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Design-based learning (DBL) is widely promoted in engineering education,
yet there is limited evidence on how students experience DBL when
a common framework is implemented across multiple programs. This study
examined support for four DBL phases—problem exploration (PE), design
generation (DG), prototype iteration (PI), and reflection and evaluation
(RE)—in undergraduate engineering programs at an application-oriented
university in China. A 12-item DBL phases scale was developed from this
framework and prior work in design-oriented engineering education and was
completed by 407 students who had taken at least one DBL-based course in
12 programs. Partial least squares confirmatory factor analysis supported
a four-factor structure with satisfactory reliability and convergent validity.
To capture heterogeneity that is often obscured by average scores, a person-
centered profiling approach was adopted. K-means cluster analysis of the
four phase scores yielded three DBL experience profiles—high, moderate,
and low intensity—that differed mainly in level rather than in shape across
phases and were distributed across all programs and year levels. Grounded in
engineering design and experiential learning perspectives, the phase-based
scale and profiles offer a pragmatic tool for monitoring DBL implementation
and for targeting professional development where students most often report
low-intensity DBL.
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1. INTRODUCTION

Engineering graduates are now expected to tackle open-ended problems, work in interdisciplinary
teams, and design solutions that address real-world needs [1], [2]. Traditional lecture-based instruction,
which often separates theoretical exposition from authentic practice, has struggled to develop these
capabilities [2], [3]. In response, many universities have turned to design-based learning (DBL) as a core
strategy in engineering education, in which students work on iterative projects that involve exploring
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problems, generating and testing solutions, and reflecting on the outcomes of their work, thereby bringing
university learning closer to engineering practice [4]-[11].

Empirical studies report a range of positive effects of DBL and related project-based approaches in
higher education. DBL has been used to foster sustainability-related competencies [12], [13], to enhance
students’ motivation, creativity, and design skills [14], [15], and to support the development of complex
engineering competencies through authentic, project-based tasks [4], [7], [9], [16], [17]. Variable-centered
analyses such as regression and structural equation modeling typically show that higher levels of perceived
DBL support are associated with stronger cognitive engagement and better learning outcomes [18], while
conceptual work in engineering education argues that design- and project-based approaches are central to
contemporary professional preparation [1], [2]. Much of this literature, however, focuses on single courses or
short interventions rather than on institution-wide implementation of DBL [4]-[6].

In many institutions, DBL has been organized around staged models of the design process.
The four-phase framework used in this study—problem exploration (PE), design generation (DG), prototype
iteration (PI), and reflection and evaluation (RE)—builds on prior work on DBL and engineering design
education [3]-[6], [15]. The first three phases correspond to widely described engineering design cycles in
which problems are framed, alternative solutions are proposed, and prototypes are developed and refined
[1], [19], [20]. The final phase of RE links DBL to traditions of experiential learning and reflective practice
[3], [15]: students review their design process, evaluate outcomes, and articulate lessons for future projects.
Systematic reflection is thus treated as a core feature of mature DBL practice rather than an optional add-on,
because it helps transform concrete project experience into reusable knowledge.

When DBL is scaled across multiple programs, implementation rarely remains uniform. Even under
a shared framework, individual instructors may place different emphasis on problem framing, ideation,
prototyping, and reflection, so that some students experience coherent design cycles while others encounter
only isolated project elements [13]. Evaluation tools are therefore needed that capture the intensity and
balance of DBL implementation at the level of students’ lived experiences, not only in course documentation.
Most existing studies use variable-centered analyses and provide limited insight into how students cluster
into groups with consistently high, moderate, or low DBL experiences [21], [22]. In other areas of education
and health professions research, person-centered approaches such as cluster analysis and latent profile
analysis have been used to reveal heterogeneous profiles of motivation, engagement, and learning strategies
that are obscured by average scores [23]-[26], yet such methods have rarely been applied to students” DBL
experiences.

The present study addresses this gap in the context of an application-oriented university in China
that adopted the four-phase DBL framework as a reference model for course design in 12 undergraduate
engineering programs [3]-[6], [15]. Program leaders and instructors were encouraged to embed DBL-based
projects into core courses, yet it remains unclear how strongly students perceive each phase of the DBL cycle
and whether distinct levels of implementation intensity have emerged. To provide an institution-level view of
DBL implementation, we use a brief phase-based scale to capture students’ perceived support across the four
phases and apply a person-centered clustering approach to identify profiles of DBL experiences and examine
their distribution across programs and years of study [21]-[23]. A schematic representation of the four-phase
DBL cycle used in this study is presented in Figure 1.

Problem Exploration (PE) Design Generation (DG)
Understanding needs, clarifying requirements, analyzing »|  Generating and comparing alternative solutions,
constraints justifying choices
3
\
Reflection and Evaluation (RE) Prototype Iteration (PI)
Reflecting on the process, evaluating outcomes, extracting [« Building and testing prototypes, refining solutions

lessons based on feedback

Figure 1. Four-phase institutional DBL framework used in this study

Specifically, the study addresses the following research questions (RQ):
— What is the overall level of students’ perceived support in the four DBL phases (PE, DG, PI, and RE)
across the 12 engineering programs? (RQ1)
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— What distinct profiles of DBL phase experiences can be identified using a person-centered clustering
approach? (RQ2)

— How do these profiles differ in their mean levels of perceived support across the four DBL phases? (RQ3)
— How are the DBL experience profiles distributed across programs and years of study? (RQ4)

The study provides an institution-level analysis of how DBL is experienced across multiple engineering
programs and offers an initial demonstration of a simple, student-based phase profiling approach that can be
used to monitor DBL implementation and inform targeted professional development for engineering
educators in an application-oriented university context [10], [27].

2. METHOD
2.1. Research design and sampling

This study adopted a quantitative, cross-sectional survey design with a person-centered profiling
approach [28], [29]. The aim was to describe patterns in students’ DBL experiences and to examine how
these patterns were distributed across undergraduate engineering programs that had adopted a common
four-phase DBL framework—PE, DG, PI, and RE—as a reference for course design [3]-[6], [15]. The
research took place at an application-oriented university in eastern China. The 12 undergraduate engineering
programs that had integrated DBL projects into core courses were included: Electrical Engineering and
Automation, Mechanical Engineering, Vehicle Engineering, Automotive Service Engineering, Robotics
Engineering, Intelligent Manufacturing Engineering, Software Engineering, Network Engineering, Artificial
Intelligence, Engineering Cost, Civil Engineering, and Printing Engineering.

A two-stage sampling strategy was used. In the first stage, purposive sampling was applied to
identify students with substantive DBL experience. Program coordinators provided official enrolment lists
and indicated which students had completed at least one course or project module explicitly structured
around the institutional four-phase DBL framework. Only these students were kept in the sampling frame so
that responses reflected actual DBL practice rather than hypothetical opinions. In the second stage,
proportionate stratified random sampling was conducted within each of the 12 programs. The number of
students drawn from each program was proportional to its total enrolment, and individual students were
randomly selected within each stratum.

In total, 420 students were invited to complete the survey during regular class sessions of
DBL-based courses; 415 accessed the online questionnaire. All items were compulsory, so there were no
missing responses. Cases with implausibly short completion times or invariant response patterns were
removed, leaving 407 valid cases for analysis [28], [30]. The final sample comprised 244 male students
(59.95%) and 163 female students (40.05%). With respect to age, 20 students (4.91%) were under 18, 100
(24.57%) were 18-19, 150 (36.86%) were 20-21, 90 (22.11%) were 22-23, and 47 (11.55%) were 24 or
older, indicating that most respondents were traditional-age undergraduates. Students from all four-year
levels and all 12 programs were represented. Participation was voluntary and anonymous, and students were
informed that their responses would be used only for research and course improvement.

2.2. Instrument

Students” DBL experiences were measured using a 12-item DBL phases scale developed for this
project. The scale was grounded in the institutional four-phase DBL framework and informed by prior work
on DBL and engineering design education [7]-[9]. The intention was to construct a brief instrument suitable
for routine monitoring while still capturing the core experiential and reflective components of the DBL
cycle [3], [15].

The scale comprises four subscales with three items each. The PE subscale assesses support for
understanding real-world needs, clarifying requirements, and analyzing constraints at the start of the project.
The DG subscale reflects opportunities to generate multiple ideas, compare alternative solutions, and justify
design choices. The PI subscale captures hands-on prototyping, testing designs, and revising solutions based
on feedback. The RE subscale focuses on structured opportunities to review the design process, evaluate
outcomes, and identify lessons for future projects [7]. Sample items for each subscale are reported in Table 1.

All items were rated on a 5-point Likert scale from 1 (strongly disagree) to 5 (strongly agree).
Subscale scores were calculated as the mean of the three items for each phase, with higher scores indicating
stronger perceived support in that phase. Item wording was reviewed by three engineering educators with
DBL experience to check clarity, relevance, and alignment with classroom practice; minor revisions were
made based on their comments, following recommended procedures for content validation in education and
psychology [30].

To examine the internal structure of the scale, a four-factor model corresponding to the four DBL
phases was tested using partial least squares confirmatory factor analysis. The expected structure was
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supported: standardized loadings ranged from 0.849 to 0.902 on their intended factors, with no substantial
cross-loadings. Composite reliability (CR) values ranged from 0.897 to 0.919 and average variance extracted
(AVE) values from 0.745 to 0.792, indicating satisfactory convergent validity. In the present sample
(N=407), Cronbach’s alpha values were 0.868 (PE), 0.829 (DG), 0.829 (PI), and 0.842 (RE), all above the
commonly recommended threshold of 0.70 for research instruments [30]-[32]. Given its brevity, reliability,
and acceptable convergent validity, the scale is best viewed as a practical monitoring tool for profiling DBL
implementation rather than a comprehensive diagnostic of all aspects of DBL.

Table 1. Overview and reliability of the DBL phases scale

Phase Focus in DBL cycle Sample item Nu_m ber Cronbach’s a CR AVE
(code) of items
PE Understanding needs, clarifying “I can effectively understand the 3 0.868 0919 0.792
requirements, analyzing constraints background and requirements of the
engineering problem before starting
the project.”
DG Generating and comparing solution “I can propose several different 3 0.829 0.897 0.745
ideas, justifying choices engineering design solutions.”
PI Building and testing prototypes, “I can revise my prototype repeatedly 3 0.829 0.898 0.745
refining solutions based on feedback  based on feedback.”
RE Reflecting on the process, evaluating  “I can reflect on the strengths and 3 0.842 0.905 0.760
outcomes, extracting lessons weaknesses of the entire engineering
design process.”

2.3. Data analysis

Data analysis was conducted in SPSS 27.0. First, descriptive statistics (means and standard
deviations) and Cronbach’s alpha coefficients were computed for the four DBL phase subscales to address
RQI and to assess basic measurement properties [31], [32]. Second, a person-centered profiling strategy was
used to identify groups of students with similar DBL experience patterns. Phase scores were standardized
(z-scores), and K-means cluster analysis was applied to the four standardized phase variables, following
recommendations for person-centered analyses in education and health professions research [24]. Cluster
solutions with two to four groups were examined. The three-cluster solution was retained because it produced
clearly differentiated profiles, avoided very small clusters, and yielded substantial between-cluster
differences on all four phases. Elbow plots of within-cluster sums of squares and inspection of cluster
cohesion and separation supported the choice of three clusters.

K-means was chosen over model-based approaches such as latent profile analysis because the
primary aim was exploratory and applied—to derive a simple classification that can be reproduced by
program leaders using widely available software with a small set of subscale scores—rather than to estimate
a fully specified latent profile model. The minimal distributional assumptions and computational simplicity
of K-means make it a pragmatic choice for this initial institutional profiling study [21], [24]. Third,
cross-tabulations and Pearson chi-square tests were used to examine how DBL profiles were distributed
across engineering programs and years of study (RQ4), with the significance level set at 0.05 [28].
Descriptive information on the sample’s demographic characteristics and program distribution is reported in
the results section.

3.  RESULTS AND DISCUSSION
3.1. Design-based learning phase scores

On the 5-point scale, mean scores for PE, DG, PI, and RE were all close to the midpoint (around
3.0), with standard deviations of about 1.2. This pattern suggests that students, on average, perceived
a moderate level of support in each phase of the DBL cycle, with considerable variation across the sample.
Similar combinations of mid-range means and wide dispersion have been reported in studies of design-based
and project-based learning in higher education, where reforms often lead to uneven implementation across
courses and instructors [7]-[9]. This pattern also echoes work on student motivation and engagement
showing that mid-range average scores can mask important differences between more and less supported
subgroups [25], [26], [33], [34].

3.2. Design-based learning experience profiles

K-means cluster analysis was applied to the standardized scores for the four DBL phases (PE, DG,
PI, and RE) to identify groups of students with similar patterns of DBL experiences. Solutions with two to
four clusters were examined. The three-cluster solution was retained because it yielded clearly interpretable
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profiles, avoided very small groups (n=133, 159, and 115), and produced clear differences between clusters
on all four phases. An elbow plot of within-cluster sums of squares showed a marked improvement when
moving from two to three clusters and only marginal gains thereafter, consistent with recommendations for
evaluating cluster solutions in educational profiling studies [21]-[24]. The pattern for the high-DBL profile,
with consistently strong support across all phases, echoes DBL and design-based science studies in which
coherent design cycles are associated with higher levels of conceptual understanding, creativity, and
achievement [16], [17], [19], [35].

Table 2 and Figure 2 summarize the three profiles. Profile 1 (high-DBL) is characterized by
consistently high scores, close to “agree” or above, indicating that these students experienced a coherent and
well-supported design cycle from PE through reflection. Profile 2 (moderate-DBL) shows scores slightly
below the scale midpoint on all four phases, suggesting that DBL elements were present but not strongly
emphasized. Profile 3 (low-DBL) has uniformly low scores, with students reporting little DBL-related
support in any phase. The three profile lines across PE, DG, PI, and RE shown in Figure 2 are almost
parallel, which indicates that profiles differ mainly in overall intensity rather than in qualitatively different
shapes. Such level-difference patterns are common in person-centered analyses of motivation and
engagement, where groups differ mainly in how strongly they experience the same underlying dimensions
rather than in how those dimensions are configured [21]-[23].

Within the high-DBL profile, scores for RE are slightly higher than those for the other phases.
Although the difference is modest, it suggests that structured opportunities to review the design process and
draw lessons for future work may be a hallmark of stronger DBL implementation in this setting. This aligns
with experiential learning perspectives, which treat reflection as the point at which concrete experience is
transformed into learning [3], and with accounts of reflective practice that place systematic review of action
at the center of professional competence [15]. For institutions seeking to monitor design-oriented reforms, the
prominence of RE in the high-intensity profile highlights reflective activities as a useful indicator of more
mature DBL practice rather than a peripheral add-on.

Table 2. Mean scores on DBL phases by profile (K-means clusters)

Profile n PEmean DG mean Plmean RE mean
Profile 1 (high-DBL) 133 4.30 4.29 4.28 4.34
Profile 2 (moderate-DBL) 159 2.92 291 2.90 2.84
Profile 3 (low-DBL) 115 1.64 1.66 1.70 1.70
=t—High-DBL Moderate-DBL. == T_ow-DBI
5.00
4.50 N
. * » *
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Figure 2. Profiles of mean DBL phase scores across the four DBL phases

3.3. Distribution of design-based learning profiles by program and year level

To address the fourth research question, the distribution of DBL profiles across engineering
programs and year levels was examined using cross-tabulations and chi-square tests. As shown in Table 3,
all 12 programs contained students in each of the three profiles. Within programs, the moderate-DBL profile
generally accounted for the largest share of students, whereas the high- and low-DBL profiles each
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represented sizable minorities. The association between program and DBL profile membership was not
statistically significant, ¥*(22, N=407)=9.217, p=0.992, indicating that the three experience profiles were
spread across disciplines rather than concentrated in particular programs.

Table 3. Distribution of DBL profiles by program (N=407)

Profile 1 (high-DBL)

Profile 2 (moderate-DBL)

Profile 3 (low-DBL)

Program n (%) n (%) n (%)
Electrical Engineering and Automation 16 (36.4%) 16 (36.4%) 12 (27.3%)
Mechanical Engineering 12 (28.6%) 16 (38.1%) 14 (33.3%)
Vehicle Engineering 11 (33.3%) 12 (36.4%) 10 (30.3%)
Automotive Service Engineering 8 (29.6%) 12 (44.4%) 7 (25.9%)
Robotics Engineering 10 (32.3%) 12 (38.7%) 9 (29.0%)
Intelligent Manufacturing Engineering 13 (39.4%) 11 (33.3%) 9 (27.3%)
Software Engineering 20 (35.7%) 22 (39.3%) 14 (25.0%)
Network Engineering 15 (39.5%) 12 (31.6%) 11 (28.9%)
Artificial Intelligence 9 (25.0%) 16 (44.4%) 11 (30.6%)
Engineering Cost 7 (28.0%) 13 (52.0%) 5(20.0%)
Civil Engineering 6 (24.0%) 9 (36.0%) 10 (40.0%)
Printing Engineering 6 (35.3%) 8 (47.1%) 3 (17.6%)

Total

133 (32.7%)

159 (39.1%)

115 (28.3%)

A similar pattern emerged when DBL profiles were cross-tabulated with year of study, as shown in
Table 4. At every year level, students were distributed across all three profiles, with the moderate-DBL group
again slightly more prevalent and the high- and low-DBL groups each accounting for roughly one quarter to
one third of students. The Chi-square test showed no significant association between year level and DBL

profile membership, ¥? (6, N=407)=3.019, p=0.806.

Table 4. Distribution of DBL profiles by year level (N=407)

Profile 1 — high-DBL  Profile 2 — moderate-DBL  Profile 3 — low-DBL

Year of study n (%) n (%) n (%)
Year 1 28 (29.5%) 40 (42.1%) 27 (28.4%)
Year 2 47 (32.4%) 59 (40.7%) 39 (26.9%)
Year 3 43 (37.4%) 38 (33.0%) 34 (29.6%)
Year 4 15 (28.8%) 22 (42.3%) 15 (28.8%)

Total 133 (32.7%) 159 (39.1%) 115 (28.3%)

These results suggest that differences in DBL intensity arise more within programs and cohorts than
between them. Under the same institutional framework, some students encounter strong and coherent DBL
experiences while others encounter only weak or fragmented forms, regardless of their program or year. This
is consistent with work showing that design-oriented reforms are often enacted unevenly at the level of
individual courses and instructors rather than at the level of formal program structures [11]. At the same time,
the present study did not link profile membership to specific course characteristics, instructor training, or
subsequent learning outcomes, so the mechanisms behind these within-program differences remain unclear.
Future research could combine profiling with data on course design and instructional practices to identify
which features of DBL implementation are most closely associated with membership in the high-DBL profile.

4. CONCLUSION

This study described how the key phases of DBL are supported in undergraduate engineering
programs at an application-oriented university, using a brief four-phase DBL scale and a person-centered
profiling approach. Students reported mid-range average support for PE, DG, PI, and RE, with substantial
within-sample variation. Combined with the acceptable reliability and convergent validity of the phase
subscales, these findings indicate that the institutional DBL framework has been translated into classroom
practice to a moderate extent, while leaving scope to strengthen how design problems are framed, how ideas
are developed and tested, and how students are guided to reflect on their projects.

The profiling analysis identified three patterns of DBL experience—high-, moderate-, and
low-intensity profiles—that differed mainly in overall level rather than in qualitatively different shapes
across the four phases. Students in the high-DBL profile perceived consistently strong support throughout the
design cycle, with slightly higher scores for RE, pointing to structured reflection as a feature of more mature
DBL implementation in this setting. Students in the low-DBL profile reported limited support in any phase,
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suggesting that DBL elements in their courses were weak or fragmented. Profile membership was distributed
across all 12 engineering programs and all year levels, and there were no significant associations between
profiles and either discipline or year of study. Differences in DBL intensity therefore appear to arise within
programs and cohorts rather than between them, which shifts attention from formal program structures to
variation in how individual courses and instructors enact DBL.

Practically, the 12-item DBL phases scale and the three profile categories offer a simple tool that
program leaders and teaching teams can use to monitor how students experience DBL over time. Repeated
administrations could track changes in the proportions of high-, moderate-, and low-DBL profiles as reforms
progress and identify courses or teaching contexts in which students are concentrated in the low-intensity
group. At the course level, profile information can help instructors check whether students experience a full
design cycle—from PE through reflection—or mainly isolated project components, and can inform
adjustments to project design, scaffolding, and reflective activities.

The study has several limitations. It was conducted at a single institution, relied on cross-sectional
self-report data, and did not link DBL profiles to subsequent learning outcomes, which restricts both causal
interpretation and generalizability. The profiling focused on students’ perceptions of DBL support rather than
direct observations of classroom practice, and potential explanatory factors such as course design
characteristics or instructor preparation were not analyzed. Future research could relate DBL profiles to
outcomes such as student engagement and engineering thinking, combine the DBL phases scale with
observational or performance-based measures, and follow cohorts longitudinally as DBL initiatives are
scaled up. Studies that incorporate information on course structures, assessment tasks, and teacher
professional development would also help clarify which features of DBL implementation are most strongly
associated with membership in the high-intensity profile and how phase-based profiles can be used to guide
engineering education reforms more directly.
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