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The "intelligence-achievement paradox" raises a fundamental question in
educational research: why do students with comparable cognitive abilities often
exhibit markedly different academic trajectories? While existing frameworks
provide valuable insights into isolated predictors, they frequently lack an
integrated mechanism to explain these disparities. This study develops and
validates a Four-Dimensional Dynamic Model of Learning Competence—
comprising Learning Capital, Strategy, Input, and Environment—to address this
theoretical fragmentation. Employing an exploratory sequential mixed methods
design within the context of Chinese higher education, we first conducted semi-
structured interviews (N=18) to operationalize the model's dimensions. A
subsequent survey of 524 undergraduates was utilized to validate the psychometric
properties of the newly developed Learning Ability Four-Dimensional Diagnostic
Scale (LA-FDDS). Structural Equation Modeling (SEM) indicates that Learning
Strategy significantly mediates the relationship between Learning Capital and
Input, accounting for 58.6% of the total effect, while the Learning Environment
functions as a pivotal moderator. Furthermore, Latent Profile Analysis (LPA)
identified three distinct learner typologies, most notably "Laborious Learners"—
students characterized by high behavioral persistence but low strategic efficiency.
These findings suggest that while diligence is a necessary condition for success, its
efficacy is contingent upon strategic regulation. This study provides a systemic
diagnostic framework for identifying specific competence gaps in diverse learning
populations.
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INTRODUCTION
Educational Relevance and Implications Statement

This study highlights that student effort alone does not guarantee academic success;
rather, effective learning strategies serve as the critical "efficiency lever." By
identifying "Laborious Learners" who exhibit high input but low performance, we
demonstrate the need for educators to shift focus from merely encouraging diligence to
explicitly teaching metacognitive and regulatory skills. The proposed Four-Dimensional
Dynamic Model offers teachers and school psychologists a diagnostic framework to
identify specific competence gaps—whether in capital, strategy, or environment—and
design targeted interventions to support diverse learner profiles.

The Paradox of Intelligence and Achievement

A persistent challenge in educational psychology is the observation that students with
similar levels of general cognitive ability often achieve divergent academic outcomes.
While intelligence remains a robust predictor of performance, it typically accounts for
approximately 50% of the variance in achievement, leaving a substantial "unexplained
gap" that invites deeper investigation into non-intellective factors.

Current scholarship has proposed several constructs to address this gap, most notably
"grit" and "student engagement." However, these frameworks often operate in
theoretical silos, occasionally oversimplifying the mechanics of academic success. For
instance, narratives centered predominantly on persistence sometimes overlook the
underlying cognitive efficiency of that effort. A student may exhibit remarkable
resilience yet struggle due to suboptimal methods—a condition we characterize as
"inefficient engagement." Similarly, theories of engagement often focus on the
behavioral manifestations of learning while neglecting the "upstream" psychological
resources (capital) and the "downstream" environmental constraints that determine its
ultimate efficacy. This study contends that binary or single-factor models are
insufficiently granular to diagnose complex cases, such as the "talented underachiever"
or the "hardworking low-performer." Consequently, there is a clear need for an
integrated framework that captures the systemic interaction between a learner's internal
assets, their methodical approach, and the external field.

Theoretical Gaps and the Proposed Integration

Although the existing literature provides a strong foundation for understanding learning,
a unified mechanism that links potential to action remains elusive. First, there is a
critical distinction between a learner's static assets and their dynamic utilization. While
Bourdieu’s (1986) concept of cultural capital describes what a learner possesses, it does
not inherently explain how those assets are activated during the learning process. We
propose that a transformational mechanism is required to understand how potential
energy is converted into academic results.

Second, while Self-Regulated Learning (SRL) theories emphasize individual agency
through strategy use, they occasionally underspecify the moderating role of the
ecological context. In our proposed model, we posit that Learning Strategy is not
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merely an isolated skill but the "efficiency lever" that determines the quality of capital
conversion. Furthermore, the Learning Environment is conceptualized not just as a
backdrop, but as a crucial moderator that can either amplify the efficacy of a student’s
strategies or, conversely, act as a constraint. By integrating these four dimensions—
Capital, Strategy, Input, and Environment—this study aims to clarify the internal and
external dynamics that drive learning competence, offering a more nuanced explanation
for the efficiency gaps observed in authentic educational settings.

The Present Study

The purpose of this study is to construct and validate this model to provide a systemic
explanation for efficiency gaps among learners of normal intelligence

Moving beyond a simple verification of relationships, this study aims to present a
demonstrative and innovative methodological framework

To ensure both ecological validity and statistical rigor, we adopt an Exploratory
Sequential Mixed Methods Design

This design is not merely a combination of qualitative and quantitative data but a deeply
integrated process where:

1. Qualitative Exploration (Study 1): Uncovers the specific constitutive elements of the
four dimensions and identifies typological nuances (e.g., the "laborious learner") that
directly inform our quantitative hypotheses

2. Quantitative Validation (Study 2): Uses Structural Equation Modeling (SEM) to
verify the systemic mechanisms (mediation and moderation) and employs Latent Profile
Analysis (LPA) to identify distinct learner profiles, thereby triangulating the theoretical
taxonomy with data-driven evidence

Specifically, this study addresses the following research questions:

RQ1: What are the specific constitutive elements of the four dimensions (Capital, Input,
Strategy, Environment) in the context of authentic student learning?

RQ2: Is the Learning Ability Four-Dimensional Diagnostic Scale (LA-FDDS)
developed based on these dimensions psychometrically valid, and does it demonstrate
criterion validity with academic performance (GPA)?

RQ3: How do these four dimensions interact dynamically? Specifically, does Learning
Strategy mediate the relationship between Learning Capital and Learning Input, and
does Learning Environment regulate this process?

RQ4: Can distinct latent profiles of learners be identified based on these four
dimensions, and how do they correspond to the theoretical model?
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Literature Review and Hypotheses Development
Learning Capital: The Internal Reservoir of Potential

In this model, Learning Capital is conceptualized as the sum of stable internal resources
that a learner possesses prior to a specific learning task. It represents the "potential
energy" of the learning system. Drawing upon Bourdieu’s (1986) sociological concept
of cultural capital, which suggests that embodied dispositions and institutionalized
knowledge act as resources for social reproduction, we extend this definition to the
psycho-educational domain. Specifically, Learning Capital comprises two distinct but
interrelated sub-dimensions: Cognitive Capital and Psychological Capital.

Cognitive Capital refers to the learner’s prior knowledge base and existing cognitive
schemas. According to Schema Theory, prior knowledge is the primary predictor of
how well a learner can assimilate new information (Dochy et al., 1999). A robust
cognitive structure reduces the intrinsic cognitive load of new tasks, thereby freeing up
working memory for deeper processing (Sweller, 1988).

Psychological Capital (PsyCap) refers to the learner’s positive psychological state of
development. Grounded in the work of Luthans et al. (2007), this includes self-efficacy
(confidence to take on and put in the necessary effort to succeed at challenging tasks),
hope (persevering toward goals), and resilience (bouncing back from adversity).
Bandura’s (1997) Social Cognitive Theory posits that self-efficacy is the critical
foundation for human agency; without the belief in one's capability—a form of
capital—action is unlikely to be initiated.

Learning Strategy: The Mechanism of Efficiency

Possessing capital is insufficient for success; it must be effectively managed and
deployed. Learning Strategy is defined here as the procedural knowledge and methods
used to optimize information processing and resource management. This dimension is
deeply rooted in the theory of Self-Regulated Learning (SRL) proposed by Zimmerman
(2000) and Pintrich (2000).

Strategies are typically categorized into cognitive strategies (e.g., rehearsal, elaboration,
organization) and metacognitive strategies (e.g., planning, monitoring, regulating)
(Weinstein & Mayer, 1986). The systematic application of such self-regulated strategies
has been empirically shown to enhance learners' metacognitive skills and problem-
solving proficiency (Winarti et al., 2022). The "Efficiency Lever": While Learning
Capital provides the "raw material," Learning Strategy acts as the "processing tool".

The "Efficiency Lever": While Learning Capital provides the "raw material," Learning
Strategy acts as the "processing tool." Research indicates that high-achieving students
distinguish themselves not merely by what they know (Capital), but by their strategic
regulation of cognition (Winne & Hadwin, 1998).

Addressing "Ineffective Effort": Critically, the absence of strategy explains the
phenomenon of "ineffective effort." A student may have high motivation (Capital) and
spend hours studying (Input), but if they lack the strategy to process information deeply
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(e.g., using rote memorization for complex concepts), their efficiency approaches zero.
Thus, Strategy is the efficiency lever that determines the quality of the translation from
potential to action.

Learning Input: The Dynamic Manifestation of Engagement

Learning Input (often termed Student Engagement in the literature) represents the
dynamic consumption of resources during the learning process. It is the observable
manifestation of learning competence. Fredricks et al. (2004) provided the seminal
multidimensional conceptualization of engagement, distinguishing between behavioral
engagement (e.g., time on task, attendance) and cognitive/emotional engagement (e.g.,
psychological investment, deep processing).

It is crucial to distinguish Input from Capital using an economic metaphor:

Capital is a Stock Variable: It is what the learner has at a given point in time (e.g., "I am
confident").

Input is a Flow Variable: It is what the learner does over a period of time (e.g., "I
studied for 3 hours"). Kuh (2009) emphasizes that it is the quality of effort—not just the
quantity of time—that leads to productive outcomes. Effective learning input requires a
proactive management process where learners consistently monitor their progress and
reflect on goal accomplishment, a hallmark of self-regulated learning (Hanif, 2020). In
our model, Learning Input is the dependent variable in the process mechanism,
representing the intensity and persistence of the learner's actual effort deployment.

Learning Environment: The Ecological Context

No learning occurs in a vacuum. Learning Environment refers to the external physical,
social, and informational context in which learning takes place. This dimension is
grounded in Bronfenbrenner’s (1979) Bioecological Systems Theory, which argues that
individual development is profoundly shaped by the immediate environment
(microsystem).

In educational contexts, this includes instructional support, peer interaction, and
resource availability. According to Self-Determination Theory (SDT), environments
that support autonomy, competence, and relatedness facilitate higher quality motivation
and engagement (Ryan & Deci, 2000). Vygotsky’s (1978) concept of the Zone of
Proximal Development (ZPD) further highlights that the environment (specifically
scaffolding) can extend a learner’s capability beyond their individual capital. Thus, the
environment acts as a boundary condition or moderator that can either amplify or
constrain the efficacy of capital and strategies.

Hypotheses Development

Based on the theoretical integration above, we propose a mediated moderation model to
explain the dynamic relationships among these four dimensions.

The Direct Effect of Capital on Input Individuals with high Psychological Capital (e.g.,
high self-efficacy) are more likely to mobilize their resources and persist in the face of
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difficulties (Bandura, 1997). Similarly, a strong base of Cognitive Capital (prior
knowledge) reduces the cognitive load of new tasks, making engagement less taxing
and more sustainable (Sweller, 1988). Therefore, we posit that capital serves as the fuel
for engagement.

H1: Learning Capital is positively associated with Learning Input.

The Mediating Role of Strategy However, the possession of resources (Capital) does
not automatically lead to high-quality engagement (Input). We posit that "smart" (high
capital) learners are more likely to employ sophisticated strategies to manage their
learning. Zimmerman (2000) notes that self-efficacy (Capital) predicts the use of deep
processing strategies (Strategy). In turn, effective strategies (e.g., goal setting, time
management) lead to more sustained and deeper engagement (Input) (Greene & Miller,
1996). Moreover, self-regulated learning strategies are proven to be an ongoing process
that assists learners in assembling their best performance to achieve academic goals
(Tantrarungroj & Suwannatthachote, 2020). Without strategy, capital remains dormant
or is expended inefficiently. Therefore, strategies serve as the necessary bridge.

H2: Learning Strategy mediates the relationship between Learning Capital and Learning
Input.

The Moderating Role of Environment The effectiveness of the "Capital Strategy Input”
pathway is contingent upon the environment. An environment rich in support and
resources (e.g., supportive teachers, clear feedback) can enhance a learner's ability to
deploy strategies effectively. Conversely, a chaotic or unsupportive environment may
nullify the benefits of good strategies or suppress the expression of capital (Deci &
Ryan, 2000). We hypothesize that the environment regulates the strength of the
relationship between strategy use and the resulting engagement.

H3: Learning Environment moderates the relationship between Learning Strategy and
Learning Input; specifically, this relationship is stronger in highly supportive
environments.

METHOD
Research Design: Exploratory Sequential Mixed Methods

We selected an Exploratory Sequential Mixed Methods Design (QUAL — quan) not for
novelty, but necessity. To validly measure "Learning Competence," we first needed to
ground our constructs in students' authentic, lived experiences before generalizing them.
This was not merely a combination of data types but a "building" process. For instance,
the qualitative discovery of the "laborious learner" in Study 1 directly forced us to
hypothesize the mediating role of Learning Strategy in the quantitative
phase.Specifically, the qualitative findings from Study 1 did not merely serve as
contextual background but provided the item pool and dimension structure for the
development of the LA-FDDS, which was subsequently validated and tested in Study 2.
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The research proceeds in three distinct phases:

1. Phase 1 (Qualitative): A Grounded Theory study to identify the constitutive elements
of learning competence and construct a theoretical model.

2. Phase 2 (Connecting): The translation of qualitative codes into a psychometric
instrument—the Learning Ability Four-Dimensional Diagnostic Scale (LA-FDDS).

3. Phase 3 (Quantitative): A large-scale survey to validate the instrument and test the
hypothesized systemic mechanisms using Structural Equation Modeling (SEM) and
Latent Profile Analysis (LPA).

Mixed Methods Integration Strategy

A critical feature of this study is the rigorous integration of qualitative and quantitative
strands using a "building" approach (Fetters et al.,, 2013). The qualitative findings
directly informed the quantitative hypotheses and instrument design. Specifically, the
qualitative typology of the "laborious but ineffective learner" (identified in Study 1)
provided the empirical basis for Hypothesis 2 regarding the mediating role of Learning
Strategy. Furthermore, the qualitative observation that "similar strategies yield different
results in different classes" directly informed Hypothesis 3 regarding the moderating
role of Learning Environment. This integration ensures that the subsequent quantitative
model is not merely a statistical exercise but a validation of real-world educational
phenomena.

Study 1: Qualitative Inquiry and Model Construction
Participants and Sampling

To ensure the ecological validity of the constructs, we employed maximum variation
sampling (Patton, 2002) to recruit undergraduate students from a comprehensive
university in China. The selection criteria aimed to maximize diversity in academic
performance (GPA top 10%, middle 40%, bottom 10%) and academic discipline
(STEM, Humanities, Social Sciences).

Theoretical saturation was assessed iteratively during the data collection process. Data
collection and analysis proceeded concurrently. After the 16th interview, no new
conceptual codes or properties emerged. Two additional interviews were conducted to
confirm saturation, resulting in a final sample of 18 participants (Age M = 20.3, SD =
1.4; 50% Female).

Data Collection and Analysis

Semi-structured in-depth interviews were conducted (30-50 minutes each), focusing on
critical incidents of learning success and failure. Recognizing that our research was
informed by existing literature, we adopted a constructivist grounded theory approach
(Charmaz, 2014). While the broad domains of 'capital', 'strategy', 'input', and
'environment' served as "sensitizing concepts" (Blumer, 1954) to guide our initial
inquiry, the specific sub-dimensions and their dynamic interrelationships were allowed
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to emerge inductively from the participants' narratives. The coding process followed
three systematic stages:

1. Open Coding: Generating initial labels for discrete events and behaviors directly
from the transcripts.

2. Axial Coding: Clustering initial codes into specific sub-categories and establishing
conceptual links.

3. Selective Coding: Integrating these sub-categories into the four core theoretical
dimensions (Capital, Strategy, Input, Environment) to confirm their empirical validity.

Connecting Phase: Instrument Development

The primary output of Study 1 was the development of the Learning Ability Four-
Dimensional Diagnostic Scale (LA-FDDS). The item generation followed a rigorous
"Qual-to-Quan" translation protocol:

1. Item Generation: The 4 core categories and 8 sub-categories identified in Study 1
were operationalized into a pool of 38 initial items. For instance, the code
"Environmental constraint”" was translated into the item "My surrounding environment
frequently distracts me from learning."

2. Expert Review: A panel of three educational psychologists reviewed the item pool for
content validity. To ensure the rigor of item retention, we evaluated each item based on
clarity, theoretical relevance, and conceptual distinctiveness. Items that were deemed
conceptually redundant or highlighted as having potential cross-loadings by at least two
of the three experts were eliminated or heavily revised. This rigorous evaluation process
refined the initial pool from 38 items down to a robust set of 24 items.

3. Pilot Testing: A small-scale pilot (N = 50) was conducted to check for clarity and
readability. Ambiguous wording was refined.

Study 2: Quantitative Validation and Mechanism Analysis
Participants and Procedure

To empirically validate the Learning Ability Four-Dimensional Diagnostic Scale (LA-
FDDS) and test the hypothesized dynamic relationships, a large-scale cross-sectional
survey was conducted.

Sampling Strategy: We employed a stratified random sampling method to recruit
undergraduate students from three comprehensive universities in Eastern, Central, and
Western China. Stratification was based on academic discipline (Humanities, Social
Sciences, Science, Engineering) and grade level to ensure the sample's
representativeness.

Sample Characteristics: A total of 560 questionnaires were distributed. After excluding
invalid responses (e.g., straight-lining, completion time < 3 minutes), 524 valid
responses were retained (effective response rate = 93.6%). The sample consisted of
48.5% male and 51.5% female students, with a mean age of 20.4 years (SD = 1.6). The
distribution of majors (STEM = 54%, Non-STEM = 46%) closely mirrored the general
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undergraduate population statistics of the sampled universities (p > .05), supporting the
sample's representativeness.

Data Splitting: To adhere to rigorous psychometric validation standards, the total
sample (N = 524) was randomly split into two independent subsamples:

Dataset A (n=200): Used exclusively for Exploratory Factor Analysis (EFA).

Dataset B (n = 324): Used for Confirmatory Factor Analysis (CFA), Structural Equation
Modeling (SEM), and Latent Profile Analysis (LPA).

Measures

Learning Competence (LA-FDDS): The 24-item scale developed in the Connecting
Phase was used. Participants rated items on a S5-point Likert scale (1 = Strongly
Disagree, 5 = Strongly Agree).

1. Learning Capital (LC) (6 items): Assesses the internal psychological and cognitive
resources a learner possesses. (e.g., "I am confident in my ability to master difficult
course material.")

2. Learning Strategy (LS) (6 items): Assesses the procedural knowledge and
metacognitive methods utilized. (e.g., "I regularly map out how new concepts relate to
what [ already know.")

3. Learning Input (LI) (6 items): Assesses the behavioral and cognitive engagement
during the learning process. (e.g., "I consistently dedicate focused cognitive effort to my
studies, avoiding superficial engagement.")

4. Learning Environment (LE) (6 items): Assesses the perceived external support from
peers and instructors. (e.g., "My instructors provide constructive feedback that actively
guides my learning process.")

Academic Performance (Criterion Variable): Participants reported their Grade Point
Average (GPA) from the most recent semester. Raw scores were standardized to a 4.0
scale. Self-reported GPA was included to establish criterion-related validity (Kuncel et
al., 2005).

Data Analysis Strategy

Data analysis was conducted using SPSS 26.0, AMOS 24.0, and Mplus 8.3. The
analysis followed a four-step strict validation protocol:

1.Exploratory Factor Analysis (EFA): Conducted on Dataset A. To accurately identify
the underlying latent constructs, we utilized Principal Axis Factoring (PAF) rather than
Principal Component Analysis (PCA), as PAF explicitly accounts for measurement
error and focuses on shared variance (Costello & Osborne, 2005). A Promax oblique
rotation was applied, given the theoretical assumption that the dimensions of learning
competence are inter-correlated.

2.Confirmatory Factor Analysis (CFA): Conducted on Dataset B. Model fit was
evaluated using robust indices: ¥*/df <3, CFI > 0.90, TLI > 0.90, RMSEA < 0.08, and
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SRMR < 0.08 (Hu & Bentler, 1999). Common Method Bias (CMB) was assessed using
Harman’s single-factor test.

3.Structural Equation Modeling (SEM): Used to test the mediation (H2) and moderation
(H3) hypotheses. The significance of indirect effects was tested using bias-corrected
bootstrapping with 5,000 resamples.

4.Latent Profile Analysis (LPA): To further explore the heterogeneity of learners, LPA
was conducted on the full sample using the four dimensions as indicators.

Ethical Considerations

Formal ethical approval was obtained from the Ethics Committee of the primary
affiliated university prior to the commencement of data collection. Informed consent
was digitally obtained from all participants, who were assured of full anonymity, data
confidentiality, and their right to withdraw from the study at any time without penalty.
All procedures adhered to the ethical principles of the Declaration of Helsinki regarding
research involving human subjects.

FINDINGS
Qualitative Findings (Study 1)

The qualitative analysis of the 18 in-depth interviews yielded a rich description of the
four dimensions of learning competence. The coding process resulted in 4 core
categories and 8 sub-categories, which reached theoretical saturation.

The Dimensional Structure

Participants’ narratives consistently reflected a systemic view of learning, supporting
the proposed four-dimensional structure. Table 1 summarizes the coding structure with
representative quotes.

Learning Capital (Internal Potential): Students clearly distinguished between their
"foundation" (Cognitive Capital) and their "confidence" (Psychological Capital). High-
achieving students often described Capital as a "buffer" against difficulty.

Learning Strategy (Efficiency Lever): A critical finding was the distinction between
"passive reviewing" and "active regulation." The qualitative data highlighted that
strategy is the key differentiator between efficient and inefficient effort.

Learning Input (Dynamic Manifestation): Participants frequently described "fake
diligence" (e.g., sitting in the library but scrolling on phones), validating the need to
distinguish Cognitive Input from mere Behavioral Input.

Learning Environment (Ecological Field): Students reported that their strategy use was
heavily contingent on environmental cues (e.g., peer pressure in the dormitory vs. the
library).
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Table 1

665

Qualitative coding structure and representative quotes

Core Dimension

Sub-Dimension

Representative Participant Quotes

"I found Advanced Calculus manageable because my

Cognitive algebra foundation from high school was solid; I
. . Capital didn't need to relearn the basics." (P04, High
1. Learning Capital Achiever) 1
(Intermal Potential) = "Even when I failed the midterm, I believed I had the
Cay ital g capability to master it if I just changed my method. I
P didn't internalize the failure." (P12, High Achiever) 2
Coeniti "I don't just memorize the slides. I draw mind maps
ognitive . .
S to link the new formulas to the physics concepts I
trategy

2.Learning Strategy
(Efficiency Lever)

already understand." (P07, High Achiever) 3

Metacognitive
Strategy

"I realized halfway through the semester that my
current pace was too slow, so | immediately adjusted
my daily schedule." (P02, Average Achiever) 4

3. Learning Input

Behavioral Input

"I spent almost every night in the study room until
11 PM." (P15, Low Achiever) 5

(Dynamic "Despite the time I spent, I was mostly just staring at
Manifestation) Cognitive Input  the book and worrying, not really processing the
information." (P15, Low Achiever) 6
I . "The professor's detailed feedback on my error
nstructional lvsis helned . ;
4 Learning Support analysis helped me correct my misconceptions
S immediately." (P09, Average Achiever) 7
Environment e - -
. . . It is hard to study in the dorm because everyone is
(Ecological Field) Social . b "
A gaming. The environment drags you down." (P11,
tmosphere

Low Achiever) 8

Emergence of Learner Typologies

Crucially, the qualitative data revealed distinct patterns of learner behaviors that
foreshadowed the quantitative profiles.

The "Laborious Learner": Several participants (e.g., P15) described a pattern of "High
Input, Low Strategy." They reported high exhaustion but low grades, attributing their
failure to "not being smart enough" (Low Capital) rather than "inefficient methods"
(Low Strategy).

The "Strategic Achiever": These students (e.g., P04, PO7) emphasized the conversion of
effort. They reported spending less absolute time than some peers but achieved better
results due to high strategic regulation.

Quantitative Findings (Study 2)
Preliminary Analysis and Measurement Model

Common Method Bias (CMB) Test: Since all data were self-reported, Harman’s single-
factor test was conducted. The results showed that the first unrotated factor explained
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only 28.4% of the total variance, well below the 50% threshold, suggesting that CMB
was not a pervasive issue in this study.

Exploratory Factor Analysis (EFA): > Prior to confirming the measurement model, PAF
with Promax rotation was conducted on Dataset A (n = 200) to evaluate the underlying
factor structure. Item retention was strictly based on two criteria: (1) primary factor
loadings must be >.50, and (2) cross-loadings on other factors must be <.30 (Costello &
Osborne, 2005). The analysis extracted four distinct factors with eigenvalues > 1.0,
cumulatively explaining 64.5% of the total variance. All 24 items successfully met the
retention criteria, demonstrating robust primary loadings (ranging from .58 to .82) and
no significant cross-loadings. This empirically supported the theoretical four-
dimensional structure, allowing all items to be retained for subsequent CFA.

Measurement Model Fit (CFA): The Confirmatory Factor Analysis on Dataset B (n =
324) indicated that the four-factor measurement model fit the data well: y%/df = 2.14,
CFI = 0.95, TLI = 0.94, RMSEA = 0.059 (90% CI [.051, .068]), and SRMR = 0.048
(below the .08 cutoff suggested by Hu & Bentler, 1999).

Reliability and Validity: As presented in Table 2, all four subscales demonstrated high
internal consistency (Cronbach’s o ranged from 0.82 to 0.88). The Composite
Reliability (CR) values were all above 0.70, and Average Variance Extracted (AVE)
values exceeded 0.50, establishing robust convergent validity.

Criterion Validity: Correlation analysis showed that all four dimensions were
significantly and positively correlated with GPA (r ranged from .35 to .58, p < .001),
providing strong evidence for the scale’s criterion-related validity.

Table 2

Descriptive statistics, reliability, validity, and correlations

Variable Mean SD o CR AVE 1 2 3 4 5
1. Learning

Capital 342 075 0.84 088 0.61 (0.78)

é‘Leammg 331 0.78 0.86 0.89 0.63 .64** (0.79)

trategy

3. Learning 358 0.82 0.83 0.87 0.58 .56* .59% (0.76)

Input

gL?ammg 339 072 0.85 0.88 0.60 .48%* 52%x  45%k  (0.77)
nvironment

5. GPA 293  0.68 N/A N/A N/A  45¥x 58  35%x 4% ]

Note. N = 524. SD = Standard Deviation; a = Cronbach’s alpha; CR = Composite
Reliability; AVE = Average Variance Extracted. ** p <.001.

Diagonal elements (in parentheses) represent the square root of AVE to indicate
discriminant validity.

Latent Profile Analysis (LPA): Identifying Learner Typologies

To explore the heterogeneity of learners, LPA was conducted on the full sample (N =
524). We estimated models specifying one to five latent profiles. Model selection was
determined by evaluating the Akaike Information Criterion (AIC), Bayesian
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Information Criterion (BIC), sample-size adjusted BIC (aBIC), entropy, and the Lo-
Mendell-Rubin adjusted likelihood ratio test (LMR-LRT). As the number of profiles
increased from 1 to 3, the AIC, BIC, and aBIC values demonstrated a steep and
continuous decrease. The 3-profile model exhibited an excellent classification accuracy
(Entropy = .84), and the LMR-LRT indicated a significant improvement over the 2-
profile model (p < .01). While the 4-profile model showed slightly lower information
criteria, its LMR-LRT was non-significant (p = .12), and it produced a small,
theoretically uninterpretable class (comprising < 5% of the sample). Consequently, the
3-profile solution was selected as the optimal and most parsimonious model.

Profile 1 (32.4%): "Passive Learners" — Characterized by low scores across all four
dimensions.

Profile 2 (45.6%): "Laborious Learners" — Characterized by moderate-to-high Input but
relatively low Capital and Strategy. This empirical cluster perfectly validates the
qualitative finding of "ineffective effort."

Profile 3 (22.0%): "Strategic Achievers" — Characterized by high scores on all
dimensions, particularly Strategy and Capital.(see Table 3 and Figure 1).

Validation with GPA: A one-way ANOVA revealed significant differences in GPA
among the three profiles (F(2, 521) = 48.6, p < .001). Post-hoc tests indicated that
Strategic Achievers had significantly higher GPAs (M = 3.62) than Laborious Learners
(M = 2.95) and Passive Learners (M = 2.41), confirming the practical predictive power
of the typology.

Table 3
Latent profile analysis: Mean scores of learning competence dimensions and GPA by
profile

Profile 1:Passive  Profile 2:Laborious Profile 3:Strategic

Variable Learners(n =170) Learners(n =239)  Achievers(n =115) F
Proportion (%) 32.4% 45.6% 22.0% --
Learning Capital -0.65 -0.42 1.15 142.5%*
Learning Strategy -0.70 -0.55 1.28 186.3*
Learning Input -0.85 0.62 0.95 254.1%*
Learning Environment -0.50 0.10 0.88 98.7*
GPA (Criterion) 2.41 2.95 3.62 48.6*

Note. N = 524. Means for the four dimensions are standardized Z-scores (M = 0, SD =
1). *** p <.001.
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Latent profile analysis (LPA) plot
Structural Equation Modeling (Hypothesis Testing)

0.24**
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0.18**
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Figure 2

Structural equation model of the relationships among Learning Capital, Learning
Strategy, Learning Input, and Learning Environment. Path coefficients are standardized
estimates. Solid lines represent direct effects; the dashed line represents the moderating

effect.

The structural model assessed the hypothesized direct, mediated, and moderated paths
(see Figure 2). The model fit remained excellent (y*/df = 2.35, CFI = 0.94, RMSEA =

0.065).

Mediation Analysis (H1 & H2): The detailed path coefficients and significance levels
are presented in Table 4.

H1 Supported: Learning Capital had a significant direct effect on Learning Input (f =
24, p<.01).

H2 Supported: The indirect effect of Capital on Input via Learning Strategy was
significant (Bindirect = .34, 95% CI [.26, .44]). The total effect was strong (f = .58), with
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Strategy accounting for approximately 58.6% of the total effect. This confirms that
Strategy is the primary transmission mechanism for Capital.

Moderation Analysis (H3): The latent interaction term (Strategy X Environment)
significantly predicted Learning Input (8 = .18, p <.01). As hypothesized, simple slope
analysis (visualized in Figure 3) showed that the relationship between Strategy and
Input was stronger for students in high-support environments (+1 SD, f = .68)
compared to those in low-support environments (-1 SD, = .35). This supports H3.

Table 4
Structural model results: Direct, indirect, and moderation effects
Std. Estimate t- 95% CI[LL,
Structural Path / Effect @) S.E. value  UL] Result
Direct Effects
Learning Capital — i
Learning Strategy (a) 0.65 0.048 13.54  [0.56, 0.74] Supported
Learning Strategy — xx
Learning Input (b) 0.52 0.051 10.20 [0.42, 0.62] Supported
Learning Capital — o Supported
Learning Input (¢') 0.24 0.082 2.93 [0.08, 0.40] (H1)
Moderation Effect
Strategy % Environment o Supported
— Learning Input 0.18 0.065 2.77 [0.05, 0.31] (H3)
Mediation Analysis
(Bootstrapping)
Indirect Effect (Capital — s . Supported
Strat — Input) 0.34 0.045 [0.26, 0.44] (H2)
jotal Effect (Capital = ¢ 5ges 0.053 - [0.48,0.68] -
nput)
1
0,56
0,5 2

0 0,5 45 S 2 2,5
-0,5 -0/

Learning Strategy Level

Learning Input (Standardized)

—— High Environment Low Environment

Figure 3

Simple slope analysis of the moderating effect of learning environment on the
relationship between learning strategy and learning input. Note. The x-axis represents
learning strategy levels, where 1 = Low Strategy (-1 SD) and 2 = High Strategy (+1
SD). High Environment = +1 SD; Low Environment = -1 SD.
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DISCUSSION

The primary objective of this study was to construct and validate a comprehensive
theoretical framework—the Four-Dimensional Dynamic Model of Learning
Competence—to explain the variability in academic achievement among learners of
similar intelligence. By employing an Exploratory Sequential Mixed Methods Design,
we successfully operationalized the constructs of Learning Capital, Learning Strategy,
Learning Input, and Learning Environment, and empirically verified their dynamic
interplay through both variable-centered (SEM) and person-centered (LPA) approaches.

The Systemic Structure and Learner Typologies

Our first contribution is the empirical confirmation of the four-dimensional structure.
Students do not perceive learning as a linear accumulation of hours; they see it as a
system. The identification of Profile 2 ("Laborious Learners") is particularly damning to
traditional narratives. These students—comprising nearly half the sample—challenge
the simplistic view that "effort equals success." They worked as hard as the "Strategic
Achievers" but performed significantly worse. This finding validates our model’s core
premise: "Learning Competence" is a fragile equilibrium. Without the "Strategy"
dimension acting as a regulator, input translates not into achievement, but merely into
exhaustion.

Mechanisms of Action: Mediation and Moderation

Strategy as the "Efficiency Lever'" (Mediation): The partial mediation effect of
Learning Strategy (accounting for 58.6% of the total effect) suggests a potential
mechanism for resource mobilization. Consistent with Zimmerman’s (2000) SRL
theory, our data suggest that students with high Learning Capital (e.g., self-efficacy) are
effective not just because they are confident, but because they channel that confidence
into regulatory strategies. For the "Laborious Learners," the "double deficit" in Capital
and Strategy prevents their high Input from translating into achievement. This aligns
with Bourdieu’s (1986) notion of capital conversion—without the "cultural toolkit"
(strategies), capital cannot be effectively converted into academic profit (achievement).

Environment as the "Ecological Field" (Moderation): The confirmation of
Hypothesis 3 adds a critical ecological dimension. The finding that Learning
Environment amplifies the Strategy-Input relationship supports Bronfenbrenner’s
(1979) bioecological perspective. It implies that for students with developing strategic
capabilities, a supportive environment acts as a "scaffold" (Vygotsky, 1978),
significantly boosting their engagement yield. Conversely, in low-support
environments, the "cost" of deploying strategies becomes higher, potentially
suppressing the expression of competence.

Practical Implications: A Diagnostic Framework

This study moves beyond theoretical description to practical diagnosis. Educators and
policymakers can use the LA-FDDS to profile learners and tailor interventions:
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For "Laborious Learners" (High Input, Low Strategy): Interventions should avoid
simple encouragement ("work harder") and instead focus on metacognitive training
(e.g., self-monitoring, resource management) to fix the "leaky bucket" of efficiency.

For "Passive Learners" (Low Input, Low Capital): Systemic interventions must start
with rebuilding Psychological Capital (small wins to boost self-efficacy) and providing
environmental scaffolds before demanding high behavioral input.

LIMITATIONS

While this study provides a robust theoretical framework and empirical evidence for the
Four-Dimensional Dynamic Model of Learning Competence, several limitations must
be acknowledged. These limitations not only contextualize the current findings but also
chart critical avenues for future research.

LIMITATIONS

First, while SEM validated the directional paths (Capital — Strategy — Input), the
cross-sectional nature of our data captures only a snapshot. We cannot yet empirically
verify the "feedback loop" where successful outcomes reciprocally rebuild capital over
time. Second, despite rigorous validation, self-reports carry inherent risks of social
desirability. The "Passive Learners," for instance, might lack the metacognitive
awareness to accurately judge their own strategies—a classic Dunning-Kruger
trap.Third, the generalizability is constrained by the specific cultural context.

The sample was drawn exclusively from undergraduate students in China. Given that
Chinese educational culture is deeply influenced by Confucian values, which place a
disproportionately high emphasis on effort and diligence (Li, 2012), the relationship
between Learning Input and Learning Environment might function differently here than
in Western contexts. For instance, the "Laborious Learner" profile (High Input, Low
Strategy) might be more prevalent in cultural contexts that socially reinforce "hard
work" regardless of efficiency. Nevertheless, the phenomenon of 'ineffective effort' is
by no means exclusive to East Asian contexts. Educational psychology literature
globally documents students who struggle despite high engagement due to strategic
deficits. Therefore, while cultural factors may influence the prevalence of specific
profiles, the underlying mechanism—where Strategy mediates the conversion of Capital
into efficient Input—offers a promising theoretical framework. However, we must
carefully distinguish between its theoretical plausibility and empirical generalizability,
which remains a task for future cross-cultural validation studies.

FUTURE DIRECTIONS

Building on these limitations, we propose three specific directions for future scholarship
to deepen the understanding of learning competence.

1. Longitudinal Design and Cross-Lagged Panel Models (CLPM)

To validate the dynamic and reciprocal nature of the model, future research should
adopt longitudinal designs spanning a full academic semester or year. Specifically,
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researchers should employ Cross-Lagged Panel Models (CLPM) or Random Intercept
CLPM (RI-CLPM) to analyze data collected at multiple time points.

Objective: To track the "Capital Accumulation Loop."

Hypothesis to Test: Does high Learning Input at Time 1 significantly predict increased
Learning Capital (e.g., self-efficacy) at Time 2? This would provide definitive causal
evidence for the model’s dynamic feedback mechanism.

2. Integration of Learning Analytics and Multi-modal Data

To overcome the limitations of self-reports, future studies should embrace the paradigm
of Learning Analytics. Researchers are encouraged to collect multi-modal trace data
from digital learning environments (Winne & Baker, 2013), such as:

LMS Logs: Login frequency and duration (Objective Behavioral Input).
Clickstream Data: Sequence of resource access (Objective Strategy Use).

Eye-tracking or Biosensors: Physiological markers of attention and stress (Objective
Cognitive/Emotional Input).

Triangulating these objective metrics with the LA-FDDS self-report scale would create
a "Digital Twin" of the learner, offering a granular and unbiased assessment of learning
competence.

3. Experimental Intervention Studies

Since this study identified Learning Strategy as the critical "efficiency lever," future
research should move from observation to intervention. Experimental studies could be
designed to target the "Laborious Learner" profile by providing explicit metacognitive
strategy training. Comparing pre- and post-intervention changes in academic efficiency
(Grade/Time ratio) would not only test the malleability of the model dimensions but
also establish the practical utility of the framework for educational remediation.

CONCLUSION

This study moves beyond the fragmented "intelligence vs. effort" debate to present a
holistic view of learning. Our findings confirm that competence is not a fixed trait but a
dynamic state maintained by Capital, Input, Strategy, and Environment. The message
for educators is clear: closing the achievement gap requires a paradigm shift. We must
stop merely encouraging students to "work harder" and start equipping them with the
"cultural toolkit" (Strategy) and "psychological assets" (Capital) they need to thrive.
Ultimately, learning competence is malleable—a hopeful blueprint for the vast majority
of "normal" learners.
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