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ARTICLE INFO ABSTRACT

This study examines how competency dashboards can support progress tracking and instructional
decision-making in hands-on learning programs. The study is designed to involve approximately 800
students and 50 instructors from 40 hands-on learning courses over one semester, collecting around
18,000 task-completion records, 10,500 practice logs, 6,000 teacher feedback entries, 4,200
competency milestone records, 2,800 learner self-assessment entries, and 1,600 pre-test and post-test
performance scores. Key variables include task completion rate, competency milestone achievement,
feedback frequency, feedback adoption rate, practice intensity, error-reduction rate, self-assessment
accuracy, learner self-management score, instructor intervention frequency, and final performance
improvement. The study applies learning analytics, dashboard usability evaluation, latent growth
modeling, cluster analysis, multilevel regression, and path analysis to examine whether dashboard use
improves progress awareness, self-regulated learning, and instructional adjustment. Dashboard
effectiveness is evaluated through learner progress visibility, milestone completion rate, learning gain,
feedback-use efficiency, self-management improvement, and instructor decision accuracy. The
innovation of this study lies in replacing single final grades with dynamic competency tracking,
allowing instructors and learners to observe how specific practical skills develop over time and to
adjust learning plans based on real-time progress evidence.

Keywords: Competency Dashboard, Hands-On Learning, Progress Tracking, Learning Analytics,
Practical Competencies, Self-Regulated Learning, Instructional Decision-Making, Learning Gain.

INTRODUCTION

Hands-on learning is a central component of vocational education, engineering, health training, laboratory
instruction, design, and creative practice. In these settings, competence develops through repeated performance,
guided practice, feedback, reflection, and correction of errors rather than through a single final assessment.
Conventional grades can summarize overall achievement, but they provide limited information about how
individual skills develop over time, where performance begins to stagnate, or which specific competencies still
require support. Competency-based assessment responds to this limitation by linking learning outcomes to
observable performance and clearly defined skill standards [1,2]. Research on collaborative teaching and
teaching-resource efficiency has also emphasized that effective practical education depends on the coordinated
use of instructional resources, feedback, and learning support [3]. This is particularly important in hands-on
courses, where students may progress at different rates and require different types of guidance. Learning analytics
dashboards offer a possible way to make this progression more visible by integrating task records, practice data,
feedback, self-assessment, and performance results within a single interface [4,5]. Rather than relying only on
end-of-course scores, such systems can provide continuous evidence of what students have completed, how their
performance is changing, and where additional intervention may be needed.

Student-facing dashboards commonly present indicators such as task completion, study time, assessment
results, and progress toward course goals. Their value, however, depends on whether the information is
understandable and useful for learning decisions. Previous research has shown that students generally value clear
progress information and practical guidance, while comparative indicators such as peer ranking may be less
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helpful [6,7]. Other studies have noted that many dashboards remain largely descriptive and present data without
explaining the causes of difficulty or suggesting appropriate next actions [8,9]. Recent reviews indicate a gradual
shift toward learner-centered dashboard design, with greater attention to learning needs, instructional goals, user
participation, and the alignment between displayed indicators and meaningful educational decisions [10,11]. This
development is important because a dashboard should not function merely as a reporting interface. In practical
learning environments, it should help learners understand what they have mastered, what remains incomplete,
and how their next actions may influence later performance. This role is closely related to self-regulated learning.
Effective learners are expected to set goals, monitor their progress, adjust strategies, respond to feedback, and
reflect on outcomes. Learning analytics can support these processes when the information presented is
sufficiently timely and interpretable. Evidence suggests that analytics can reveal relationships between course
design and learner strategies [12], while explainable models can generate feedback and action-oriented
recommendations rather than simple risk labels [13,14]. Feedback is also more effective when it is timely, clear,
and connected to later action [15]. These findings suggest that the educational value of dashboards lies not in
visualization alone but in their capacity to support a cycle of observation, interpretation, adjustment, and
improvement. For hands-on learning, this cycle may include repeated practice, correction of technical mistakes,
revision of procedures, and gradual achievement of competency milestones. Evidence regarding actual learning
gains remains inconsistent. Reviews of learning analytics interventions have reported that fewer than half of
evaluated systems produced clear improvements in learning outcomes [16]. Other studies found that real-time
analytics support could strengthen self-regulated learning behavior without producing statistically significant
gains in final achievement [17,18]. In contrast, analytics-based feedback has also been associated with more
regular study behavior, higher task completion, and improved test performance [19]. These mixed findings
indicate that dashboard effectiveness depends on more than system availability. The type of data displayed, the
timing of feedback, the quality of interpretation, and the nature of the learning task can all influence whether
students change their behavior. In practical courses, this issue becomes more important because skill
development is cumulative and often nonlinear. A student may complete all required tasks while still repeatedly
making the same procedural error, or may receive a satisfactory final score despite weak performance in one
critical competency. Aggregate course indicators are therefore insufficient for diagnosing practical learning needs.
Teacher-facing dashboards are intended to support more informed instructional decisions, but their usefulness
depends on how instructors interpret and act on the data. Teacher adoption has been linked to perceived
usefulness, ease of use, and institutional support [20]. Dashboards have also been used to help instructors
examine teamwork, collaboration patterns, and group-learning processes [21]. More recent work suggests that
teachers with stronger monitoring and diagnostic skills are better able to identify learning problems from
dashboard information [22]. Related studies have emphasized the importance of teacher training, carefully
selected indicators, transparent data presentation, and alignment between analytics and course objectives [23,24].
These findings show that dashboards do not automatically improve teaching quality simply by providing more
information. Their value depends on whether the indicators correspond to meaningful pedagogical decisions and
whether instructors can translate the displayed patterns into timely interventions. Several limitations remain in
current dashboard research. A large proportion of studies still rely primarily on learning management system data,
including logins, page views, clicks, time-on-platform, and submission records. These indicators are useful for
describing online participation but do not directly measure practical competence. A student may access course
materials frequently without demonstrating improvement in laboratory technique, equipment handling, clinical
procedure, design execution, or other hands-on skills. Many studies are also limited to one course, one institution,
a relatively small sample, or a short implementation period. Such designs provide limited evidence about
differences across learners, instructors, and course types. Pre-test and post-test comparisons further reduce a
complex learning process to two measurement points and cannot capture periods of rapid improvement,
stagnation, regression, or delayed progress across repeated practice stages. Current evaluations also tend to
examine isolated outcomes. Satisfaction, usability, dashboard frequency, or final achievement are often analyzed
separately, while feedback adoption, error reduction, self-assessment accuracy, competency milestones, teacher
intervention, and instructional decision quality are rarely considered within the same analytical framework. This
separation makes it difficult to explain how dashboard use produces learning effects. A learner may view the
dashboard regularly but ignore the feedback, while another may access it less often yet make substantial changes
to practice behavior. Similarly, an instructor may identify a weak learner accurately but intervene too late to affect
performance. The mechanism between dashboard use and learning improvement therefore requires closer
examination. Another important limitation is that many dashboard systems implicitly treat learners as a relatively
homogeneous group. In hands-on courses, however, competence may develop through markedly different
trajectories. Some students improve steadily, some show rapid early gains followed by stagnation, some progress
slowly but consistently, and others may continue to struggle despite repeated practice. Average scores can conceal
these differences and lead to overly general instructional responses. A more useful competency dashboard should
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therefore support longitudinal tracking and distinguish different patterns of development rather than reporting
only class-level averages. This requires analytical methods capable of modeling change over time, identifying
heterogeneous learner groups, and accounting for the fact that students are nested within different courses and
taught by different instructors.

The present study addresses these limitations by examining competency-dashboard use among
approximately 800 students, 50 instructors, and 40 hands-on courses. The dataset integrates task completion
records, repeated practice logs, teacher feedback, competency milestones, learner self-assessment, dashboard-use
records, instructional interventions, and performance scores. Latent growth modeling is used to examine how
competence changes across repeated stages of practice rather than reducing development to a single pre-test and
post-test comparison. Cluster analysis is applied to identify distinct learner progress patterns, allowing differences
in development trajectories to be examined directly. Multilevel regression is used to account for the hierarchical
structure of the data, including students nested within courses and instructors, while path analysis examines the
relationships among dashboard use, feedback adoption, self-management, teacher intervention, and learning gain.
The study therefore seeks to determine not only whether competency dashboards are associated with better
learning outcomes, but also how they support progress awareness, practical skill development, self-regulated
learning, and instructor decision accuracy. Its significance lies in shifting dashboard evaluation from general
activity monitoring toward continuous evidence of competency development. By connecting longitudinal
performance records with learner behavior and instructional action, the study provides a framework for
identifying individual learning needs, supporting targeted intervention, and improving the timing and accuracy of
teaching decisions in hands-on education.

MATERIALS AND METHODS

Participants and Study Setting

The study was carried out over a 16-week semester in 40 hands-on courses offered by vocational colleges,
applied universities, and adult education centers. The courses covered engineering practice, laboratory training,
health skills, digital production, and creative workshops. About 800 students and 50 instructors took part in the
study. Each course included 15—-30 students and followed a task-based teaching plan with clear skill milestones.
Students were included when they were formally enrolled, completed the baseline test, and attended at least 80%
of the practical sessions. Students were excluded when they withdrew from the course, missed the pre-test or
post-test, or had more than 30% missing activity records. Instructors were required to have at least one year of
teaching experience and to use the same scoring guide throughout the semester. The dataset included about
18,000 task records, 10,500 practice logs, 6,000 teacher feedback entries, 4,200 skill milestone records, 2,800
self-assessment entries, and 1,600 paired test scores. Student age, prior experience, course type, class size,
instructor experience, and baseline score were also recorded.

Experimental Design and Control Conditions

A course-level controlled design was used to reduce contact between the two study groups. The 40 courses
were first matched by course type, class size, and mean baseline score. They were then assigned to either the
dashboard group or the control group. The dashboard group included 20 courses and about 400 students. The
control group included the other 20 courses with a similar number of students. Students in the dashboard group
could view task completion, practice frequency, skill milestones, feedback status, error trends, and differences
between self-ratings and teacher ratings. Instructors could view class progress, delayed milestones, repeated
errors, low feedback use, and students who needed support. The dashboard was updated after each practical
session. The control group followed the same teaching plan, task rules, scoring standards, and feedback schedule.
However, students and instructors received progress information through standard course pages and regular
score reports. Both groups used the same teaching materials and skill rubrics. Access to continuous dashboard
information was therefore the main difference between the two groups. Baseline balance was checked using
student background data, prior experience, pre-test scores, and initial self-management scores.

Measurement Procedures and Quality Control

Learning progress was measured using system records, teacher ratings, student reports, and practical tests.
Task completion rate was defined as the share of assigned tasks completed within the required time. Practice
intensity was measured by the number and duration of practice sessions each week. A skill milestone was
recorded when a student met the required standard for a specific task. Feedback frequency referred to the number
of teacher comments received. Feedback adoption rate was defined as the share of comments followed by a
revision or corrected performance. Error-reduction rate was measured from changes in repeated task errors
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across sessions. Students completed a self-assessment after each major task. Self-assessment accuracy was
calculated from the difference between student ratings and teacher ratings. Self-management was measured at the
beginning, middle, and end of the semester. The scale covered goal setting, time planning, progress checking, and
strategy adjustment. Instructor decision accuracy was assessed by comparing intervention decisions with later
task results and milestone achievement. Three subject teachers reviewed the skill rubrics before data collection. A
pilot study was conducted in two courses that were not included in the main sample. All instructors received the
same scoring guide and rated sample tasks before the study began. At least 10% of the practical assessments were
rated by two instructors. Duplicate records, invalid timestamps, extreme activity times, and missing values were
checked each week. Survey scales with a Cronbach’s alpha below 0.70 were not included in the final analysis.

Data Processing and Model Formulation

All records were linked using anonymous student, course, and instructor codes. Duplicate events were
removed, and time records were converted into weekly values. Activity values above the g9gth percentile were
limited to reduce the effect of extreme observations. Missing background data were handled by multiple
imputation when the missing rate was below 10%. Missing outcome scores were not imputed when no valid
measurement was available. Continuous variables were standardized before cluster analysis and path analysis.
Learning improvement was measured using normalized gain (1):
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where &i is the learning gain of student i, P& and Post; are the pre-test and post-test scores, and ~ =% is the
highest possible score. Changes in skill performance were examined using a three-level growth model because
repeated records were grouped within students, and students were grouped within courses (2):
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includes baseline score, prior experience, attendance, class size, and instructor experience. The terms L B

represent course-level variation, student-level variation, and random error. The interaction term B shows

whether the rate of skill growth differed between the dashboard and control groups.
Statistical Analysis and Model Checks

Descriptive statistics were used to summarize student features, course conditions, dashboard use, and
learning outcomes. Baseline differences between the two groups were tested using independent-sample tests and
standardized mean differences. Latent growth models were used to examine changes in milestone achievement,
self-management, and skill scores during the semester. Cluster analysis was used to identify common progress
patterns based on task completion, practice intensity, error reduction, feedback adoption, and milestone
achievement. The number of clusters was selected using the silhouette score, Bayesian information criterion, and
the practical meaning of each group. Multilevel regression was used to test dashboard effects while accounting for
differences among students, courses, and instructors. Path analysis was used to examine the links among progress
visibility, feedback adoption, self-management, teacher intervention, and learning gain. Model fit was checked
using the comparative fit index, Tucker—Lewis index, root mean square error of approximation, and standardized
root mean square residual. Sensitivity tests excluded students with low attendance, courses with incomplete
records, and extreme dashboard-use values. Effect sizes and 95% confidence intervals were reported together with
ppp-values. Statistical significance was set at 0.05. The analyses were completed in R and Mplus. Participation
was voluntary, and all personal information was removed before analysis. The study followed institutional rules
for research involving students.
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RESULTS AND DISCUSSION

Competency Growth and Milestone Achievement

After data screening, 786 students were included in the analysis, with 394 in the dashboard group and 392 in
the control group. The two groups showed no significant differences in baseline practical scores, prior learning
experience, attendance, or initial self-management scores (all "p>0.05" ). Competency scores increased in both
groups during the semester, but the dashboard group achieved a larger improvement. Its mean score rose from
52.6 at baseline to 82.4 at the final assessment, while the control group increased from 52.9 to 75.8. The
interaction between group and time was significant ("f=0.27,95" ). The final milestone completion rate was also
higher in the dashboard group than in the control group (84.7% vs. 71.9%, "p<0.001" ). As shown in Figure 1, the
dashboard presented task progress, performance differences, and current learning status in a clear form. In this
study, these indicators were linked to practical skill milestones and repeated errors. Li et al. (2026) reported that
both descriptive and prescriptive dashboards improved learning, although prescriptive feedback had a stronger
effect on learning strategies. The current results show that descriptive progress information can also support
practical performance when it is closely linked to course tasks [25,26]. Compared with dashboards based mainly
on login records or test scores, the competency dashboard showed which skills had been completed, which errors
remained, and which tasks required further practice.

First level @

mm  Number of students
I'm here

L _.|||

(a) Knowledge acquisition level (b) Current Level Range

Ditficulty amd scoring rate
Myself o Class

Difficulty Scoring rate

(c) Correctness rate of test questions (d) Correctness at different difficulty levels

Figure 1. Dashboard Showing Student Performance, Progress, and Current Learning Status

Feedback Adoption and Practice Regulation

Dashboard use was also related to changes in feedback use and practice behavior. The feedback adoption rate
was 76.2% in the dashboard group and 55.4% in the control group ("p<0.001" ). Repeated task errors decreased
by 48.1% among dashboard users, compared with 30.7% in the control group. Students in the dashboard group
completed more practice tasks before the deadline and had fewer long gaps between sessions. Their self-
management score increased by 0.61 standard deviations, while the control group increased by 0.22 standard
deviations. Progress visibility was positively related to feedback adoption (" =0.41,p<0.001" ), and feedback
adoption was positively related to learning gain (" =0.36,p<0.001" ). The indirect effect was 0.15. This result
shows that progress information was useful mainly when students used teacher comments to correct their work
[27,28]. Riidian et al. (2025) found that learning analytics did not always improve learning outcomes. Better
results were more common when students received clear guidance instead of raw activity data. A similar pattern
was found here. Students could connect each weak skill with a teacher comment, a required correction, and a later
milestone. The dashboard therefore supported later practice rather than only recording earlier activity.

Learner Patterns and Instructor Intervention

Cluster analysis identified four learning patterns: consistent mastery, delayed recovery, irregular practice,
and persistent difficulty. Consistent mastery accounted for 38.9% of the sample and was linked to regular practice,
high feedback adoption, and steady milestone completion. Delayed recovery included 24.8% of students who
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made limited progress in the early weeks but improved after extra practice and teacher support. Irregular practice
accounted for 21.6%, while persistent difficulty accounted for 14.7%. The share of students in the persistent-
difficulty group was lower in the dashboard group than in the control group (9.8% vs. 19.6%). Teacher
identification of students with continuing skill gaps also improved. The sensitivity of intervention decisions
increased from 0.71 under standard score reports to 0.86 with dashboard support. The median detection time fell
from four practical sessions to two sessions. Figure 2 shows the teacher-facing view used to identify at-risk
learners and review individual activity before intervention. Qi et al. (2026) found that TEADASH helped teachers
review student progress and use learning data in teaching decisions. Their study covered five courses at two
Swedish universities. The current study used a larger sample and linked dashboard use to measured intervention
accuracy [29,30]. The findings also show that low scores alone were not enough for teacher decisions. Better
decisions were made when teachers considered milestone delay, repeated errors, feedback use, and practice
regularity together.

Prodict the final case based on the first discussion fonum, the first quiz, and the number of posts.

Except the 8, the value 0 means Not p . 1 means Participate. The highlighted students might not s

You can click on the Prediction b

0 568 how reguiar a student accesses the CoUrse HAGE in the graph belaw

Figure 2. Teacher Dashboard for Identifying at-Risk Students and Reviewing Individual Learning Records

Model Results and Practical Implications

The final path model showed acceptable fit ("CFI=0.955,TLI=0.946,RMSEA=0.039andSRMR=0.034S" ).
Progress visibility was positively related to feedback adoption (" =0.41,p<0.001" ) and self-management ("3
=0.30,p<0.001" ). Feedback adoption had the strongest direct link with learning gain (" 3 =0.36,p<0.001" ),
followed by self-management ("f=0.24,p=0.003" ). Teacher intervention was also related to milestone completion
("B=0.23,p=0.005" ). In contrast, dashboard visit frequency had no significant direct effect on final performance
after practice behavior and feedback use were included in the model ("$=0.08,p=0.14" ). This result shows that
frequent dashboard access alone did not improve learning. The main benefit came from using the information to
revise work and adjust practice. The mean usability score was 81.3 for students and 78.9 for instructors. Progress
and milestone views received the highest ratings, while crowded comparison displays received lower scores. These
findings support the use of simple dashboard views that show the current skill gap and the next required task. The
study covered only one semester, and the courses used different practical rubrics. Future research should examine
long-term skill retention, skill transfer, and dashboard use across several semesters.

CONCLUSION

The results indicate that competency dashboards can improve progress tracking, feedback use, self-
management, and teaching decisions in hands-on learning. Students in the dashboard group achieved higher skill
scores, completed more milestones, used more teacher feedback, and reduced repeated errors faster than those in
the control group. However, viewing progress data alone did not lead to better performance. Learning gains were
mainly linked to task revision, added practice, and better time planning after dashboard use. Teachers also
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identified skill gaps earlier when milestone delays, error records, and feedback use were presented together. The
main contribution of this study is the use of continuous skill records instead of a single final grade. By combining
task results, practice logs, teacher feedback, self-ratings, and test scores, the dashboard provided a clearer record
of skill growth over time. This method may be useful in vocational education, laboratory courses, health training,
engineering practice, and other task-based programs. The study was limited to one semester, and the courses used
different skill rubrics. Differences in teacher experience and student use may also have affected the results.

Further research should test long-term skill retention, skill transfer, and dashboard use across institutions and
longer study periods.
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