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This study is based on the application of latent growth modeling, which is one of structural equation
models on real data. Teachers’ Sense of Efficacy Scale (TSES), which was previously adapted into
Turkish was administered to 200 preservice teachers at different time intervals for three times and
study data was collected. Measurement equivalence of TSES was analyzed over this data using second-
order latent growth models. For this aim, whether the scale achieved measurement equivalence at
metric and scalar level was tested. The findings support that Teachers’ Efficacy Scale has measurement
equivalence in time. Time intervals between the applications of the scale were associated with school
experience (internship programs) of preservice teachers. The applications were carried out before,
during and after internship. It was found that preservice teachers’ sense of efficacy increased in time
and that as school experience increased belief towards professional sense of efficacy developed.
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INTRODUCTION

Latent growth models (LGM) among structural equation
models, is used to analyze time-dependent change.
These models were first introduced by Rao (1958) and
Tucker (1958) as the basis of longitudinal factor analysis
and were later developed and corrected by Meredith and
Tisak (1984, 1990), McArdle (1988), McArdle and Epstein
(1987) and Muthen (1991). Longitudinal analyses use
different statistical techniques for data analysis. One of
these methods is the approach, which deals with “raw
change” in scores. Analysis of variance (ANOVA) and
multiple regression methods analyze the difference
between the first and second time measurements as a
function of individual or group characteristic (Curran and

Muthen, 1999). Another alternative approach involves the
analysis of “residual variance”. Analysis of covariance
(ANCOVA) is one of the typical applications of this
method. ANOVA only analyzes “raw change;” in other
words, the change in mean and finally change in each
individual is indicated as error variance. However, this
“error variance” in fact, gives important information about
the quality of change. For this reason, researchers
studied methods to better explain the nature of change
and differentiation of the individual (Duncan and Duncan
2004). Time series analysis methods model change in
data, rather than the change in structure. Although LGM,
which are developed as a result of these studies, is a
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stronger method in statistical terms, in studies which are
based on the comparison of two methods, it gives a
higher fit between the underlying theory of the analysis
method and the statistical method (Preacher et al., 2008).

Latent growth model

LGM offer a more suitable methodology for longitudinal
studies, which measure the change in the latent structure
consisting of manifest variables. The variables observed
in these types of studies are generally obtained from total
or mean scores obtained in time of an item set under a
single structure. The obtained observed variables are
used in identification of first order LGM. In first-order
LGM, the model fits to the vector and covariance matrix
of mean observed variables scores which were reformed
at each time for each individual (Sayer and Cumsille,
2001; Andruff et al., 2009; Sessoms and Finney, 2015;
Kim and Willson, 2014).

While calculating time-dependent variance in LGM, two
parameters of latent growth factor were determined.
These parameters are first situation and change ratio. In
model function, the first situation corresponds to intercept
and variance ratio corresponds to slope (Fraine et al.,
2007).

Considering that the markers observed for first-order
LGM are X, W...and Y and the sum of these items point
out to V observed variable, V=X+W+....+Y.

For first-order LGM, it is expressed as follows;

V(t)n = fOn + ﬁ(t)fsn + e(tn

Where V indicates observed variable score observed at t
time for n people while fo,and fg, show intercept and slope
values. Apart from this, B shows the basic coefficient
determined from the shape of the slope and e indicate
residual terms for n people at t time which cannot be
explained with intercept and slope values (Ferrer et al.,
2008).

Since first-order LGM is easily calculated and
interpreted, they are commonly used in a lot of fields. On
the other hand, easy adaptation of model is one of the
strong aspects of first-order LGM. However, the principle
limitation of this model is that the same latent structure is
evaluated for the measurements at each time level.
Presence of a single indicator for each measurement
time makes it impossible to apply standard procedure to
identify factorial invariance. For this reason, researchers
cannot calculate but only estimate the variance, which is
the effect of the observed variable on the latent
invariance dimension for each measurement time (Ferrer
et al., 2008).

Second-order LGM is an approach which allows for
modeling of the change of latent level in time. This model
is a multiple variable extension of first degree LGM. lIts
most important advantage is that factorial invariance of
model parameters can be calculated for the
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measurements at each time level. When factorial
invariance is kept constant, it can inform the researcher
that the same latent dimension is measured as the same
at each time level. If factorial invariance is achieved, in
that case, intercept and slope parameters of the model
can be calculated. For example, a model with three
variables can be written as follows;

X(t)n =T, + Axf(x)n + ex(tn
W(t)n =1y + Awf(x)n + Ew(t)n V€
Yion =1y + 4y feon + eyom
f(t)n = fOn + ﬁ(t)fsn + Z(t)n »

In the equation above, observed variables of n people at t
time are indicated with X, W and Y. In the equation,
T indicates the intercept, 1 indicates factor load or the
indicator of linear slope for factor f, e indicates single
factor score, fo, and fs indicate intercept and slope values
of f factor for n people and g indicate basis coefficients
determined from the shape of the slope and zyexpresses
distribution term off factor at t time. Diagram of this model
is presented in Figure 1. In the figure, observed variables
are indicated with square, while latent variables are
indicated with circle. On the other hand, triangles
represent the intercept with which means and slopes are
estimated.

Three prerequisites should be satisfied to make LGM
analysis (Kline, 2005). First of all, measurement at
constant (at equal intervals) level at minimum three
different situations belonging to one independent variable
is required. Secondly, the measurements should be
collected from the individuals simultaneously and finally
measurement equivalence should be achieved (Dural et
al., 2011). Achieving measurement equivalence means
that the measurements observed at different time points
measured the same structure.

Measurement equivalence for LGM

Longitudinal measurement equivalence or time-dependent
measurement equivalence indicate the status of
measurement values obtained from the same mea-
surement tool at different times. Achieving measurement
equivalence means that the structure formed by the
observed variables by latent structure measured at
different times is the same at each measurement time
(Drasgow, 1987; Meredith, 1993; Hancock et al., 2001;
Ferrer et al., 2008).

Factorial equivalence whose scope was determined by
Meredith (1964, 1993) was analyzed by taking
measurement equivalence of common factor model as a
reference in general terms (Stoel et al., 2004, Ferrer et
al., 2008). In previous studies, factorial equivalence was
divided into two categories, which are metric equivalence
and non-metric equivalence (Horn et al., 1983; Meredith,
1993; Widaman and Reise, 1997). Metric equivalence is
hierarchically analyzed in three steps which are weak,
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Figure 1. Second order LGM.

strong and strict factorial equivalence (Ferrer et al.,
2008).

Non-metric equivalence means similar properties of
indicators of latent structure without numerical data for
parameter estimates. Weak factorial equivalence points
out those factor loads of each observed variable take
time-dependent values. On the other hand, strong
factorial equivalence refers to adding invariance of
intercept value of each indicator to weak equivalence. In
strict factorial equivalence, in addition to factor loads and
intercept value, it is expressed that specific variance of
each indicator also changes in time (Ferrer et al., 2008).
Analysis of measurement equivalence using second-
order latent growth models only test weak and strong
equivalences; after achieving strong equivalence, strict
equivalence analysis cannot be generally performed. In
other words, achieving scalar (strong) invariance is
considered as adequate for measurement equivalence
(Vandenberg and Lance, 2000; Wu et al., 2007).

Chi-square “y*” values and Comparative Fit Index (CFl)
determined from two models are used to determine
whether measurement equivalence is achieved or not
(Byrne and Stewart, 2006; Vandenberg and Lance, 2000;
Wu et al., 2007). Ay? and ACFI are calculated taking the
difference of y2 and CFI values belonging to two models.
While testing statistical significance of the obtained Ay?,

this value is compared to critical chi-square value
corresponding to the difference between degrees of
freedom of two models. Obtaining a statistically
insignificant Ay? value as a result of this comparison
indicates that measurement equivalence is achieved.
Although no statistical significance test can be made for
ACFI, if the ACFI value obtained from the comparison of
two models is equal to or smaller than -0.01 value can be
used as a proof of achieved measurement equivalence
(Byrne and Stewart, 2006; Vandenberg and Lance, 2000;
Wu et al., 2007).

Aim

This study examined time-dependent measurement
equivalence of second-order LGM using real data. The
teachers’ sense of efficacy scale’s weak and strong
measurement equivalence in second order LGM was
tested. Besides, the measurement tool's longitudinal
measurement equivalence was examined. This study
also investigated further evidence for the construct
validity of the three factor subscale scores via analyzing
the measurement equivalence of TSES using second-
order latent growth models. On the other hand, we tried
to analyze how Teachers’ Sense of Efficacy changed as



the teachers’ experience increased.

METHODS
Type of the study

Since the study is based on the examination of data on the practical
use of LGM models, it is a descriptive study. However, as the
measurements of Teachers’ Sense of Efficacy were taken at
different time intervals, it can be considered as longitudinal study.

Study group

Sampling of the study included preservice teachers enrolled in Ege
University, Program of Teaching (Pedagogic Training for Preservice
Teachers). Real data was obtained from repetitive measurement of
Teachers’ Sense of Efficacy Scale on 200 students who were
randomly selected from a total of 400 students. The sampling
consisted of a total of 200 students with bachelor's degree, of
whom 128 (64%) were female and 72 (36%) were male.

Measurement tool

Original form of Teachers’ Sense of Efficacy Scale-TSES was
developed in “Self Efficacy in Learning and Teaching” seminar held
in Ohio State University. New items were added based on self-
efficacy scale of Bandura and a 24-item scale consisting of 9-item
Likert scale was designed (Tschannen-Moran and Hoy, 2001). The
reliability for the 24-item scale was 0.94 and construct validity
evidence obtained by authors.

Original scale was adapted in Turkish in 2005 after completing
validity and reliability studies (Capa et al., 2005). The Turkish
adaptation of the scale contained 3 sub-dimensions and 24 items
like in the original one. Sub-dimensions of the scale measure
teacher competencies in “using educational strategies”, “classroom
management” and “providing student participation”.

Teachers’ sense of efficacy refers to belief or perception of a
teacher that he/she can produce desired learning products even in
case of the presence of generally problematic students with low
motivation (Tschannen-Moran and Woolfok-Hoy, 2001). The
characteristics of individuals with sense of efficacy include
struggling with problems and having a determined attitude towards
problem-solving, in other words, loyalty to new targets (Bandura,
1997; Scholz et al., 2002).

Cronbach’s alpha coefficient calculated for Turkish adaptation of
Teachers’ Sense of Efficacy was found to be .93. However, it was
calculated as .84 for “using educational strategies”; .84 for
“classroom management” and 0.86 for “providing students
participation” (Capa et al., 2005).

Total scores obtained from Teachers’ Sense of Efficacy Scale
gives information about professional sense of efficacy of teachers
or preservice teachers. High scores received from the scale indicate
higher sense of efficacy for teaching profession while low scores
indicate lower sense of efficacy. It also provides information about
their levels in classroom management, providing students
participation and using teaching strategies which are sub-
dimensions of teachers’ sense of efficacy.

Procedure
Teachers’ Sense of Efficacy Scale was administered to a total of

200 preservice teachers who were selected as unbiased in three
replications before (the first application), during (in the middle of
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internship) and after the internship (the third application) during
2012/2013 spring semester. This application aimed to examine
how teachers’ sense of efficacy varied before having any
experience; after having a certain degree of school experience and
after completing internship programs. The data were gathered at
60-day intervals.

Analyses

M-Plus 5.1 (Muthen and Muthen, 2008) software was used for the
analysis of latent growth models. In the present study,
measurement equivalence in second degree LGM was analyzed
using basic LGM, weak measurement equivalence in LGM and
strong measurement equivalence in LGM.

RESULTS
Data analyses

Basic LGM model in Table 1 indicates a situation with no
limitation to test measurement equivalence. Indices
obtained from basic LGM in the analysis indicate a good
fit between the model and data. In other words,
measurements of latent variable at three time points
show a linear increase. However, for the situation which
achieved measurement equivalence, the difference
between latent variable should be analyzed. Weak and
strong equivalents should be tested. Table 1 presents the
results of basic model, weak invariance model and strong
invariance model.

Basic LGM model in Table 1 indicates a situation with
no limitation to test measurement equivalence. Indices
obtained from basic LGM in the analysis indicate a good
fit between the model and data. In other words,
measurements of latent variable at three time points
show a linear increase. However, for the situation which
achieved measurement equivalence, the difference
between latent variable should be analyzed. Weak and
strong equivalents should be tested.

Factor loadings were restricted in weak equivalence
degree included in analyses. For this model,
measurement equivalent was determined by subtracting
x2 and CFl values obtained for the first model from y2 and
CFI values. Analysis of Ay? and ACFI in Table 1 shows
that there was no significant deterioration in the model.
This means that Teachers’ Sense of Efficacy Scale had
weak (metric) measurement equivalence in LGM. In
addition to the limitations in strong equivalence weak
equivalence analyses for the scale, analysis was made
by restricting intercept values. As indicated in Table 1,
ACFI and Ay? values obtained from the difference of CFI
and x2 values of weak and strong invariance models
indicate that there is no deterioration in the model. This
situation proves that condition of scalar (strong)
equivalence was achieved in second level LGM for
Teachers’ Sense of Efficacy Scale.

The Appendix 1 includes parameter estimates and
reports results of factor loads. As indicated in program
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Table 1. Goodness of fit and model difference statistics of measurement equivalence.

Parameter ¥? sd SRMR CFI Ay? Asd* ACFI
Basic LGM 118.915 25 0.051 0.915 - - -

Weak equivalence in LGM 120.857 29 0.069 0.917 1.942 4 0.002
Strong equivalence in LGM 122.365 33 0.070 0.919 1.508 4 0.002

Asd* = 4 critical value; y2 = 13.28 at p = 0.01 level.

output, since first indicators off latent variable are fixed to
1 in the model as reference variables, no parameter
estimation can be made. On the other hand, for two other
indicators of latent variable, parameter estimations are
given by restricting factor loads in such a way to be
equivalent at three time points. “S WITH I” section in the
Appendix 1 show covariance value for latent growth
factors and it is understood that this coefficient is -19.06
(p = 0.00). In standardized results, correlation coefficient
was -0.89 among latent growth factors which corresponds
to this value. The section “Means” in parameter estimates
indicates means of latent growth factors and here it is
understood that mean first situation latent growth factor
was estimated as zero. Main reason for this is that in
second degree LGM, constant values of observed
variables and mean of the first situation latent growth
factor were not estimated simultaneously. Estimated
mean for the change ratio of latent growth factor is 0.27
(p = 0.00). The section “Intercepts” which reports
constant values for observed variables include restricted
parameter estimations with equivalent constant values at
three time points. Estimated variances of the first
situation and change ratio factors (under the title
“variances”) were found to be 30.62 (p = 0.00) and 14.70
(p = 0.00) respectively. The last chapter of the Appendix
1 reports error variance values for observed (y11-y33)
and latent (f1-f3) variables under the title of “Residual
Variances”. R? values which represent explanation ratio
of the model of observed and latent variables were
calculated as 0.71, 0.75, 0.70, 0.62, 0.68, 0.65, .81, 0.77
and 0.70 for observed variables and 0.33, 0.72 and 0.51
for latent variables, respectively.

DISCUSSION

In the present study, linear change of teachers’ efficacy in
time was analyzed by using real application data set
within the scope of second order LGM; measurement
equivalent was tested as metric and scalar level and
findings of the analyses were presented. Furthermore,
model parameters in the outputs were explained.

The fact that estimated mean of latent growth factor of
variance ratio was statistically significant points out to a
time-dependent linear change in terms of the handled
characteristics. The fact that mean of latent growth factor
of variance ratio was statistically significant indicate that

teachers’ sense of efficacy showed a time-dependent
variance. Since the obtained mean value is positive, the
mentioned variance can be interpreted as preservice
teachers” increased teachers’ sense of efficacy in time.

Statistically significant result obtained for the variance
of the first situation latent growth factor means that the
individuals in the sampling was not a heterogeneous
group in terms of teachers’ sense of efficacy levels. On
the other hand, statistically significant variance of latent
growth factor of change ratio points out that the
individuals in the sampling different from each other in
time, in terms of teachers’ sense of efficacy levels.

The relationship between latent growth factors (in other
words obtaining a statistically significant covariance
value) indicates that the increase the individuals with high
levels of teachers’ sense of efficacy at the beginning
show in time was higher than that of the individuals with
low levels at the beginning (Bollen and Curran, 2006;
Welch, 2007). Despite this, since there is a negative
relationship, it indicates that teachers “sense of efficacy
levels of the individuals with lower beginning level
increased more than those who had higher teachers”
sense of efficacy levels at the beginning. Finally, R2
values reported in standardized results for the estimated
error variances of the observed (y11-y33) and latent (f1-
f3) variable in the model are used to interpret the extent
the variance in observed and latent variables are
explained by the model. According to this, variance
model explained 71% of variance in observed variables
and 52% of the variance in latent variables on average.

Conclusion

Various research problems about sensory characteristics
of individuals require analysis of behavior in time. The
results of this study indicated that Teachers’ Sense of
Efficacy Scale had weak (metric) measurement
equivalence and scalar (strong) equivalence in LGM.
Considering that teachers’ sense of efficacy can change
as the experience of preservice teacher increases,
widespread use of this type of research particularly in the
field of education will significantly contribute to our
knowledge of teacher training. Teachers’ sense of
efficacy form was administered to the students enrolled in
program of preservice training, from whom data was
collected, at three different times: Before the start of



teaching application (the first application); in the middle of
semester (the second application) and after the
completion of application training (the third application).
This made it possible to investigate the change in
professional sense of efficacy of the students in time
depending on experience. It was found that as the school
experience of the students with low sense of efficacy at
the beginning, professional sense of efficacy levels
increased. As implied by Mulholland and Wallace in
2001, the findings reveal that as their school experience
increased, the students with high sense of efficacy score
at the beginning shows lower development than those
who had low sense of efficacy. Based on our findings it
can be stated that measuring sense of efficacy in
individuals with no school experience can be misleading.
In other words, it can be suggested that professional
sense of efficacy becomes more stable with experience.

A number of research should be conducted in future
studies: First, further research on psychometric
properties of the Teachers’ Sense of Efficacy Scale
needs to be analyzed. Second, the scale quality should
be tested for investigation of the relationships between in-
service teachers across different settings and different
subject-areas. Finally, the relationships between teacher
characteristics and teachers’ efficacy judgments should
be analyzed.
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Appendix 1. Second order LGM’ M-Plus output for standardized solutions of parameter estimations.

. Two-Tailed

Variable -

Estimate S.E. Est./S.E. P-Value

STD Standardization

|
F1 1.152 0.080 14.390 0.000
F2 1.094 0.092 11.909 0.000
F3 1.055 0.105 10.018 0.000
S
F1 0.000 0.000 999.000 999.000
F2 0.760 0.069 11.056 0.000
F3 1.466 0.117 12.515 0.000
F1 by
Y11 4.805 0.341 14.080 0.000
Y21 5.654 0.386 14.648 0.000
Y31 5.730 0.412 13.903 0.000
F2 by
Y12 5.059 0.419 12.080 0.000
Y22 5411 0.418 12.955 0.000
Y32 5.567 0.440 12.656 0.000
F3 by
Y13 5.245 0.334 15.712 0.000
Y23 5.735 0.379 15.145 0.000
Y33 5.527 0.390 14.187 0.000
S with | -0.896 0.037 -24.373 0.000
Means
| 0.000 0.000 999.000 999.000
S 0.273 0.087 3.130 0.002
Intercepts
Y11 53.019 0.411 128.957 0.000
Y21 54.177 0.469 115.616 0.000
Y31 53.234 0.492 108.268 0.000
Y12 53.019 0.411 128.957 0.000
Y22 54.457 0.575 94.703 0.000
Y32 53.181 0.599 88.788 0.000
Y13 53.019 0.411 128.957 0.000
Y23 53.938 0.559 96.532 0.000
Y33 53.241 0.559 95.322 0.000
F1 0.000 0.000 999.000 999.000
F2 0.000 0.000 999.000 999.000
F3 0.000 0.000 999.000 999.000
Variance
| 1.000 0.000 999.000 999.000
S 1.000 0.000 999.000 999.000
Residual variance
Y11 9.377 1.406 6.667 0.000
Y21 10.658 1.767 6.030 0.000
Y31 14.182 2.047 6.928 0.000
Y12 15.481 2.323 6.666 0.000
Y22 14.046 2.276 6.172 0.000
Y32 16.619 2.516 6.606 0.000
Y13 6.414 1.220 5.257 0.000

Y23 9.777 1.581 6.183 0.000
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Appendix 1. Contd.

Y33
F1
F2
F3

Observed variable
Y11

Y21

Y31

Y12

Y22

Y32

Y13

Y23

Y33

Latent variable
F1

F2

F3

12.818
99.00
0.715
0.508

0.711
0.750
0.698
0.623
0.676
0.651
0.811
0.771
0.704

0.328
0.285
0.492

1.718
999.00

0.048

0.146
R-square

0.047
0.045
0.048
0.060
0.056
0.056
0.039
0.041
0.044

0.079
0.048
0.146

7.460
999.00
15.023

3.472

15.067
16.632
14.694
10.392
12.030
11.523
20.821
18.922
16.031

4.152
5.981
3.359

0.000
999.00

0.000

0.001

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.001




