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Abstract

Conventional higher education assessment systems rely predominantly on ter-
minal examinations, which obscure distributed learning processes and individ-
ual heterogeneity. To address this limitation, this study proposes and empiri-
cally validates a dynamic-static integrated assessment framework combining
longitudinal self-evaluation, chapter-level formative homework, and terminal
final examinations across regular undergraduate (n = 38) and top-up degree (n
= 83) cohorts with an identical course in the School of Economics and Man-
agement, Ankang University. Longitudinal self-evaluation revealed positive
linear growth in attentional engagement and knowledge acquisition, yet
demonstrated that the top-up cohort exhibited 103.62% - 130.21% larger score
dispersion despite comparable mean levels. A matching distributional pattern
emerged in formative homework, showing minimal mean accuracy differences
(79.94 vs. 80.88 for single-choice) but substantially wider within-group varia-
bility. Terminal examination outcomes exhibited pronounced target and for-
mat dependence, with the largest disparity concentrated in Target 1 multiple-
choice items (33.10% relative difference), whereas overall normalized cumula-
tive knowledge-absorption indices converged closely (79.78 pts-p vs. 77.29
pts-p). Basically, the findings under dynamic-static assessment in this study
underscore the diagnostic necessity of triangulating perceptions with summa-
tive achievement to capture hidden student heterogeneity and inform targeted
pedagogical interventions.
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1. Introduction

In recent years, higher education has increasingly emphasized continuous, pro-
cess-oriented learning over traditional, outcome-centric paradigms. However,
many previous studies note that university teaching evaluation has historically re-
lied heavily on summative, end-of-semester examinations as the primary metric
of academic achievement (Boud & Falchikov, 2006; Bulut et al., 2025; Cartwright,
2025; French et al., 2024; Gratchev et al., 2024; Montano & Sobrejuanite, 2025).
As Dumas et al. (Dumas et al., 2020) indicate, while such static assessments pro-
vide a standardized endpoint for evaluating terminal proficiency, they inherently
compress temporally distributed learning processes into a single, retrospective ob-
servation. Consequently, instructors are afforded limited opportunities to identify
localized learning fluctuations, monitor student engagement, or implement timely
pedagogical interventions during the instructional cycle. To address this limita-
tion, recent advancements in learning analytics and educational evaluation advo-
cate for dynamic assessment architectures that capture the longitudinal trajectory
of knowledge acquisition (Bonte & Brem, 2024; Diao et al., 2026; Khosla et al.,
2026; Tong & Ren, 2025; Ueno et al., 2025).

As Wondim & Dessie (2024) emphasize, despite the theoretical consensus on
the pedagogical value of formative assessment, empirical implementations fre-
quently struggle to systematically integrate continuous process data with static
terminal outcomes. Furthermore, contemporary university classrooms are char-
acterized by growing demographic heterogeneity, notably with the integration of
regular undergraduate students and top-up degree (transfer) students (Ayoubi et
al., 2025; Cheung et al., 2022; Ivins et al., 2017; Marks & Tuytens, 2026). These
cohorts often possess distinct educational backgrounds, knowledge reserves, and
learning habits. However, existing systems that predominantly rely on mean co-
hort scores frequently obscure within-group dispersion and localized fluctuations
that differentiate these populations. Based on the reality noted above, there re-
mains a critical research gap regarding the development of a comprehensive as-
sessment framework capable of capturing both the temporal evolution of learning
and the multidimensional nature of student heterogeneity without conflating sub-
jective perception with objective performance.

To bridge this methodological gap, this study proposes a novel dynamic-static
integrated assessment framework that systematically triangulates learning pro-
cesses and outcomes. As shown in Figure 1, including longitudinal self-evalua-
tion, chapter-level formative homework, and a target-specific summative final ex-
amination, the architecture consists of three complementary layers. The self-eval-
uation module captures the temporal evolution of students’ subjective attentional
engagement, perceived knowledge acquisition, and recognition of curricular sig-
nificance. Concurrently, the chapter-level homework provides repeated objective
measurements of short-term performance. Moreover, to enhance the analytical
resolution of terminal achievement, this study introduces the concept of a cumu-

lative knowledge-absorption index. Adapted from the mathematical principles of
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hysteresis energy dissipation in structural engineering (Shi & Choi, 2026; Taborda
et al., 2016; Villalobos Luna et al., 2026; Wang et al., 2024; Yang et al., 2026), this
cross-disciplinary index integrates score magnitude with population distribution,
providing a more robust quantification of cohort-level learning accumulation

than conventional central tendency metrics.
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Figure 1. Structure of the dynamic-static integrated assessment.

The integrated framework in this study was empirically applied and evaluated
during an Engineering Safety and Environmental Protection course at Ankang
University, encompassing 121 students divided into a regular undergraduate co-
hort and a top-up degree cohort. Both cohorts were subjected to identical instruc-
tional conditions, materials, and instructor oversight across the semester. By em-
ploying the dual-cohort observational design, this study seeks to characterize the
temporal and distributional learning patterns inherent to different educational
pathways. Given the naturalistic setting of the study, the analytical approach is
deliberately descriptive and comparative rather than strictly causal, aiming to
demonstrate the diagnostic utility of the framework in a realistic instructional en-
vironment.

Based on the analytical results in this study, preliminary application of the
framework reveals that relying solely on terminal average scores is insufficient for
characterizing comprehensive educational performance. While both cohorts ex-
hibited parallel upward trajectories in perceived engagement and demonstrated

comparable mean formative performance, the dynamic process data revealed that
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the top-up degree cohort possessed substantially greater within-group heteroge-
neity. Furthermore, terminal achievement proved to be highly dependent on as-
sessment targets and specific response formats, underscoring the inadequacy of
single-metric evaluations. By transforming dispersed learning-process observa-
tions and static examination outcomes into an analytically coherent structure, this
dynamic-static framework provides a high-resolution evidence base for targeted

instructional optimization and course redesign.

2. Materials and Methods

2.1. Study Participants and Instructional Context

The empirical investigation in this study was conducted during the second semes-
ter of the 2025-2026 academic year (spanning from March to July 2026) at Ankang
University, China, utilizing the undergraduate core course Engineering Safety and
Environmental Protection. To capture comprehensive learning dynamics within
an actual educational environment, this study examined two naturally occurring
student cohorts enrolled in the same curriculum, including 38 regular undergrad-
uate students from the 2023 grade of Engineering Management and 83 students
enrolled in the 2025 grade of Engineering Management within the top-up degree
course. Both cohorts received instruction from the same faculty member, utilized
identical course syllabi and lecture materials, and studied from the same pre-
scribed core textbook, thereby maintaining a highly controlled and consistent in-
structional context for comparative evaluation.

Despite sharing a common instructional environment, the two cohorts repre-
sent distinct educational pathways and program structures. As illustrated in Table
1, the regular undergraduate cohort entered higher education through the na-
tional college entrance examination and followed a conventional four-year under-
graduate curriculum, whereas the top-up degree cohort entered through a special-
ized articulation pathway following prior higher vocational education, completing
their undergraduate training within a condensed two-year timeframe. In accord-
ance with rigorous educational research standards, the institutional differences in
this study are categorized strictly as variations in educational pathways and cur-
riculum pacing rather than direct measures of individual intellectual capacity or
baseline academic ability. Due to the absence of pre-experimental baseline equiv-
alence testing, as prior GPAs or pre-admission academic performance records
were not independently controlled, the observed differences in score dispersion
and performance profiles between the regular undergraduate and top-up degree
cohorts cannot be interpreted as direct causal consequences of the two-year edu-
cational pathway alone because pre-existing variations in foundational knowledge
reserves and academic preparedness may also contribute. Given the naturalistic
observational constraints above, the empirical findings provide descriptive and
comparative evidence of dynamic learning dynamics within a common instruc-

tional setting, rather than definitive causal attribution.
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Table 1. Comparative analysis of educational profiles and curriculum structures.

Comparative Dimension Regular Undergraduate (UC) Top-Up Degree (TC)

High school graduates .
. Vocational college students
L (National College Entrance . . .
Target Admission Group Exam) (Articulation Selection Exam)
X
Zhuanshengben
(Gaokao) ( gben)
Educational Duration 4 Academic Years 2 Academic Years
. . Four-year continuous Two-year continuous
Instruction & Train . .

education education

Standard Undergraduate .
Undergraduate Diploma

Certificate Type Diploma (Annotated)
(Unannotated)
Degree Awarded Bachelor of Science (B. S.) Bachelor of Science (B. S.)

Full-time Regular Higher Full-time Regular Higher

Nature of Education . .
Education Education
Primary Academic Degree Bachelor’s Degree Bachelor’s Degree

. Two-year condensed
Four-year continuous

curriculum
Foundational Coursework curriculum ] .
. o (Abbreviated foundational
(Full foundational training) o
training)

The instructional content of the course was structured around a comprehensive
16-chapter textbook covering two major thematic domains. As shown in Table 2,
fundamental management frameworks, regulatory requirements, risk control
mechanisms, emergency response protocols, accident investigation procedures,
environmental protection, and occupational health for Part 1; and specialized
construction-site safety technologies, including deep foundation pit operations,
primary structural construction, scaffolding, work-at-height, temporary electrical
systems, and fire safety for Part 2. For the actual instructional cycle of the semes-
ter, two scheduled chapters (Chapter 15 & Chapter 16) were omitted during the
semester due to unforeseen academic calendar interruptions caused by university-
level institutional activities and the May Day national holiday, while the empirical
analyses were systematically restricted to the first 14 chapters of the textbook. This
boundary was applied uniformly to both cohorts, ensuring that all longitudinal
process observations and summative assessments were derived from an identical

set of instructional units.

Table 2. Thematic structure and chapter distribution of the course curriculum.

Parts  Chapter Thematic Contents & Instructional Focus

Chapter 1  Safety Production Management in Construction Engineering

Part 1 Laws and Regulations on Construction Safety and Environmental
Chapter 2 .
Protection
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Continued

Operational and Institutional Policies for Construction Safety
Chapter 3

Management

Management of High-Risk Operations & Construction Site Safe
Chapter 4 8 . & P R

Inspections

Hazard Source Control, Identification, and Emergency Response
Chapter 5

Protocols

Investigation, Handling, and Reporting Procedures of Construction
Chapter 6 ] & & P &

Accidents

Civilized Construction Practices and Environmental Protection
Chapter 7

Measures

Chapter 8 Occupational Health, Safety Management, and Disease Prevention

Chapter 9  Safety Technology for Deep Foundation Pit Engineering
Chapter 10 Safety Technology for Primary Structural Construction
Chapter 11 Safety Technology for Scaffolding Operations
Chapter 12 Safety Technology for Work-at-Height Operations

Part 2 Safety Technology for Temporary Electrical Systems on

Chapter 13
aprer Construction Sites

Chapter 14 Safety Technology for Construction Site Fire Prevention
Chapter 15* Safety Technology for Hoisting and Lifting Operations

Chapter 16* Safety Technology for Construction Machinery and Equipment

Note: *represents the two scheduled chapters not covered during the instructional period.

2.2. Assessment Framework and Statistical Analysis

To move beyond traditional terminal evaluations, a tripartite assessment architec-
ture was established to capture student performance across both continuous pro-
cess and terminal outcome dimensions, comprising repeated longitudinal self-
evaluation, chapter-level formative homework assessments, and a target-specific
summative final examination. Referring to Pinkosova et al. (2023), the self-evalu-
ation component accompanied each instructional chapter. It measured three dis-
tinct psychological and cognitive dimensions, including attentional engagement
(perceived ability to maintain cognitive focus), perceived knowledge acquisition
(self-assessed comprehension and assimilation of course content), and curricular
significance (perceived relevance and importance of the material). To mitigate po-
tential self-reporting bias and measurement error, the longitudinal self-evaluation
instruments underwent psychometric validation before deployment. Following
Zhoc et al. (2019) and Chanaka Ushantha & Samantha Kumara (2016), internal
consistency reliability, assessed via Cronbach’s alpha, yielded high coefficients (a
= 0.87 for attentional engagement, a = 0.89 for knowledge acquisition, and a =
0.85 for curricular significance). Furthermore, Confirmatory Factor Analysis
(CFA) (Ayaneh et al., 2021; Kostiv et al., 2025; Mohammad & Kamran, 2023;
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Zhang et al., 2021) confirmed that the three sub-constructs exhibited satisfactory
discriminant validity, verifying that they capture statistically distinct dimensions
of student learning perceptions. Concurrently, chapter-level formative homework
served as an objective performance indicator, consisting of three single-choice and
two true-or-false questions per chapter (Brassil & Couch, 2019; Couch et al., 2015;
Enders et al., 2021; Freeman et al., 2011; Johnson & Kiviniemi, 2009). The final
examination served as the summative endpoint, structured around three prede-
fined curriculum targets: Target 1 (foundational knowledge and basic manage-
ment competence, evaluated via single-choice, true-or-false, and multiple-choice
items); Target 2 (hazard identification and safety measure formulation, evaluated
via short-answer questions); and Target 3 (theoretical foundations and core engi-
neering principles, evaluated via essay questions).

To quantify the observed learning patterns, group-level descriptive statistics
and longitudinal trend estimations were integrated (Abd Manap & Mohd Zain,
2026; Arja et al., 2018; Avila-Andino et al., 2026; Garzén et al., 2026; Henriquez-
Machado et al., 2026; Jones & Oh, 2024; Na et al., 2026; Peluso et al., 2026; Sapar-
bayeva et al., 2025; Shi & Tang, 2026). For any given cohort g , instructional unit

J» and evaluation dimension k, the cohort mean score was defined as:
1 Hg
Xg/k:_'zxig/k (1)
n, iz

where 7, denotes the total student population within cohort g . Inter-cohort

disparities were evaluated using a relative difference index (D ), calculated as:
X=X,
D :(ujxloo% (2)
uc

where UC and TC represent the regular undergraduate and top-up degree co-
horts, respectively. Response dispersion and within-group heterogeneity were

characterized using the sample standard deviation ( SD, ):

3)

Furthermore, temporal trajectories across the semester were estimated using a

linear regression model:
Y =B +Bir+e, 4

where 7 signifies the instructional sequence order, (3, denotes the estimated
rate of change (slope), and R® represents the coefficient of determination, in-
terpreted strictly as a goodness-of-fit metric indicating the proportion of variance
explained by the linear temporal trend.

For formative homework evaluation, chapter-level accuracy was computed for

each item format as:

N
A=t 100% (5)

attempted
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This structure allowed the analytical model to decouple central tendency from
score dispersion, addressing situations where cohorts exhibited comparable mean
accuracy alongside markedly different variability. For summative evaluation, the
study introduces a cross-disciplinary quantitative metric termed the cumulative
knowledge-absorption index (K, ) (Shi & Choi, 2026; Taborda et al., 2016; Villa-
lobos Luna et al., 2026; Wang et al., 2024; Yang et al., 2026). Following the calcu-
lative details in Teruna et al. (2015), adapted mathematically from hysteresis en-
ergy dissipation principles in structural engineering, where mechanical force and
displacement are analogously reflected to examination scores and ordered student
population coordinates, this index integrates score magnitude with student distri-

bution. In its continuous form, cumulative knowledge absorption is expressed as:
K,=[" 5(n)dn (6)

where §(n) denotes the score profile along the ordered population coordinate
n,and n, represents the cohort size. Because educational data are inherently
discrete, K, was computed numerically using the trapezoidal approximation

rule:

N-1 S S
KAzZ%-(nm—ni) (7)

where S, and §,, represent scores at adjacent ordered student positions #,
and n,, . This formulation corrects potential transcription errors in interval
width notation, ensuring absolute mathematical reproducibility. The resulting in-
dex is measured in point-person units (pts-p) and functions as a population-score

accumulation measure rather than a physical energy quantity.

3. Discussion

3.1. Self-Evaluation

According to Ren et al. (2026), self-evaluation provides a vital process-oriented
perspective that diverges fundamentally from terminal achievement testing by
capturing students’ real-time perceptions of engagement and assimilation while
instruction is actively underway. Within the proposed framework in this study,
the longitudinal dimension was operationalized across three distinct constructs:
attentional engagement, which reflects students’ self-assessed ability to maintain
cognitive focus during lectures; perceived knowledge acquisition, which measures
their subjective assimilation of instructional content; and curricular significance,
which evaluates their recognition of the relative importance of individual learning
units. This tripartite architecture allows for the continuous tracking of learning-
related perceptions across the semester rather than reducing cognitive progres-
sion to a single, retrospective end-of-course score.

The longitudinal trajectories of attentional engagement in Figure 2(a) reveal a
clear positive temporal growth trend across the 14 assessed chapters for both stu-

dent cohorts. The linear regression equations for the attentional engagement

DOI: 10.4236/ce.2026.1711117

2103 Creative Education


https://doi.org/10.4236/ce.2026.1711117

M. Shi et al.

yielded slopes of T, =0.0058x+0.8263 (R’ =0.6645) for the regular under-
graduate cohort and 7, =0.0076x+0.8154 (R*=0.9117) for the top-up de-
gree cohort, indicating that the top-up degree students experienced an approxi-
mately 31.0% steeper rate of increase in self-rated attentional focus over time. Fur-
thermore, the substantially higher coefficient of determination ( R*) for the top-
up cohort shows that linear regression more closely approximated its longitudinal
progression. As emphasized in the methodological parameters, this higher R’
value reflects a better fit to the linear trend rather than intrinsic data stability or

lower fluctuation.
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Figure 2. Dynamic evaluation across a full semester. (a) Attentional engagement, (b) Knowledge acquisition,
(c) Curricular significance.
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As depicted in Figure 2(b), a parallel longitudinal pattern emerged for per-
ceived knowledge acquisition, accompanied by an even more pronounced inter-
cohort contrast in growth velocity. The regular undergraduate cohort exhibited a
fitted slope of 0.0058 ( R* =0.7270 ), whereas the top-up degree cohort recorded
a steeper slope of 0.0086 ( R* =0.9319), representing an estimated 48.3% increase
in slope magnitude. The close alignment in initial intercept values (0.8319 for reg-
ular undergraduates versus 0.7961 for top-up students) suggests that both cohorts
commenced the semester with comparable baseline perceptions of knowledge as-
similation, with the steeper trajectory of the top-up cohort leading to a gradual
divergence in later instructional units.

On the other hand, Figure 2(c) illustrates a qualitatively distinct yet positively
oriented temporal trend for curricular significance. The estimated linear regres-
sion equations yielded slopes of T, =0.0031x+0.8937 (R”=0.4119) for regu-
lar undergraduates and T} =0.0026x+0.8804 (R’ =0.5613) for top-up degree
students. The values of the linear regression analysis demonstrate more gradual
temporal growth, with the top-up slope being roughly 16.1% lower than that of
the undergraduate cohort, alongside lower coefficients of determination, which
indicates that students’ judgments regarding the broader importance of individual
course chapters evolve at a slower pace and are less constrained by a simple linear
function compared to immediate engagement and comprehension metrics.

Synthesizing the findings from Figure 2, the three self-evaluation dimensions
underscore that learning perceptions do not operate as interchangeable manifes-
tations of a single latent construct. Particularly among top-up degree students,
while attentional engagement and perceived knowledge acquisition exhibited
strong, steady linear upward trends, curricular significance remained relatively
stable and high throughout the semester. Upon discussion of Figure 2, the multi-
dimensional dissociation in this study validates the design choice to decouple pro-
cess perceptions into specialized sub-constructs, ensuring that nuanced shifts in
student psychology are not prematurely collapsed into an ambiguous aggregate
score.

Transitioning from longitudinal trends to aggregate descriptive metrics, Table
3 demonstrates that the primary distinction between the two student cohorts lies
in score dispersion rather than central tendency. The semester-level mean evalu-
ations for attentional engagement were highly comparable at 86.96 for regular un-
dergraduates and 87.26 for top-up degree cohorts, reflecting an absolute differ-
ence of merely 0.30 percentage points (a relative difference rate of 0.34%). Simi-
larly, mean knowledge-acquisition scores stood at 87.57 versus 86.10 (1.72% rela-
tive difference), while curricular-significance scores reached 91.73 versus 89.99
(1.94% relative difference). Across all three dimensions in Table 3, inter-cohort
discrepancies in central tendency remained negligible, ranging between 0.30 and
1.94 percentage points.

Despite these closely aligned mean scores, Table 3 reveals stark contrasts in

score dispersion, as quantified by sample standard deviations. For attentional en-
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120

gagement, the standard deviation surged from 8.69 in the regular undergraduate co-
hort to 19.99 in the top-up degree cohort, representing a 130.21% relative increase.
Comparable expansions in dispersion were observed for perceived knowledge ac-
quisition (from 9.42 to 19.19, a 103.62% increase) and curricular significance
(from 9.73 to 20.66, a 112.35% increase). Expressed via coefficients of variation,
relative dispersion levels for the top-up degree cohort (approximately 22.3% to
23.0%) were double those of the regular undergraduate cohort (approximately
10.0% to 10.8%), confirming that top-up students exhibited substantially greater

internal response heterogeneity.

Table 3. Comparison analysis of average dynamic evaluation.

Attentional Knowledge Curricular
Engagement Acquisition Significance
Undergraduate 86.96 87.57 91.73
Average
- Top-up Degree 87.26 86.10 89.99
Evaluation
Rate 0.34% 1.72% 1.94%
Undergraduate 8.69 9.42 9.73
Standard
. Top-up Degree 19.99 19.19 20.66
Deviation
Rate 130.21% 103.62% 112.35%

The chapter-level distributional patterns illustrated in Figure 3 corroborate
these aggregate dispersion statistics across the entire 14-chapter sequence. For
every assessed instructional chapter, regular undergraduate students consistently
displayed narrower error bars, whereas the top-up degree cohort exhibited mark-
edly wider confidence intervals and standard deviation bounds across all three
self-evaluation dimensions. The visual evidence in Figure 3 confirms that the
heightened variance observed in Table 3 is a persistent, chapter-level phenome-

non rather than an artifact of semester-level aggregation.
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Figure 3. Quantitative analysis of the dynamic evaluation. (a) Attentional Engagement, (b) Knowledge Acquisition, (c) Curricular

Significance.

More significantly, these pronounced differences in standard deviation must be
interpreted with methodological caution from an analytical standpoint. As em-
phasized by Ost et al. (2017) and Soffer-Vital & Glassner (2026), a larger standard
deviation cannot be construed as direct evidence of inferior learning capability,
deficient knowledge reserves, or lower educational quality in the top-up degree
cohort. Standard deviation merely measures the dispersion of observed scores
around the cohort mean without identifying the underlying causal mechanism.
Due to this, the data support the conservative and objective conclusion that the
top-up degree cohort demonstrated greater within-group heterogeneity in subjec-
tive learning states, whereas the regular undergraduate cohort exhibited more ho-
mogeneous behavioral and psychological responses under identical instructional
conditions.

For the summarization, the self-evaluation analyses establish the initial tier of
evidence within the dynamic-static assessment framework, revealing that longitu-

dinal process tracking can uncover critical distributional variations that remain
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entirely obscured by terminal mean scores. The findings in this study demonstrate
that while both cohorts shared parallel upward trajectories in perceived engage-
ment and assimilation, the top-up degree students were characterized by substan-
tially broader response heterogeneity. The process-oriented insights in this study
provide a vital methodological foundation and interpretive baseline for subse-
quent chapters, setting the stage to investigate whether similar distributional dis-
crepancies persist when subjective perceptions are triangulated against objective
formative homework performance and summative final examination perfor-

mance.

3.2. Homework Evaluation

To complement the subjective longitudinal information obtained from self-eval-
uation, a chapter-level formative homework assessment was implemented follow-
ing the completion of each instructional chapter. Comprising three single-choice
questions and two true-or-false questions per assessed chapter, this objective in-
strument provided repeated performance-based observations of students’ short-
term content mastery across the semester. Unlike self-evaluation, which captures
internal perceptions of learning states, homework accuracy serves as an observa-
ble metric of academic performance, enabling valuable comparisons across in-
structional chapters and between student cohorts, which is essential for decou-
pling central tendency from score variability (Chapman et al., 2023; Dorko, 2020).

As illustrated in Figure 4(a), the single-choice question accuracy trajectories
exhibit substantial chapter-to-chapter fluctuations for both student cohorts, ac-
companied by weak overall positive linear trends. The linear regressions yielded
T, =0.0122x+0.7080 (R’ =0.1013) for regular undergraduate cohort and
T, =0.0065x+0.7602 ( R* =0.0307) for top-up degree cohort. Although the
regular undergraduate cohort manifested an estimated slope approximately 87.7%
steeper than that of the top-up cohort, and linear regression analyses were em-
ployed to estimate overall temporal directions (Y, =, + B, +¢, ), the low coeffi-
cients of determination ( R* <0.25) underscore that chapter-to-chapter perfor-
mance is inherently non-linear. As shown in Figure 4(a), the raw trajectories ex-
hibit localized performance drops followed by rapid rebounds, reflecting shifting
cognitive demands across distinct engineering safety topics rather than a mono-
tonic linear accumulation. Due to this, linear trendlines and coefficients of deter-
mination ( R*) in this study are interpreted as macro-level goodness-of-fit indi-
cators capturing general directional trajectories, rather than implying absolute dy-
namic stability or simple linear progression.

A related yet distinct dynamic pattern emerged in the true-or-false assessment
component presented in Figure 4(b). The linear regression equations yielded
T, =0.0114x+0.7609 (R*=0.2308) and T,.=0.0127x+0.7453
(R*=0.1601) for the regular undergraduate and top-up degree cohorts, respec-
tively. In contrast to the single-choice results, the top-up degree cohort displayed

a slightly steeper linear regression slope (an 11.4% increase relative to undergrad-
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uates). Nevertheless, the modest R” values reaffirm that chapter sequence alone
explains a limited portion of performance variability, which underscores that
formative achievement fluctuates in response to chapter-specific content charac-
teristics and question complexity rather than adhering to a strict linear progres-

sion.
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Figure 4. Dynamic accuracy rate evaluation. (a) Single-Choice Question, (b) True or False Question.

The aggregate quantitative results detailed in Table 4 demonstrate that the cen-
tral tendencies of formative homework performance were remarkably similar be-
tween the two cohorts, contrasting sharply with the visual variability of chapter
curves in Figure 4. For single-choice questions (Q1 - Q3), the regular undergrad-
uate cohort achieved mean scores of 87.13, 70.63, and 82.06, compared with 87.15,
73.53, and 81.97 for the top-up degree cohort, yielding an overall average accuracy
of 79.94 versus 80.88 (a negligible relative difference of 1.18%). For true-or-false
questions (Q4 - Q5), the regular undergraduate cohort recorded mean scores of
90.02 and 79.28, while the top-up degree cohort obtained 88.77 and 79.28, result-
ing in overall averages of 84.65% and 84.02% (a 0.75% relative difference). At the
individual question level, inter-cohort divergence remained minimal, peaking at
4.11% for single-choice Q2 and dropping to 0.0045% for true-or-false Q5.
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Table 4. Comparison analysis of dynamic homework evaluation.

Single-Choice Question True or False Question

Q1 Q2 Q3 Average Q4 Q5 Average

Average UC 8713 7063 8206 7994 9002 7928 8465
Evaluation TC  87.15 7353 8197 8088 8877 7928  84.02
(Pts)  Rate 0.02% 4.11% 0.12% 1.18% 1.41% 0.0045% 0.75%

UucC 1591 13.84 14.93 14.89 20.92 16.62 18.77
Standard

Deviation

TC 3591 32.06 33.53 33.83 49.04 41.57 45.31
Rate 125.75% 131.69% 124.68% 127.23% 134.44% 150.15% 141.40%

Conversely, the primary distinction between cohorts emerged in score disper-
sion and within-group heterogeneity, as quantified in Table 4. For single-choice
assessments, standard deviations for the regular undergraduate cohort stood at
15.91, 13.84, and 14.93 across Q1 - Q3, whereas those for the top-up degree cohort
reached 35.91, 32.06, and 33.53, culminating in an average standard deviation in-
crease of 127.23% (from 14.89 to 33.83). An even more pronounced dispersion
contrast materialized in the true-or-false component, where average standard de-
viations expanded from 18.77 for the regular undergraduate cohort to 45.31 for
the top-up degree cohort by a 141.40% relative increase. The statistical disparities
in this study confirm that while both cohorts maintained comparable average ac-
curacy, the top-up degree cohort exhibited substantially greater internal score dis-
persion.

A comparative examination of the two question formats provides further in-
sight into students’ formative performance profiles. Overall mean accuracy was
consistently higher for true-or-false questions than for single-choice items across
both cohorts (84.65% vs. 79.94% for the regular undergraduate cohort; 84.02% vs.
80.88% for the top-up cohort). The absolute difference between format means was
4.71 percentage points for regular undergraduates and 3.14 percentage points for
top-up students. The format-level convergence through the discussion indicates
that broad achievement levels were stable, while including the discriminating
power of single-choice Q2, question-level variations demonstrate the diagnostic
necessity of granular, chapter-resolved monitoring over aggregate scoring.

The graphical distributions depicted in Figure 5 visually corroborate the statis-
tical findings above across the 14 instructional chapters. Throughout the semester,
error bars and confidence intervals for the top-up degree cohort were consistently
wider than those for the regular undergraduate cohort, particularly within the
true-or-false assessment panels. In accordance with previous studies (Ost et al.,
2017; Soffer-Vital & Glassner, 2026), this heightened dispersion cannot be inter-
preted as an inherent indicator of inferior student capability or lower academic
quality. Due to this, standard deviations measure score spread around the mean
without identifying causative factors, leading to the objective conclusion that top-
up students displayed greater behavioral and performance heterogeneity under

identical instructional conditions.
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Figure 5. Quantitative analysis of the accuracy rate. (a) Single-choice question, (b) True or false question.

The alignment between the formative homework results and the preceding self-
evaluation data yields compelling convergent descriptive evidence. Both assess-
ment tiers indicate that the two cohorts shared highly comparable central tenden-
cies paired with markedly larger score dispersion in the top-up degree cohort
(with relative standard-deviation expansions exceeding 125% across correspond-
ing metrics). Although the observational dataset precludes formal student-level
paired correlation analyses or causal claims regarding whether engagement di-
rectly drove homework accuracy, the consistent distributional patterns across
subjective and objective indicators reinforce the validity of a multi-layered evalu-
ation framework in this study.

Across the discussion above, the chapter-level homework assessment estab-
lishes a crucial intermediate analytical bridge between longitudinal self-evaluation
and terminal summative examinations. The findings demonstrate that relying
solely on mean accuracy scores conceals profound differences in internal score
distributions between student cohorts. By capturing localized performance fluc-

tuations and response heterogeneity, formative homework provides actionable di-
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agnostic insights for pedagogical adjustment, supplying the empirical foundation

for examining terminal outcomes across curriculum targets.

3.3. Final Exam Evaluation

The final examination constituted the summative component of the proposed in-
tegrated assessment framework, designed to ascertain whether the learning pat-
terns and trajectories observed through longitudinal self-evaluation and chapter-
level formative homework were reflected in end-of-course academic achievement
(Axelsen et al., 2025; Dong et al., 2026; Gao et al., 2025; Kausar, 2026; McTaggart
& Hortsch, 2024; Otieno Juma et al., 2026). Referring to Broadbent et al. (2018)
and Panadero et al. (2019), unlike the process-sensitive indicators examined in the
discussions regarding self and homework evaluation, which captured real-time
student engagement and short-term content mastery, the final examination pro-
vided a standardized terminal evaluation of demonstrated student performance
following the completion of the instructional sequence. The terminal phase of this
study served as a crucial reference for evaluating cumulative learning performance
across diverse cognitive and response demands.

The final examination was structurally organized around three distinct educa-
tional targets to ensure comprehensive curricular coverage in Table 5. Target 1
was established to evaluate foundational knowledge acquisition and the develop-
ment of basic competence in engineering safety management, assessed through
single-choice, true-or-false, and multiple-choice questions. Target 2 focused on
the systematic identification of workplace hazards and the formulation of practi-
cal safety management measures, assessed via short-answer questions. Target 3
addressed the theoretical foundations and core principles required for advanced
engineering safety management, evaluated through essay questions. The target-
oriented architecture for studying performance evaluation in this study enabled
the summative evaluation to transcend a simplistic aggregate score, allowing
achievement to be differentiated across varying levels of cognitive complexity and

knowledge expression.

Table 5. Comparison analysis of the final exam score.

Target 1 Target2  Target3
Single-  Trueor Multiple- Short-
. . Essay
Choice False Choice Answer
Undergraduate 91.05 90.26 86.84 84.12 62.28
Average
Score Top-up Degree 87.07 82.56 65.24 85.61 65.04
t.
(pts) Rate 4.57% 9.33% 33.10% 1.77% 4.43%
Undergraduate 8.63 11.50 22.31 11.92 15.64
Standard
. Top-up Degree 14.36 12.75 24.14 11.28 16.42
Deviation
Rate 66.30% 10.80% 8.18% 5.63% 4.98%
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The quantitative results detailed in Table 5 reveal a pronounced dependence of
cohort disparities on both the assessment target and the specific response format.
For Target 1, the regular undergraduate cohort achieved mean scores of 91.05,
90.26, and 86.84 on single-choice, true-or-false, and multiple-choice components,
respectively, whereas the top-up degree cohort recorded corresponding scores of
87.07, 82.56, and 65.24. Applying the relative difference convention, between-
group gaps were 4.57%, 9.33%, and a striking 33.10% for the multiple-choice sec-
tion. Conversely, performance on Target 2 short-answer questions exhibited a
negligible relative difference of 1.77% (84.12 vs. 85.61), while Target 3 essay per-
formance showed a modest relative difference of 4.43% (62.28 vs. 65.04). The find-
ings in the discussion above demonstrate that terminal achievement cannot be
generalized as a uniform cohort-level hierarchy, while performance discrepancies
are highly format-specific.

A closer examination of the Target 1 components underscores the critical im-
portance of assessment granularity as single-choice and true-or-false items yielded
moderate between-cohort contrasts, the multiple-choice format exposed an ex-
ceptionally large disparity (33.10%). Because these three formats were consoli-
dated under the same foundational curriculum target, a single aggregated target
score would have completely masked this internal divergence. The pronounced
performance gap in Target 1 multiple-choice questions (33.10% relative differ-
ence) suggests that tasks requiring the simultaneous discrimination of multiple
plausible distractors pose a comparative challenge for students in the top-up de-
gree cohort. However, the absence of item-level psychometric indicators (such as
Item Difficulty and Item Discrimination indices) is considered a limitation, while
indicting that this study cannot rule out the alternative possibility that specific
distractor designs or item ambiguities contributed to the observed score disparity,
emphasizing the need for future item-level psychometric verification. Although
the current observational dataset lacks item-level psychometric diagnostics to iso-
late the exact cognitive bottlenecks, the descriptive evidence confirms that Target
1 differentiation was concentrated in the multiple-choice domain.

In the constructed-response assessments, the results in Table 5 illustrate that
the top-up degree cohort achieved marginally higher mean scores than the regular
undergraduates in both Target 2 short-answer items (85.61 vs. 84.12) and Target
3 essay questions (65.04 vs. 62.28), indicating that the absolute superiority of reg-
ular undergraduates observed in objective testing does not extend universally to
open-ended, written expression formats. Upon discussion regarding the three dif-
ferent targets in this study, the final examination data point toward a differential
proficiency profile rather than a pervasive deficit, reinforcing the premise that sin-
gle terminal scores are insufficient for capturing student learning distributions.

The standard deviation metrics presented in Table 5 also introduce a vital in-
terpretive dimension regarding score dispersion. For single-choice questions,
standard deviations rose from 8.63 for the regular undergraduate cohort to 14.36
for the top-up degree cohort (a 66.30% increase), while true-or-false and multiple-

choice standard deviations exhibited moderate expansions of 10.80% and 8.18%.
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On the other hand, standard deviations for short-answer scores were 11.92 versus
11.28 with 5.63%, and 15.64 versus 16.42 for essay scores with 4.98%. This struc-
tural shift reveals that the pronounced within-group heterogeneity previously
identified in dynamic self-evaluation and homework is not uniformly replicated
across all final exam components, attenuating significantly in multiple-choice
items and vanishing in short-answer responses.

To advance conventional test statistics, the study introduces the cumulative
knowledge-absorption index (K, ) as a cross-disciplinary quantitative metric. By
reflecting mechanical force and displacement in examination scores and ordered
student population coordinates, this study conceptualizes this index via the math-
ematical analogy of hysteresis energy dissipation in structural engineering (Shi &
Choi, 2026; Taborda et al., 2016; Villalobos Luna et al., 2026; Wang et al., 2024;
Yang et al., 2026) and integrates score magnitude with student distribution. Alt-
hough traditional statistical metrics (e.g., standard deviation, skewness, or inter-
quartile ranges) characterize distribution shapes independently, they fail to inte-
grate individual score magnitudes with cumulative population placement. The cu-
mulative knowledge-absorption index (K, ), formulated via numerical integra-
tion over ordered student population coordinates (), bridges the analytical gap
by treating the score profile as an area-based accumulation function, thereby of-
fering a more comprehensive metric of cohort-level achievement than central ten-
dency statistics alone. As established in the previous chapter, the continuous for-
mulation of this area-under-the-score-distribution metric is defined by Equation
(6), integrating the score profile along the ordered population axis to capture both
individual achievement levels and population-level spread.

Because educational examination records are discrete rather than continuous,
the practical evaluation of cumulative knowledge absorption was performed nu-
merically via the trapezoidal approximation rule articulated in Equation (7). The
discrete expression in this study computes the cumulative area beneath the or-
dered score distribution across adjacent student position intervals ( #,,, —n, ), cor-
recting potential notation ambiguities and ensuring complete mathematical re-
producibility. Measured in point-person units (pts-p), K, functions as a popu-
lation-score accumulation metric rather than a physical energy quantity, main-
taining strict dimensional consistency and avoiding erroneous thermodynamic
interpretations.

The aggregate and target-specific knowledge-absorption findings summarized
in Table 6 demonstrate that cumulative absorption is not merely proportional to
average test scores. Mean absorption values for the regular undergraduate cohort
across Targets 1 - 3 were 35.91 pts-p, 25.18 pts-p, and 18.69 pts-p, totaling 79.78
pts-p, compared with 32.16 pts-p, 25.67 pts-p, and 19.45 pts-p for the top-up degree
cohort, totaling 77.29 pts-p (an overall relative difference of 3.22%). Consistent
with Table 5, Target 1 accounted for the largest between-cohort contrast (11.65%),
whereas Targets 2 and 3 exhibited close alignment (1.97% and 4.07% relative dif-
ferences). This internal consistency bridges conventional examination statistics

with the proposed cumulative framework.
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Table 6. Knowledge absorption analysis.

Target 1 Target2 Target3 Total

Undergraduate  35.91 25.18 18.69  79.78

Average Knowledge Absorption
Top-up Degree  32.16 25.67 19.45 77.29

(pts-p)
Rate 11.65% 1.97% 4.07% 3.22%
Undergraduate  2.45 2.56 3.19 6.19
Standard Deviation Top-up Degree  3.39 2.36 3.32 6.26
Rate 38.28% 8.45% 4.15% 1.01%
Cumulative knowledge ~ Undergraduate 132875 93150  691.50 2951.75
absorption (pts-p) Top-up Degree 2605.25 2079.50 1575.50 6260.25

The dispersion statistics associated with cumulative knowledge absorption in
Table 6 offer further analytical refinement. For Target 1, standard deviations were
2.45 for the regular undergraduate cohort and 3.39 for the top-up degree cohort
(a 38.28% difference), whereas Target 2 showed an inversion (2.56 vs. 2.36), indi-
cating slightly lower variability for the top-up cohort. Target 3 demonstrated com-
parable dispersion (3.19 vs. 3.32). Also, the analytical results in Table 6 illustrate
that the standard deviations converged to 6.19 and 6.26, differing by only 1.01%
for the total knowledge-absorption index. The remarkable convergence in Table
6 proves that once performance is aggregated across the complete examination
target structure, overall cohort variability becomes nearly identical, refuting the
notion of universal heterogeneity in top-up students.

Figure 6 and Figure 7 provide comprehensive visual representations of these
target-specific and cumulative absorption trajectories across student population
coordinates (1) for the regular undergraduate and top-up degree cohorts. Due to
the different total numbers of participant students for the two cohorts, the raw
cumulative totals reported in Table 6 (2951.75 pts-p for regular undergraduates
and 6260.25 pts-p for top-up students) must be interpreted with caution. Because
the two cohorts possessed unequal sample sizes (n =38 vs. n=283), raw cumu-
lative sums are intrinsically scaled by cohort magnitude. Consequently, raw cu-
mulative absorption appropriately describes total cohort-level accumulation but
cannot serve as a direct comparative measure of individual effectiveness without
normalization, rendering the normalized mean index (79.78 pts-p vs. 77.29 pts-p)
the statistically rigorous basis for cohort evaluation.

The average accuracy rates against average cumulative knowledge-absorption
indices across the three curriculum targets are visually juxtaposed in Figure 8,
highlighting that while percentage-based accuracy rates can sometimes exaggerate
or obscure performance gaps due to scaling artifacts, the knowledge-absorption
metric enables to integrate both central tendency and distributional properties.
This dual representation confirms that Target 1 represents the primary locus of
inter-cohort differentiation, whereas Targets 2 and 3 reflect substantial parity in

advanced competency application.
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sorption.

Synthesizing the final examination findings with the preceding chapters, the
multi-stage narrative indicates that while dynamic self-evaluation and formative
homework established that the top-up degree cohort possessed greater response
dispersion around comparable means, the summative examination demonstrates
that performance divergence is highly sensitive to cognitive targets and item for-
mats. The alignment between traditional exam metrics and the novel cumulative
index establishes the dynamic-static framework as an advanced triangulation ar-
chitecture, wherein process perceptions, formative performance, and terminal
achievement yield complementary insights.

Furthermore, the incorporation of the cumulative knowledge-absorption index
bridges structural engineering analytics with educational measurement through
explicit mathematical calculations. By repurposing an area-based accumulation
principle to quantify population score distributions, the index enhances interpre-
tive depth without invoking untenable physical analogies. In conjunction with dy-
namic observations, the final examination results demonstrate that educational
performance varies across temporal trajectories, assessment formats, and curric-
ulum targets, offering an empirically grounded foundation for advanced instruc-

tional optimization.
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4. Conclusion

This study established and empirically evaluated a dynamic-static integrated as-
sessment framework within a university engineering safety and environmental
protection course, systematically linking longitudinal self-evaluation and chapter-
level formative homework with terminal summative exam performance across
regular undergraduate (7 =38 ) and top-up degree (7 =83) cohorts. Longitudi-
nal self-evaluation demonstrated distinct positive temporal trajectories in atten-
tional engagement ( 7;,. = 0.0058x+0.8263, R*=0.6645 &

T, =0.0076x+0.8154, R*=0.9117) and perceived knowledge acquisition

(T, =0.0058x+0.8319, R*>=0.7270 & T,.=0.0086x+0.7961,

R*>=0.9319), whereas perceived curricular significance exhibited more gradual
growth (7, =0.0031x+0.8937 & T,.=0.0026x+0.8804 ). More significantly,
while semester-level mean self-evaluations remained remarkably close between
cohorts (0.30 to 1.74 percentage point absolute differences), the top-up degree co-
hort exhibited 103.62% to 130.21% larger standard deviations across all three pro-
cess dimensions, highlighting substantial within-group response heterogeneity
beneath nearly identical central tendencies.

A convergent distributional pattern emerged in objective formative homework
assessment, where mean accuracy rates differed minimally between cohorts
(79.94% vs. 80.88% for single-choice; 84.65% vs. 84.02% for true-or-false), yet
standard deviations were 127.23% and 141.40% higher in the top-up degree co-
hort. On the other hand, terminal summative achievement demonstrated marked
target and format dependence, as regular undergraduates outperformed top-up
students in foundational Target 1 objective formats, most notably in multiple-
choice questions (86.84 vs. 65.24, a 33.10% relative discrepancy), whereas top-up
students achieved slightly higher mean scores in Target 2 short-answer (85.61 vs.
84.12) and Target 3 essay questions (65.04 vs. 62.28). Cross-disciplinary evalua-
tion via the population-score integral framework further revealed that normalized
cumulative knowledge-absorption indices remained comparable overall (79.78
pts-p vs. 77.29 pts-p, a 3.22% gap), with total score variability converging to within
1.01% between cohorts.

The empirical findings confirm that relying exclusively on terminal mean ex-
amination scores obscures vital temporal dynamics, format-specific proficiencies,
and within-cohort dispersion. By triangulating subjective engagement percep-
tions, short-term formative accuracy, and target-differentiated outcome indices,
the dynamic-static assessment architecture provides advanced diagnostic resolu-
tion to inform real-time pedagogical adjustments and curriculum optimization.
Given the non-experimental, observational nature of the pre-existing cohort de-
sign and the absence of baseline equivalence control (e.g., prior GPA or baseline
competency alignment), the results in this study are better interpreted as descrip-
tive, practice-based comparative evidence of learning heterogeneity within a com-
mon educational environment, rather than causal proof of educational pathway

efficacy or pedagogical intervention effects. Within these constraints, the frame-
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work is still expected to offer an actionable, multidimensional evaluation para-

digm for modern higher education.
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