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Studies and models of academic self-concept (ASC) have mostly relied on its stability over time, but recent
research advancements on individual differences have shown that the majority of psychological constructs tend
to change over time. Drawing on literature regarding personality trait change and the RI/EM, we conducted a
study aimed at investigating characteristics of the changeability of math and verbal self-concepts across junior
high school, and examined their relationships with academic performance. The sample consisted of 1674 stu-
dents, who filled in a self-report questionnaire on math and verbal self-concept at T1 (10 yrs) and T2 (13 yrs),
whereas math and verbal achievement at T1 and T2 were measured by standardized test scores. Results attested
(a) that both math and verbal self-concept, on average, decrease significantly over the course of junior high
school; (b) that a large variability exists in the way students change; (c) that the way students change in one
academic self-concept is not related to changes in the other academic self-concept. In regards to academic
achievement, we found reciprocal positive longitudinal effects in matching domains and low-positive or non-
significant longitudinal relationships in non-matching domains. In sum, the ability to contrast the overall
negative trend of ASCs is associated with amelioration in academic achievement at the end of junior high school.
From a practical standpoint, these findings suggest the importance of (a) assessing and intervening on ASCs
during junior high school; (b) intervening in math and verbal self-concept separately; (c) taking into account the
student’s own way of changing.

Self-concept is a multifaceted and hierarchical construct (Marsh,
Trautwein, Liidtke, Koller, & Baumert, 2006, O’Mara, Marsh, Craven, &
Debus, 2006; Shavelson, Hubner, & Stanton, 1976) broadly defined as “a
person’s self-perceptions formed through experience with and in-
terpretations of one’s environment” (Marsh & Martin, 2011, p. 60). Self-
perceptions related to self-concept include feelings of self-worth,
competence, self-confidence, ability and self-acceptance. Hence, one’s
self-concept is significantly influenced by attributions for one’s

behavior, by reinforcements and by the evaluations of significant others.
Unlike other self-related constructs (e.g., self-esteem and self-efficacy
beliefs), self-concept (a) requires a self-evaluation of competences in a
specific and restricted domain and (b) is largely based on past circum-
stances and accomplishments (Marsh et al., 2019).

Self-concept is implicated in various psychological processes such as
self-regulation of behavior (e.g., Carver & Scheier, 1998), motivation (e.
g., Eccles & Wigfield, 2002), and emotions (e.g., Higgins, 1987; Markus,
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1977; Markus & Kitayama, 1991). It is an organized structure of
knowledge that influences the processing of information relevant to the
individual and affects behavior (e.g., Hattie and Marsh, 1996; Markus,
1977; Markus & Wurf, 1987) in various contexts such as social,
emotional, and educational contexts (e.g., Chen, Yeh, Hwang, & Lin,
2013; Harter, 2012; Marsh & Craven, 2006; Pekrun et al., 2019). The
relevance of positive self-concepts has been particularly highlighted in
educational settings (e.g., Marsh & Craven, 2006; Valentine et al.,
2004). Indeed, positive academic self-concepts are not only desirable
goals, but also a means of facilitating subsequent learning and various
academic outcomes (Marsh & Scalas, 2010).

Academic self-concepts (e.g., math self-concept) are currently among
the most studied positive self-beliefs in Educational Psychology, given
that they have been shown to be positively and strongly related to
several academic outcomes (Huang, 2011; Marsh et al., 2019; see
Trautwein & Moller, 2016, for a review), with consistency of findings
attested across individual, group, and country levels (Marsh et al.,
2020). The positive effect of academic self-concept on relevant educa-
tional outcomes has been highlighted in the literature (e.g., Marsh &
Scalas, 2010; Quilez-Robres et al., 2021; Valentine et al., 2004). For
example, within the Expectancy-Value Theory framework (e.g., Eccles,
2009; Wigfield & Eccles, 2000), which posits that a person’s expec-
tancies of success in a given task in combination with that person’s
valuing of that task (i.e., task value) are key predictors of academic
achievement, effort, engagement, and career choices (e.g., Eccles, 2009;
Guo et al., 2015; Watt et al., 2012). Expectancy is often operationalized
as academic self-concept in educational research (Eccles & Wigfield,
1995, 2002) and when both expectancy and task value are used as
predictors of academic achievement, expectancy results as the strongest
predictor of achievement in various school domains (e.g., Eccles &
Wigfield, 2002; Scalas & Fadda, 2019; Trautwein et al., 2012). Also,
academic self-concept has shown positive effects on academic achieve-
ment over and above the effect of other relevant variables in the
educational context, such as interest (Marsh, et al., 2005) and mastery
and performance goals (Plante et al., 2013; Scalas & Fadda, 2019). A
number of studies have addressed the inter-relationship between aca-
demic self-concept, values, and achievement, at both cross-sectional and
longitudinal levels. Using mixture modeling, Archambault, Eccles, &
Vida (2010) found 7 different joint trajectories for Reading/English
Ability Self-Concept and Literacy Subjective Task Value across grades 1 to
12. Of interest, many of those trajectories implied a negative trend, with
non-linear trajectories that increased only when levels of self-concept
and values were below average (see Archambault et al., 2010, p. 810).
Jacobs et al. (2002), using a three-cohort six-wave dataset spanning
from grades 1 to 12, studied change trajectories in competence beliefs
and values in different domains (math, language arts, and sport) and
concluded that “the most striking finding across all domains was that
self-perceptions of competence and subjective task values declined as
children got older” (Jacobs et al., 2002, p. 509). Gaspard et al. (2018),
using a cross-sectional dataset of students from grades 5 to 12, investi-
gated the effect of achievement to expectancy/value in 5 domains
(German, English, Biology, Physics, and Math) and found a negative
effect between “far” domains (e.g., a negative effect of math achieve-
ments on languages expectancy/value) and a positive effect on “near”
domains (e.g., a positive effect exerted by math achievement on physics
expectancy/value). That said, the widespread interest of practitioners
and researchers in academic self-concept across the school years is
understandable.

However, there are still open issues, in particular regarding (a) the
way in which students change in academic self-concept levels across
time, and (b) the relationship between academic self-concept change
and academic achievement. This is mostly due to the paucity of longi-
tudinal studies specifically devoted to the study of academic self-concept
stability and change, as highlighted by recent contributions (e.g., Marsh
et al.,, 2019, 2020). Indeed, while there are articles showing that aca-
demic competence beliefs have a negative trend across time (e.g.,
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Archambault et al., 2010; Jacobs et al., 2002), the study of the “vari-
ance” around this change and its effect on academic achievement (net of
stability) is yet to be explored. The study of construct stability and
change provides useful information for interventions, such as direction,
heterogeneity, and correlates of change (Bleidorn et al., 2019). This is
particularly true in Educational research and practice, in which the aim
“to understand how and why students change over time” (Grimm,
Mazza, & Mazzocco, 2016, p. 342) is among the most important tasks.
Thus, knowledge regarding self-concept change and knowledge
regarding the relationship between academic self-concept change and
achievement might help teachers in practical interventions with their
pupils, particularly during early adolescence, when developmental
challenges bring to a reorganization of self-concepts and often to a
decline in various self-domains as a consequence of identity uncertainty
due to biological, social, and cognitive changes (e.g., Harter, 2012).
Indeed, the finding that academic self-concept declines over the years
and that this decline has an impact on academic achievement, may call
for more attention on students’ non-cognitive spheres when planning
interventions.

Thus, in this scenario, we have to consider the “change” as a variable
in itself (measuring the degree of change across time points), having (a)
amean and a (b) variance, and - consequently - (c) the possibility to affect
other constructs. Hence, our study aims at shedding light on the above-
mentioned unresolved questions, such as whether math and verbal
self-concept are stable constructs or tend to change (the mean of the
change), whether there is substantial heterogeneity in students’ aca-
demic self-concept over time (the variance of the change), whether
changes in verbal and math self-concept are related, and what is the
relationship between academic self-concept change and academic
achievement (the possibility to affect other constructs). Such an exami-
nation would encourage practitioners and teachers to consider “personal
changes” in ASC rather than examining only ASC differences with
respect to others. For example, analyses on personal change in ASC may
reveal a declining trend during a particular school phase (e.g., junior
high school) and thus suggesting the implementation of preventive in-
terventions capable of counteracting this decline. Furthermore, a focus
on individual change may indicate who may benefit more from such
interventions (e.g., students who are high in ASC when compared to
others but who have experienced a personal decline during the last year
or months). Finally, this focus may also reveal the potential conse-
quences of a mean-level change (e.g., an effect on performance).

Thus, drawing on both recent advances in the study of individual
difference changes (e.g., Anusic & Schimmack, 2016; Bleidorn et al.,
2019; Grimm & Ram, 2018; McArdle, 2009; see Wagner et al., 2020, for
an accessible and comprehensive conceptual and theoretical discussion)
and utilizing the reciprocal internal/external frame-of-reference model
(RI/EM; Sewasew & Schroeders, 2019), we conducted a longitudinal
study in which we investigated (a) the degree and direction in which
verbal and math self-concept varied over time, (b) their relationship at
both initial and change levels and (c) their longitudinal relationship
with matching and non-matching academic achievement domains. To
do so, we adopted a Latent Change Score framework, which is a latent
variable approach (Bollen, 1989; Kline, 2016) widely used to investigate
the stability and change of a construct (as well as their predictors, out-
comes and correlates) after taking into account the measurement in-
strument’s degree of unreliability (Ferrer, Boker, & Grimm, 2019;
Klopack & Wickrama, 2020; McArdle, 2009; McArdle & Nesselroade,
2014). Hence, we adopted a substantive-methodological synergy
(Borsboom, 2006) in order to advance research on academic self-
concepts (in particular, on their change and their relationship with ac-
ademic achievement), since - to our knowledge - no study has explored
these issues through a proper technique, and given that we only found
four studies that tested the RI/EM. Shedding light on academic self-
concept change and its relationship with academic achievement may
provide information on the value of intervening on academic self-
concept during specific school years. Specifically, findings may
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suggest when to intervene on academic self-concept, in which way, and
what might be the consequences of change. Following, we first outline
the state-of-the-art research regarding the relationship between aca-
demic self-concepts and academic achievement, with particular atten-
tion to the RI/EM; we then describe why the study of longitudinal
change in academic self-concepts may advance our understanding of this
field; finally, we present our contribution in more detail.

1. Academic self-concept and academic achievement

From a theoretical perspective, self-concept is a hierarchical
construct (O’Mara et al., 2006; Shavelson et al., 1976; Trautwein &
Moller, 2016). At the apex of this hierarchy lies global self-concept, which
can be divided into non-academic self-concept (e.g., emotional, social and
physical) and academic self-concept (Arens et al., 2021). The latter can be
further disentangled into self-concept in specific academic domains,
such as math self-concept and verbal self-concept (Marsh & Hau, 2004).
While math and verbal achievements are assumed to be correlated,
research has surprisingly shown that math and verbal self-concepts tend
to be poorly correlated (Marsh, 1986; Marsh et al., 2019; Marsh & Hau,
2004). As a consequence, the relationship between academic self-
concepts and academic achievement depends on whether domains are
matching or non-matching (e.g., Moller et al., 2020; Wan et al., 2021).
The literature offers two main theories that seek to understand the un-
derpinnings of the relationship between academic self-concepts and
academic achievement: The internal/external frame-of-reference (I/E)
model and the reciprocal effect model (REM). In recent years, the I/E
and REM models have been merged into a unique comprehensive
framework, the reciprocal internal/external frame-of-reference model
(RI/EM). In what follows, we provide an overview of these models.

1.1. The internal/external frame-of-reference (I/E) model

The internal/external frame-of-reference (I/E) model (Marsh, 1986)
postulates that one’s self-concept in a specific school subject is shaped
by both an external and an internal reference: The former concerns the
comparison between one’s own performance in a specific school subject
and the corresponding performance of other students; the latter regards
the comparison between one’s own performance in a specific school
subject and one’s own corresponding performance in other school sub-
jects (Marsh & Hau, 2004). According to this theory, both processes
affect academic self-concept. Thus, the joint operation of external and
internal processes (which depends on the relative weight given to
external and internal comparisons) would lead to correlations between
math and verbal self-concepts that are substantially lower than the
typical correlations found between math and verbal achievements (see
Marsh & Hau, 2004). Furthermore, according to this theory, academic
achievement is a positive predictor of academic self-concept when the
latter regards the same (matching) domain and a negative predictor of
academic self-concept when the latter refers to a different (non-match-
ing) domain.

The I/E model has been largely supported by empirical research. An
extensive cross-cultural study by Marsh and Hau (2004) conducted in 26
countries (N = 55,577) found (a) high correlations between math and
verbal achievements, but low correlations between math and verbal self-
concepts, (b) positive effects of math achievement on math self-concept
and negative effects of math achievement on verbal self-concept and (c)
positive effects of verbal achievement on verbal self-concept and nega-
tive effects of verbal achievement on math self-concept. A meta-analytic
path analysis by Moller, Pohlmann, Koller, and Marsh (2009) found (a) a
high correlation between math and verbal achievements (p = 0.67), (b)
a positive effect of academic achievement to matching self-concept (p =
0.61 for math; p = 0.49 for verbal) and (c) a negative effect of academic
achievement on non-matching self-concept (math achievement — verbal
self-concept: f = —0.21; verbal achievement — math self-concept: g =
—0.27). Finally, a recent longitudinal study has further corroborated the
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validity of the I/E model by taking into account the effect of another
important positive self-belief, namely, self-efficacy (Marsh et al., 2019).

1.2. The reciprocal effect model (REM)

As shown above, the I/E model is a widely accepted theory in the
realm of academic self-concept research. However, it should be noted
that the I/E model is silent about the direction of causation between
academic self-concepts and academic achievement. Hence, whether
academic achievement exerts a stronger influence on academic self-
concept than vice versa or whether both have the same impact on the
other is still debated. In this regard, there are three main positions (see
Huang, 2011): The skill-development model, the self-enhancement model,
and the reciprocal effect model. According to the skill-development model,
academic achievement affects self-concept and not vice versa, whereas
the self-enhancement model maintains that self-concept is a significant
predictor of academic achievement and not vice versa. However, most
longitudinal studies (Arens et al., 2017; Guay, Marsh, & Boivin, 2003;
Hoge, Smit, & Crist, 1995; Marsh et al., 2016; Marsh & Yeung, 1997),
quantitative meta-analyses (Huang, 2011; Valentine et al., 2004) and
reviews (Marsh & Craven, 2006; Marsh & Martin, 2011) support the
reciprocal effect model (REM), in which academic self-concept and aca-
demic achievement “are reciprocally related and mutually reinforcing”
(Marsh & Martin, 2011, p. 72).

1.3. Integrating the I/E model and the REM: The reciprocal internal/
external frame-of-reference model (RI/EM)

Although the I/E model and the REM have been considered two
separate models of academic self-concept for many years, they are not
mutually exclusive. Indeed, recently some authors have combined the
two models into one comprehensive framework, namely the reciprocal
internal/external frame-of-reference model (RI/EM; Moller et al., 2011,
2014; Niepel, Brunner, & Preckel, 2014; Sewasew & Schroeders, 2019).
Accordingly, “the RI/EM postulates positive developmental relations
between academic achievement and self-concept within a domain and
negative relations across two non-matching domains” (Sewasew &
Schroeders, 2019, p. 204). However, it has been showed that with a long
time-lag (e.g., 4 years), the negative cross-correlation may result non-
significant or very low in magnitude (Moller et al., 2014). In Fig. 1A
(see the Appendix), we provide a graphical representation of the re-
lationships between academic self-concepts and achievement based on
the RI/EM.

The RI/EM provides a significant step forward in educational
research, given that it “focuses on the interplay between students’ aca-
demic self-concepts and their academic achievement across multiple
domains” (Niepel et al., 2014, p. 1186). However, we have noted some
gaps in the literature that still need to be addressed. First of all, we found
only four empirical contributions that combine the I/E model and the
REM into the RI/EM (Moller et al., 2011, 2014; Niepel et al., 2014;
Sewasew & Schroeders, 2019). Moreover, we noted that two of these
studies (Moller et al., 2011; Niepel et al., 2014) did not use standardized
test scores as achievement indicators; as Marsh et al. (2019) put it, “in
well-designed longitudinal studies of achievement, standardized tests
are designed both to assess achievement with items that are age-
appropriate, and to provide a standardized measure of achievement
along a common metric by using overlapping sets of items.” (Marsh
et al.,, 2019, p. 348). Finally, and most importantly, none of the four
studies took account of between-person differences in the within-person
change process in academic self-concepts. The latter is a pivotal point to
be considered when the aim is to investigate the consequences of
enhancing academic self-concept. In what follows, we discuss why it is
important to study both the stability and changeability of academic self-
concept.
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Fig. 1. Univariate and unconditional Latent Change Score Model. Strict measurement invariance is imposed. Parameters in bold have been fixed. The “1” inside a
triangle represents a constant (used for estimating latent means and intercepts). A Self-Concept = self-concept change factor; SCi_Tn = self-concept Item i at Time n; k
= latent mean; ¢ = latent variance or latent covariance; y = residual variance of latent variable (in this case, it is fixed to zero); A = factor loading; ¢ = residual score

of observed variable; 6 = residual covariance between observed variables.
2. Studying change over time in academic self-concept
2.1. Academic self-concept change

The study of construct stability and variability is of pivotal impor-
tance when the focus is the “change” of a specific construct (Anusic &
Schimmack, 2016; Hamaker, 2012) and thus on correlates, predictors or
outcomes that are related to within-person change. Indeed, as Grimm,
Mazza, and Mazzocco (2016) state, “Educational researchers are pri-
marily interested in how and why students change over time. In this
endeavor, researchers wish to understand the key characteristics of
those changes (e.g., shape and timing of those changes), the antecedents
of change, and the consequences of change” (Grimm et al., 2016, p.
352). Of interest are contributions highlighting that academic self-
concepts may demonstrate a decline across school years, in particular,
during junior high school (Green et al., 2012; Hancock, Kuo, & Law-
rence, 2001; Preckel, Niepel, Schneider, & Brunner, 2013). Indeed, ac-
cording to Harter (2006), during junior high school, self-presentations
“are likely to be unrealistically positive for several reasons” (Harter,
2006, p. 517), such as the lack of cognitive ability to engage in social
comparison, the inability to distinguish between their actual and ideal
self-attributes and a tendency to socially desirable responding. There-
fore, the emergence of cognitive skills that enhance their ability to use
social comparison for the purpose of self-evaluation and to differentiate
actual and ideal self-evaluation “normatively leads many older children
to realistically lower their self-evaluations [so that] realistic self-
evaluations are more adaptive beginning in middle to late childhood,
unlike in early childhood where an overestimation of one’s capacities
may have a positive motivational function” (Harter, 2006, p. 528).
Hence, it would be interesting to examine whether this change has a
negative trend and whether it varies across students. Indeed, a signifi-
cantly large change (technically speaking, significantly large between-
person differences in the within-person change process) would make it
possible to find correlates, predictors and outcomes of the “change”
factor, with estimates that may be substantially different from those
obtained through research on rank-order consistency (see Bleidorn et al.,
2019). In their review regarding the determinants and consequences of
academic self-concept in school contexts, Trautwein and Moller (2016,

paragraph 8.2.2) maintain the importance of studying both stability and
malleability (or changeability) in self-concept, however, the lack of
studies that use proper psychometric methodologies is evident.

2.2. Academic self-concept change and academic achievement

The prospective relationship between academic self-concept and
academic achievement has only been investigated through a cross-
lagged panel model (CLPM; e.g., Sewasew & Schroeders, 2019). How-
ever, according to Usami et al. (2019), CLPM belongs to cross-lagged
models that do not explicitly model developmental trajectories, hence leav-
ing the issue of mean-level change in a construct unexplored. A recent
study by Jansen, Liidtke, and Robitzsch (2020) using STARTS found that
academic self-concept exhibits significant variance for both stable and
temporally changing factors. Thus, modeling the heterogeneity of stu-
dents’ change (i.e., between-person differences in within-person change;
Grimm et al., 2016) is important for investigating the prospective re-
lationships among academic self-concept and academic achievement.
Indeed, the conceptual meaning of a cross-lagged coefficient in a CLPM
is the “prospective effect of individual differences in Construct X on
change in individual differences in Construct Y” (Orth et al., 2021, p.
1017). Hence, CLPM takes into account rank-order change (i.e., “how
people change relative to one another on a trait over a certain period of
time”; Bleidorn et al., 2019, p. 1058). In comparison, this model is silent
regarding mean-level change (i.e., “how groups change on average on a
trait over a certain period of time”, Bleidorn et al., 2019, p. 1058) and
individual-level change (i.e., “how individuals change differently than the
group average over a certain period of time”, Bleidorn et al., 2019, p.
1058). Thus, if we are interested in investigating (a) the group-average
change in a construct (mean-level change); (b) the variability of the
group-average change in a construct (between-person differences in
within-person change, or simply individual-level change); and (c) the re-
lationships of that change factor; then we should utilize cross-lagged
models other than CLPM, such as Latent Change Score models.

Latent Change Score (LCS) models (Ferrer et al., 2019; McArdle,
2009; McArdle & Nesselroade, 2014) represent a well-established sta-
tistical framework that may be useful in advancing our understanding of
academic self-concept. Recently, the LCS framework has been
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considered as one of the best latent variable approaches for conducting
analyses focused on between-person differences in within-person
change in educational research (see Grimm et al., 2016). A general
LCS model allows researchers to operationalize the longitudinal change
in a construct through a latent variable® (A Self-Concept in Fig. 1), as
well as to estimate its mean (representing the direction of change; see
parameter kj in Fig. 1), variance (representing between-person differ-
ences in the within-person change process; see parameter g95 in Fig. 1),
covariance with the initial level (see parameter ¢j3 in Fig. 1) and re-
lationships with predictors, outcomes and correlates of interest (for a
technical discussion of LCS models, see Grimm, Ram, & Estabrook,
2017). Thus, the overarching aim of our study was to contribute to the
literature on academic self-concept stability and change: First, by
investigating mean-level (ko) and individual-level (¢22) change in both
math and verbal self-concept during junior high school (Harter, 2006);
second, by investigating the relationships among academic self-concept
levels, academic self-concept changes and academic achievement.

3. The present study

In this study, we applied univariate and multivariate LCS models by
means of a two-wave sample of 1674 students (aged 10 at T1 and 13 at
T2), including measures of math and verbal self-concepts, as well as
measures of math and verbal achievements. We aimed to answer some
open-ended questions that may advance the literature on academic self-
concept and provide useful and practical information such as whether
math and verbal self-concepts are stable constructs or tend to change,
whether there is substantial heterogeneity in students’ academic self-
concept change, whether changes in verbal and math self-concepts are
related, as well as highlight the relationships between academic self-
concept change and academic achievement.

In more detail, at the univariate level (i.e., focusing only on academic
self-concepts) we hypothesized that the extent to which students
changed in their math and verbal self-concepts would significantly vary
across students, according to recent perspectives on the high level of
changeability of most psychological individual differences (e.g., Anusic
& Schimmack, 2016; Bleidorn et al., 2019; Hamaker, 2012; Podsakoff
et al., 2019; Wagner et al., 2020). Hence, we hypothesized that students
show heterogeneity in the way they change over time in math (H;p,) and
verbal (Hjy) self-concept. Moreover, consistent with previous findings
(Green et al., 2012; Hancock et al., 2001; Preckel et al., 2013) and
theories (Harter, 2006) discussed above, we hypothesized that across
junior high school, the average direction of change is negative: That is,
we hypothesized that — on average — students decline in both math (Hyy,)
and verbal (Hyy) self-concept.

At the multivariate level (i.e., focusing on the relationships among
academic self-concepts and academic achievement), we hypothesized
that the way students change in one academic self-concept is not related
to the way students change in the other (H3).

Drawing on the RI/EM studies attesting that with a large time lag,
academic self-concept of different domains are not longitudinally
related, we hypothesized that the way students change over time in
math self-concept is not related to the initial level of verbal self-concept

3 It is reasonable to argue that means are reported in descriptive statistics and
thus, they should not be considered information that is unique to the latent
change score model. Here, we point out that LCS models analyze the mean-level
change through latent variables, while means reported in descriptive statistics
usually refer to observed variables. Given that several studies have shown the
inaccuracy of parameters estimated through observed composite scores (for
measures that are not perfectly reliable; see McNeish & Wolf, 2020, for an
updated perspective), the use of LCS models is pivotal for a thorough estimation
of mean-level change. Furthermore, with means reported in descriptive statis-
tics, it is not possible to estimate the magnitude and significance of the variance
of change.
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and that the way students change over time in verbal self-concept is not
related to the initial level of math self-concept (Hy4). In this way, we have
drawn a different hypothesis than that of the original RI/EM (see
Fig. 1A), given that we replaced negative associations (Figure 1A, Panel
B) with non-significant ones.

In the same vein, we hypothesized that academic achievement may
contrast the negative trend of self-concept in the matching domain.
Thus, we hypothesized that the way students change in one academic
self-concept is positively affected by previous achievement levels in the
matching domain (Hs,) but not significantly affected by previous
achievements in the non-matching domain (H5b)4.

At the same time, we hypothesized that those able to maintain a
certain degree of stability in self-concepts and those starting high at T1
would benefit in terms of academic achievement in the matching
domain. Thus, we hypothesized that both the way students change in
academic self-concept and academic self-concept levels at the beginning
of junior high school, positively affects subsequent achievement in the
matching domain (Hg,) but do not significantly affect subsequent
achievement in the non-matching domain (Hgp).

Overall, our model is drawn from the RI/EM (see Fig. 1A) but with
one difference: Instead of hypothesizing that academic self-concept and
performance are longitudinally and negatively related (see Fig. 1A,
Panel B), given the large time-lag, in line with Moller et al.’s (2014)
results, we hypothesized that they are non-significantly associated (see
hypotheses Hsp, and Hgp).

In order to strengthen the validity of our results, we also included
paths from achievement at T1 to achievement at T2 in the model so that
we could probe the effect exerted by self-concept factors (i.e., A Self-
concept and self-concept at T1) on achievement at T2 after taking into
account the autoregressive and cross-lagged effect among achievement.
Furthermore, we also controlled for the effect of gender. Recent studies
on academic self-concept do not seem particularly concerned with the
issue of the effect of gender differences on academic self-concept models
(e.g., Marsh et al., 2019, 2020), probably because past studies have
revealed negligible differences (e.g, Moller et al., 2014). However, we
decided to include gender in our model in order to (1) offer further
findings about the role of gender on academic self-concepts and
achievement (which may be useful for future research, in particular for
research synthesis studies) and (2) avoid omitted variable bias, that may
threaten the consistency of parameters (see Antonakis et al., 2010).

Finally, while in this section we presented our hypotheses in a sub-
stantive way, Table 4 outlines the above hypotheses through a meth-
odological lens, in order to demonstrate which parameters of interest are
involved for supporting or not supporting each hypothesis.

4. Method
4.1. Preliminary information

The dataset used for investigating our hypotheses consisted of stu-
dents that participated in a project (entitled Scuolinsieme) that took place
in two northern urban Italy regions (Liguria and Piemonte). The aim of
the project, among others, was to assess and investigate the relationship
between non-cognitive skills and cognitive skills. Different schools were
invited to join the project by means of the direct involvement of the
Fondazione San Paolo-Fondazione per la Scuola, which is the financing
entity of the project. In the beginning of 2013, The Fondazione San Paolo-

4 A note on hypotheses Ha, Hs,, and Hsp: A cross-lagged effect between a
construct at T1 and a latent change T2 minus T1 in another construct is
equivalent to a cross-lagged effect between a construct at T1 and another
construct at T2, after taking into account its autoregressive path (Kessler &
Greenberg, 1981). Thus, whether that cross-lagged effect is investigated
through a CLPM or a LSC model, the magnitude is the same. We suggest reading
Usami et al. (2015) for other similarities between LCS and CLPM.
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Fondagzione per la Scuola asked local school system public authorities
(Liguria and Piemonte) to share the project participation among local
schools. Eighty-three schools (with high levels of complexity in terms of
special education needs and migration status of their students) were
involved in a participatory process in which the project’s main features
were presented. The available schools (50 out of 83) were then
randomly assigned to different conditions, the “experimental” condition
(i.e., 26 were invited to participate in seminars and activities about non-
cognitive skills, but two schools withdrew) vs. the “control” condition (i.
e., 24 schools that did not participate in the seminars and activities). In
this study, we only used the 24 schools that participated in the seminars
and activities. Thus, the final group of schools represents a small part of
the total number of schools in the two regions (e.g., the Piemonte region
alone has more than 300 schools of the same kind considered in the
present study) and should not to be considered statically representative
of the schools and student populations from the two regions. Schools are
from different geographical areas in the two regions: Both urban and
rural areas are represented in the sample used for this study. All students
in the 1st year of junior high school at the beginning of the project were
involved, based on the availability of the teachers. In some cases, only a
small proportion of students were included due to the role of teachers in
managing participation inside the study. Essentially, the majority of the
students formally assigned to all the classes involved, participated in the
study (see Participants section). The project lasted from June 2013
(research design) to July 2018 (report deployment) and the whole sur-
vey was administered by INVALSI officials by means of a paper-and-
pencil method.

4.2. Participants

The participants were 1674 junior high school students (50.4% fe-
males) from 24 schools in two northern Italian regions (the initial pool of
invited students consisted of 2341 students, hence data were available
for 71.51% of them). The number of students from each school ranged
from 28 to 125 (M = 69.75, SD = 26.55; in regards to the initial pool,
retention for each school varied from 58.86% to 93.33%). In the sub-
sequent analyses, standard errors were corrected for clustering with an
appropriate procedure (McNeish et al., 2017; see Model Evaluation
section for more information) and no two-level analysis was performed.
Students’ math and verbal self-concept and achievements were assessed
at T1 between the end of fifth grade and the beginning of the first year of
junior high school’ (mean age: approximately 10; school year:
2014-2015), whereas T2 was assessed at the end of the third year of
junior high school (mean age: approximately 13; school year:
2016-2017). The retention rate was high (93.74%, n = 1571), thus
attesting to a low likelihood of attrition-related problems. We handled
missing data with the Full Information Maximum Likelihood (FIML)
estimation procedure (Enders, 2010).

4.3. Measures

4.3.1. Academic self-concepts

Math and verbal self-concept were assessed by means of 8 items (4
for each subject) with a Likert-type scale ranging from 1 (strongly
disagree) to 4 (strongly agree). Items were gathered from a self-concept
measure widely used in Italy (Alivernini & Manganelli, 2014). We
selected the four items that most resembled those used in Marsh et al.
(2019, Supplemental Materials Section 1). The items were “Compared to
the other students in my class, I'm good at math/Italian” (Item 1), “I’ve
always been good at math/Italian” (Item 2), “I quickly learn math/Italian”

5 We point out that in the Italian context there is no 6th grade, thus the
difference between the end of fifth grade and the beginning of the first year of
junior high school is no more than 3 months. For this reason, we did not collect
age, as all students were approximately 10 years-old at T1.
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(Item 3), “It is easy for me to study math/Italian” (Item 4). Cronbach al-
phas for math self-concept at T1-T2 and verbal self-concept at T1-T2
were 0.85, 0.90, 0.79, and 0.82, respectively.

4.3.2. Academic achievement

Math and verbal academic achievement at T1 and T2 were measured
in terms of standardized scores obtained from the Italian National
Testing system issued by INVALSI (Istituto Nazionale di Valutazione del
Sistema Educativo di Istruzione e Formagione [National Institute for the
Evaluation of Education and Training System]). These scores were
standardized accordingly to a Rasch model-based approach (Bond &
Fox, 2007; INVALSI, 2017), with M = 200 and SD = 40. Thus, the
measurement for each academic achievement consisted of one objective
measure, which was the final result of a procedure consisting of (a)
collection, (b) calculation, and (c) standardization of different indicators
of achievement. This procedure was carried out by INVALSI, which then
sent the final standardized composite score for each student to the re-
searchers. The same procedure and measurement were used at T1 and
T2. Given that a high discrepancy in terms of variance would impact on
parameter estimation (Kline, 2016, p. 81-82), the four academic
achievement variables were divided by 100.

4.4. Data analytic strategy

In order to test our hypotheses, we adopted a latent variable
approach, with latent variables composed of observed items (see Marsh,
Liidtke, Nagengast, Morin, & von Davier, 2013). The data analysis
strategy moved through three steps.

In the first step, we investigated the tenability of the longitudinal
measurement invariance assumption (Little, 2013; Vandenberg & Lance,
2000), given that a lack of invariance could generate severe biases in
parameter estimates when performing a LCS model (Clark et al., 2018).
To this end, we started by testing configural invariance, simply assuming
that the same observed variables loaded onto the same latent variable
across time. In this model, and in the subsequent ones, we modeled a
covariance path linking the latent variables at T1 and T2, four residual
covariances linking each observed variable with its longitudinal coun-
terpart, and we used the first observed indicator as the marker variable
(loading fixed at 1). We then moved to metric invariance, where we tested
the assumption that factor loadings would not significantly vary in their
magnitude over time (i.e., 121 = A2, 431 = 472, 141 = Ag2). Thereafter, we
examined scalar invariance, in which we tested the assumption that in-
tercepts of observed indicators would not significantly vary in their
magnitude over time (i.e., 73 = 76, 73 = 77, 74 = 7g). Finally, we tested
strict invariance, in which we tested the assumption that residual vari-
ances of observed indicators would not significantly vary in their
magnitude over time (i.e., 611 = Oss, 022 = Oge, 033 = O77, O44 = Ogg).

In the second step, we tested univariate and unconditional LCS
models, separately for math and verbal self-concepts. Albeit for several
years change between two constructs (either cross-sectionally [Edwards,
2001] or longitudinally but with only two waves of data [Gu et al.,
2018]) was computed using raw scores, recent advances in latent vari-
able analyses has demonstrated the possibility of modeling latent change
with only two waves of data, if multiple indicators are available (Ales-
sandri et al., 2017; Finch & Shim, 2018; Miyazaki, 2017). In particular,
after constructing measurement models according to the level of
invariance obtained in the previous step, following Alessandri et al.
(2017), we compared a no-change model with a latent change model®. In
our case, a no-change model had an intercept factor that loaded on self-
concept latent variables at T1 and T2, with loadings fixed at one and
the intercepts of latent variables fixed at zero. This model assumed that
no mean-level change occurs between T1 and T2 in the examined

6 The latter, with T = 2, is equivalent to a second-order latent growth curve
model (see Alessandri et al., 2017).
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construct, so that the construct was stable over time. Instead, a latent
change model consisted of a latent change factor that operationalized the
mean-level change in the construct from T1 to T2. A graphical repre-
sentation is provided in Fig. 1. In order to build our latent change model,
we first regressed the latent variable self-concept at T2 on self-concept at
T1 fixing this autoregressive path at 1. Then, we fixed as zero residual
variance (y11) and the intercept of the latent variable self-concept at T2.
Thereafter, we regressed the latent variable self-concept at T2 on a latent
variable that represented the change factor (A Self-Concept, in Fig. 1)
fixing this path to 1. This model had the following 5 parameters of in-
terest: (a) mean (k;) and variance (¢11) of the latent variable self-
concept at T1, which represented the initial level and its variability,
respectively; (b) mean (ky) and variance (¢22) of the latent variable A
Self-Concept, which represented mean-level change and its variability,
respectively; and (c) a covariance between self-concept at T1 and A Self-
Concept (¢12), which represented the extent to which the initial status at
T1 covaried with the subsequent change in the construct. Note that a
positive ky value means that the sample tended to increase in self-
concept from T1 to T2; a negative k, value means that the sample ten-
ded to decrease in self-concept from T1 to T2.

In the third step, we tested a multivariate and conditional LCS model.
In this model, we included both LCS models of self-concepts, together
with math and verbal achievement measures at T1 and T2, and gender.
In particular, the change factors (A Self-Concepts) covaried and were
regressed on (a) math and verbal self-concept at T1 (b) math and verbal
achievement at T1, and (c) gender. Math and verbal achievement at T2
were both regressed on (a) math and verbal achievement at T1, (b) math
and verbal self-concept at T1, (c) math and verbal A Self-concept, and
(d) gender. Regarding residual covariances, we added those among each
pair of observed indicators (i.e., the residual variance of math self-
concept item i at Tn was allowed to covary with the residual variance
of verbal self-concept item i at Tn). Finally, at T1 we estimated all pairs
of covariances, and at T2 we estimated the residual covariance between
academic achievements.

4.5. Model evaluation

Mplus 8 statistical software (Muthén & Muthén, 1998-2017) was
used to estimate all models using the robust maximum likelihood esti-
mator (MLR). Moreover, since we are not dealing with multilevel hy-
potheses yet students were in any case clustered within schools, in all
models the Mplus "type = complex" command was used to adjust stan-
dard errors appropriately (see McNeish et al., 2017). This strategy is
useful when using a hierarchical dataset but cluster differences are not of
interest (see Marsh et al., 2019, for a similar application; see McNeish
et al., 2017, for technical details). The goodness of fit of each model was
evaluated using the Yuan-Bentler scaled y? statistic (YBy?% Yuan &
Bentler, 2000), the Comparative Fit Index (CFI), the Tucker-Lewis Index
(TLI), the Root-Mean-Square Error of Approximation (RMSEA) and the
Standardized Root Mean Square Residual (SRMR). We accepted CFI and
TLI values > 0.90, RMSEA values < 0.05 and SRMR values < 0.08 as
indicators of adequate fit (Kline, 2016). In invariance routine, we
compared nested models using the scaled difference chi-square devised
by Satorra and Bentler (2001; SBA)(Z) and difference in CFI (ACFI). The
more parsimonious model was considered to have a similar fit to the
comparison model if SBAy?> was non-significant and ACFI < 0.01
(Cheung & Rensvold, 2002); however, “if the sample sizes are large [...]
even a small difference [...] may result in a significant value of Ay
indicating that the null hypothesis of no difference should be rejected
even when the difference is trivial” (Cheung & Rensvold, 2002, p. 239).
Hence, if SBA;(2 and ACFI returned inconsistent results (i.e., if SBA;(2
was significant but ACFI < 0.01), we preferred the second. Finally, the
comparison between the no-change and latent change models was con-
ducted through inspection of SBAy? and difference in Akaike Informa-
tion Criterion (AIC): A significant value of SBA)(2 and a low AIC
(Burnham & Anderson, 2004) would indicate the need to include a

Contemporary Educational Psychology 69 (2022) 102071
change factor (i.e., the latent change model).
5. Results
5.1. Zero-order correlations

In Table 1, we report zero-order correlations and descriptive statis-
tics for all study variables. The inter-item correlations ranged from
medium to high (all p-values < .001). In particular, for math self-concept
the inter-item correlation ranged from .53 to .67 at T1 and from .65 to
.75 at T2; for verbal self-concept, it ranged from .42 to .59 at T1 and
from .44 to .64 at T2. Instead, correlations among items of different self-
concepts ranged from low to medium (Cohen, 1992). In particular, the
correlations among items of math self-concept and verbal self-concept at
T1 ranged from .03 (p > .05; SC4_Verb_T1 with SC2_Math_T1) to .26 (p <
.001; SC3_Verb_T1 with SC3_Math_T1), and ranged from .05 (p > .05,
SC2_Verb_T2 with SC4_Math_T2) to .31 (p < .001, SC1_Verb_T2 with
SC1_Math_T2) at T2. Regarding the relationship between academic self-
concept items and academic achievement, correlations were medium-
sized within the same domain (e.g., math self-concept and math
achievement) and low-sized among different domains (e.g., math self-
concept and verbal achievement; see Table 1). At the longitudinal
level, the patterns of correlations were similar to those observed at the
cross-sectional level, but with slightly smaller effect sizes (see Table 1).

5.2. Measurement invariance

In Table 2, we report the results of invariance analyses for both math
and verbal self-concept. Prior to starting with configural invariance, we
added a residual covariance between items 3 and 4 (¢34 at T1 and 97g at
T2; see Fig. 1), given their content is similar (at least with respect to the
student’s perception), in that it pertains to learning/studying (see,
Brown, 2015, p. 38 and p. 245). As shown in Table 2, both instruments
achieved strict invariance, thus attesting good psychometric properties’.

5.3. Univariate and unconditional latent change score models

In Table 3, we report results of the comparison between the no-
change and latent change models, together with estimates of the param-
eters of interest. As shown by the significant SBAy? value and by the
large difference in AIC, the latent change model significantly fit the data
better than the no-change model for both math and verbal self-concepts.
Regarding the parameters of interest (see also Fig. 1), the average initial
level was similar for math (k; = 2.809, p < .001) and verbal (k; = 2.746,
p < .001) self-concepts, and there was significant variability among
students (for math, ¢1; = 0.396, p <.001; for verbal, ¢1; = 0.284, p <
.001). Change factors showed similar results between math and verbal
self-concepts; indeed, our sample showed a significant mean-level
decrease in math self-concept (k; = —0.314, p < .001) as well as a sig-
nificant decrease in verbal self-concept (ko = —0.075, p = .005), thus
supporting both Hyy, and Hyy. It is worth noting that the variance of
change factor was significant for both academic self-concepts (for math,
@22 = 0.308, p < .001; for verbal, ¢33 = 0.219, p < .001); these results
attest to a substantial variability in the extent to which the students of
our sample changed in academic self-concepts from T1 to T2, thus
supporting Hip, and Hyy. Finally, the covariance between initial level
and factor of change was negative and significant for both academic self-
concepts (for math, standardized @12 = —0.20, p <.001; for verbal,
standardized @12 = —0.44, p < .001). Hence, (on average) the higher a
student was at T1, the lower his/her score on the change factor. Given
the negative sign of the change factor, this result implies that those

7 In order to further support the good psychometric properties of the in-
strument adopted to measure academic self-concept, we also attested gender*-
longitudinal strict invariance. See Table Al in the Appendix.
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Table 2
Longitudinal Measurement Invariance.
Self-Concept Invariance step NFP YBy? df p SCF CFI TLI RMSEA SRMR CD SBAy? Adf p ACFI
Math configural 31 29.294 13 .006 1.1388 0.997 0.994 0.027 0.012
metric 28 35.290 16 .004 1.0887 0.997 0.994 0.027 0.018 0.872 5.806 3 121 0
scalar 25 62.347 19 < .001 1.1070 0.993 0.989 0.037 0.028 1.205 25.401 3 < .001 0.004
strict 21 67.242 23 <.001 1.1465 0.993 0.991 0.034 0.027 1.334 6.053 4 .195 0
Verbal configural 31 46.805 13 < .001 1.1192 0.992 0.983 0.039 0.021
metric 28 50.268 16 < .001 1.0871 0.992 0.986 0.036 0.023 0.948 2.386 3 .496 0
scalar 25 53.513 19 < .001 1.0918 0.992 0.988 0.033 0.022 1.117 3.384 3 .336 0
strict 21 68.354 23 <.001 1.0847 0.989 0.987 0.034 0.030 1.051 14.956 4 .005 0.003

Note. Estimation method: MLR + Cluster robust-standard errors. NFP = Number of Free Parameters; YBy> = Yuan-Bentler scaled chi-square; df = degrees of freedom;
SCF = Scaling Correction Factor; CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; RMSEA = Root Mean Square Error of Approximation; SRMR = Standardized
Root Mean Square Residual; CD = Difference Test Scaling Correction; SBA){2 = Satorra-Bentler scaled chi-square difference; Adf = difference in degrees of freedom;

ACFI = difference in CFIL.

The level of measurement invariance obtained by the instrument is reported in bold.

The model fit the data well, according to previously mentioned criteria:
YBy? = 567.130 [YByZale = 275.303, YByZmale = 291.8271, df = 308, p
< .001 [SCF = 1.0691]; CFI = 0.980; TLI = 0.976; RMSEA = 0.032;
SRMR = 0.039. Overall, estimates did not show substantial differences
between male and female models (see Fig. 2A, in Appendix). Further-
more, after constraining all regression coefficients to be equal across
groups, the model still fit the data well (YB)(2 = 590.874 [YB;(?nale =
286.739, YByBmale = 304.135], df = 328, p < .001 [SCF = 1.0649]; CFI
= 0.980; TLI = 0.977; RMSEA = 0.031; SRMR = 0.041) and a Satorra-
Bentler scaled difference chi-square test attested that constraints did
not worsen the unconstrained model (SBAy? = 22.989, Adf = 20, p =
.2938).

Second, given that academic self-concept latent factors were
composed of observed items, we re-ran the model using an estimator for
ordinal variables, specifying the categorical nature of each academic
self-concept item. We found few contributions with the categorical
variables on the LCS model, hence we merged both the recommenda-
tions on how to parametrize an LCS model with categorical variables
(McArdle, Hamagami, Chang, & Hishinuma, 2014; McArdle & Nessel-
roade, 2014: Chapter 20) and the recommendations on fit indices for
categorical indicators (e.g., DiStefano et al., 2018). Thus, we used
weighted least squares means and variance adjusted (WLSMV) as esti-
mator, theta parametrization for handling residual variances, and both
factor loadings and thresholds imposed to be equal across time for each
categorical variable. Furthermore, we evaluated model fit as the
following: non-significant WLSMV-basedy?; CFI and TLI greater than
0.90, RMSEA < 0.05, and Weighted Root Mean Square Residual
(WRMR) < 1 (for WRMR, see DiStefano et al., 2018). Again, the model
showed a good fit to the data: WLSMV-basedy? = 273.342, df = 166, p <
.001; CFI = 0.994; TLI = 0.992; RMSEA = 0.020; WRMR = 0.984. Pa-
rameters obtained with WLSMV did not show substantial differences in
comparison to parameters estimated with MLR, as can be seen by
comparing Figs. 3 and 3A (the latter is reported in Appendix). Indeed,
the largest observed difference was only |.08| (i.e., path ‘verbal self-
concept T1 — A verbal self-concept’, which is # = 0.52 for MLR esti-
mator and g = 0.44 for WLSMV estimator).

Third, we ran a factor CLPM (Usami et al., 2019) with no-mean-
structure, metric invariance, and MLR + cluster robust-standard errors
estimation method, in order to probe the difference between the LCS
model and CLPM parameters. The model fit the data well: YBy? =
354.818, df = 144, p < .001 [SCF = 1.0678]; CFI = 0.984; TLI = 0.977;
RMSEA = 0.030; SRMR = 0.027. Estimates are reported in Fig. 4A (in
Appendix). We point out that univariate results obtained with LCS
models are not replicable with a factor CLPM approach, given that the
latter does not take into account the mean-structure. As expected, all
autoregressive academic self-concept paths were positive, whereas in
the LCS model they were negative (due to regression to the mean; see
Fig. 4A and Fig. 3). Another difference regards the explained variance of
academic self-concepts at T2, which was higher than the ones found in A

Self-Concept factors. Instead, as previously discussed, cross-lagged re-
lations predicting academic self-concepts at T2 were mostly equivalent
to those obtained in the LCS model (Kessler and Greenberg, 1981).
However, cross-lagged relations for academic self-concepts T1 — aca-
demic achievement T2 were lower than those reported in the LCS model,
given that the latter approach also took into account the effect of A Self-
Concept factors on academic achievement at T2. None of the negative
relationships hypothesized by RI/EM (Fig. 1A, Panel B) were supported.
Indeed, all paths were non-significant or positive in our factor CLPM (see
Fig. 4A). This finding is consistent with RI/EM studies that utilized a
large time-lag.

6. Discussion

In this study, we used univariate and multivariate Latent Change
Score models in order to further our knowledge on (a) academic self-
concept change and (b) its relationship with academic achievement.

Our study has made a novel contribution to the literature on aca-
demic self-concept in several ways. First of all, our focus on “change” has
shown that both math and verbal self-concepts have a significant
changeable component that should be taken into account when studying
its predictors, correlates and outcomes (Bleidorn et al., 2019; Grimm
et al., 2016). After all, educational psychologists are interested in the
extent to which a construct is open to interventions. The study of the
nomological network of change factors is therefore of pivotal impor-
tance in order to adequately address interventions and manipulations of
a specific construct; hence, it should be as relevant as the study of the
nomological network of its stable components (e.g., Anusic and
Schimmack, 2016; Bleidorn et al.,, 2019; Hamaker, 2012; Podsakoff
et al., 2019; Wagner et al., 2020).

6.1. Univariate level results: Self-concept change

At the univariate level, we demonstrated that math and verbal self-
concepts significantly decline over time (mean-level change; Bleidorn
et al., 2019). While this finding is not new (Green et al., 2012; Hancock
etal., 2001; Harter, 2006; Preckel et al., 2013), our study sheds light on
the between-person differences in the within-person change process of
this trend (individual-level change; Bleidorn et al., 2019), as attested by
the significant variance of the latent change factors. This result implies
that the overall trend in self-concept is negative, but at the same time, it
also indicates that not all students have the same trend of change (i.e.,
there is variability in the amount and direction of change). Moreover,
these findings are also consistent with recent perspectives on the high
level of changeability of most psychological individual differences (e.g.,
Anusic & Schimmack, 2016; Bleidorn et al.,, 2019; Hamaker, 2012;
Podsakoff et al., 2019; Wagner et al., 2020).



E. Perinelli et al.

Table 3

Comparison of No-Change vs. Latent Change Models and Estimate of Parameters of Interest.

P11 P22 P12(STD)

ko

kq

AAIC

SBAZ(Ad)

CFI TLI RMSEA SRMR AIC

SCF

YBy2(df)

NFP

Model

Self-Concept

347.052(24)""

28560.897

0.076

0.947 0.938 0.090
0.034

1.157
1.147 0.993
1.171
1.085

20

no-change

Math

0.308"""

-0.314""  0.39

.

233.879(1)"  322.283 2.809

28238.614

0.027
0.029
0.030

0.991
0.983

21 67.242(23)"

latent change
no-change

26454.743

0.039
0.034

0.986
0.989

84.295(24)""

20
21

Verbal

0.219""

0.284™""

44"

2.746™"

—0.075

22.568

7.784(1)

26432.175

0.987

68.354(23)

latent change

Scaling Correction Factor; CFI = Comparative Fit

degrees of freedom; SCF =

Number of Free Parameters; YBy? = Yuan-Bentler scaled chi-square; df

Root Mean Square Error of Approximation; SRMR

difference in degrees of freedom; AAIC

Note. Estimation method: MLR + Cluster robust-standard errors. NFP

Index; TLI

Akaike Information Criterion; SBAy? = Satorra-Bentler scaled chi-square

latent mean of self-concept change factor (A Self-Concept); 11

Standardized Root Mean Square Residual; AIC =

Tucker-Lewis Index; RMSEA

latent variance of self-concept at

difference in AIC; k; = latent mean of self-concept at T1; ks =

difference; Adf

T1; @2 = latent variance of self-concept change factor (A Self-Concept); ¢12stpy = standardized covariance between self-concept at T1 and self-concept change factor (A Self-Concept).

Best models are reported in bold.

*#5p < 01, ***p < .001.
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Fig. 2. Academic Self-Concept (ASC) change for Math and Verbal Self-Concept
from 10 to 13.

6.2. Multivariate level results: Self-concept, self-concept change, and
academic achievements

At the multivariate level, we found that changes in academic self-
concepts are not related, consistent with the I/E model (Marsh et al.,
2019), and that change in academic self-concept in a domain is nega-
tively affected by previous self-concept levels in the matching domain,
but not by previous self-concept levels in the non-matching domain. We
also found a reciprocal relationship between self-concept, change in self-
concept and achievement within matching domains, hence supporting
the mutual reinforcement exerted by self-concept and achievement
(Marsh & Martin, 2011). Of importance, our results evidence a positive
and significant longitudinal path between the academic self-concept
change factor and matching achievement. This means that (within the
same domain) the higher the score on the self-concept change factor, the
greater the achievement, whereas the lower the score on the self-concept
change factor, the lower the achievement. This finding is consistent with
research on mean-level changes in personality traits attesting that
changes in individual differences have a significant impact on important
life outcomes, such as work adjustment (Alessandri et al., 2020) and
career success (Hoff et al., 2021). Therefore, it has been argued that
positive mean-level changes “can have functional value” (Alessandri
etal., 2020, p. 1229). In our case, the overall negative trend in academic
self-concept hypothesized by previous research and supported by our
study should stimulate researchers and practitioners to devise schemes
aimed at reinforcing academic self-concepts over time (but see Traut-
wein & Moller, 2016, paragraph 8.3.2). Finally, we found that gender
does not exert a strong effect in any of the variables involved, which is
consistent with previous studies (e.g, Moller et al., 2014): The only two
effects above |.10| included the effects on verbal self-concept stability
(.15) and change (.13) that attested higher levels for females (see Fig. 3).

6.3. Summary of results

To summarize, to our knowledge this is the first study that draws on a
combination of research on individual difference change (e.g., Anusic &
Schimmack, 2016; Bleidorn et al., 2019; Hamaker, 2012; Podsakoff
et al., 2019; Wagner et al., 2020) and research on the RI/EM (Moller
et al., 2011, 2014; Niepel et al., 2014; Sewasew & Schroeders, 2019),
including both the stability and changeability of academic self-concepts
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Fig. 3. Bivariate and Conditional Latent Change Score Model. Estimation method: MLR + Cluster robust-standard errors. Parameters are reported in standardized
form. Measurement models are omitted for the sake of clarity (see Fig. 1). Paths from Gender (0 = male, 1 = female) to study variables are reported on the top right of

the Figure for the sake of clarity. ™ p > .05. *p < .05. **p < .01. ***p < .001.

across junior high school. As shown by our findings, some estimates of
the relationships between academic self-concepts and academic
achievement differ from those obtained in classical cross-lagged panel
studies. While those studies have shown a negative mutual impact be-
tween academic self-concept and achievement in the non-matching
domain (see Fig. 1A, Panel B, in Appendix), our study has attested to
non-significant or low-positive effects of academic self-concept change
factors on subsequent non-matching academic achievement. Hence,
increasing levels of academic self-concept did not impact subsequent
non-matching academic achievement. Given that these results are not
consistent with the RI/EM (e.g., Niepel et al., 2014), they should be
thoroughly investigated in future studies. In more detail, while we
explained that in the long-run those negative hypothesized paths
approach zero, we noticed that math self-concept demonstrated a pos-
itive and significant effect on verbal achievement T2 in both the factor
CLPM and LCS models. While the factor CLPM showed that the initial
level of math self-concept positively and significantly affected subse-
quent verbal achievement, our LCS model added pivotal information,
namely that both math self-concept stability and change affected subse-
quent verbal achievement. Thus, this effect — albeit low in terms of
Cohen’s guidelines (Cohen, 1992) - is not negligible in our sample. We
have two explanations for this inconsistent finding. The first, regards the
need for more studies that investigate the tenability of the RI/EM hy-
pothesized links; indeed, most primary and meta-analytical studies have
investigated the relationships among academic self-concepts and
achievement with a reduced number of predictors or outcomes and only
few studies have investigated the entire RI/EM utilizing an adequate
methodological procedure (i.e., use of latent variables, controlling the
effects of all predictors on all outcomes, use of proper estimators and
adequate sample size) given that this comprehensive model is relatively
new (Moller et al., 2011). Thus, the actual estimates of the RI/EM
deserve to be further investigated. Second, a possible explanation is
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cross-cultural or sample specific (Simons, Shoda, & Lindsay, 2017);
future studies with a hierarchical structure (e.g., in terms of countries
and age) may reveal that not all paths hypothesized by the RI/EM are
consistent across levels. Therefore, it is possible that some characteris-
tics of our sample may have contributed to the above-mentioned dif-
ferences. In this regard, we try to provide a culture-related explanation.
In the Italian context, math is perceived as one of the most important
subjects; this is attested, for example, by the significant attention paid by
Italian researchers on the construct of “math anxiety” (e.g., Caviola
etal., 2017; Passolunghi et al., 2020; Primi et al., 2014) while there is no
“Italian/Verbal anxiety” scale). As such, it is possible that math self-
concept variance also includes elements of general (or higher-order)
academic-self-concept/positive-self-belief feelings, which are naturally
positively related to academic achievement (e.g., Marsh, Martin, Yeung,
& Craven, 2017). This component of variance may in turn be the reason
why we found a positive significant effect exerted by math self-concept
to verbal achievement. While we cannot be sure of the validity of our
speculation, future studies could adopt two strategies for investigating
the pure effect of math self-concept on verbal achievements. First, by
including measures related to self-worth or positive self-beliefs, such as
global self-esteem (Trautwein et al., 2006), academic self-efficacy
(Huang, 2012), or academic (contingent) self-worth (Crocker & Luhta-
nen, 2003) in the models. Second, by using bifactor models (see Morin
et al.,, 2020) that disentangle specific factor variance (e.g., unique
variance due to verbal and math self-concept) vs. general factor variance
(i.e., what is shared by verbal and math self-concept). In this way, it is
possible to take into account potential differences in the perceived value
of the subjects under examination.

Finally, the significant percentage of explained variance for math
(9.5%) and verbal (24.5%) self-concept change factors does not exclude
the need to study other predictors of within-person change in order to
enhance the development of interventions that aim at tackling academic
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Table 4
Summary of Hypotheses and Parameter Results.
Level H# Hypothesis Parameter Supported
Univariate Him A Math Self-concept has a variance significantly different from zero @22 = 0.308"" Yes
Hom The latent mean of A Math Self-concept is negative and significantly different from zero. ko = —0.314"" Yes
Hyy A Verbal Self-concept has a variance significantly different from zero @22 = 0.219""" Yes
Hy, The latent mean of A Verbal Self-concept is negative and significantly different from zero. ky = —0.075"" Yes
Multivariate Hj The covariance between A Math Self-concept and A Verbal Self-concept is not significantly different from zero Yes
Hy A Math Self-concept is not significantly affected by Verbal Self-concept T1 Yes
« A Verbal Self-concept is not significantly affected by Math Self-concept T1 Yes
Hs, A Math Self-concept is significantly and positively affected by Math Achievement T1 Yes
« A Verbal Self-concept is significantly and positively affected by Verbal Achievement T1 Yes
Hsp, A Math Self-concept is not significantly affected by Verbal Achievement T1 Yes
« A Verbal Self-concept is not significantly affected by Math Achievement T1 Yes
Hea A Math Self-concept and Math Self-concept T1 significantly and positively affect Math Achievement T2 Yes
«“ A Verbal Self-concept and Verbal Self-concept T1 significantly and positively affect Verbal Achievement T2 Yes
Hgp, A Math Self-concept and Math Self-concept T1 do not significantly affect Verbal Achievement T2 NO
« A Verbal Self-concept and Verbal Self-concept T1 do not significantly affect Math Achievement T2 Yes

Note. Parameters for univariate level are reported in non-standardized form; parameters for multivariate level are reported in standardized form. ™*p > .05. *p < .05.

**p < .01. ***p < .001.

self-concept change.
6.4. Practical implications

In their review on the current state of knowledge about personality
trait change in terms of its implications for public policy, Bleidorn et al.
(2019) maintained that “the success of specific practices, interventions,
and laws designed to improve the human condition depends, at least in
part, on an informed understanding of when, what, who, and how to
intervene” (Bleidorn et al., 2019, p. 1063). Our results at the univariate
level clearly indicated that the mean-level change (across junior high
school) in math and verbal self-concepts is negative, thus empirically
supporting Harter’s (2006) theoretical arguments on academic self-
concept change discussed in the introductory section. Furthermore, we
also attested a significant degree of individual-level change variance,
which means that students varied in the degree to which they change
over junior high school. Finally, we also found that those starting higher
(or lower) in self-concept are more prone to decline (or increase) across
the years. Thus, drawing on Bleidorn et al.’s (2019) insights, our results
may suggest paying particular attention to academic self-concept “in-
dividual” change across junior high school (“when”) and implementing
interventions not only on the basis of the rank-order level, but also on
the basis of individual change. That is, if a student has an acceptable
rank-order level of academic self-concept, but in the last years or months
his/her academic self-concept level has decreased substantially, then
he/she deserves attention (“who”). In a similar scenario, it is important
to understand which types of behaviors have led the student to a sig-
nificant decrease in academic self-concept (“what”). Finally, albeit the
literature has largely supported the utility of interventions on academic
self-concepts (e.g., O’Mara et al., 2006; but see Parker, Dicke, Guo, &
Marsh, 2019), our focus on the “change” may advise interventions
whose outcomes are not only tracked at the rank-order level but also at
the individual change level (“how”).

At the multivariate level, we found support for the hypothesis that
math and verbal self-concept change are not related. From a practical
point of view, this finding is consistent with the view of academic self-
concept as a multifaceted construct (Marsh et al., 2019, 2020), and
hence it further supports the notion that interventions should be tar-
geted to a specific academic self-concept domain (e.g., math self-
concept). Finally, our results (a) confirmed the positive effect of aca-
demic achievement in a domain on subsequent academic self-concept
change within the same domain, (b) found a positive effect of aca-
demic self-concept change in a domain on subsequent academic
achievement within the same domain, and (c) found no negative effect
of self-concept change in a domain on academic achievement in the
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other domain. The latter result is particularly important because it dif-
fers from RI/EM principles (see Fig. 1A, Panel B). Specifically, it suggests
that practitioners should not fear that increasing academic self-concept
in a domain will decrease achievement in the other domain. As already
mentioned, this finding is also supported by the recent body of research
attesting to the “functional value” of positive mean-level changes in
personality traits (Alessandri et al., 2020; Bleidorn et al., 2019; Hoff
et al., 2021).

That said, considering the combination of both univariate and
multivariate results, there are two main ways to sustain academic self-
concept levels. The first strategy is mainly cognitive and involves the
promotion of competences in subject matters of interest (Harter, 1999).
Instead, the second strategy is non-cognitive and regards the support
provided by significant “others” (e.g., teachers, classmates, parents;
Hamre & Pianta, 2006). In both cases, a crucial aspect is the external
support available to students. As far as we know, self-concept is closely
related to the labels and judgments attributed by others (e.g., teachers’
assessment of students). Interventions should aim at the development of
students’ ability to “metabolize” negative judgments, and on the other
hand, internalize and identify with favorable judgments. Thus, working
on social and socio-emotional skills is crucial to support student’s self-
concept in specific domains. Luckily, several tools stemming from clin-
ical psychology (e.g., cognitive behavioral therapy or mindfulness
techniques; Hattie, 1992) and positive psychology (e.g., techniques that
stimulate optimism, hope, resilience, and determination in dealing with
negative situations; see Duckworth et al., 2011; Yeager et al., 2014,
2019) are available to carry on this enterprises.

6.5. Limitations

Despite several strengths, such as the use of objective measures of
achievement, a large sample size, and the use of two waves of data, our

8 Albeit not the focus of this contribution, here we also point out some in-
terventions at the classroom levels. At the classroom level, all activities strongly
characterized by cooperation, socialization, positive feedback, peer tutoring,
praise, recognition, and gratitude are highly recommended, given the impact of
the classroom environment on student’s self-concept (Elbaum & Vaughn, 2001;
Hamre & Pianta, 2006). In the same vein, teaching strategies that break down
or cancel social confrontation in the classroom, which contain the effects of the
“point of reference” that students develop in judging their abilities, can be just
as effective (Manning et al., 2006). Finally, the classroom climate is another
positive element; indeed, the perception of classroom as a caring community is
positively related to student’s academic, social, and global self-concept (Bat-
tistich et al., 1995; Manning, 2007).
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study has various limitations. First of all, although it is possible to run a
Latent Change Score model with only two data points (Alessandri et al.,
2017; Finch & Shim, 2018; Miyazaki, 2017), in order to better track
differences in within-person changes, more waves of data would allow
the specification of more complex and informative Latent Change Scores
models (see Ferrer et al., 2019). Second, in this study we investigated
linear relationships among variables, whereas an interesting point is the
study of the non-linear association between academic self-concepts and
academic achievement. Indeed, while research has attested that low
levels of academic self-concept may lead to low levels of academic
achievement, it is also likely that excessively high levels of academic
self-concepts may lead to an unrealistic trust in oneself that in turn, may
lead to low levels of academic achievement (Trautwein & Moller, 2016,
paragraph 8.3.2). Future studies may probe the tenability of a non-linear
(e.g., inverted U-shaped) relationship between academic self-concept
and achievement, with the aim of finding the functional levels
(neither too low, nor unrealistically high) of academic self-concepts.
Third, our study was conducted on a sample consisting of Italian early
adolescent students; thus, we do not know whether our results could be
generalized to other countries that are different from a cultural point of
view, as well as to other ages (Simons et al., 2017). In particular, it
would be interesting to find the age at which academic self-concepts
become more stable; future studies may investigate this trend by using
anon-linear modeling of academic self-concept, but in samples that span
from early adolescence to young adulthood and with several time points
(e.g., McNeish & Dumas, 2017). Fourth, our study did not take into
account the effect of shared environmental influences, such as teachers’,
classes’, or socioeconomic characteristics. Future studies adopting hi-
erarchical models may identify potential 2-level variables that may
moderate the relationship among our study variables. In a similar vein,
students that participated in this study at T1 moved from elementary to
junior high school, and thus experienced a compelling “shift” in terms of
educational context. According to the stage-environment-fit theory
(Eccles & Midgley, 1989; Eccles et al., 1993), school transition may have
a significant impact on adolescent development, in particular on moti-
vational and behavioral spheres (e.g., Eccles & Roeser, 2009). Hence,
future studies should also consider the perceived levels of shift in certain
characteristics (e.g., task demands) and then include them in the model,
in order to probe the potential impact on academic self-concept change
and on academic achievements. Fifth, in our study we could not take
into account achievement changes across time, given that we used a
single observed variable and given that the measures used for achieve-
ment at T1 and T2 shared the same analytical framework and unit of
analysis, but not the same content. This content difference allowed us to
investigate rank-order change (by estimating the autoregressive
component), but not mean-level change (given that a student’s score at
T2 was not comparable to the score of the same student at T1). However,
throughout the paper we noted that our focus was on academic self-
concept change. Nonetheless, since there are recent studies that center
on academic achievement changes (Wolff et al., 2019, 2020, 2021),
future studies may investigate the tenability of our results with those of
recent achievement studies, in order to achieve a more comprehensive
model of stability/changeability in both academic self-concept and ac-
ademic achievement. Sixth, the measurement of academic self-concepts
and achievement at T2 occurred synchronously, thus reducing the
strength of the causal claim about the effect of self-concept change on
achievement. However, we point out that (a) the change operationalized
by the latent factor regards a process that developed across three years
and (b) in several latent change studies, the outcomes were predicted by
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a change factor computed through a variable synchronously measured
(with outcomes) at the last time-point (e.g., Castro-Schilo et al., 2016;
Stein et al., 2019). Finally, it may be noted that we did not discuss the
negative relationship between academic self-concept at T1 and subse-
quent change. Despite the fact that this relationship could be interpreted
as a finding supporting the notion that academic self-concept may
become “more realistic over time” (Trautwein & Moller, 2016, p. 191;
see also Harter, 2006), we cannot exclude the possibility that the
negative effect exerted by academic self-concept levels at T1 on subse-
quent change may be due to regression toward the mean (Castro-Schilo
& Grimm, 2018; Marsh & Hau, 2002). Indeed, change scores typically
correlate negatively with T1 scores when T = 2 (Linn & Slinde, 1977).
Albeit the use of change scores is not necessarily inappropriate (Gu et al.,
2018), one must be cautious in interpreting this result: As Campbell and
Kenny (1999) have stated, “[...] if change scores are computed, it is
inadvisable to correlate them with initial status. That correlation would
likely be negative and must be negative if the variances do not increase”
(p. 99). Thus, in order to better investigate the relationship between
initial level and subsequent academic self-concept change, we call for
studies with more waves.

7. Conclusion

In this contribution, we investigated some unexplored characteristics
of academic self-concept (ASC) over the course of junior high school.
First, we demonstrated that both math and verbal self-concepts, on
average, tend to decline from the beginning to the end of junior high
school. Second, we found heterogeneity in this change: While the overall
mean is negative, students showed different trajectories in the way they
changed. Third, we found that the way students change in one ASC (e.g.,
math) is not related to how students change in the other ASC (e.g.,
verbal). Fourth, we found that those students who were able to contrast
this negative trend were also those that reported higher academic
achievement at the end of junior high school. Taken together, these
findings suggest that the implementation of interventions on ASC during
the beginning (e.g., first year) of junior high school may have subse-
quent beneficial effects. Indeed, despite previous studies that found a
negative between-domain effect of academic self-concept on academic
achievement, the present study demonstrated that the “personal
change” variability exerts a non-significant or even positive effect on
academic achievement of the other domain. Related to this point, the
significant heterogeneity found in the way students may change in one
academic self-concept suggests the need to constantly investigate and
assess self-concept at the individual-level (e.g., how each student has
changed from one time to another) instead of solely focusing on the
aggregate-level (e.g., how the whole class has changed from one time to
another).
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Table Al
Gender*Longitudinal Measurement Invariance.
Self-Concept Gen.Inv. Long.Inv. NFP YBy? df P SCF CFI TLI RMSEA SRMR CD SBAy? Adf P ACFI
Math configural configural 62 45.150 26 0.011 1.1880 0.997 0.993 0.030 0.016
metric configural 56 55.236 32 0.007 1.1009 0.996 0.993 0.030 0.025 0.723 9.912 6 0.128 0.001
scalar configural 50 74.157 38 < 0.001 1.1071 0.994 0.991 0.034 0.029 1.140 18.873 6 0.005 0.002
strict configural 42 87.701 46 < 0.001 1.0729 0.993 0.992 0.033 0.030 0.910 13.175 8 0.106 0.001
strict metric 39 93.600 49 < 0.001 1.0630 0.993 0.992 0.033 0.033 0.911 5.929 3 0.115 0
strict scalar 36 120.583 52 < 0.001 1.0654 0.989 0.988 0.040 0.038 1.105 26.229 3 < 0.001 0.004
strict strict 32 125.644 56 < 0.001 1.0836 0.988 0.988 0.039 0.038 1.320 5.816 4 0.213 0.001
Verbal configural configural 62 56.422 26 < 0.001 1.0674 0.992 0.983 0.037 0.024
metric configural 56 58.367 32 0.003 1.0665 0.993 0.988 0.031 0.026 1.063 1.904 6 0.928 -0.001
scalar configural 50 71.194 38 < 0.001 1.0718 0.992 0.988 0.032 0.030 1.100 12.779 6 0.047 0.001
strict configural 42 105.586 46 < 0.001 1.0866 0.985 0.982 0.039 0.047 1.157 33.213 8 < 0.001 0.007
strict metric 39 108.375 49 < 0.001 1.0791 0.985 0.983 0.038 0.048 0.964 2.300 3 0.512 0
strict scalar 36 111.746 52 < 0.001 1.0823 0.985 0.984 0.037 0.047 1.135 3.521 3 0.318 0
strict strict 32 127.500 56 < 0.001 1.0773 0.982 0.982 0.039 0.053 1.012 16.214 4 0.003 0.003

Note. Estimation method: MLR + Cluster robust-standard errors. Gen.Inv. = Gender Invariance Step; Long.Inv. = Longitudinal Invariance Step; NFP = Number of Free Parameters; YBy* = Yuan-Bentler scaled chi-square;
df = degrees of freedom; SCF = Scaling Correction Factor; CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; RMSEA = Root Mean Square Error of Approximation; SRMR = Standardized Root Mean Square Residual;

CD = Difference Test Scaling Correction; SBAy? = Satorra-Bentler scaled chi-square difference; Adf = difference in degrees of freedom; ACFI = difference in CFI.
The level of measurement invariance obtained by the instrument is reported in bold.
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Fig. 1A. A graphical representation of the RI/EM. Panel A = positive relationships (bolded lines); Panel B = negative relationships (thin lines); Panel C = non-
significant relationships (dotted lines); Panel D = full RI/EM. Note that our Hypotheses Hs;, and Hg, (see Table 4) differ from relationships reported in Panel B,
because given the large time lag we hypothesized those relationships to be non-significant instead of negative.
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Fig. 2A. Multiple Group Bivariate and Conditional Latent Change Score Model. Note. Gender*Longitudinal strict factorial invariance imposed for math and verbal
self-concept (See Table Al). Estimation: MLR + Cluster robust-standard errors. Measurement models are omitted for the sake of clarity. The first estimate refers to
“Male model”, the second estimate refers to “Female model”. Fit indices: YB)(2 = 567.130 [YB;(ﬁmle = 275.303, YB)(?emale = 291.827], df = 308, p < .001 [SCF =
1.0691]; CFI = 0.980; TLI = 0.976; RMSEA = 0.032; SRMR = 0.039.
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Fig. 3A. Bivariate and Conditional Latent Change Score Model with WLSMV estimator and theta parameterization. Note. Longitudinal invariance among factor
loadings and thresholds was imposed. Estimation: WLSMV (theta parameterization) + Cluster robust-standard errors. Measurement models are omitted for the sake of
clarity. Fit indices: WLSMV-based;(2 = 273.342, df = 166, p < .001; CFI = 0.994; TLI = 0.992; RMSEA = 0.020; WRMR = 0.984.
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Fig. 4A. Factor Cross-Lagged Panel Model. Note. Metric factorial invariance imposed (after passing invariance routine). Estimation: MLR + Cluster robust-standard
errors. Measurement models are omitted for the sake of clarity. Fit indices: YBy? = 354.818, df = 144, p < .001 [SCF = 1.0678]; CFI = 0.984; TLI = 0.977; RMSEA =
0.030; SRMR = 0.027.
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