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Adopting deep approaches to learning can have a profound impact on learning
outcomes. The extent of change in the learning approach could be attributed to the
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multilevel structural equation modeling indicator-specific growth model (MSEM-ISGM).
This was used to highlight the methodological issues (e.g., consider four indicators
separately at each wave) to investigate the effect of context and the states, stability, and
changes in deep approaches to learning over this developmental period. The current
study comprised of a large-scale sample of 21,490 kindergarteners in kindergarten.
Results showed: (1) there was a contextual effect on the longitudinal changes of
deep approaches to learning; (2) deep approaches to learning was high but showed
considerable individual differences; (3) most indicators relating to deep approaches to
learning declined (however, one increased), whereas the trend were relatively stable over
time. Corresponding suggestions were proposed at the end of this article.

Keywords: approaches to learning, kindergarten, lower elementary school, structural equation modeling
indicator-specific growth model, longitudinal changes

INTRODUCTION

Approach to learning is defined as a child’s individual motivation and observable learning strategy
revealed while engaging in learning activities. This concept can be categorized as either surface,
achieving, or deep approaches (McWayne et al., 2004). Deep approaches to learning was found to
have a close relationship with academic achievement (Biggs and Moore, 1993; Goh et al., 2012) and
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can be identified through a students active engagement and
intention to understand the meaning of materials, work
independently, persevere with difficult tasks, and attentiveness
(Entwistle et al., 2000; Razza et al., 2015). Within a review,
researchers outlined the encouraging and discouraging factors
in stimulating the adoption of deep approaches to learning
(Baeten et al., 2010). This review not only highlighted the
importance of deep approaches to learning, but implied that
effective contextual factors (e.g., instruction) may contribute
to cultivating the approaches. Goto et al. (2018) found that
participating in educational activity (scientific-related activities)
can have a positive effect on the deep approaches to learning,
suggesting a context effect on which. However, the extent of
the effect of contextual factors was unclear. In addition, most
of research relating to deep approaches to learning focused
primarily on upper elementary school levels or further academic
levels (Garcia et al., 2016; Hu and Yeo, 2020; Zakariya et al., 2020,
2021). The empirical research in earlier educational stages and
involving transition from one to the other educational system
(i.e., from kindergarten to lower elementary school) remained
scarce. Although, Sung and Wickrama (2018) has investigated
approaches to learning from kindergarten year to first grade, but
the context effect on which was still unable to be identified by
their methodological approaches. Consequently, it is important
to investigate the extent of the effect of contextual factors on deep
approaches to learning involving a transition from kindergarten
to lower elementary school levels.

The importance of developing deep approaches to learning
early is highlighted through studies in which kindergarteners
who adopted deep approaches to learning were found to have a
high level of achievement across elementary school (McClelland
et al., 2006; Li-Grining et al., 2010; Morgan et al., 2011; Razza
et al., 2015). However, a few researches found there was no effect
of the deep approaches to learning on academic performance
(Garcia et al, 2016; Ardura and Galan, 2019; Zakariya et al,
2021). It may imply that some methodological problems resided
in former empirical findings, and it could not be identified
and resolved due to limitations of the analysis method itself
they used. For example, Li-Grining et al. (2010) averaged the
four scales of deep approaches to learning to create a single
composite score and used this single indicator in their traditional
growth model analysis, and they mentioned they were unable to
generate the exact internal consistency of ATL measure without
the item-level data. In fact, the deep approaches to learning
were composed of both trait-like (i.e., persistence) and state-
like components (i.e., attentiveness) which may be, respectively,
considered as time-consistent (more independent of context)
and time-varying variables (more depend on context). It was
more reasonable to separately consider each component in the
deep approaches to learning rather than to aggregate them to
form a single indicator because they may have different states
at different time points/education levels and different trend over
time. However, above considerations have not been correctly
addressed. In addition, both the extent of individual differences
for each component in the deep approaches to learning and the
extent of the change and stability of which were also remained
unclear. Until now, all above mentioned considerations have not

been resolved by using either typical growth model (McClelland
et al.,, 2006; Li-Grining et al., 2010; Morgan et al., 2011; Sung
and Wickrama, 2018; Ardura and Galdn, 2019) or regression
analysis in related studies (Razza et al., 2015; Garcia et al., 2016).
Consequently, it was important for study to separately consider
each component in the deep approaches to learning in analysis,
and further clarified their states, changes, and stabilities. This
could enhance future research relating to the deep approaches
to learning, and be beneficial for teachers to identify appropriate
time point to implement an instructional intervention program
to promote it or prevent its decline, and reduce individual
differences on this adaptive approach.

By using single indicator to represent approaches to learning
in typical growth model, Sung and Wickrama (2018) found that
approaches to learning retained relative high level and slightly
growth in positive way, and it was showed considerable individual
difference and relative stability from kindergarten to first grade.
However, this finding was inconsistent to those studies in the
learning motivation literature. Specifically, it has been found
that pupils become less oriented toward mastery goals (e.g.,
challenge new things, a high level of effort and persistence) with
increased age, as well as less intrinsically motivated throughout
elementary and middle school (Anderman and Midgley, 1997;
Gottfried et al., 2001; Meece and Miller, 2001; Bouftard et al,
2003). In general, a high mastery goal orientation is maintained
from first to third grade (Bong, 2009), but begins to deteriorate
from third to fifth grade (Meece and Miller, 2001). It would
be interesting to identify whether these findings are similar in
regard to deep approaches to learning once the methodological
problems are addressed. New analysis method was introduced to
achieve following two purposes of this study:

1. To increase understanding of the effect of the context on
deep approaches to learning.

2. To examine the states, stability, and trend of such learning
from kindergarten to third grade.

DEEP APPROACHES TO LEARNING

Approaches to learning is a collective construct encompassing
both an individual’s motive and their learning strategies, which is
reflected in the way students engage in their learning task (Biggs,
1988). There are three main kinds of approaches to learning:
surface, achieving, and deep (Biggs et al, 2001). Students
adopting deep approaches to learning are actively engaged and
interested in studies, intend to understand the meaning of
the material, work independently, persevere with difficult tasks,
and pay attention well in class, and it is considered the most
adaptive to learning outcomes (Entwistle et al., 2000; Razza et al.,
2015).

Students with deep approaches to learning are generally
eager to understand learning material, intrinsically motivated
to engage in activities, and interested in learning new things
(Laitinen et al, 2017). In addition, such students attempt
to master their work independently, therefore adopting a
mastery orientation to their learning and showing engagement,
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high levels of effort, and a commitment to learn (Sideridis,
2005). The deep approaches to learning is more beneficial
to learning than the other two, therefore deserving more
discussion in terms of its stability and changes due to
its profound impact on learning (Harter, 1981; Blair,
2002).

Most research related to deep approaches to learning have
focused on its relationship to achievement and involved mostly
students above the age of six (Fryer and Vermunt, 2018;
Khan et al, 2018; Rentzios et al, 2019; Chan et al, 2021;
McWatt et al, 2021; Piumatti et al, 2021). For example,
Duff et al. (2004) examined the cross-sectional relationship
between deep approaches to learning and grade-point average
among undergraduate students using a structural equation
modeling analysis. Teoh et al. (2014) examined nine hypothetical
learning approaches (including deep, surface, and achieving
approaches) by using person-based cluster analyses. There
has also been regression analyses and growth curve analysis
regarding kindergarten children, where deep approaches to
learning positively predicted reading and numeracy achievement
throughout elementary school (McClelland et al., 2006; Li-
Grining et al., 2010; Morgan et al., 2011; Razza et al., 2015).

In summary, the characteristics of deep learning approaches
comprise a set of motivational beliefs and strategies. This includes
an interest in learning challenging or new material, independent
work completion, persistence and learning attendance. After a
substantive review, it is apparent that limited evidence has been
presented in terms of the states, stability, and changes in deep
approaches to learning from kindergarten to third grade.

The State, Stability, and Change in Deep

Approaches to Learning

There is a significant gap in the current research in regard to
the stability and changes in learning approach within primary
school students, with cross-sectional or longitudinal examination
narrowly focused in higher education. For example, Zeegers
(2001) found that undergraduate students’ deep and surface
approach to learning was stable across five waves within a period
of two and half years.

The high degree of deep approaches to learning within
kindergarteners has been demonstrated through numerous
studies. For instance, a series of experiments found that when
kindergarteners were faced with constant failure on a certain
task, they would persevere with the arduous task and increase
efforts (Rholes et al., 1980; Dweck and Elliot, 1983; Harter, 2012).
More recently, researchers conducted a person-based analysis
with longitudinal data and found that most kindergarteners
aged between four and six persisted in completing learning
tasks, were motivated to learn new information and had a
preference for challenging tasks (Laitinen et al, 2017). In
addition, Bong (2009) found that students in first to fourth
grade were more concentrated on learning a challenging or
new task in comparison to fifth to ninth grade. To extend
on this, it was suggested that students’ deep approaches to
learning may be higher before third and fourth grade These
evidence implies that deep approaches to learning were (1) less

susceptible to context and (2) remained high and stable from
kindergarten to third grade.

Methodological Consideration

A few studies introduced slightly different scales to measure
kindergarteners’ approach to learning (McClelland et al., 2006;
Li-Grining et al., 2010; Morgan et al., 2011; Razza et al,, 2015).
In these studies, kindergarteners approaches to learning was
measured either by the Approaches to Learning Scale (Li-Grining
etal., 2010; Morgan et al., 2011; Razza et al., 2015) or by Cooper-
Farran Behavioral Rating Scales (McClelland et al., 2006). Latent
growth modeling (LGM) (McClelland et al., 2006; Li-Grining
et al., 2010; Morgan et al,, 2011) or multiple regression (Razza
et al., 2015) were, respectively, implemented in these studies to
analyze data through the use of composite scores (e.g., a sum of
all item scores to form a single indicator).

There are three primary concerns within these studies
regarding the analysis of deep approaches to learning. Firstly,
both LGM and multiple regression analysis use a composite
score as a single indicator, ignoring the fact that items are not
measured perfectly and each item may contain considerable
measurement errors. Composite scores represented as a single
indicator does not take into consideration multiple measurement
errors within the analysis process (Wang and Wang, 2012).
Accordingly, results may be questionable without understanding
the effect of measurement errors. In addition, it has been found
that the single-indicator in LGM has less statistical power for
detecting individual differences in changes over time compared
to multiple-indicator approaches (von Oerzen et al., 2010).

Secondly, the single-indicator in LGM implies that the
construct under study is perfectly trait-like and is not dependent
on situational influences (Geiser et al., 2013). Specifically, former
researches used only one indicator to represent approaches
to learning in each wave, which resulted in an inability to
decompose the variances formed from contextual factors, traits,
or measurement errors. In contrast to the composite approach
used in previous studies, separately considering each item
throughout the analysis process is more suitable for examining
whether the context may exert effect on the states and stability of
deep approaches to learning.

Thirdly, deep approaches to learning comprises of a
motivational and strategic component, which implies that
observed variables may have different psychological origins. This
means that multiple items should be analyzed simultaneously
within the model. Through this analysis, multiple items should
reveal similar trends if all measuring the deep approaches to
learning construct and if originated from identical psychological
origins. In contrast, if items directed toward deep approaches
to learning show inconsistent tendencies, this may suggest
different psychological origins. The indicator-specific growth
model (ISGM), which relaxes the assumption of perfectly
unidimensional indicators in the context of latent growth
modeling, was recommended for this kind of investigation. The
intercept and slope factors in the ISGM are indicator-specific.
This means that indicators can differ in scaling, initial trait level,
and rate of trait change (Geiser et al., 2013).
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Within past research, deep approaches to learning was
assumed to be a trait-like concept which is less susceptible to
context. To disprove this assumption and analyze the effect
of the learning context, a multilevel SEM extension of ISGM
(MSEM-ISGM) model should be used as it is capable of
measuring situational effect on fixed traits and long-lasting trait
changes at level two (Geiser et al., 2013). The MSEM-ISGM is also
capable of modeling the effects of measurement error, common
latent state residual factors, the time-invariant variance and factor
loadings, and time at level one. The overall means and variations
of the states and trends of deep approaches to learning were
modeled at level two. As a result, the MSEM-ISGM was a better
approach to investigate the effect of context on deep approaches
to learning, and the states, stabilities and changes of which.

THE CURRENT STUDY

It can be seen through the current literature that deep approaches
to learning has a profound impact on academic outcomes.
However, the effect of context on this approach, as well as the
states, longitudinal stability and whether changes occur were
rarely documented. Through empirical evidence, it is suggested
that deep approaches to learning may start to decline after third
grade (i.e., Bong, 2009). However, no direct evidence indicating
the tendency from kindergarten to third grade. It was assumed
that deep approaches to learning are trait-like and remain high
and stable from kindergarten to third grade. Moreover, current
related longitudinal studies may be questionable because of
methodological issues, such as using a composite score as a single
indicator in analysis, which may underestimate the effect of the
errors and confound the effect of the context.

Based on a large-scale and multi-wave kindergarten sample,
the current study aims to investigate the effect of context on
deep approaches to learning and examine the states, longitudinal
stability, and changes in student’s approaches to learning. Based
on a literature review, three hypotheses are as follows: in general,
from kindergarten to third grade (1) learning context will exert
trivial effect on deep approaches to learning. (2) deep approaches
to learning will be high and show considerable individual
differences. (3) deep approaches to learning will be stable.

METHODOLOGY

Participants

The participants of this study were selected from the Early
Childhood Longitudinal Study, Kindergarten Class (ECLS-K).
ECLS-K is sponsored by the National Center for Education
Statistics (NCES) within the Institute of Education Sciences
(IES) in the United States Department of Education. This
large-scale employed a multistage probability sample design to
select a nationally representative sample of children attending
kindergarten, and the primary sampling units (PSUs) were
geographic areas. 100 census regions were included, there were
18, 25, 34, and 23 located, respectively, in the Northeast, Midwest,
South, and West. The second stage units were schools within

sampled PSUs, and the third- and final-stage units were children
within schools. A total of 1,277 kindergartens were selected, and
they were composed of 914 public and 363 private kindergartens.
There were 443 kindergartens enrolled less than 50 children,
461 kindergartens enrolled the amount of children between
50 and 99, and 373 kindergartens enrolled more than 100
children. The majority of ethnicity were white (59%). Male
and female were 51 percent and 49 percent, respectively. The
mean age of kindergarteners was 68.50 (SD was 0.032), and
the mean of the child’s household size was 4.52 (SD was
0.010). 45 percent of children attended half-day kindergarten and
55 percent attended full-day kindergarten programs (National
Center for Education Statistics, 2001; Rathbun and West, 2004).
This longitudinal survey study followed the same children
from kindergarten through to eighth grade and is considered
a nationally representative sample with children from both
public and private schools attending both full-day and part-day
kindergartens. The ECLS-K included public-use data of 21,490
kindergarten to eighth grade students throughout the nation.
Children in the ECLS-K were recruited sequentially in the fall
and the spring of kindergarten, the fall and spring of first grade,
the spring of third grade, the spring of fifth grade, and the
spring of eighth grade. The fall of first grade data was discarded
because NCES only collected such data from a small (30%) sub-
sample of children during this survey wave (Tourangeau et al.,
2009). Finally, kindergarteners in the fall (wave 1) and in the
spring (wave 2), first grade students in the spring (wave 3) and
third grade in students in the spring (wave 4) were included
in this analysis.

Instruments

Deep approaches to learning relates to a child’s learning-
related motive and strategy, which was measured using teacher
ratings on the Approaches to Learning subscale, a modified
version of the Social Skills Rating System (Gresham and Elliot,
1990). NCES refers to the modified version of the SSRS as
the Social Rating Scale (SRS). The Approaches to Learning
subscale seeks to measure a child’s eagerness to learn, work
independence, task persistence and attentiveness. Following four
items which focus on deep approaches to learning were adopted
in this study: (1) shows eagerness to learn new things. (2)
works independently. (3) persists in completing tasks. (4) pays
attention well. Teachers rated how frequently each statement
was observed on children in their classroom using a 4-point
scale: 1 (never), 2 (sometimes), 3 (often), and 4 (very often).
Teachers” observations or general impressions to young children
may include children’s behaviors in the learning area as well
as in the leaning tasks or activities, and teachers’ assigned task
(i.e., assign kindergarteners to make an artifact they taught).
It was commonly used approach when young children were
included in the study, and it was assumed that children’s "inner"
part of the deep approaches to learning may be inferred from
observable external behaviors (McDermott et al., 2002; George
and Greenfield, 2005; Betts and Rotenberg, 2007; Greer et al.,
2015). Scores for each item were not added to form a single
indicator in every single wave. In other words, the scores
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of each four items remained separate to undertake MSEM-
ISGM.

Analysis

The intra-class correlation (ICC) was used to evaluate the
dependence of deep approaches to learning for each item across
time. Items fulfilled the requirements of ICC when they were
greater than 0.05 (Heck, 2001; Dyer et al., 2005), suggesting that
the analysis should take into consideration a two-level structure.
Following this, a conventional single level growth model (GM)
and MSEM-ISGM were compared to decide which is more
suitable to investigate the effect of context and states, stability,
and changes in deep approaches to learning (Kaplan, 2009).

It was decided, based on later analysis (i.e., ICC ranged from
0.29 to 0.44), that multilevel structure should be considered
and MSEM-ISGM was a more appropriate model for analyzing
current data. Figure 1 shows the specification of MSEM-IGSM
for both levels. It is important to note that data collection
intervals were not consistent between waves, with a half year
interval from wave 1 to wave 2, a year from wave 2 to wave 3,
and 2 years from wave 3 to wave 4, respectively. Due to this
variability, the loadings on the slope factors were set to 0, 1,
3, and 7 to define a linear growth model reflected actual time
intervals within level 1.

In Figure 1, level 1 represented the measurements at the
different time points that are nested within the Level-2 units
(individuals). The trait effects of the persons were captured
on Level 2. On level 1, t represented time point of the deep
approaches to learning, and yl-y4 represented four items for
measuring deep approaches to learning. Residual variables (g;)
that reflected random measurement errors of the four items.
The effect of measurement errors captured by the variances
of residual variables (c2;). Each item simultaneously shared a
common latent trait factor (¢) and a latent state residual factor
(¢). Latent trait factor reflects the effect of individual differences,
whereas latent state residual factor characterizes effects of the
situation. The state residual factor loadings (y;) are set to allow
for potential differences between indicators. The variance of the
common latent state residual factor (ng) captures the effects of
the situation on deep approaches to learning, and it was used to
clarify hypothesis 1. The intercepts and slope of the trait factor
(Eing and & slope) are, respectively, the initial status and weights
for each items at each time point. The black dots between the
arrow pointing from the time variable (t) to the indicators mean
that they (including their variances) are allowed to vary across
individuals. To identify the model, the latent state residual factor
loading parameter (1) of one reference indicator (y1) was set to
1. All factor loadings on the intercept factors must be set to 1 in
the model, and all factor loadings on the slope factors should be
set to t. The remaining state residual factor loadings, variances
of all latent variables and means of the latent intercept and slope
factors, as well as their co-variances were identified and can be
estimated as free parameters.

On level 2, no common factors were introduced, the latent
trait means E (¢) and variances Var (¢) of the intercepts and
slope of the trait factor are estimated. &;,,; represents the latent
trait scores at each time, while ¢ gy, denotes the latent differences

between the trait scores at time t and the trait scores at t-
1. The means E (Cintercepr) and variances Var (Sintercepr) of the
intercepts were used to examine hypothesis 2. The means of the
intercepts larger than and equal to 3 indicated that the states of
the deep approaches to learning was high, whereas the significant
variances of the intercepts and their values above 0.20 implied
the deep approaches to learning showed considerable individual
differences. The means E (¢ jop) and variances Var (Cope) of the
intercepts were used to examine hypothesis 3 (Geiser et al., 2013).
The means and variances of the slopes, respectively, reflects the
change/trend and stability of the deep approaches to learning
from kindergarten to third grade. Analyses were performed in
Mplus, and the Full Information Maximum Likelihood (FIML)
method was used to appropriately handle missing data (Muthén
and Muthén, 2012). This approach was used because it produced
parameter estimates that were less biased than list-wise deletion,
pairwise deletion or mean imputation (Enders, 2001).

RESULTS

Preliminary Analysis

Multivariate descriptive statistics were presented in Table 1.
Descriptive analyses were conducted to describe each item of
deep approaches to learning at four time points. As shown in
Table 1, kindergarteners’ deep approaches to learning were high
(ranging from 2.91 to 3.12) in the fall of kindergarten. Students
showed a similar mean level (ranging from 2.94 to 3.23) in
the following three time points. This seems to suggest that, on
average, deep approaches to learning were quite stable from
kindergarten through to third grade.

Additional analysis was performed to examine whether there
were considerable similarities among the four measurements.
Results showed that the ICCs for the four items were 0.29,
0.38, 0.36, and 0.44, respectively; all of which are above the
criteria of 0.05 suggested by researchers (Heck, 2001; Dyer et al.,
2005). These findings imply that a two-level structure should be
considered in the following analysis.

Appropriate Model for Evaluating the
States, Stability, and Changes of Deep

Approaches to Learning

Before identifying the appropriate model for evaluating the
states, stability, and changes of deep approaches to learning,
the longitudinal measurement invariance of the four items were
examined. Four invariance model were analyzed, they were
the configural invariance model, the metric invariance model,
the scalar invariance model, and the strict invariance model.
Differences of CFI (ACFI) and TLI (ATFI) between two models,
respectively, with standards of <0.01 and <0.02 were considered
invariance between less strict and stricter models (Cheung and
Rensvold, 2002). Results showed that the CFI and TLI were,
respectively, 0.957 and 0.945 for the configural invariance model,
0.954 and 0.948 for the metric invariance model, 0.944 and
0.943 for the scalar invariance model, and 0.945 and 0.949
for strict invariance model. The all ACFIs and ATFI between
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FIGURE 1 | The multilevel structural equation modeling indicator-specific growth model of deep approaches to learning. Retrieved and modified from Geiser et al.
(2013).
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TABLE 1 | Descriptive statistics for each item of deep approaches to learning from kindergarten to third grade.

Time The fall of kindergarten The spring of kindergarten The spring of first grade The spring of third grade
(wave 1) (wave 2) (wave 3) (wave 4)
(N =19,213) (N =19,271) (N = 15,048) (N = 11,760)

M SD M SD M SD M SD
[tem 1 3.12 0.83 3.23 0.82 3.19 0.83 3.09 0.85
Missing (%) 10.58 10.20 29.76 45.08
ltem 2 2.99 0.85 3.15 0.85 3.12 0.86 3.14 0.84
Missing (%) 10.44 10.11 29.70 45.02
[tem 3 2.99 0.87 3.14 0.87 3.06 0.90 3.05 0.90
Missing (%) 10.67 10.22 29.90 45.16
[tem 4 2.91 0.87 3.02 0.87 2.97 0.89 2.94 0.89
Missing (%) 10.40 10.12 29.75 4513

the former (less strict) model and the latter (stricter) model
were <0.01 and <0.02. It clearly indicated that the longitudinal
measurement invariance was hold, suggesting that the results of
MSEM-ISGM are guaranteed.

The Means and Variances of the States,
Stability, and Changes in Deep

Approaches to Learning

In each of the two levels, different effects were modeled and
analyzed. Within level 1, three different effects were modeled
and analyzed, the first of which being the time-invariant factor
loadings y;. The second effect was the common latent state
residual factor that is shared between indicators as represented by
the time-invariant variance parameter Var (¢). The last effect was
of measurement error as represented by the time-invariant error
variance parameters Var (g;). Within level 2, the effects of time,
as represented by the random intercepts int; and the random
slopes ¢slope; were analyzed.

The Effect of Learning Context on Deep Approaches
to Learning

Table 2 presents all the unstandardized parameters estimated
in MSEM-ISGM. As shown, the unstandardized state residual
factor loadings for item 1 to item 4 was 1.000, 1.103, 1.158,
and 1.065, respectively, with a factor variance of 0.206. These
results suggest that there was only a part effect of situation
on the deep approaches to learning. Instead, variances were
mostly found in the trait of deep approaches to learning,
which is not easily affected by context. The unstandardized
error variances were 0.262, 0.195, 0.210, and 0.183, respectively,
clearly showing that errors variances for the four items should
be considered. Considering both unstandardized residual factor
variances and error variances, which imply approximately 20%
and 80% of variations in items for the deep approaches to
learning, these can be, respectively, explained by the contextual
factors and the trait. These findings demonstrate the considerable
(rather than trivial) effect of the contextual factors on the
deep approaches to learning. Hence, the hypothesis 1 was not
supported by this finding.

The State, Stability, and Change of the Deep
Approaches to Learning

On an individual level (level 2), the overall means of intercept in
each item of approaches to learning were 3.181, 3.055, 3.062, and
2.970, respectively. The overall variances of intercept in each item
were 0.221, 0.287, 0.271, and 0.352, respectively. It indicated that

TABLE 2 | Parameter estimates and standard errors for the multilevel structural
equation modeling indicator-specific growth model.

Parameter label Parameter Estimates SE
Level 1
State residual factor loadings Y1 1.000* 0.000
Y2 1.108* 0.017
Y3 1.1568* 0.019
Y4 1.065* 0.017
State residual factor variances var () 0.206* 0.006
Error variances var (g1) 0.262* 0.008
var (g2) 0.195* 0.007
var (gz) 0.210* 0.008
var (e4) 0.183* 0.007
Level 2

Factor means E (Cinterceptt) 3.181* 0.006
E (fﬁnterceprZ) 3.055% 0.007
E (uinterceptél) 3.062* 0.007
E (Cintercepta) 2.970 0.007
E (&siopet) -0.015* 0.002
E (siope2) 0.015* 0.002
E (¢siopes) -0.007* 0.002
E (&siopea) -0.009* 0.002
Factor variances var Eintercept1) 0.221* 0.001
var (Einterceptt) 0.287* 0.001
var (interceptt) 0.271* 0.001
var (Einterceptt) 0.352* 0.001
var (siopet) 0.004* 0.012
var (£siope2) 0.001 0.011
var (siopes) 0.002 0.013
var (¢siopes) 0.002* 0.011

*p < 0.05.
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the states of the deep approaches to learning showed considerable
variations, it reflected considerable individual differences among
children from kindergarten to third grade. The hypothesis 2 was
supported because the deep approach to learning was relatively
high from kindergarten to third grade.

The overall means of slope for items were —0.015, 0.015,
—0.007, and —0.009, respectively. Most of them (except for item
2) showed a small but significant decline over time, whereas item
2 revealed the only overall positive growth. The overall variance
of slope for items were 0.004, 0.001, 0.002, and 0.002, respectively.
The half of items exhibiting small variation (except item 2 and
item 3). Altogether, it implied that the general trend of deep
approaches to learning was relatively constant. It suggested the
deep approaches to learning was relatively stable. As a result, the
hypothesis 3 was supported.

DISCUSSION

The main purpose of this study was to investigate the effect
of context on deep approaches to learning as well as the states
and changes of which for children from kindergarten to third
grade. The similarities among measurements were examined for
the rationality of considering a multilevel structure. It would be
problematic if the traditional latent growth model was applied
to analyze deep approaches to learning. This was because of
the considerable measurement errors within the four items,
which suggests a single composite score is not statistically valid.
Therefore. The MSEM-ISGM was used as a more appropriate
model to examine the proposed hypotheses of this study.

It may be the case that students are inherently or intrinsically
motivated to engage in, pay attention to, and work persistently
on learning a task until completion. However, the considerable
state residual factor variances suggest that deep approaches to
learning may be partly affected by learning context (i.e., class
activity) (Goto et al., 2018). Therefore, it is also possible that
the eagerness to learn, work independence, task persistence, and
attentiveness may partly reflect situational interest (Krapp et al.,
1992; Hidi and Renninger, 2006). Situational interest refers to a
student’s focused attention and affective reaction to a task that
is triggered temporarily by environmental stimuli (such as the
presence of novel work), which may or may not last over time
(Hidi, 1990). It is apparent that kindergarteners or pupils are
attracted to novel tasks due to the induced enjoyment, which can
then induce a willingness to learn, increased attentiveness and a
desire to complete the task independently.

Regarding the states, stability and changes of approaches to
learning, the construct remained relatively high and relative
stable from kindergarten to third grade, which was consistent
with hypothesis 2 and 3. These findings were also consistent
with results in the field of learning motivation (e.g., intrinsic
motivation and goal motivation). For example, development
research has indicated that children’s mastery goal orientation
remains high (Rholes et al, 1980; Dweck and Elliot, 1983;
Harter, 2012; Laitinen et al., 2017), even after failure (Rholes
et al, 1980; Dweck and Elliot, 1983; Harter, 2012). This
motivational focus may prompt active engagement in learning a

task and the adoption of adaptive motivational strategies, such
as persistence (Schunk et al., 2008). However, this study also
identified considerable variations in the intercepts of the deep
approaches to learning. This implies that individual differences
in deep approaches to learning was considerable and consistent
across the four time points. Interestingly, it was found that the
overall means of slope were consistent in the same negative
direction, except for the item regarding independent work. These
results were a little inconsistent to Sung and Wickrama (2018)’s
finding. These results suggest that eagerness to learn, persistence
and attention declined from kindergarten to third grade. It may
also infer that intrinsic motivation, interest, and mastery goal
orientation begins to decrease from kindergarten, which is earlier
than expected by researchers’ within the current motivational
literature (Meece and Miller, 2001; Lepper et al.,, 2005; Bong,
2009; Tuominen-Soini et al., 2011). Contrasting to this, teachers
observed that young children increasingly preferred to work
independently. This appears to be consistent with the practical
observation that most kindergarteners tend to complete learning
tasks collaboratively. Researchers have also found that students’
need for autonomy increases with age (Jang et al., 2012). Students
may therefore fulfill this increased need for autonomy through
the independent completion of learning tasks (Schunk et al,
2008). As a result, the growth of independent work observed in
this study may be explained by the increased need of autonomy
proposed in the self-determination theory (Ryan and Deci, 2000).

Finally, considering data-gathering process in this study,
the approaches to learning for each children was evaluated
by their teacher according to teacher’s daily observations and
general impressions to that children. It was because self-report
by young children using typical questionnaire was considered
to be challenging due to the tendency to be highly positive
in ratings of their own inner activities (i.e., abilities and
interests) and the restriction on text reading and comprehension
abilities (George and Greenfield, 2005). However, young children
themselves should also be considered as important sources of
information because they may be able to report themselves by
using measurement they are familiar with and are understandable
(Wu, 2022). This was especially important when internal
constructs of the many aspects of approaches to learning are
including (i.e., persistence, and preference for challenge) (George
and Greenfield, 2005). The appropriate instrument for young
children to self-report their approaches to learning was absent.
Measurement for approaches to learning with familiar and
understandable content for young children is clear needed.
It was beneficial for giving researchers better understanding
about approaches to learning for young children from different
sources of information.

IMPLICATIONS

The results of this study may have some theoretical and practical
implications, particularly in regard to the relationship between
approaches to learning and motivation. Approaches to learning
may be an explicit representation of motivational belief, just as
achievement goal theory originates from sense of competence
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(Elliot, 2005). Within achievement goal theory, a mastery goal
orientation can create the desire to learn, with students being
more able to persistently concentrate on a task. Consistent
with findings in the motivational literature, the decline of this
type of motivation may reflect the decrease in most deep
approaches to learning. Specifically, the decline in student’s
mastery goal orientation may signal the diminishing adaptation
of the deep approaches to learn, imbedded in a sense of
competence. However, this seems contrary to the prediction of
achievement goal theory due to the increase in the desire to work
independently. This may be explained by the self-determination
theory (SDT), which argues that students need for autonomy
generally increases with age. Thus, the development of increased
autonomy may be independent to that of mastery goal orientation
which is rooted in the need for competence. The findings of this
study may therefore provide supportive evidence that most deep
approaches to learning is rooted in the need for competence,
which is different to the origins of the need for autonomy,
perhaps developing parallel to each other.

In the past, related research adopted the use of a composite
score to represent a student’s approach to learning. However,
this study identified variances in each item and states score
traditionally used to form the single score. In addition,
items were not changing in the same direction over time.
Therefore, variances from different sources were confounded in
conventional growth modeling, preventing the examination of
situational effects. As a result, it was determined that items should
be analyzed separately to decompose the variation contributed by
measurement error, context and trait. Hence, indicator-specific
growth modeling was adopted for this kind of analysis.

Another limitation identified in past research includes
the structure in which time nested in individuals. Within
conventional approaches, there was the assumption that the
states, stability, and changes in deep approaches to learning
contained no variation. However, it was evident within the
current study that there were statistically significant variations
around the means of most intercepts and slopes. The nested
structure should therefore be considered through a multilevel
SEM approach. Altogether, compared to conventional LGM,
the MSEM-ISGM was superior in decomposing different effects
and therefore investigating the states, stability and changes in
approaches to learning. Due to the appropriateness of MSEM-
ISEM, past research concerning longitudinal relationships
involving deep approaches to learning may need to be re-
examined.

For practitioners, the overall decline in deep approaches to
learning combined with the constant variabilities around the
means of the four items may imply two conditions. Firstly, it
can be inferred that education in both kindergarten and early
primary school exerts a positive effect on children, but this
effect is continually attenuated by the detrimental effect of time-
varying factors such as instruction. Secondly, the effect of context
hold constant while learning tasks or material becomes boring
to the student, therefore the task content becomes insufficient
in eliciting intrinsic motivation, interest, or mastery motivation
(Schunk et al., 2008). In general, family factors are relatively
stable, while the learning context in school is changing for

children who transited from kindergarten to primary school
and from early to middle elementary school. Specifically, as
children carry-out elementary school, task difficulty increases
as well. As students have increased opportunities to master
learning content independently, it is reasonable to infer that
they may experience an increased number of failures in
the learning process, which attenuates their eagerness to
learn and decreases persistence and attentiveness to the task
(Dickhauser et al., 2011).

In practice, teachers should begin to monitor students’
learning process from early childhood, because their adaptive
motivation and learning strategy may start to decline from
kindergarten. Due to a need for relatedness, kindergarten
children tend to prefer working cooperatively (Deci and Ryan,
2000) which could be used to trigger students’ situational interest
or social goal (Urdan and Maehr, 1995). Thus, cooperative
learning may in turn exert a positive effect on adaptive motivation
and strategy. This suggests that teachers working within the early
stages of elementary school should consider more cooperative
learning activities to promote adaptive motivation and strategy.

SUMMARY

This study aimed to realize the utility of considering multilevel
multiple indicator growth modeling, and to examine the effect
of the context as well as the states, stability, and changes in
deep approaches to learning. Results documented the advantage
of MSEM-ISGM over conventional growth modeling. The
effect of context on deep approaches to learning was also
supported. In addition, the states and changes of the deep
approaches to learning from kindergarten to third grade was
also demonstrated, which partly supported and challenged
former researches. For instance, the findings of this study
complement former findings within the motivational literature,
supporting the possible relationship between deep approaches
to learning and a mastery goal orientation. On this basis,
future research may need to investigate the relationship
between other variables and deep approaches to learning.
For practitioners, the results of this study may increase
awareness of the possible decline in adaptive motivation and
learning strategies, encouraging the adoption of appropriate
interventions for prevention.

LIMITATIONS OF THE STUDY

The current study focused on the use of a more appropriate
method for decomposing the effect from measurement errors
and investigating the states, stability, and changes in deep
approaches to learning. Due to this focus, there were no other
variables included in the analysis. It is evident that future
research needs to re-examine the effects of deep approaches to
learning on other variables (e.g., achievement scores) by using
either single or multilevel SEM-based ISGM. Moreover, the
lack of variables regarding learning motivation (e.g., intrinsic
motivation, interest, or achievement goal) resulted in the
inability to investigate the effect of motivational variables
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on deep approaches to learning. This may restrict particular
inferences of this study. Another limitation of this study was that
kindergarteners and young pupils were unable to rate themselves
on the items of deep approaches to learning. As a result, the
assessment relied on the observations of their teachers. For future
research, it is necessary to develop an instrument which grants
young children the ability to report by themselves or participate
in experimental activities. It may also be beneficial to compare
rating consistency between teachers and children.

In addition, the analysis approach of this study was variable-
based rather than person-based. The person-based approach
could have been used to investigate the pattern or profile of
deep approaches to learning at each time point as well as pattern
changes over time. Specifically, kindergarteners with similar
profiles of deep approaches to learning could be clustered at
each of four time points from kindergarten to third grade,
with different subgroups containing their own profiles. Latent
transition could be used to investigate the changes of these
profiles over time. Further, other variables could be included to
investigate their effect on the profile changes. Since this approach
was out of the scope of this study, future research should address
this issue using a person-based analysis approach. It should
be noted that the single level person-based approach became
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