Theory Weak Practice Lagging
No. Active
X1 Cognitive Engagement  Average Video Completion Rate 1.28 0.35 0.82
X2 Cognitive Engagement  Average Score of Chapter Quizzes 1.15 -1.32 0.21
X3 Cognitive Engagement  Classroom Interaction Accuracy Rate 1.07 -0.45 0.53
X4 Behavioral Activity Weekly Average Login Frequency 1.31 0.47 0.79
X5 Behavioral Activity Community Participation 1.02 0.33 0.51
X6 Behavioral Activity Homework Submission Timeliness Rate 1.24 0.58 0.87
X7 Practical Competence Average Score of Practical Training Operations 1.19 0.92 -1.27
X8 Practical Competence Completeness Score of Simulated Delivery Operation 1.23 0.85 -1.35
X9 Practical Competence Responsiveness (Agility) 1.05 0.78 -0.93
X10 Comprehensive Standardized Score of Midterm Theoretical Exam 1.21 -1.18 0.36
Performance
X11 Comprehensive Mean of Teachers’ Process-oriented Evaluation 1.17 0.29 0.64
Performance
X12 Comprehensive Peer Evaluation Z-score 1.03 0.21 0.57
Performance

intervention strategies.

B. CLUSTER VALIDITY VERIFICATION ANALYSIS

The reliability of clustering results directly determines the
targeting of subsequent intervention strategies, and a single
evaluation indicator is difficult to fully reflect the quality
of clustering. Therefore, from the three dimensions of intra
cluster compactness, inter cluster separation, and statistical
significance, combined with elbow rule, contour coefficient,
CH index, DB index, and Hotelling’s T? test, a multi-index
validation system is constructed to comprehensively evaluate
the K-means clustering results. Among them, Figure 2
accurately locates the optimal number of clusters through
the synergistic changes of intra cluster compactness (SSE)
and inter cluster separation (contour coefficient).

From Figure 2, it can be seen that as the number of
clusters K increases, the sum of squared errors (SSE) within
the clusters generally decreases, indicating that increasing
the number of clusters helps to improve the compactness
of samples within the clusters. However, when K increases
from 2 to 3, the decrease in SSE is most significant, and
then the rate of decrease slows down significantly. The
curve shows a typical “elbow” feature at K=3, indicating
that further subdivision of the cluster structure has limited
marginal improvement in compactness. At the same time,
the average silhouette coefficient reaches the second highest
value at K=3, indicating that the sample achieves a better
balance between intra cluster consistency and inter cluster
discriminability under this cluster number condition; When
K further increases, the contour coefficient decreases signif-
icantly, indicating that excessive clustering may weaken the
inter class separation effect. Combining the two indicators, it
can be concluded that K=3 is a more reasonable and robust
clustering scheme for the current dataset, as it can maintain
clear inter cluster boundaries while ensuring stable intra
cluster structure. To further verify the rationality of K=3,
from the perspectives of comprehensive evaluation of clus-
tering quality and statistical significance, the significance of
inter cluster differences was quantified through the ratio of
inter cluster dispersion to intra cluster compactness and the
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Hotelling’s T test. The results are shown in Figure 3.

Figure 3a shows the joint evaluation results of clustering
quality, quantified by CH index and Adjusted Rand Index
(ARI). ARI is used to measure the consistency between
clustering results and real population labels, with a range
of -1 to 1. The closer the value is to 1, the higher the fit
between the clustering and the actual population structure.
The results showed that when the number of clusters K=3,
the CH index reached a peak of 296.4, indicating the max-
imum inter cluster differences and the optimal intra cluster
density; Meanwhile, the ARI reached 0.823, indicating that
the clustering scheme is highly consistent with the actual
student population structure. Figure 3b shows the p-value
heatmap of the Hotelling’s T* test between clusters at K=3.
The p-values of pairwise comparisons of the three groups
- positive equilibrium type, theoretical weak type, and
practical lagging type - are all less than 0.01, fully indicating
that there are significant differences among the three groups
in the 12 dimensional feature space. Overall, K=3 is the
optimal number of clusters, which can balance intra cluster
tightness, inter cluster separation, and consistency of the true
population structure.

C. DIFFERENTIAL VALIDATION ANALYSIS OF
TEACHING INTERVENTION EFFECTS

To comprehensively evaluate the practical application value
of the data-driven intervention framework, a comparative
analysis was conducted on the differential performance
between the intervention group and the control group in
terms of enhancing core competencies. The changes in
core competency indicators before and after intervention are
shown in Figure 4.
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SSE and Silhouette Joint Validation Curve
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FIGURE 2. Collaborative variation of SSE and contour coefficient
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FIGURE 4. Differential performance between intervention group and control group

The five dimensions of weekly average login frequency,
community participation, homework submission timeliness
rate, mean of teachers’ process-oriented evaluation, and
peer evaluation Z-score were excluded from the interven-
tion effect analysis. The first three are learning behavior
process indicators, only used for clustering to characterize
students’ behavioral features rather than reflecting the core
competency outputs of midwifery. The latter two are multi-
dimensional comprehensive evaluation indicators, whose
results can be embodied by core competency indicators and
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would cause result overlap if included. Additionally, these
five indicators were not the targets of targeted interventions
in this study, and their changes occurred naturally with
the improvement of core competencies, thus they were not
analyzed as independent indicators for intervention impacts.
Figures 4a, 4b and 4c compare the scores of three typical
student groups - positive balanced, theoretically weak, and
practice lagging - before and after intervention on seven
core competency indicators, presenting the pre- and post
intervention scores with error bars of assumed standard
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deviation, facilitating observation of individual differences
within the group. It can be seen that the positive balanced
group maintains a high level in all indicators, and after
intervention, there is a slight improvement, indicating that
their basic abilities are relatively stable; The theoretically
weak group showed a significant improvement in theoretical
indicators, and after intervention, they all approached the
equilibrium level significantly. At the same time, practical
indicators also improved to some extent; The practice lag-
ging group showed significant improvement in skill indica-
tors such as practical operation and simulated childbirth, and
the overall performance after intervention was close to the
group average level. Figure 4 emphasizes the differences
and pertinence of intervention responses among different
groups, providing quantifiable and visual evidence support
for the effectiveness of teaching interventions. Overall, it
can be seen that the intervention program has a significant
effect on improving students’ comprehensive theoretical and
practical abilities, and has differentiated promotion effects
on different characteristic groups.

V. CONCLUSION

This article constructs and validates a data-driven teach-
ing intervention framework integrating K-means clustering,
which resolves the core contradiction between fragmented
learning behavior data and extensive teaching strategies in
engineering and midwifery vocational programs focused
on medical fiber application. By synthesizing multi-source
data, the framework optimizes the precision of instructional
interventions for advanced material processing and clin-
ical midwifery skills. Based on 12 standardized features
of 120 students in the dimensions of cognition, behavior,
and practice, the optimal cluster number K=3 was deter-
mined by combining the elbow rule and contour coefficient.
Three typical groups, namely “positive equilibrium type”,
“theoretical weakness type”, and “practice lag type”, were
successfully identified, and their clustering structures were
fully validated. On this basis, a mapping rule library of
“clustering portrait intervention strategy” was established,
and targeted teaching interventions were implemented. The
experimental results show that students with weak theoreti-
cal knowledge have significantly improved their theoretical
scores, while those with lagging practical skills have sig-
nificantly improved their skill indicators. This validates the
practical value of the framework in improving the accuracy
of midwifery and engineering talent cultivation, providing
reusable methodological support for data-empowered teach-
ing reform in advanced fiber manufacturing and other high-
precision vocational fields.

AUTHOR CONTRIBUTIONS

Conceptualization — Yan Sun, Na Han, Cui Liu, Yangiang
Bi, Lingchun Meng and Guohua Gao; methodology — Yan
Sun, Na Han, Cui Liu, Yangiang Bi, Lingchun Meng and
Guohua Gao; investigation — Yan Sun, Na Han, Cui Liu,
Yangiang Bi, Lingchun Meng and Guohua Gao; writing-

2849

original draft preparation — Yan Sun, Na Han, Cui Liu,
Yangiang Bi, Lingchun Meng and Guohua Gao. All authors
have read and agreed to the published version of the
manuscript.

CONFLICTS OF INTEREST
The authors declare no conflict of interest.

FUNDING

This research was supported by, “Research and Practice on
the Path of Digital Literacy Talent Cultivation for Higher
Vocational Midwifery Specialty in the Context of Healthy
China”, a key project of Shandong Province’s vocational ed-
ucation teaching reform research in 2023 , Project Number
20230704

HUMAN RESEARCH SUBJECTS

This study was approved by the Ethics Committee of Laiwu
Vocational and Technical College, and was performed in ac-
cordance with the principles of the Declaration of Helsinki.
All eligible participants signed an informed consent form.

ACKNOWLEDGEMENTS
Not applicable.

REFERENCES

[1] J.LiandE. Xue, “Dynamic interaction between student learning behaviour
and learning environment: Meta-analysis of student engagement and its
influencing factors,” Behavioral Sciences, vol. 13, no. 1, pp. 59-74, 2023,
doi: 10.3390/bs13010059.

[2] A. P Rahayu and Y. Dong, “The relationship of extracurricular activities
with students’ character education and influencing factors: a systematic
literature review,” Al-Ishlah: Jurnal Pendidikan, vol. 15, no. 1, pp. 459-
474, 2023, doi: 10.35445/alishlah.v15i1.2968.

[3] K. Nikolopoulou and G. Zacharis, “Blended learning in a higher education
context: Exploring university students’ learning behavior,” Education Sci-
ences, vol. 13, no. 5, pp. 514-528, 2023, doi: 10.3390/educscil3050514.

[4] C.J. Arizmendi, et al., “Predicting student outcomes using digital logs of
learning behaviors: Review, current standards, and suggestions for future
work,” Behavior research methods, vol. 55, no. 6, pp. 3026-3054, 2023,
doi: 10.3758/s13428-022-01939-9.

[5] I. Suciati, et al., “Character and moral education based learning in
students’ character development,” International Journal of Evaluation
and Research in Education, vol. 12, no. 3, pp. 1185-1194, 2023, doi:
10.11591/ijere.v12i3.25122.

[6] Y. Luo, X. Han, and C. Zhang, “Prediction of learning outcomes with
a machine learning algorithm based on online learning behavior data in
blended courses,” Asia Pacific Education Review, vol. 25, no. 2, pp. 267-
285, 2024, doi: 10.1007/s12564-022-09749-6.

[7] Y. Shengyao, et al., “Emotional intelligence impact on academic achieve-
ment and psychological well-being among university students: the mediat-
ing role of positive psychological characteristics,” BMC psychology, vol.
12, no. 1, pp. 389-406, 2024, doi: 10.1186/s40359-024-01886-4.

[8] Y. Chen and L. Zhai, “A comparative study on student performance pre-
diction using machine learning,” Education and Information Technologies,
vol. 28, no. 9, pp. 12039-12057, 2023, doi: 10.1007/s10639-023-11672-1.

[9] K. Kaspar, K. Burtniak, and M. Riith, “Online learning during the Covid-
19 pandemic: How university students’ perceptions, engagement, and per-
formance are related to their personal characteristics,” Current Psychology,
vol. 43, no. 18, pp. 16711-16730, 2024, doi: 10.1007/s12144-023-04403-
9.

[10] H. Murcahyanto and M. Mohzana, “Evaluation of Character Education
Program Based on School Culture,” IJE: Interdisciplinary Journal of
Education, vol. 1, no. 1, pp. 38-52, 2023, doi: 10.61277/ije.v1il.8.

VOL. 15, NO. 3, AUGUST 2026



Y. Sun et al.

JOURNAL
¢ ORG

AE

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

VOL.

A.Rachman, et al., “Building Religious Character of Students in Madrasah
Through Moral Learning,” Tafkir: Interdisciplinary Journal of Islamic
Education, vol. 4, no. 1, pp. 78-94, 2023, doi: 10.31538/tijie.v4i1.261.

R. Li, N. C. Hassan, and N. Saharuddin, “College student’s academic help-
seeking behavior: A systematic literature review,” Behavioral Sciences,
vol. 13, no. 8, pp. 637-675, 2023, doi: 10.3390/bs13080637.

W. H. Prasetiyo, et al., “Promoting digital citizenship among student-
teachers: The role of project-based learning in improving appropriate
online behaviors,” Participatory Educational Research, vol. 10, no. 1, pp.
389-407, 2023, doi: 10.17275/per.23.21.10.1.

G. A. A. Purnadewi and 1. W. Widana, “Improving student’s science
numeration capability through the implementation of PBL model based on
local wisdom,” Indonesian Journal of Educational Development (IJED),
vol. 4, no. 3, pp. 307-317, 2023, doi: 10.59672/ijed.v4i3.3252.

D.T. K. Ng, et al., “Design and validation of the Al literacy questionnaire:
The affective, behavioural, cognitive and ethical approach,” British Journal
of Educational Technology, vol. 55, no. 3, pp. 1082-1104, 2024, doi:
10.1111/bjet.13411.

R. J. Kapoh, et al., “Analyzing the Teacher’s Central Role in Effort to
Realize Quality Character Education,” Journal of Education Research, vol.
4, no. 2, pp. 452-459, 2023, doi: 10.37985/jer.v4i2.176.

N. T. Kerman, et al., “Online peer feedback in higher education: A
synthesis of the literature,” Education and Information Technologies, vol.
29, no. 1, pp. 763-813, 2024, doi: 10.1007/s10639-023-12273-8.

W. Xu, N. Zhang, and M. Wang, “The impact of interaction on contin-
uous use in online learning platforms: a metaverse perspective,” Internet
Research, vol. 34, no. 1, pp. 79-106, 2024, doi: 10.1108/INTR-08-2022-
0600.

Y. Xie, et al., “Design and effects of the teacher-student interaction model
in the online learning spaces,” Journal of Computing in Higher Education,
vol. 35, no. 1, pp. 69-90, 2023, doi: 10.1007/s12528-022-09348-9.

R. Pillai, et al., “Students’ adoption of Al-based teacher-bots (T-bots) for
learning in higher education,” Information Technology & People, vol. 37,
no. 1, pp. 328-355, 2024, doi: 10.1108/ITP-02-2021-0152.

A. Hariyadi, et al., “Building of the Pancasila character with religious
harmony in the globalization era,” AL-ISHLAH: Jurnal Pendidikan, vol.
15, no. 2, pp. 2126-2133, 2023, doi: 10.35445/alishlah.v15i2.3208.

N. A. Johar, et al., “Learning analytics on student engagement to enhance
students’ learning performance: A systematic review,” Sustainability, vol.
15, no. 10, pp. 7849-7874, 2023, doi: 10.3390/sul5107849.

S. Darma, et al., “Implementation of Child Friendly School Governance
in Junior High Schools Country 3 Labuhan Deli Satu Atap,” Journal Of
Education And Teaching Learning (JETL), vol. 5, no. 1, pp. 91-100, 2023,
doi: 10.51178/jetl.v5i1.1214.

L. Qin, W. Zhong, and H. C. Davis, “The evaluation algorithm of English
teaching ability based on big data fuzzy K-Means clustering,” International
Journal of Web-Based Learning and Teaching Technologies (IIWLTT),
vol. 18, no. 2, pp. 1-15, 2023, doi: 10.4018/ITWLTT.325348.

M. Mustafiyanti, et al., “A form of independent curriculum, an overview
of independent learning at State Elementary School 05 Gelumbang
Muaraenim,” Pengabdian: Jurnal Abdimas, vol. 1, no. 2, pp. 82-96, 2023,
doi: 10.55849/abdimas.v1i2.185.

N. I. Mohd Talib, N. A. Abd Majid, and S. Sahran, “Identification of
student behavioral patterns in higher education using K-means clustering
and support vector machine,” Applied Sciences, vol. 13, no. 5, pp. 3267-
3281, 2023, doi: 10.3390/app13053267.

N. Hendrasty, “Penerapan Data Mining Menggunakan Algoritma K-
Means Clustering Dalam Evaluasi Hasil Pembelajaran Siswa,” Jurnal
Ilmiah Informatika dan Ilmu Komputer (JIMA-ILKOM), vol. 3, no. 1, pp.
46-56, 2024, doi: 10.58602/jima-ilkom.v3il.26.

S. J. Sultan Alalawi, I. N. Mohd Shaharanee, and J. Mohd Jamil, “Clus-
tering student performance data using k-means algorithms,” Journal of
Computational Innovation and Analytics (JCIA), vol. 2, no. 1, pp. 41-55,
2023, doi: 10.32890/jcia2023.2.1.3.

S. Kim, et al., “Statistical assessment on student engagement in asyn-
chronous online learning using the k-means clustering algorithm,” Sus-
tainability, vol. 15, no. 3, pp. 2049-2063, 2023, doi: 10.3390/su15032049.
L. Q. Huatangari, M. A. Cueva Rios, and R. T. Huerta Camones, “Seg-
menting the eating behaviour of university students using the K-means
algorithm,” Bulletin of Electrical Engineering and Informatics, vol. 12, no.
4, pp. 2363-2371, 2023, doi: 10.11591/eei.v12i4.4543.

L. Pamungkas, N. A. Dewi, and N. A. Putri, “Classification of Stu-
dent grade data using the K-means clustering method,” Jurnal Sisfokom

15, NO. 3, AUGUST 2026

[34]

[35]

[36]

(Sistem Informasi dan Komputer), vol. 13, no. 1, pp. 86-91, 2024, doi:
10.32736/sisfokom.v13i1.1983.

M. Annas and S. N. Wahab, “Data mining methods: K-means clustering
algorithms,” International Journal of Cyber and IT Service Management,
vol. 3, no. 1, pp. 40-47, 2023, doi: 10.34306/ijcitsm.v3il.122.

Y. Ariyanto, W. I. Sabilla, and Z. S. As Sidiq, “Recommendation Sys-
tem for Clustering to Allocate Classes for New Students Using The
K-Means Method,” Compiler, vol. 13, no. 1, pp. 27-38, 2024, doi:
10.21015/vtse.v11i4.1633.

A. Yudistira and R. Andika, “Pengelompokan Data Nilai Siswa Meng-
gunakan Metode K-Means Clustering,” Journal of Artificial Intelligence
and Technology Information (JAITI), vol. 1, no. 1, pp. 20-28, 2023, doi:
10.58602/jaiti.v1i1.22.

D. P. Rahmawati, et al., “Prospective New College Student Dashboard:
Insights from K-Means Clustering with Principal Component Analysis,”
Inform: Jurnal Ilmiah Bidang Teknologi Informasi dan Komunikasi, vol.
9, no. 2, pp. 137-144, 2024, doi: 10.25139/inform.v9i2.8462.

L. F. Casinillo, “Mathematics Students’ Coping Behaviour, Happiness,
and Self-efficacy in the New Normal: Correlation and K-means Cluster
Analysis,” Canadian Journal of Family and Youth/Le Journal Canadien
de Famille et de la Jeunesse, vol. 15, no. 3, pp. 51-62, 2023, doi:
10.29173/cjfy29931.

2850



