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Abstract

Do perceptions about one’s competence shape learning, or are they simply reflec-
tions of actual skills? This study revisits this longstanding question by replicat-
ing and extending preliminary findings by Marsh et al. (2024) on the temporal
dynamics linking students’ academic self-concept (i.c., their perceived academic
competence) and their academic skills. Using longitudinal data from a large-scale
field study (N>9000 students, 3 measurement points), we tested how academic self-
concept and skills relate to each other over time. Consistent with Marsh et al., re-
sults revealed a consistent temporal asymmetry: Academic skills predicted concur-
rent changes in self-concept within the same semester (contemporaneous effects),
whereas self-concept predicted changes in academic skills across semesters (lagged
effects). These findings were robust to several stress tests, including measurement
error, unmeasured confounding, and competing models of change. Together, the
results are consistent with a renewed theory of learning behavior, in which per-
ceived competence and skills influence each other at different speeds. This tem-
poral asymmetry helps integrate short-term and long-term cognitive-motivational
processes in theories of learning behavior. It also underscores the importance of
aligning intervention strategies and model specifications with the timescales of the
underlying psychological processes, with implications for both fundamental and
intervention research.
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Introduction

What does it truly mean to be competent? The philosopher René Descartes famously
declared, “Cogito, ergo sum”—*1 think, therefore | am”—arguing that thought itself
is the surest proof of existence. In the learning sciences and developmental psychol-
ogy, a parallel idea has emerged: “I feel competent, therefore I am (competent)”. This
view suggests that a learner’s perceived competence can be the foundation for build-
ing skills, and that fostering this perception should be a priority for parents and edu-
cators. An opposing view, however, reverses the direction: It is the growth of skills
that fuels the feeling of competence—"I am competent, therefore I feel competent”™ —
and thus improving performance should come first. Preliminary findings by Marsh
et al. (2024) suggest that both views are true, but that they might operate on different
timescales. Their study among German students found indeed that changes in skills
acquisition in mathematics predicted short-term changes in mathematics self-concept
(within a semester), whereas changes in self-concept predicted long-term changes in
skills acquisition (on the following semester).

In this study, we replicate and extend the findings by Marsh et al. (2024) using a
large-scale dataset in the French context (NV>9,000 students) and longitudinal data
in two domains, namely mathematics and French (language art). We also develop
a theoretical framework that explicitly accounts for fast versus slow dynamics of
change. In this framework, perceived competence can shift quickly in response to
recent performance (“I am competent, therefore I feel competent™); but it can also, in
turn, slowly shape skill development over time (“I feel competent, therefore I become
competent”). This temporal perspective provides a basis for unifying theories operat-
ing on different timescales and for calibrating research designs more effectively as a
function of fast and slow dynamics of change.

How Feelings of Competence Relate to Skills Acquisitions: Past and
Present Perspectives

Historically, reciprocal effects between feelings of competence and skills acquisi-
tions have been discussed for decades in the form of a motivational process known as
self-enhancement theory, and a cognitive process known as skill development theory
(Calsyn & Kenny, 1977; Wesarg-Menzel et al., 2023). Self-enhancement theory pos-
its that perceived competence—also referred to as academic self-concept—can pro-
mote skill acquisition by increasing motivation to learn. Competence-related beliefs
are known to support greater effort, engagement, and persistence; extensive research
documents these motivational pathways within self-concept and related frameworks
(Marsh, 1990; Marsh & Craven, 2006; Valentine et al., 2004). Research on self-
efficacy similarly shows that capability beliefs predict task engagement and persis-
tence (Bandura, 1982; Pajares & Schunk, 2001; Shum & Fryer, 2026). In this view,
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self-perceptions are not merely reflections of performance, but active contributors
to learning. Echoing Descartes’s cogito ergo sum, this account holds: [ feel compe-
tent, therefore I become competent. The implication is that educators should support
learners’ self-perceptions—especially when confidence is fragile—by highlighting
personal progress, emphasizing success, and offering encouragement that promotes
positive self-concept in a domain (Calsyn & Kenny, 1977; Valentine et al., 2004).

By contrast, skill development theory holds that self-perceptions are effects, not
causes, of learning. In this view, learners form perceptions about their competence
based on their actual performance in a learning domain: Success fosters confidence,
while failure erodes it. Echoing the reverse dictum, this account holds: 7 am compe-
tent, therefore I feel competent. The implication is that educators should focus less
on the motivational processes related to how learners feel about themselves, and
more on the cognitive processes that effectively support learning, notably by design-
ing instruction that provides structured guidance for novices and minimally guided
instruction for more advanced learners (Hattie & Timperley, 2007; Hunt, 1975;
Kirschner et al., 2006; Tobias & Duffy, 2009).

Although initially opposed, these two perspectives are now widely regarded
as complementary. The Reciprocal Effects Model (REM) formalized this integra-
tion, positing bidirectional influences between academic self-concept and academic
achievement (Marsh, 1990; Marsh & Craven, 2006). In this framework, perceived
competence contributes to skill development (self-enhancement effect), while skill
development reinforces perceived competence (skill development effect). Many con-
temporary theories of school motivation and learning have since incorporated the
REM (Nufez-Regueiro et al., 2022; Valentine et al., 2004), and longitudinal meta-
analyses consistently report positive, reciprocal effects between self-concept and
skills (Huang, 2011; Marsh & Craven, 2006; Valentine et al., 2004; Vu et al., 2024).

Despite its popularity, the REM remains debated, notably regarding the causal
interpretation of these reciprocal effects and its conceptualization of how develop-
mental processes unfold. First, most REM studies rely on analytic models, such as
the cross-lagged panel models (CLPMs), that do not distinguish between long-term
evolutions in self-concept and skills (baseline levels or “traits”) and short-term evo-
lutions (momentary fluctuations or “states”) (Hamaker et al., 2015; Usami et al.,
2019). This confounding can lead to spurious findings. For example, if trait levels
correlate positively (e.g., individuals with lower skills consistently reporting lower
self-concept), the CLPM will represent this trait-level correlation in the guise of
prospective effects between states, creating the illusion of reciprocal causality even
when state-level effects are actually null or reversed (Hamaker et al., 2015; Lucas,
2023; Nunez-Regueiro et al., 2022). To address this issue, researchers have adopted
more refined analytic models that separate trait and state components (for details,
see Supplemental Material A; Nufiez-Regueiro et al., 2025; Usami et al., 2019). For
example, the random intercept CLPM (RI-CLPM) (Hamaker et al., 2015) posits that
traits are stable dispositions shaped by background factors (e.g., socioeconomic sta-
tus, gender, early learning environments), which are separated from dynamic states.
Studies showed that REM effects, particularly the effects of self-concept on skills,
tended to disappear when estimated using these modeling approaches, suggesting
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they reflect state-trait confounding rather than causal effects (Burns et al., 2020; Ehm
et al., 2019; Hiibner et al., 2023; Nufiez-Regueiro et al., 2022).

Second, previous statistical models used to test the REM assume that reciprocal
effects unfold over a fixed time lag, typically from one measurement occasion to the
next (e.g., year T to year T+ 1). However, recent advances in longitudinal modeling
showed that if reciprocal effects operate over shorter time intervals (e.g., weeks or
months) than the interval between measurements (e.g., semesters or years), they will
appear contemporaneous, i.e., occurring within the same occasion (i.e., without time
lag) (Muthén & Asparouhov, 2024; Speyer et al., 2024). In this case, forcing a lagged
structure onto the data can distort findings. This means that previous tests of the REM
(positive or negative) could potentially be misleading. It also opens a theoretical
opportunity: By contrasting lagged and contemporaneous effects, empirical models
can help clarify the timescales at which self-concept and skills influence each other
and embrace more precise temporal interpretations of learning behavior (Bailey et
al., 2024; Murayama & von Keyserlingk, 2025). Recent work by Marsh and col-
leagues points in this direction (Marsh et al., 2024). Using repeated-measures data,
they found that skill effects on self-concept were contemporaneous (skills at year T
predicted self-concept at year T), whereas self-concept effects on skills were lagged
(self-concept at year T predicted skills at year T+1).

In the present study, we build on the findings reported by Marsh et al. (2024) while
extending their work in three ways. First, Marsh et al.’s study was mainly exploratory
and did not provide a theoretical rationale for why self-concept and skills should
interact at different speeds, that is, through contemporaneous versus lagged effects.
Here, we advance such rationale by situating the REM within a timescales continuum
framework that formalizes varying speeds in developmental processes (see next sec-
tion). Second, Marsh et al. relied on a single domain (mathematics), a single popula-
tion of German secondary students, and measures specific to the PALMA framework
(i.e., original six items rated on a 5-point Likert scale for self-concept; standard-
ized tests in arithmetic, algebra, geometry and fractions for skills) (Pekrun et al.,
2007). By using the ProFAN dataset, we offer a conceptual replication that examines
the fast-slow dynamics of the REM in a different educational context (i.e., French
vocational students) and with alternative measures of self-concept and skills in both
mathematics and French (language arts). A conceptual replication has the advantage
of testing whether the findings by Marsh et al. (2024) reflect the underlying theoreti-
cal processes and constructs, rather than particular features of the PALMA design
(Fabrigar & Wegener, 2016; Ntiiez-Regueiro & Wang, 2024).

Third, we extend the replication using a comparative approach that evaluates the
reference statistical model in Marsh et al. (2024), i.e., the RI-CLPM-C, against com-
peting models (RI-CLPM, RI-PCM, LCSM, RI-LTVC) that make different claims
about the timescales and causal strength of reciprocal effects (for details, see SM-A;
Nufiez-Regueiro et al., 2025). More specifically, models that disaggregate trait and
state components but differ in their temporal assumptions (i.e., RI-CLPM and RI-
PCM) enable testing whether reciprocal effects operate only across semesters or only
within semesters. LCSMs assume that trait-like differences emerge from accumu-
lated state changes and therefore test whether trait-state entanglement provides a bet-
ter approximation of co-development. Finally, STARTS and RI-LTVC variants assess
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whether apparent reciprocal effects between self-concept and skills could instead
arise from measurement error or latent third-variable confounders. This comparative
modeling framework thus allows to determine whether the temporal asymmetry iden-
tified through the reference model RI-CLPM-C by the CL-REM remains the most
plausible account once these competing explanations are formally tested.

This combination of theoretical grounding, conceptual replication, and empirical
extensions provide a more systematic framework for further evaluating the results in
Marsh et al. (2024) and for refining our interpretation of learning dynamics at school.

Theorizing the Contemporaneous-Lagged Reciprocal Effects Model (CL-REM): A
Timescales Continuum Approach

To clarify how academic self-concept and skills interact at different speeds, we pro-
pose a refinement of the REM: the Contemporaneous-Lagged Reciprocal Effects
Model (CL-REM). This refined theory draws on the timescales continuum frame-
work (Hamaker, 2023), which formalizes how psychological processes unfold at dif-
ferent speeds; some processes thus evolve rapidly and appear transient (microlevel),
others accumulate more slowly (mesolevel), and others exhibit long-term stability
(macrolevel). These orders of magnitude are defined relative to the temporal context
of a study. For example, weekly variations in a process will appear stable in a daily
design, but transient in a year-long study (Hamaker, 2023). Timescales must there-
fore be conceptualized in relation to the developmental window under investigation.
In the REM context, self-concept and skills are conceptualized over multi-year devel-
opmental periods, such that this multiyear period represents the macrolevel timescale
of stable factors, while mesolevel and microlevel scales capture evolutions expected
to operate at slower (semestrial or yearly) or faster (weekly or monthly) speeds,
respectively. Accordingly, three levels (micro-, meso-, macrolevel timescales) are
distinguished in the CL-REM.

Contemporaneous skill development effect (microlevel timescale) According to the
CL-REM framework, the contemporaneous effect of academic skills on academic
self-concept reflects fast changes operating at the microlevel timescale, which
includes month-to-month or week-to-week variations. For example, an improvement
in mathematics performance during an examination (e.g., in week T) may increase
mathematics self-concept in the following week (e.g., week T+ 1) by instilling feel-
ings of pride or teacher praise shortly after the event. This mechanism is consis-
tent with control-value theory (Pekrun et al. 2023; Pekrun 2024a), which posits
that proximal feedback indicating success can quickly enhance students’ sense of
competence by eliciting positive achievement-related emotions. It is also consistent
with teacher feedback models (Hattiec & Timperley, 2007; Mandouit & Hattie, 2023)
which emphasize that teacher interventions occurring directly after, or shortly fol-
lowing, a test or performance—such as affirming comments or targeted guidance—
can strengthen students’ self-concept by clarifying goals and highlighting progress.
Because these processes operate on short timescales, the influence of skills on self-
concept is likely to appear contemporancous in longitudinal models with widely
spaced measurements (e.g., yearly or semestrial).
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Lagged self-enhancement effect (mesolevel timescale) By contrast, the lagged effect
of academic self-concept on skills corresponds to slower changes operating at the
mesolevel timescale, typically over semesters or school years. Thus, an enhanced
mathematics self-concept may gradually increase motivation or engagement in class,
ultimately fostering acquisitions in mathematics. Indeed, engagement is understood
as a multidimensional process encompassing behavioural (e.g., sustained effort),
emotional (e.g., enjoyment or interest), and cognitive (e.g., strategic attention) com-
ponents, that typically requires extended periods to shift in a coordinated way (Fred-
ricks et al., 2004; Skinner et al., 2008). It also aligns with the process of student
motivation, characterized by the gradual internalization (or, conversely, externaliza-
tion) of learning goals and values, reinforced through repeated rewarding experi-
ences or sustained teacher autonomy support (Bardach & Murayama, 2025; Ledn
et al., 2025; Ryan & Deci, 2020). Because such motivational processes unfold over
longer periods, the influence of self-concept on subsequent skill acquisition is more
likely to emerge with a temporal lag in longitudinal analyses.

Covariance of stable traits (macrolevel timescale) At the macrolevel timescale, span-
ning years or decades, these reciprocal dynamics are expected to stabilize into endur-
ing trait-like associations between academic self-concept and skills. This covariance
does not imply active causal processes occurring at the trait level, but instead reflects
the cumulative impact of prior skill development and self-enhancement effects over
time. Such traits may evolve over years, but their changes occur on a different—typi-
cally much longer—timescale than microlevel or mesolevel dynamics. In practice,
the macrolevel covariance is estimated through random intercepts, which requires at
least three measurement occasions to capture the stable component of each construct
with sufficient precision.

In sum, the CL-REM distinguishes processes and effects that unfold at different
speeds. Importantly, the detectability of these effects depends on how measurement
intervals align with their timescales. When intervals are very short (e.g., microlevel
of weeks), fast effects may appear lagged (instead of contemporancous), whereas
slow processes may not surface at all. Similarly, long intervals can make slow pro-
cesses appear contemporaneous (instead of lagged) while obliterating the variance
necessary to detect fast processes. It is therefore expected that the structure specified
by the CL-REM is best examined in mesolevel designs that employ yearly or multi-
month intervals, enabling the detection of both skill development effects (as contem-
poraneous effects) and self-enhancement effects (as lagged effects). Consistent with
the CL-REM, Marsh et al.’s (2024) yearly design proved capable of identifying both
contemporaneous skill-development effects and lagged self-enhancement effects. A
shorter mesolevel interval of comparable magnitude, such as the 8-month intervals
of the ProFAN design, can similarly be expected to capture these temporal dynamics,
as we will test in this study.
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Present Study

This study examines how the relation between academic self-concept (i.c., perceived
competence) and academic skills unfolds across different timescales. Guided by the
CL-REM framework (Fig. 1) and preliminary findings from Marsh et al. (2024), we
hypothesize that academic skills produce short-term changes in self-concept (i.c.,
contemporaneous effect, time lag~0-2 months, i.e., within a few weeks or months),
whereas the influence of self-concept on skills emerges more slowly through long-
term changes (lagged effect, time lag~ 8 months). These effects are expected to occur
at the level of short-term states—momentary fluctuations in self-concept and skills—
rather than at the level of stable traits, which are shaped by past learning histories
and broader contextual factors. This study therefore focuses on testing the temporal
structure implied by the CL-REM, leaving the examination of potential mediating
processes underlying these reciprocal effects to future research.
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Fig. 1 Hypothesized relations between academic self-concept and skills across timescales. A) Contem-
poraneous skills development effects and lagged self-enhancement effects in a mesolevel design (year-
ly or semestrial waves); B) theoretical explanation in terms of differing timescales of modifications
induced by the reciprocal effects, with possible mediators. (adapted from the “timescales continuum”
framework; Hamaker, 2023). This study only tests the temporal structure posited by the CL-REM
theoretical framework (putative mediators are not investigated)
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We tested these predictions using longitudinal data from the ProFAN program
(2017-2020), a large-scale study conducted in French high schools, involving over
9,000 students enrolled in two-year vocational programs. This study constitutes a
secondary analysis of ProFAN, whose measurement schedule (see Method) was not
developed specifically to test the CL-REM but nonetheless provides the temporal
structure needed to examine the fast and slow processes. More precisely, the 8-month
intervals of the ProFAN design is appropriate to test both the fast, skill-development
effects (as lag0 effects) and the slower, self-enhancement effect (as lag 1 effects),
because it aligns with yearly or multimonth intervals expected from the CL-REM
(Fig. 1). Moreover, academic self-concept and academic skills were assessed in both
mathematics and French (language arts) across three waves of data collection from
Grade 11 to Grade 12, which is sufficient for separating state-like and trait-like varia-
tion via random intercepts. The ProFAN dataset thus provides an independent con-
text for conceptually replicating the fast-slow dynamics of self-concept and skills
reported by Marsh et al. (2024), thereby testing their robustness in a new context with
alternative measures (Fabrigar & Wegener, 2016).

To operationalize the CL-REM, we used structural equation modeling, specifically
a variant of the RI-CLPM that includes both contemporaneous effects of skills on
self-concept and lagged effects of self-concept on skills, while also separating stable
traits from dynamic states (state-trait disaggregation). This specification, referred
to as the RI-CCLPM (RI-CLPM with contemporaneous and cross-lagged effects),
directly reflects the temporal asymmetry central to the CL-REM, thereby combining
theory and modeling to better capture the dynamics linking self-concept and skills
(Marsh & Hau, 2007).

To evaluate the uniqueness and robustness of the RI-CCLPM, we compared it with
alternative models that offer competing accounts of how self-concept and skills co-
evolve (Supplemental Material A; Nufiez-Regueiro et al., 2025). The first group of
alternatives retained the state-trait separation but varied the temporal dynamics, with
some models allowing only contemporaneous effects (RI-CPM), others only lagged
effects (RI-CLPM). The second group of models (i.e., LCSM) assumed that traits
emerge from the accumulation of state-level changes, thereby entangling state and
trait processes. These comparisons allowed us to test whether trait-state entanglement
is supported by the data and whether reciprocal effects persist when the state-trait
separation of the RI-CCLPM is removed. We also examined models that attribute
the observed effects to artefacts rather than genuine reciprocal influences. These
included the STARTS model, which captures residual state-level fluctuations, and the
RI-LTVC model, which accounts for unmeasured latent third-variable confounders.

Finally, we assessed the robustness of the RI-CCLPM by including second-order
effects (from time T to T+2, lag2) to capture possible unmeasured time-varying
confounders, and by adding background covariates (e.g., age, gender, parental SES,
parental education level) to adjust for stable individual differences that could influ-
ence both constructs.
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Method
Participants

The present study is a secondary analysis of data from the ProFAN project, a large-
scale longitudinal research initiative conducted from 2017 to 2020 by the French
Ministry of Education to investigate the effects of cooperative learning, particularly
the jigsaw classroom instructional technique, on a broad array of outcomes includ-
ing academic achievement, socio-emotional functioning, and school adaptation (for
details, see SM-B). The project involved two cohorts of students (2017 and 2018)
from 109 vocational secondary schools across 10 “Academies” (School Districts),
enrolled in one of three vocational pathways (business, care services, or electricity
and connected environments). The initial target sample comprised 10,035 students,
but the final sample was reduced to 9,357 after excluding students with non-admis-
sible responses (i.e., satisficing, 3.4%) and missing administrative data (i.c., no class
identifiers, 6.6%). The final sample included students aged between 15 and 17 years,
of whom 43.8% were male. Based on mother occupational status, 51% of students
came from disadvantaged backgrounds, 29% from intermediate backgrounds, and
20% from advantaged backgrounds.

Within ProFAN, students followed the ordinary curriculum throughout the school
year (approximately 225 class hours per semester). The ProFAN experimentation
consisted in the incorporation of short learning sessions (5 to 10 h per semester),
which implemented varying degrees of cooperation across conditions. Specifically,
students were assigned to one of three conditions: A “jigsaw” condition involving
strong cooperation through resource interdependence (n=3,383), a “cooperation”
condition involving weak cooperation without resource interdependence (n=3,207),
and a “business-as-usual” condition involving individual work (no cooperation;
n=2,767). As this experimental design is part the data-generating process, multi-
group analyses were conducted to assess whether reciprocal effects between self-con-
cept and skills differed across conditions; no significant differences were found (Fig.
3). This is consistent with previous ProFAN studies, which did not find evidence for
main effects of experimental condition on student beliefs such as intrinsic motivation,
self-regulation, or social competences (Riant et al., 2024; Rudmann et al., 2024).
Accordingly, our analyses focused on the pooled sample of 9,357 students, with mul-
tigroup results demonstrating the robustness of the findings across conditions.

Procedure

Data for the ProFAN study were collected via online questionnaires and standardized
tests administered at three time points: the autumn of Grade 11 (October-November,
T1; before intervention), the late spring of Grade 11 (May-June, T2; during interven-
tion), and the spring of Grade 12 (April-May, T3; after intervention). All data were
anonymized prior to analysis. The questionnaires were delivered through a secure
online platform developed specifically for the ProFAN project and comprised 251
items assessing a broad range of constructs, including socio-emotional competencies,
school adjustment, academic performance, and education-related beliefs. Students
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completed the questionnaires during school hours under the supervision of a teacher,
with each session lasting approximately one hour. Standardized academic tests were
similarly administered within the same academic term as the questionnaires, typi-
cally a few weeks to 2 months apart. Given this relatively short and unsystematic lag,
and in line with prior research modeling short-term reciprocal processes, we treated
these measures as contemporaneous, that is, as occurring within a shared timeframe
of academic experience. In contrast, the spacing between successive waves reflected
intervals of approximately 8 months of schooling (when accounting for the 2-month
summer break), corresponding to semester-level variation in students’ academic
experience.

Measures

Academic self-concept Academic self-concept (ASC) was assessed using the six-
item scale of Perceived Competence adapted from Harter’s Self-Perception Profile for
Children (Harter, 1988), consistent with prior research (e.g., Nufiez-Regueiro et al.,
2022). Two disciplinary-specific ASC measures were administered—one for math-
ematics and one for French (language arts)—using a 7-point Likert-type response
scale ranging from 1 (not at all true for me) to 7 (very true for me). The same six
items were used in both domains, with subject-specific wording. Items included: (1) /
feel as good as other students my age in < Discipline>, (2) I often forget what I learn
in < Discipline> (reversed), (3) I'm rather slow at doing my work in < Discipline>
(reversed), (4) I feel like I do very well in my work in < Discipline>, (5) I have a lot
of trouble finding the right answers in < Discipline> (reversed), and (6) I do my work
very well in < Discipline>. Confirmatory factor analyses supported a latent variable
model in which (1) item uniquenesses were correlated across time (i.e., between-wave
correlated residuals for each item), and (2) method effects were modeled by correlat-
ing residuals of the negatively worded items (Items 2, 3, and 5) within each wave.
This approach reduces measurement error and method bias, improving construct
validity. Measurement invariance across the three time points (T1-T3) was assessed
through a sequence of nested models. Results supported scalar longitudinal invari-
ance (i.e., equal configuration, factor loadings, and item intercepts across waves),
for both mathematics [chi2 (127) = 990.1, p < .001, CFI = 0.986, TLI = 0.983,
RMSEA =0.031, SRMR = 0.065] and French [chi2 (127) = 1175.1, p < .001,
CFI =0.968,TLI =0.961,RMSEA = 0.034,SRM R = 0.075;seeSM-B].There-
fore, changes in ASC scores reflected genuine change in self-perceptions rather
than changes in item functioning (Brown, 2015; Widaman et al., 2010). Reliabil-
ity estimates were satisfactory for ASC in mathematics [w = .795 (T'1), .805 (T2),
.810 (73)], and somewhat lower but acceptable for French [w = .681 (T'1),.678 (T'2),
.685 (1'3)]. Complementary analyses (SM-E) showed that reliability in French could
be improved by removing the negatively worded items (Table S9); however, this
refinement did not alter the substantive results (Figure S6), indicating that the find-
ings are not sensitive to this potential measurement issue.

Academic skills Standardized tests in mathematics and French were developed in
collaboration with vocational teachers to align with the national curriculum. Student
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responses to the tests were digitized, resulting in approximately 37,000 test scripts.
These scripts were anonymized and randomly assigned to independent vocational
high school teachers—unaffiliated with the ProFAN experiment—for blind grading.
This procedure ensured objective and unbiased assessment of students’ academic
performance across all conditions.

Covariates The data collection also measured students’ age, gender, number of sib-
lings, parental SES, past grade retention, and past achievement levels in mathematics
and French (4-category ordinal variables, from 1=poor performance to 4=excel-
lent). These covariates were included in the analyses as part of the robustness checks
for observed confounders.

Analytic Strategy

Structural equation models To investigate the reciprocal effects between academic
self-concept and skills, a series of structural equation models were estimated using
Mplus version 8.8 (Hallquist & Wiley, 2018; Muthén & Muthén, 2022). All models
posited alternative data-generating processes for the co-evolution of self-concept and
skills (for details, see Supplemental Material A). These included the traditional cross-
lagged panel model (CLPM) (Marsh et al., 1999; Marsh & Craven, 2006), the random
intercept CLPM (RI-CLPM) (Hamaker et al., 2015), the RI-CLPM with contempora-
neous effects (RI-CCLPM) (B. Muthén & Asparouhov, 2024), a variant with residual
occasion-specific error (STARTS) (Kenny & Zautra, 1995), and a variant substituting
reciprocal effects by loading on a latent third variable confounder (RI-LTVC) (Kenny
& McCoach, 2025; Sorjonen et al., 2025). In robustness checks, effects were also
tested against confounders, first by adding autoregressive effects between non-adja-
cent occasions (unobserved confounders) (Liidtke & Robitzsch, 2022; Murayama
& Gfrorer, 2024; VanderWeele et al., 2020), and then by adding covariate effects
on common factors (random intercepts, accumulating factors) (Kievit et al., 2018;
Mulder & Hamaker, 2021). Note that the term “contemporaneous” effect denotes a
lag0 effect, that is, a directional relation between two constructs measured within the
same wave (B. Muthén & Asparouhov, 2024). In the present design, a single wave
typically spanned between a few weeks to 2 months (see Procedure). By contrast,
the lagl effects reflected changes across semesters, corresponding to an interval of
approximately 8 months (i.c., lagl effect=8 months).

Across all models, scalar-invariant latent constructs for self-reported data (i.e., aca-
demic self-concept) were used while incorporating correlated uniquenesses and
method effects, thereby reducing measurement error and improving interpretation
(Supplemental Material B). Moreover, although the three measurement occasions
correspond to distinct phases of the ProFAN intervention (pre-intervention, during
intervention, and post-intervention), all regression paths were set to be time-invari-
ant, unless this compromised model identification (e.g., freeing autoregressive paths
in the full RI-CLPM-C) (B. Muthén & Asparouhov, 2024). Constraining parameters
to be invariant across phases serves to improve estimation efficiency and interpreta-
tion of common within-person dynamics. To evaluate whether this constraint was
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tenable given the phase structure, we compared the invariant model with a model
allowing parameters to vary across the T1-T2 and T2-T3 intervals. Because the time-
varying specification did not improve model fit (ACFI > —0.01) and revealed no
systematic interval-specific differences (see Fig S2, SM-E), we retained the invariant
model for parsimony and interpretability.

Inference used two-tailed Wald tests under large-sample normal theory with clus-
ter-robust standard errors (B. Muthén & Satorra, 1995) to account for data clustering
(students nested within classrooms); tests therefore remain valid under clustering
and non-normality. Missing data were handled using full information maximum
likelihood (FIML), which provides unbiased parameter estimates under the assump-
tion that data are missing at random (MAR) (Graham, 2012). This yielded analysis
samples of N=9,142 students for mathematics and N=9,041 for French, or 97-98%
of the full sample (N=9,357). More precisely, missingness ranged from 15% (T1) to
55% (T3) for self-concept, and from 33% (T1) to 49% (T3) for skills, reflecting typi-
cal attrition patterns in large-scale longitudinal studies. Attrition patterns were simi-
lar across experimental conditions (between 42% and 44%) and higher in the second
cohort (57% in 2018 vs. 28% in 2017). Preliminary analyses indicated that miss-
ingness was associated with background variables (being male, older, with siblings,
grade retention) and with levels of self-concept and skills (Table S7, SM-E). Logistic
regression analyses further showed that missingness was significantly predicted by
self-concept and skills levels on a given wave (T1, T2 or T3), a pattern consistent
with a MAR mechanism conditional on observed variables (Table S8, SM-E). Sensi-
tivity analyses indicated that the final models were robust to alternative missing data
treatment, as the main findings were reproduced when individuals with missing data
over time (T2, T3) were removed from the analyses (Fig. S3, SM-E). In terms of esti-
mation, non-missingness covariance coverage ranged from 0.17 to 0.80, with high
coverage for within-wave paths (>0.79) and lower values for distant or cross-domain
paths (0.17-0.31.17.31), but always above the recommended threshold (0.10) (L.
Muthén & Muthén, 2022) and ensuring adequate model estimation.

One challenging aspect of the modeling concerned the simultaneous inclusion of
contemporaneous and lagged effects, which is known to create convergence issues
(e.g., non-positive variance-covariance matrix, negative R2s) (B. Muthén & Aspa-
rouhov, 2024). We followed recommendations from these authors to estimate both
effects using nonduality parametric constraints (i.e., 0 < /5873 < 1in Fig. S1, Sup-
plemental Material A), and to eliminate nonsignificant effects or effects estimated at
zero. This approach enabled establishing whether the reciprocal effects between self-
concept and skills were lagged, contemporaneous, or both. Another challenge was
estimating measurement error within the STARTS, which usually requires 4 or more
waves to reach stable solutions (Hamaker et al., 2015; Kenny & Zautra, 1995). It can
nevertheless be identified with 3 waves of data (as in this study) by constraining the
error to be invariant across waves (Usami et al., 2019). Such constraints were effec-
tive with the error in measures of academic self-concept (as these were based on a
measurement model yielding more precise estimates of the true score), but resulted in
convergence issues—i.e., Heywood cases—with error for measures of skills (single
item measures). Therefore, we only estimated residual state variance for academic
self-concept.
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Models’ performances were assessed using conventional goodness-of-fit criteria
(CFI > .90and RMSEA < .08 for acceptable fit, CF'I > .95and RMSEA < .06
for excellent fit; Hu & Bentler, 1998). Meeting these criteria can be seen as necessary
condition for ruling out misspecification in the models, although it does not suffice for
selecting a best-fitting solution among candidate models. Indeed, very different mod-
els may yield quasi-identical values on these indices—particularly highly complex
models with enough flexibility to match a wide range of data structures, regardless of
their correspondence to the true data-generating process (Kenny & McCoach, 2025;
Marsh et al., 2024; Muthén & Asparouhov, 2024). In contrast, the Akaike Informa-
tion Criterion (AIC) and Bayesian Information Criterion (BIC) assess model fit while
penalizing complexity. To compare multiple models, we computed weighted AIC
(WAIC) and weighted BIC (wBIC), which estimate the relative likelihood that each
model is the best approximation of the data among those considered. These weights
sum to one and offer a probabilistic interpretation, with higher values indicating
stronger empirical support (Burnham & Anderson, 2002; Wagenmakers & Farrell,
2004). We considered these criteria while keeping in mind that they require appro-
priate model specification, including statistically significant defining parameters; in
cases of conflict, we prioritized appropriateness of model specification over fit indices
alone. To aid interpretability of effect sizes (see Fig. 4), average standardized recip-
rocal effects () were converted to correlations using 7 = 0.983 + 0.05 (Peterson

& Brown, 2005), and then to Cohen’s d using d = \/% (Borenstein et al., 2021).

Ethics and Data Availability

The ProFAN experimentation was commissioned and authorized by the French Min-
istry of Education under an official ministerial decree (Arrété du 21 mars 2017).
Formal participation agreements were signed between each participating school and
the corresponding Academic Directorate (Rectorat). All data were anonymized prior
to analysis, and data collection and processing complied with French data-protection
regulations, including the General Data Protection Regulation (GDPR).

The data is private and is the property of the ProFAN consortium. Due to legal
and institutional restrictions, the authors do not have permission to share the dataset
directly. Researchers interested in accessing the data and materials should contact the
ProFAN program administrators (Monteil et al., 2022) or the corresponding author,
who can assist in initiating the formal request procedure. Analysis code for replicat-
ing the comparative modeling framework is available at the OSF repository: https://
osf.i0/84bzp/ (see also Nufiez-Regueiro et al., 2025).

Results
Descriptive Patterns and Correlations

Figure 2 shows the distribution and evolution of academic self-concept and skills
across the three waves. Mean self-concept scores in both mathematics and French
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Fig. 2 Distributions of scores of academic self-concept and skills across time points and domains in
the ProFAN dataset. Academic self-concept reflects students’ perceived competence in a given domain
(sample item, “I feel like I do very well in my work in < Discipline>"), measured using validated
self-report scales. Academic skills were assessed via standardized tests aligned with the national cur-
riculum in mathematics and French (language arts). To ensure comparability, all scores were grand-
standardized across waves (M=0, SD=1). Density plots illustrate the distribution of scores at each
wave, reflecting central tendencies and variability. Dashed lines represent individual-level trajectories
for a random subsample of 10 students, highlighting the heterogeneous, dynamic nature of changes in
self-perceptions and skills over time

remained relatively stable over time. In contrast, mean skill scores showed slight
shifts (e.g., in mathematics at T1), reflecting variations in the tests to align with dif-
ferent segments of the curriculum over time.

To illustrate individual variability, Fig. 2 also plots the trajectories of a subset of
students. Some students showed parallel changes in self-concept and skills within
the same domain, whereas others maintained a relatively stable self-concept despite
changes in performance. For example, student ID4187 exhibited a parallel decline
in mathematics self-concept and skills over time, whereas student ID4546 sustained
a high mathematics self-concept despite falling scores. Similarly, student ID0978
showed decreases in both self-concept and skills for French, while student ID1500

@ Springer



Educational Psychology Review (2026) 38:39 Page 150f31 39

improved markedly in French skills with little corresponding change in self-concept.
Other students displayed minimal change, such as student ID8573, whose mathemat-
ics scores and self-concept remained largely flat with only slight declines toward the
final wave.

Correlation analyses (see Table S3, Supplemental Material B) provide additional
insight into the temporal structure of the data. Within-wave correlations between
academic self-concept and skills were modest (i.e., ranging from r = .27t0.37 in
mathematics and r = .10t0.20 in French) suggesting that, although related, these
constructs capture distinct processes on each time point. In contrast, correlations
between adjacent waves of the same construct (e.g., French self-concept on T1 and
T2) were substantially higher, typically above = .65, consistent with the influence
of stable, trait-like characteristics. Taken together, these patterns suggest that part of
the variance in self-concept and skills reflects enduring traits shaped by background
or prior learning history, while a substantial portion (not captured by traits) reflects
more dynamic, state-like fluctuations that respond to recent academic experiences.

Models Operationalizing to the CL-REM (RI-CCLPM Specifications)

We first estimated models that empirically operationalize the CL-REM framework
(Fig. 1), namely RI-CCLPM specifications. These models distinguish stable traits
(random intercepts) from dynamic states (wave-specific residuals), while allowing
for both contemporaneous effects (lag0, denoted ) and lagged effects (lagl, denoted
3) between self-concept and skills dynamic states. Following recommended guide-
lines (B. Muthén & Asparouhov, 2024), we began with saturated RI-CCLPMs includ-
ing both contemporaneous and lagged cross-effects, and then removed nonsignificant
effects to improve parsimony. The resulting models converged properly and showed
excellent fit to the data (e.g., CFI = 0.98 and RMSEA = 0.02 in mathematics,
CFI =0.96 and RMSEA = 0.03 in French; see Appendix).

Path diagrams for the RI-CCLPM solutions in mathematics and French are shown
in Fig. 3A and B. In both domains, academic self-concept showed moderate autore-
gressive effects (81 = [.391, .398] in mathematics and 8 = [.411, .431] in French;
all p < .001), indicating partial stability in state-level fluctuations across semes-
ters. Autoregressive effects for academic skills were smaller (84 = [.075,.154] in
mathematics and 84 = [.090,.100] in French), indicating lower stability, likely due
to differences in test contents across semesters (curriculum changes). Importantly,
both models supported fast-slow dynamics in the cross-effects, in alignment with
the CL-REM framework (Fig. 1). In mathematics, academic skills had contempora-
neous effects on self-concept at each wave (83/ = [.157,.221],p < .001), alongside
smaller but significant lagged effects (83 = [.051,.075],p = .011). Mathemat-
ics self-concept, in turn, predicted future skill gains in the form of lagged effects
(B2 = [111,.159], p < .001), whereas contemporaneous effects were nonsignificant
and fixed to zero for parsimony. A similar pattern was evidenced in French: Academic
skills predicted variations in self-concept within the same semester via contempora-
neous effects (837 = [.113,.115],p < .001), and self-concept predicted subsequent
skill variations via lagged effects only (82 = [.075,.080],p = .015). Other effects
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Intercept Y | Intercept Y

Y = Skills
T1

Y = Skills
T3

Y = Skills
T1

Y = Skills
T3

Y = Skills
T2

Y = Skills
T2

C. Mathematics (across ProFAN conditions) D. French (across ProFAN conditions)

T
Intercept Y

T
Intercept Y

Y = Skills
Tl

Y = Skills
T2

Y = Skills
T3

Y = Skills Y = Skills
Tl T2

Experimental conditions: Line 1 = “jigsaw”; Line 2 = “cooperation”; Line 3: “business-as-usual”

Fig. 3 Final models of reciprocal effects between academic self-concept and skills in the full sample
and across conditions. N=9142 (mathematics), 9041 (French). Academic self-concept (ASC) is op-
erationalized as perceived competence; skills as standardized test performance. The models disag-
gregate between-person traits (‘T’, macrolevel timescale) from within-person dynamic states (‘S”) and
estimate reciprocal effects between states either as contemporaneous effects within the same semester
(microlevel timescale) or as lagged effects across semesters (mesolevel timescale). In both the full
sample A, B and across experimental conditions C, D, self-concept predicts changes in skills across
semesters, whereas skills predict changes in self-concept within semesters (and marginally, for math-
ematics, across semesters). These patterns provide the best approximation of the data structure, and are
robust to alternative specifications of change processes and to confounding effects (i.e., carryover ef-
fects, covariate effects). See Supplementary Tables S10 and S11 for full estimates, SEs, Wald statistics,
and confidence intervals (Statistics sheets). tp <.1; *p <.05; **p <.01;***p <.001

(lagged effects of skills, contemporaneous effects of self-concept) were nonsignifi-
cant and omitted.

Moreover, both RI-CCLPM solutions (Fig. 3A and B) evidenced positive cor-
relations between the trait-like factors (i.e., intercepts of self-concept and skills)
representing stable developmental differences between students. The stronger trait
correlation in mathematics (r = .530,p < .001) than French (r = .259,p < .001)
may reflect the fact that reciprocal effects between self-concept and skills accumu-
lated over earlier school years (e.g., in primary or lower-secondary education) were
more pronounced in mathematics than in French. This interpretation is also supported
by the larger reciprocal effects in mathematics (compared to French) observed during
the present high school period (Fig. 3).
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Multigroup RI-CCLPM analyses indicated that the pattern of contemporaneous
and lagged effects was consistent across experimental conditions in ProFAN (Fig.
3C and D). Formal comparisons of models constraining effects to be equal or dif-
ferent across conditions showed no meaningful differences, either in terms of model
deviance (Ax? (10) = 11.4,p = .325 in mathematics, Ax? (8) = 4.5,p = .807 in
French) or in approximate fit indices (ACFI = 0.000 and ARMSEA = 0.000 in
both domains). These results indicate that a single-group, full-sample RI-CCLPM
solution (Fig. 3A and B) provides an adequate representation of the data, yielding
more stable and statistically efficient estimates.

Alternative Models of Self-concept and Skills Co-evolutions

To evaluate the robustness and specificity of the RI-CCLPM solutions, we compared
them to alternative models making distinct assumptions about change processes.
These included variants with only lagged or contemporaneous effects, as well as
variants addressing potential sources of misspecification, namely the STARTS
(accounting for occasion-specific error) and the RI-LTVC (modeling an unobserved
third-variable confounder). Although all models showed acceptable conventional fit,
the RI-CCLPM stood out as the best-fitting solution across both academic domains—
combining consistent model convergence, superior performance on information-the-
oretic criteria (WAIC, wBIC), and interpretable model parameters.

These comparisons yielded several informative contrasts (see Supplementary
Table S4 SM-D for details, and Supplementary Tables S14 to S27 for full estimates,
SEs, Wald statistics, and confidence intervals). For example, the RI-CLPM and RI-
CPM variants, which assumed fully lagged or contemporancous effects, failed to
detect reciprocal effects between self-concept and skill in French, indicating that
assuming symmetric temporal dynamics may obscure key relations among con-
structs. In contrast, reciprocal effects remained robust in mathematics under both
specifications. LCSM variants yielded similar effects as the RI-CCLPM solutions,
but often failed to converge to a proper solution and showed worse fit to the data,
indicating that modeling trait emergence from accumulating states did not align well
with the data structure.

Similarly, the RI-LTVC and STARTS variants, designed to rule out spuriousness
due to latent confounding or residual error, also failed to challenge the RI-CCLPM
results. In both domains, their core parameters—Ilatent confounder loadings in the
RI-LTVC and residual variances in the STARTS—were consistently nonsignificant.
This indicates that the observed reciprocal effects in the RI-CCLPM (Fig. 3) are
unlikely to be artifacts of unmeasured third variables or transient fluctuations unac-
counted for by the trait-state decomposition.

Together, these results confirm that the reciprocal effects uncovered by the RI-
CCLPM specifications are robust to alternative accounts of skills and self-concept
co-evolutions. Full comparisons and diagnostics are presented in Supplemental
Material C.
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Robustness to Time-varying and Time-invariant Confounders

We further tested whether the effects in the RI-CCLPM solutions could be accounted
for by time-varying or time-invariant confounding influences (see Supplementary
Tables S5 and S6 in SM-D for details, and Supplementary Tables S28 to S31 for
full statistics). To address time-varying confounds, we extended the RI-CCLPMs
by including second-order autoregressive and cross-lagged paths, capturing poten-
tial delayed carryover effects spanning two semesters (lag2 effects, from T to T+2).
In mathematics, the original effects remained significant, while the new second-
order effects were nonsignificant. This indicates that the observed effects were
not simply artifacts of longer-term lagged dependencies. In French, the lagged
effect of self-concept on skills disappeared when including the second-order path
(B2 = [.028,.033],p = .435), but the added CL2 path was also nonsignificant
(p = .587)—even when estimated in isolation—suggesting it does not constitute a
genuine carryover effect.

To address time-invariant confounds, we re-estimated the RI-CCLPMs while
allowing trait factors to be predicted by stable student background characteristics
including age, gender, parental SES, parental education, number of siblings, grade
retention, and prior academic achievement. This adjustment controls for between-
person heterogeneity, that is, individual differences in long-term academic baselines
that might bias within-person estimates. Several covariates significantly predicted
trait self-concept and skills (e.g., older age and grade retention predicted lower
skills; gender showed opposite effects on self-concept and achievement), but the
RI-CCLPM solution remained robust. In mathematics, self-concept still predicted
later skill development (82 = [.120,.177], p < .001), and skills predicted immediate
changes in self-concept (83/ = [.154, .218], p < .001). In French, self-concept again
predicted subsequent skills (82 = [.073,.080], p = .016), and skills predicted con-
current self-concept (575 = [.103,.108], p < .001).

We further probed the influence of stable student characteristics using multigroup
variants of the RI-CCLPM. Analyses by gender (Fig. S4, SM-E) showed highly com-
parable effects for male and female students. In mathematics, the temporal asymmetry
was replicated with similar effect sizes across gender. In French, contemporaneous
skill effects were observed in both groups, whereas the lagged self-concept effect on
skills was weaker among male than female adolescents; however, formal model com-
parisons indicated that allowing effects to vary across gender did not improve model
fit, suggesting that these differences should be interpreted cautiously. Multigroup
analyses by initial ability level (Fig. S5, SM-E) likewise indicated that the temporal
structure of reciprocal effects was highly consistent across low-, moderate-, and high-
achieving students, providing no evidence that the observed fast-slow asymmetry
depends on initial skill level.

Together, these analyses confirm that the asymmetrical dynamics captured by the
RI-CCLPM solutions (Fig. 3)—contemporaneous effects of skills and lagged effects
of self-concept—are robust to a range of both time-varying and time-invariant con-
founding influences.
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Fig. 4 Average effect size estimates of reciprocal influences between academic self-concept and skills.
Contemporaneous effects reflect within-semester associations (e.g., from skills at T1 to self-concept at
T1), and correspond to a lag of approximately 0—2 months in this study. Lagged effects reflect between-
semester influences (e.g., from self-concept at T1 to skills at T2, or from T2 to T3) and correspond to
a lag of approximately 8 months. Bars represent the average contemporaneous or lagged effects from
the final models (see Fig. 3, for  estimates), expressed in effect sizes metrics as Cohen’s d values.
Error bars indicate 95% confidence intervals. The results highlight a consistent temporal asymmetry:
academic skills mainly predict short-term or “fast” gains in self-concept (within semesters), while self-
concept predicts long-term or“slow” gains in academic skills (between semesters)

Effect Sizes and Temporal Interpretation

Standardized effect sizes for the RI-CCLPM results are displayed in Fig. 4. These
reflect dynamic, within-person effects—capturing how changes in one construct
(e.g., academic self-concept) predict changes in the other (e.g., academic skills), over
and above prior state fluctuations and long-term stability traits. To aid interpretation,
we approximated effect sizes as Cohen’s d (Cohen, 1988), which here represents the
expected standardized change in one variable following a one standard deviation
increase in the other.

In mathematics, the contemporaneous effect of academic skills on self-concept
was moderate-to-large (d = 0.48), while the lagged effect of self-concept on skills
was). In French, a similar asymmetry emerged, with a contemporaneous effect of
skills of moderate size (d = 0.33) and a lagged effect of self-concept of comparable
size (d = 0.25). In contrast, the alternative cross-effects—i.e., lagged effect of skills
and contemporaneous effect of self-concept—were null or negligible in size (d =
0.22), suggesting that only specific temporal effects were reliably present.

This pattern of modeling results are consistent with theoretical predictions from
the CL-REM framework, suggesting that academic skills modify self-concept rela-
tively quickly (in less than a semester), while self-concept influences skills develop-
ment more gradually (across a full semester).
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Discussion

The present study provides a large-scale replication of preliminary evidence by
Marsh et al. (2024) that the reciprocal effects between academic self-concept and
skills unfold at different speeds. Replicating their findings, we observed a tempo-
ral asymmetry: Academic self-concept predicted slower, long-term changes in skill
development, whereas skills predicted faster, short-term changes in self-perceptions.
This pattern was consistent across mathematics (as in Marsh et al.) and French (new
domain) and remained stable across a wide range of robustness and sensitivity analy-
ses. Beyond replication, this study develops a theoretical framework that explicitly
distinguishes fast and slow processes in learning behavior, thereby explaining why
skills effects emerge more rapidly, whereas self-concept effects emerge more gradu-
ally over time. More broadly, returning to the foundational question (i.e., do percep-
tions of competence shape skill development, or are they merely reflections of actual
skills?), our findings are consistent with the view that both processes co-exist, but
that they operate on different timescales. For intervention and longitudinal research-
ers, these findings also highlight how temporal misspecification can obscure theoreti-
cally meaningful dynamics even in well-designed studies.

Main Findings: Self-concept and Skills Interact at Different Speeds

Across both mathematics and French, skills had contemporaneous effects on self-
concept over a shorter lag (lag=0-2 months, approximately), while self-concept pre-
dicted gains in skills over a longer lag (8 months approximately). In practical terms, a
one standard deviation increase in skills was related to a gain of one-third to one-half
of a standard deviation in self-concept, observed over the same measurement window
spanning a few weeks to few months. Conversely, a one standard deviation increase
in self-concept was related to a gain of one-quarter to one-third of a standard devia-
tion in skills the following semester, observed approximately 8 months later. These
findings are consistent with the theoretical assumptions of the CL-REM framework
(Fig. 1), which posits that reciprocal influences occur at distinct speeds—some fast
(skill effects on self-concept), others slow (self-concept effects on skills).

The observed asymmetries remained robust across a range of alternative specifica-
tions designed to test competing explanations (Nufiez-Regueiro et al., 2025). First,
we ruled out the possibility that stable individual differences, such as those shaped by
earlier experiences and background conditions (e.g., gender, socioeconomic status,
prior school trajectories), might account for the observed reciprocal effects. We did
so by separating baseline levels of self-concept and skills that had stabilized by high
school (traits), from more dynamic processes responsive to current academic expe-
riences (states; RI-CLPM and variants). Second, we addressed the potential influ-
ence of measurement error by using latent factors and by testing the robustness of
the final models while accounting for occasion-specific fluctuations in the constructs
(STARTS). Third, we tested whether the associations could be explained by common,
unmeasured factors influencing both constructs simultaneously, such as a general
mood or liking for school (RI-LTVC). We also compared models that conceptual-
ize traits as emerging from the accumulation of prior state-level changes (LCSM),
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contrary to the state-trait separation posited by the CL-REM. Finally, we adjusted
for time-varying and time-invariant confounders, including prior dynamic states,
sociodemographic factors (age, gender, parental SES, parental education), and initial
skills level. Across all checks, the same core pattern emerged: Skills were related to
within-wave (or short-term, “fast”) changes in self-concept, while self-concept was
related to between-wave (or long-term, “slow”) changes in skills. While no model
can prove causality definitively, the convergence across specifications strengthens
the plausibility of the CL-REM as the best account of how self-concept and skills
co-evolve in the present sample and timeframe.

Limitations and Research Perspectives

Several limitations should be noted. Although the breadth of our model compari-
sons—testing multiple competing specifications, controlling for a wide range of
potential confounders, and ruling out alternative temporal structures—provides
greater confidence in temporal ordering and robustness than most observational stud-
ies, the data remain correlational and causal claims should still be made with caution.
A notable limitation is the fact that the study constitutes a secondary analysis of data
from the ProFAN experimentation, which involved distinct experimental conditions
as well as qualitatively differences phases, with T1 occurring prior to the intervention,
T2 during the intervention, and T3 after it. Relatedly, because the duration of assess-
ments within each wave varied across classrooms as a function of phase implementa-
tion constraints, contemporaneous effects reflect within-wave associations unfolding
over a few weeks to a few months, rather than instantaneous change. Although model
comparisons indicated that allowing parameters to vary across experimental condi-
tions (Fig. 3) or across phases (Fig. S2, SM-E) did not alter the detection of effects
under investigation, the observed temporal asymmetries between skill development
and self-enhancement effects (i.c., lag0 vs. lagl effects) should be interpreted with
caution, as they may partly reflect condition-specific or phase-specific variations
alongside the fast-slow principle posited by the CL-REM. Future studies based on
purer observations (nonexperimental designs) will be needed to further assess the
robustness of the observed effect asymmetries.

Relatedly, the sample consisted of vocational high school students in France,
which may limit generalizability to other educational contexts, given possible dif-
ferences in academic history, self-perception, or motivation. Importantly, however,
Marsh et al. (2024) reported the same pattern of fast-slow effects between self-con-
cept and skills among German high school students, suggesting that these dynamics
are not restricted to the French context. Future research should nevertheless test the
CL-REM across more diverse populations, such as younger students populations or
other academic domains. Another limitation is that the measures for French self-
concept showed modest reliability. This was partially mitigated by the use of latent
factors, and sensitivity analyses indicated that the lower reliability did not affect the
magnitude of the reciprocal effects (Fig. S6, SM-E). The smaller effects observed
in the French domain (vs. mathematics) therefore likely reflect substantive domain
differences rather than measurement artifacts. Alternatively, these differences could
reflect subgroup variations, including gender differences in reciprocal effects (Fig.
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S4, SM-E); clarifying how such factors (domain, gender) interact with the temporal
dynamics identified here represents an important direction for future research and
theory. Finally, while our measures were validated and curriculum-aligned, other
influences—such as school climate, peer comparisons, and parental support—may
also shape self-perceptions and learning trajectories; incorporating these factors
could enrich future applications of this framework.

Implications for Theory, Research, Intervention

Despite these limitations, the findings are consistent with a temporally structured
view of psychological development in learning. Academic self-concept and skills
both contain stable trait components and dynamic state components. Our results sug-
gest that reciprocal effects occur at the state level, with traits remaining stable across
Grades 11-12 in this sample. Yet, as articulated in the CL-REM framework, traits are
not fixed and likely emerge, in part, from the long-term accumulation of earlier recip-
rocal effects between self-concept and skills, and in part from background character-
istics, as evidenced by the analysis of covariate effects on traits (age, gender, parental
SES, etc.). This perspective clarifies the distinct roles of trait and state processes in
shaping learning behavior.

Our findings carry broader methodological and conceptual implications. Much
of the psychological literature relies on models that impose uniform lag structures
and conflate stable traits with dynamic states. Yet, developmental processes may
unfold over multiple, partially overlapping timescales. When statistical models fail to
accommodate this complexity, they risk misattributing effects or overlooking mean-
ingful temporal patterns. In our analyses, for example, models that included only
contemporaneous or only lagged effects failed to detect significant reciprocal rela-
tions between self-concept and skills in French. This absence of detectable effects
was not due to a lack of association between the constructs (as the best-fitting model
showed), but rather to a mismatch between the models’ assumptions and the actual
timing of these effects. This is because misspecifying the timescales of an effect (e.g.,
as occurring on T+ 1 instead of T) can lead the model to misallocate variance, thereby
distorting the estimation of the remaining parameters. As a result, true effects may
be obscured or underestimated, even when they exist (Muthén & Asparouhov, 2024;
Speyer et al., 2024). The takeaway is that mismatches between speeds of change
and model temporal structure can obscure core psychological dynamics. As argued
elsewhere (Marsh et al., 2024; Murayama & von Keyserlingk, 2025), psychologi-
cal constructs are often theoretically vague regarding temporalities of change, and
empirical studies too rarely justify their chosen time lags. Greater theoretical preci-
sion regarding timescale—and closer alignment between model structure and theo-
retical assumptions—may be essential to resolve longstanding inconsistencies in the
literature and advancing explanatory models.

Refining the temporal structure of psychological models also offers a promising
path toward theoretical integration. As proposed in the CL-REM, different reciprocal
effects may be driven by distinct mediation mechanisms operating on different times-
cales. Although the present study focused on direct effects between self-concept and
skills, future research could incorporate these intermediate mechanisms and complete
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the empirical exploration of the broader CL-REM framework (Fig. 1). For instance,
microlevel skill-development effects (i.e., when recent academic performance shapes
self-concept) likely reflect fast processes such as achievement emotions (Pekrun et
al. 2023; Pekrun 2024a) and teacher feedback (Hattie & Timperley, 2007; Mandouit
& Hattie, 2023). Success in an exam or praise from a teacher can quickly boost per-
ceived competence by reinforcing a sense of control and value, and clarifying learn-
ing goals and purpose. In contrast, mesolevel self-enhancement effects (i.e., when
self-concept shapes later skill development) may reflect slower processes such as
motivational regulation (Bardach & Murayama, 2025; Ledn et al., 2025; Ryan &
Deci, 2020) and student engagement (Fredricks et al., 2004; Skinner et al., 2008),
which require sustained experiences to modify involvement with the learning tasks.

Recognizing these differentiated timescales, the CL-REM helps integrate distinct
theories (control-value theory, teacher feedback, student engagement, motivational
regulations) along a common temporal continuum. Rather than offering competing
views of the same outcomes, each theory can specify its focal timescale and contrib-
ute to an integrated framework of learning dynamics. This perspective echoes recent
calls to move beyond theory fragmentation in psychology, by fostering structured
complementarities across models (here, the timescale continuum) rather than per-
petuating conceptual silos (Pekrun 2024b).

The identification of distinct timescales also carries practical implications for
intervention design (for details, see SM-F). For example, the results on slow self-
enhancement effect suggest that interventions targeting self-concept may be genu-
inely beneficial to learning and skill development, but only if sustained and assessed
over long periods of time (semester or year-long window). Psychological supports
that help students reframe difficulty as a challenge, underscore progress, or receive
encouragement may foster self-perceptions that serve as motivational scaffolds for
learning (Walton & Wilson, 2018; Yeager & Walton, 2011). Conversely, the results
on fast skill-development effect align with instructional designs that sequence tasks
by difficulty, reduce distractions, or provide explicit feedback to enhance skills
acquisition (Sweller et al., 2019; Wisniewski et al., 2020); such skill acquisition, in
turn, may generate immediate benefits in perceived competence and, in the long run,
increased acquisitions, thereby triggering positive reinforcement cycles. Importantly,
according to the CL-REM framework, these reinforcement cycles should unfold
asynchronously: Effects of self-concept on skills are slow, effects of skills on self-
concept are fast. This has direct relevance for thinking clearly about the timing and
dosage of interventions within a CL-REM approach.

Conclusion

By replicating Marsh et al. (2024), this study provides additional evidence for a tem-
porally structured pattern of predictive effects between academic self-concept and
skills acquisition. The classic question “Do students acquire skills because they feel
competent or feel competent because they are skilled?” is often interpreted as imply-
ing mutually exclusive explanations for learning behavior. Yet our results are con-
sistent with the view that these processes are not contradictory but, rather, that they
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unfold on different timescales. Recognizing this temporal structure may be key to
shaping not only how we study learning behavior, but also how we support it.

Appendix

Fit Indices of Alternative Models of Self-concept and Skills Co-evolutions

Model X2 DF CFI TLI RMSEA SRMR wAIC (AIC) wBIC (BIC)
Mathematics
RI-CCLPM 1105.2 176 0.983 0.980 0.024 0.056 0.473 (412153.5) 0.961
(CL-REM) (412694.7)
CLPM 1330.2 178 0.979 0.975 0.027 0.062  0(412413.7) 0(412940.6)
RI-CLPM 1105.1 175 0.983 0.980 0.024 0.056  0.261 (412154.7) 0.015
(412703.0)
RI-CPM 1104.5 175 0.983 0.980 0.024 0.056 0.261 (412154.7) 0.015
(412703.0)
STARTS 1117.9 176 0.983 0.980 0.024 0.057  0.005 (412162.8) 0.009
(412704.0)
RI-LTVC 12149 177 0.981 0.978 0.025 0.059  0(412263.7) 0(412797.7)
LCSM 2867.7 180 0.951 0.943 0.040 0.131  0(414273.2) 0(414785.9)
LCSM-C 3821.1 181 0.934 0.923 0.047 0.132  0(415425.7) 0(415931.3)
French
RI-CCLPM 1295.3 177 0.965 0.958 0.026 0.063  0.106 (410174.8) 0.690
(CL-REM) (410708.0)
CLPM 1339.2 178 0.963 0.957 0.027 0.065  0(410229.4) 0(410755.5)
RI-CLPM 1292.0 175 0.965 0.958 0.027 0.063  0.040 (410176.8) 0(410724.2)
RI-CPM 1292.0 175 0.965 0.958 0.027 0.063  0.040 (410176.8) 0(410724.2)
STARTS 1291.4 175 0.965 0.958 0.027 0.063  0.766 (410170.9) 0.004
(410718.3)
RI-LTVC 1297.8 177 0.965 0.958 0.026 0.063  0.047 (410176.5) 0.305
(410709.7)
LCSMA 1799.3 179 0.949 0.940 0.032 0.067 0(410746.9) 0(411265.9)
LCSM-CA 2648.6 180 0.922 0.909 0.039 0.079  0(411750.0) 0(412261.9)

N=9142 (mathematics), 9041 (French). CLPM Cross-lagged panel model, R/-CLPMrandom intercept
CLPM, RI-CPM random intercept contemporaneous panel model, R/-CCLPMRI-CLPM with
contemporaneous effects of skills, STARTSstable trait, autoregressive trait and state model with
contemporaneous effects (or RI-CCLPM with measurement error), R/-LTVCrandom intercept latent
third-variable confounder, LCSM latent change score model, LCSM-Clatent change score model with
contemporaneous effects. Models in bold font (RI-CCLPM) correspond to the best-fitting solutions
identified based on model converge, fit indices, and parameter significance. Parameter estimates for the
RI-CCLPM are reported in Fig. 3. Full parameter values (estimates, standard error, Wald test, p-value,
95% confidence intervals) are available on the Supplementary Tables S10 to S27 (Statistics sheets).
Model scripts are available online (see Nufiez-Regueiro et al., 2025)

A These models did not reach proper solutions (non-positive definite variance-covariance matrices),
even after applying constraints to obtain identified solutions
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