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In the Dynamic Model of Educational Effectiveness, classroom-level effectiveness 
factors are assessed through observations or aggregated students’ ratings. The 
current study is aimed at developing and validating a complementary teacher self-
report instrument of effective practices at classroom level (the DMEE-Class-T). 
The new instrument showed concurrent validity with the CSS-T. Dimensionality of 
both instruments was examined using the bifactor exploratory structural equation 
modeling (ESEM) framework, testing for alternative factorial representations of the 
data collected in a large-scale study conducted in all Luxembourgish elementary 
schools. For both instruments, the bifactor-ESEM and ESEM models showed 
excellent fitting indices and parameters, but the ESEM solution was retained 
as the best model for parsimony purpose. These results suggest that the eight 
types of practices assessed through the DMEE-Class-T could be considered as 
distinct facets of effective teaching practices while taking items cross-loadings 
into account. Implications for research and teachers’ professional development 
are discussed.
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Introduction

According to several authors (Scheerens, 2016; Sánchez-Cabrero et al., 2021; Charalambous 
and Praetorius, 2023), the Dynamic Model of Educational Effectiveness (DMEE, Creemers and 
Kyriakides, 2008; Kyriakides et al., 2020) is one of the reference models that encompassed the 
most relevant theoretical and empirical findings in the field of educational effectiveness. DMEE 
is a comprehensive and general theoretical framework based on over 40 years of research 
conducted as part of the Educational Effectiveness Research. Quantitative syntheses and 
numerous empirical studies in different countries have provided strong support to the main 
assumptions of the model (see Kyriakides and Panayiotou, 2023 for a review).

The first distinctive feature of the DMEE is that it aims to explain different types of 
students’ outcomes (cognitive, affective, psychomotor, metacognitive), which are therefore 
not limited to the traditional measures of competence in mathematics, reading or science. The 
second feature of the model is its multi-level nature. The output variables are explained not 
only by factors at student level, but also by factors at class level, school level and system (or 
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regional) level. Finally, the third feature of the model is that it 
considers the factors at the different levels not only quantitatively, 
generally in terms of frequency or duration, but also qualitatively in 
terms of focus (degree of specificity of the tasks or practices), stage 
(point in the educational process at which the tasks or practices are 
proposed), quality (direct impact of the tasks or practices on the 
targeted learning or behaviour) and differentiation (adaptation of 
the tasks or practices to different groups of pupils). Contextual 
factors at the level of the system (or its regional entities) refer to the 
policy advocated in terms of education and teaching, but also to the 
value placed by society on learning and the school institution. At this 
macro level, it is also a question of describing national (or regional) 
policies relating to the professional development of teachers, the 
evaluation of schools and teachers, and the development of school 
quality. School-level factors have direct effects on student outcomes, 
but also indirect effects by influencing classroom-level factors, in 
particular teaching practices. Specifically, the model refers, on the 
one hand, to the policies defined by the school with regard to 
teaching practices (quantity, quality, learning opportunities offered) 
and the quality of the learning environment (management of student 
behaviour outside the classroom, collaboration between teachers, 
partnerships with other players, provision of sufficient resources for 
students and teachers) and, on the other hand, to the evaluation of 
these policies within the school. According to the DMEE, there are 
eight factors of effectiveness defined at classroom level: (1) 
orientation practices, (2) structuring practices, (3) questioning 
techniques, (4) teaching-modelling practices, (5) exercising, (6) 
management of time, (7) making the classroom a learning 
environment and (8) assessment practices (Creemers and Kyriakides, 
2008; Kyriakides et al., 2018). Orientation practices refer to how 
teachers engage students in understanding the purpose behind a 
learning activity to make the lesson content more meaningful to 
them. Structuring practices are practices used to present and 
structure course materials and lessons parts (i.e., overviews, 
roadmap, indicating transitions, emphasizing key concepts, 
summarizing). Questioning techniques refer to posing a variety of 
questions (about product but also process) at appropriate level of 
difficulty and to adequately dealing with students’ answers. 
Questioning can be  a valuable tool for assessing students’ 
comprehension, assisting them in clarifying their thoughts, and 
articulating their understanding to develop a sense of mastery. 
Teaching-modelling practices refer to self-regulated learning. 
Effective teachers encourage students to use specific strategies or to 
develop their own problem-solving strategies. Exercising refers to 
opportunities for practice and application. Management of time 
focuses on the amount of time used for on-task behavior. The aim is 
to minimize the time lost because of classroom disruptions or 
organizational issues. Making the classroom a learning environment 
refers to a classroom climate which encourages interactions between 
teachers and students, and between students, and which minimizes 
students’ disruptive behaviors. Assessment practices mainly refer to 
the use of formative assessment practices. Teachers are expected to 
use appropriate techniques to gather data regarding students’ 
learning, to identify individual needs, and assess their own practices. 
It is important to note that it is the combination of these eight factors 
and their quantitative and qualitative aspects that defines the quality 
of the teaching provided. In other words, it is not enough for these 
practices to be frequent; they must also be implemented with quality.

Importantly, in empirical studies testing the DMEE, data at 
classroom level are in general collected by external observers and/or 
through questionnaires administered to students which are then 
aggregated at class level. Teachers are asked to fill in the school-level 
questionnaire but never a classroom-level questionnaire about their 
practices. In a context other than research or formal teacher 
assessment, self-reported measures could increase teachers’ 
willingness to engage in self-reflective assessment of the real impact 
of their teaching practices. This is of particular importance in school-
wide multi-tiered systems of support frameworks where teachers are 
supposed to use effective instructional and behavioral practices before 
addressing struggling students to more intensive support services.

In complement to the existing instruments developed in reference 
to the DMEE, the present study aims at developing and validating a 
teacher questionnaire to measure classroom level factors.

Doubts when teachers assess the quality of 
their own instructional practices

Improving teaching practices has been on the agenda of most 
education systems in industrialised countries for two decades now 
(OECD, 2003, 2007; Levin, 2011; Kraft and Gilmour, 2017; Brown and 
Malin, 2022). In this context, more and more attention is being paid 
to the assessment and improvement of teachers’ practices. According 
to Reddy et  al. (2021), teacher evaluation is designed to provide 
teachers with formative feedback that could help to identify 
professional development needs. In the USA, multi-method teacher 
evaluation systems combining administrators’ and students’ ratings of 
teachers, classroom observations, and student competency growth 
measures are already in place, even if they are not without 
measurement bias (see for example the sampling effect limiting the 
accuracy of observer ratings, Clausen, 2002; Göllner et al., 2021).

Teacher input is, in general, not included in multi-method teacher 
evaluation systems or in studies about instructional quality because of 
common self-report method issues, such as social desirability (Little 
et al., 2009; Van de Vijver and He, 2014). This issue often occurs when 
respondents are asked to indicate the importance of an instructional 
strategy on a Likert scale of importance. One notable exception is the 
Teaching and Learning International Survey (TALIS) conducted by 
the OECD about teachers, school leaders and their learning 
environment. In this recurrent international large-scale survey, 
instructional quality is measured through teachers’ self-report. To 
minimize the issue of social desirability, TALIS uses frequency 
response scales (Ainley and Carstens, 2018). The questionnaire asks 
respondents to use a frequency scale to indicate how often a particular 
instructional strategy occurs during lessons. According to the authors, 
this choice of response scale means that teachers’ self-reports on 
selected instructional practices no longer represent the quality of these 
instructional practices but the frequency of their occurrence, which 
reduces social desirability.

Numerous studies have however examined the correlation 
between teachers’ self-reports on their teaching and classrooms 
observations or students’ ratings (Desimone et al., 2010; Wagner et al., 
2016; Fauth et al., 2020; Lazarides and Schiefele, 2021; Wiggs et al., 
2023). According to Fauth et  al. (2020), there are two consistent 
findings: (1) overall, the correlations are low, and (2) the highest 
correlations are observed among classroom management strategies, 
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rather than other strategies such as cognitive activation or student 
support. As an illustration, we summarize here the recent study of 
Wiggs et al. (2023) who analysed the convergence between teachers’ 
self-reports of teaching practices and school administrators’ 
observation ratings using the Classroom Strategies Assessment System 
(CSAS, Reddy and Dudek, 2014). The CSAS has been designed for 
teachers and school administrators to concurrently evaluate teachers’ 
use of evidence-based instructional practices and behavior 
management strategies. The authors compared data collected through 
the CSAS Observer form (CSS-O) and those from the CSAS Teacher 
form (CSS-T), both including the same rating scales. Observers and 
teachers are first asked to rate how often teachers use specific strategies 
on a 7-point Likert scale (1 = never, 7 = always used) and then rate how 
often the teachers should have used each strategy. An item discrepancy 
score is then calculated by making the difference between the 
observed/reported frequency of use and the recommended frequency 
of use. These discrepancy scores were used for the comparison 
between observers’ and teachers’ ratings. Results showed that cross-
informant correlations were statistically significant, but low to 
moderate. To partially explain small correlations, the authors 
explained that the CSS-O ratings were generated in real time during 
lesson while CSS-T ratings were completed by the teachers some time 
after the lesson. During this self-reflection exercise, teachers were 
maybe more critical about certain strategies they had hoped to 
improve on facing the administrator.

Despite the low correlation between teacher self-report of 
instructional quality and other sources of information, it however can 
be seen as a valuable and complementary source of data for decision 
making post teacher evaluation, and maybe more an interesting tool 
for professional development (Koziol and Burns, 1986; Wiggs et al., 
2023). The conversations between administrators and teachers based 
on multi-method teacher evaluation systems should lead to better 
specify need-based teacher training and to focus on practices whose 
effectiveness has been demonstrated by research.

In this respect, the present study aims at developing a teacher 
questionnaire to assess the eight classroom-level factors of the DMEE, 
complementary to the students’ questionnaire already used for this 
purpose. Another objective is to evaluate the concurrent validity of 
this new teacher self-report instrument with the CSS-T instrument.

Method

Procedure and participants

In November and December 2021, the 5,905 teachers at state 
elementary schools in Luxembourg were asked to take part in a 
national consultation commissioned by the National Observatory for 
School Quality and funded by the Ministry of Education and Youth. 
The study was approved by the Ethics Review Panel of the University 
of Luxembourg. Every teacher working in a basic school received an 
e-mail inviting them to take part in the consultation, together with a 
unique access code giving them access to one of the six versions of the 
questionnaire designed to cover a range of aspects of the profession. 
The six versions of the questionnaire included both common and 
specific items, which explains why not all teachers responded to all the 
items. Participation in the consultation was anonymous and not 
compulsory. A total of 1825 teachers logged on to the Qualtrics 

electronic platform that hosted the questionnaires, but a significant 
number of them (825) did not reach the end of the questionnaire. Of 
these 825 teachers, only 16% had a questionnaire completion rate of 
50% or more. We nevertheless decided to analyse all available data. 
The analytical dataset comprises 1,418 teachers, with 80.2% being 
female, and an average teaching experience of 14.6 years. In terms of 
teaching levels,1 23.3% are cycle 1 teachers, 25.6% are cycle 2 teachers, 
22.8% are cycle 3 teachers, 19.6% are cycle 4 teachers, and 8.7% of the 
teachers work across multiple teaching levels.

Instruments and measures

The DMEE teacher self-report questionnaire on 
teaching quality (DMEE-class-T)

Scale development followed the suggestions made by DeVellis 
(2012). A pool of items was drawn up based on original items and 
items taken from or adapted from existing scales (Creemers and 
Kyriakides, 2012; Kyriakides et al., 2013; Roy et al., 2013). Items used 
in the present study were administered in French and were pretested 
with 88 teachers during a pilot study in May 2021. For each of the 
eight theoretical factors of the DMEE-Class-T, we tried to include 
items measuring the quantitative and qualitative dimensions of 
evaluation (frequency, focus, stage, quality and differentiation), but 
this was not possible for each factor, as it is the case in studies only 
using the student questionnaire (e.g., Kyriakides et  al., 2012; 
Panayiotou et al., 2014; Vanlaar et al., 2016; Teodorović et al., 2022). 
Importantly, it has to be  noted that the structural validity of the 
8-factor assumption and their five dimensions of evaluation has been 
investigated, and only partially confirmed, in a few studies relying on 
observation data (Dimosthenous et  al., 2020), on students’ data 
(Panayiotou et al., 2014), or on a combination of both types of data 
(e.g., Azigwe et al., 2016; Kyriakides et al., 2018). In these studies, 
Confirmatory Factor Analyses (CFA) were conducted separately for 
each factor to assess the extent to which data emerging from different 
dimensions of evaluation can be used to measure each factor. Factor 
scores were then calculated and used in subsequent analyses, but at no 
point was the existence of the theoretical factors verified within a 
single CFA first-order measurement model (see Anderson and 
Gerbing, 1988). Moreover, in some studies aimed at defining stages of 
effective teaching (e.g., Kyriakides et al., 2013), students’ data were 
analyzed using the Item Response Theory and the Rasch model in 
particular. Authors showed that the teaching behaviors measured by 
the student questionnaire was reducible to a common unidimensional 
scale. In the light of these results, it seems there is still a need to 
investigate the structural validity of the classroom-level factors and 
their dimensions, as defined by the DMEE. This is even truer for the 
new self-report instrument that is discussed here.

Descriptive statistics for the 58 items of the DMEE-Class-T are 
given in Supplementary Table S1 in the online supplements. All items 
were rated using a seven-point scale (1 = never, 2 = rarely, 
3 = sometimes, 4 = regularly, 5 = frequently, 6 = very frequently, 
7 = systematically).

1 There are 4 two-year learning cycles (C1, C2, C3, C4) in the Luxembourgish 

elementary school system.
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Orientation refers to teaching behaviours aimed at explaining to 
students or questioning them about the reasons for which a particular 
activity or lesson or series of lessons occur. It was measured with 
8 items.

Structuring refers to teaching behaviours aimed at explaining the 
structure of the lesson, with or without links to previous lessons. It was 
measured with 9 items.

Questioning refers to questioning techniques (i.e., raising different 
types of questions at appropriate difficulty level, giving time for 
students to respond, dealing with student responses). It was measured 
with 7 items.

Modeling refers to teaching behaviours aimed at helping students 
acquire learning strategies and procedures, or solve problematic 
situations. It was measured with 6 items.

Application activities refer to activities intended to help students 
understand what has been taught during the lesson. It was measured 
with 8 items.

Learning environment refers to all actions aimed at ensuring a 
positive classroom climate and creating a well-organized and 
accommodating environment for learning. It was measured with 
6 items.

Assessment refers to teaching behaviours aimed at identifying the 
students’ learning needs, as well as at evaluating their own practice. It 
was measured with 11 items.

Management of time refers to actions aimed at prioritizing 
academic instruction and allocating available time to curriculum-
related activities and at maximizing student engagement rates. It was 
measured with 3 items, but exploratory analyses showed that the 
Cronbach alpha (0.29) was unacceptable. Unfortunately, these items 
were not included in the subsequent analyses.

The classroom strategies scales – teacher form
Reddy et al. (2015) developed a self-assessment instrument for 

teaching practices and managing student behaviour in the classroom 
(the Classroom Strategies Scales-Teacher Form, CSS-T). The CSS-T is 
designed to measure how often teachers use specific strategies that 
have been shown to be  effective in research. According to the 
authors, it is possible to distinguish eight sub-dimensions. In terms 
of teaching strategies, the four factors are: (1) Student Focused 
Learning and Engagement (7 items), (2) Instructional Delivery (7 
items), (3) Promotes Student Thinking (6 items) and (4) Academic 
Performance Feedback (6 items). In terms of behaviour management 
strategies, the four factors are: (1) Praise (5 items), (2) Corrective 
Feedback (6 items), (3) Prevention management (5 items) and (4) 
Directives/transitions (7 items). Descriptive statistics for the 49 
CSS-T items are given in Supplementary Table S2 in the online 
supplements. All items were rated using a seven-point scale 
(1 = never, 2 = rarely, 3 = sometimes, 4 = regularly, 5 = frequently, 
6 = very frequently, 7 = systematically).

Data analyses

Measurement models
To test the factor structure of DMEE-Class-T questionnaire and 

the CSS-T questionnaire, the bifactor exploratory structural equation 
modeling (Morin et al., 2016, 2020) has been used. By contrasting 
competing models, this analytical framework takes into account two 

potential sources of psychometric multidimensionality that are 
commonly observed in multidimensional measures. First, the 
framework accounts for the simultaneous presence of hierarchically 
organized constructs by offering a direct and explicit estimate of a 
global construct (referred to as G-factor), while considering specific 
factors (referred to as S-factors) that capture the distinct 
characteristics associated with each individual subscale, beyond 
what is accounted for by the overarching factor. Secondly, the 
framework also addresses the inherent imperfections in the 
indicators used to measure each construct by permitting the 
estimation of cross-loadings among all factors that represent the 
global construct. Five alternative models have been considered in 
the present study for both instruments. We first tested a one-factor 
model. Then we  tested the usual independent cluster model 
confirmatory factor analysis (ICM-CFA) requiring that each item is 
defined by only one latent factor. By fixing all cross-loadings at zero, 
correlations between latent factors are artificially inflated (Morin 
et al., 2020). In exploratory structural equation modeling (ESEM, 
Asparouhov and Muthén, 2009), a target rotation is used to freely 
estimate cross-loadings between non-target constructs and 
imperfect items. Compared with ICM-CFA, ESEM provides more 
accurate estimates of factor correlations (Asparouhov and Muthén, 
2009; Morin et al., 2016). If factors are well-defined by large target 
factor loadings in the ESEM solution, the factor correlations matrix 
is examined. If there is a substantial difference in the size of factor 
correlations between CFA and ESEM, the latter model is preferred 
as it provides more exact estimates (Asparouhov et  al., 2015). If 
differences between factor correlations are not substantial, then CFA 
is preferred according to the parsimony principle. Moreover, if there 
are numerous large cross-loadings in the ESEM model, the existence 
of an unmodeled general factor is suggested, which can be tested 
with a bifactor representation. The bifactor CFA (Reise, 2012) and 
the bifactor ESEM (Morin et al., 2016) assume the existence of a 
global factor accounting for the shared variance by all items and 
specific group factors explaining the residual variance beyond that 
global factor. In the bifactor CFA, orthogonality is assumed between 
the general factor and the specific factors. In the bifactor ESEM, the 
relations between non-target constructs and items are considered. 
Importantly, while bifactor models usually tend to show better 
goodness-of-fit indices (Bonifay et al., 2017), model specification 
must be anchored in theory (Morin et al., 2020).

All analyzes were conducted using the robust weighted least 
squares mean and variance adjusted (WLSMV) estimator as 
implemented in Mplus 8.3 (Muthén and Muthén, 2012-2019) to 
respect the ordinal level of measurement of Likert-type items. The 
WLSMV estimator permit that all available information is used 
(missing values are handled using pairwise present) and has been 
found to outperform maximum-likelihood estimation methods for 
ordered-categorical items with asymmetric thresholds (Finney and 
DiStefano, 2013). As teachers are nested in schools, we  took into 
account the hierarchical nature of the data using the Mplus design-
based adjustment implemented by the TYPE = COMPLEX function 
(Asparouhov, 2005).

Model evaluation
The adequacy of all models was assessed using several indices 

(CFI, TLI, RMSEA, and SRMR) as well as typical interpretation 
guidelines (Hu and Bentler, 1999). CFI and TLI above 0.90 and 0.95 

https://doi.org/10.3389/feduc.2023.1281431
https://www.frontiersin.org/journals/education
https://www.frontiersin.org


Dierendonck 10.3389/feduc.2023.1281431

Frontiers in Education 05 frontiersin.org

as well as RMSEA and SRMR below 0.08 and 0.06 were considered as 
reflecting adequate and excellent fit, respectively. The relative changes 
in CFI, TLI, RMSEA were examined to compare the nested 
measurement invariance models and a decrease of 0.010 or higher in 
CFI and TLI or an increase of 0.015 or higher in RMSEA was 
considered as indicating a lack of invariance or a lack of similarity 
(Cheung and Rensvold, 2002; Chen, 2007).

Reliability
To assess reliability, we reported the McDonald’s model-based 

composite reliability (CR) index. CR values above 0.50 are considered 
as acceptable (Perreira et  al., 2018). For bifactor models, we  also 
computed the omega (ω) and omega hierarchical (ωH) indices 
(Rodriguez et  al., 2016). Omega represents the proportion of 
variability in the overall score explained by both the general factor 
(G-factor) and the specific factors (S-factors), while omega 
hierarchical gives the proportion of variance in the total score that can 
be attributed to the G-factor only. To determine that using a total score 
is justified, ωH is divided by ω to get the Explained Common Variance 
(ECV). Using the total score is justified when ECV exceeds 0.75, as 
recommended by Reise et al. (2013).

Concurrent validity
To examine the concurrent validity of the DMEE-Class-T, 

Pearson’s product–moment correlations were computed between the 
new scale dimensions and the CSS-T dimensions. As suggested by 
Cohen (1988), correlations between 0.10 and 0.30 were considered as 
small, those between 0.31 and 0.50 as medium, and those over 0.51 
as large.

Results

Alternative measurement models

We began by testing the one-factor, ICM-CFA, and ESEM 
representations for both instruments. Fit indices are provided in 
Table  1 while factors correlations and standardized estimates 

are reported in Supplementary Tables S3–S8 in the 
Supplementary material.

Concerning the DMEE-Class-T, CFI, TLI, RMSEA and SRMR 
indices did not reach the recommended cut-offs for the one-factor 
model and the ICM-CFA model while the ESEM solution showed 
excellent fit indices. Factor correlations were considerably reduced in 
the correlated factors ESEM solution (|r| = 0.001 to 0.547, M|r| = 0.266) 
relative to the correlated factors CFA solution (|r| = 0.502 to 0.903, 
M|r| = 0.748). When inspecting the standardized estimates for the 
ESEM model, we however noticed that some target loadings related to 
items assessing the differentiation facet of several factors were 
particularly weak or even opposed to the other items of the target 
dimension (items 8, 16, 17, 38, 43, and 44). Moreover, these items also 
had strong non-target cross-loadings. This observation led us to 
consider the existence of an additional differentiation factor beside the 
seven other factors. We  tested this second version of the DMEE-
Class-T with 8 sub-dimensions and fit indices were excellent for the 
ICM-CFA solution and much better for the ESEM solution 
(ΔCFI = +0.045; ΔTLI = +0.034; ΔRMSEA = −0.015; 
ΔSRMR = −0.038). Factor correlations (see Supplementary Table S3) 
were again considerably reduced in the correlated factors ESEM 
solution (|r| = 0.025 to 0.511, M|r| = 0.265) relative to the correlated 
factors CFA solution (|r| = 0.366 to 0.901, M|r| = 0.624). Thus, 
goodness-of-fit information and factor correlations converge in 
supporting the correlated factors ESEM solution with 8 
sub-dimensions. This solution was contrasted with its bifactor 
counterpart, as 201 statistically significant cross-loadings (of which 19 
over 0.300) were observed in the ESEM solution. Fit indices for the 
bifactor ESEM solution (Table 1) were also excellent and just slightly 
better than for the ESEM solution (ΔCFI = +0.002; ΔTLI = +0.003; 
ΔRMSEA = −0.001; ΔSRMR = −0.003). As increases in CFI/TLI and 
decreases in RMSEA/SRMR between the bifactor-ESEM solution and 
the ESEM solution are below the recommended cut-offs, it was 
decided to retain the more parsimonious ESEM model as the best 
factorial representation of our data concerning the DMEE-
Class-T. Standardized estimates are reported in 
Supplementary Tables S5 and S6, respectively for the ICM-CFA, the 
ESEM and the bifactor ESEM solutions. The correlated factors ESEM 

TABLE 1 Goodness-of-fit indices of alternative measurement models.

Instruments Models Chi-square df CFI TLI RMSEA [90% CI] SRMR

DMEE-Class-T (Initial 

version)

One-factor 8849.659* 1,430 0.848 0.843 0.059 [0.058; 0.060] 0.116

ICM-CFA 7335.470* 1,409 0.879 0.872 0.053 [0.052; 0.054] 0.108

ESEM 1767.418* 1,121 0.987 0.982 0.020 [0.018; 0.021] 0.036

DMEE-Class-T (Final 

version)

One-factor 8849.659* 1,430 0.848 0.843 0.059 [0.058; 0.060] 0.116

ICM-CFA 3668.245* 1,402 0.954 0.951 0.033 [0.032; 0.034] 0.071

ESEM 1591.757* 1,073 0.989 0.985 0.018 [0.016; 0.020] 0.033

Bifactor ESEM 1447.940* 1,026 0.991 0.988 0.017 [0.015; 0.019] 0.030

CSS-T One-factor 4116.724* 1,127 0.926 0.923 0.050 [0.049; 0.052] 0.063

ICM-CFA 2646.478* 1,099 0.962 0.959 0.037 [0.035; 0.038] 0.054

ESEM 1113.499* 812 0.993 0.989 0.019 [0.016; 0.021] 0.025

Bifactor ESEM 1029.129* 771 0.994 0.990 0.018 [0.015; 0.021] 0.023

df, degrees of freedom; CFI, comparative fit index; TLI, Tucker-Lewis index; RMSEA, root mean square error of approximation; CI, confidence interval; SRMR, standardized root mean 
squared residual.*p ≤ 0.001.
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(Orientation: |λ| = 0.525 to 0.913, M|λ| = 0.691; Structuration: |λ| = 0.105 
to 0.553, M|λ| = 0.324; Questioning: |λ| = 0.023 to 0.760, M|λ| = 0.358; 
Modeling: |λ| = 0.158 to 0.643, M|λ| = 0.346; Application: |λ| = 0.285 to 
0.779, M|λ| = 0.530; Learning environment: |λ| = 0.333 to 0.572, 
M|λ| = 0.474; Assessment: |λ| = 0.156 to 0.837, M|λ| = 0.544; 
Differentiation: |λ| = 0.621 to 0.765, M|λ| = 0.679) resulted in at least 
moderately well-defined factors for all dimensions of effective 
teaching practices.

Concerning the CSS-T questionnaire, CFI, TLI, RMSEA and 
SRMR indices (Table 1) were acceptable for the one-factor model, 
excellent for the ICM-CFA model, and yet better for the ESEM 
solution (ΔCFI = +0.031; ΔTLI = +0.030; ΔRMSEA = −0.018; 
ΔSRMR = −0.029 in comparison to the ICM-CFA solution). Factor 
correlations (see Supplementary Table S3) were moreover 
considerably reduced in the correlated factors ESEM solution 
(|r| = 0.010 to 0.593, M|r| = 0.335) relative to the correlated factors 
CFA solution (|r| = 0.651 to 0.923, M|r| = 0.799). The ESEM solution 
was considered as better than the ICM-CFA solution. Due to the 
presence of 181 statistically significant cross-loadings (of which 18 
over 0.300) in the ESEM solution, we  tested a bifactor ESEM 
representation. Fit indices for this model (see Table 1) were also 
excellent but just slightly better than for the ESEM 
solution (ΔCFI = +0.001; ΔTLI = +0.001; ΔRMSEA = −0.001; 
ΔSRMR = −0.002). As increases in CFI/TLI and decreases in 
RMSEA/SRMR between the bifactor-ESEM solution and the ESEM 
solution are below the recommended cut-offs, it was decided to 
retain the more parsimonious ESEM model as the best factorial 
representation of our data concerning the CSS-T instrument. The 
correlated factors ESEM were relatively well-defined (Student 
focused learning and engagement: |λ| = 0.171 to 0.857, M|λ| = 0.438; 
Instructional delivery: |λ| = 0.285 to 0.912, M|λ| = 0.522; Promotes 
student thinking: |λ| = 0.381 to 0.712, M|λ| = 0.531; Academic 
performance feedback: |λ| = 0.201 to 0.725, M|λ| = 0.451; Praise: 
|λ| = 0.275 to 0.611, M|λ| = 0.406; Corrective feedback: |λ| = 0.216 to 

0.956, M|λ| = 0.511; Directives/transitions: |λ| = 0.304 to 0.659, 
M|λ| = 0.499) but it was not the case for the Prevention management 
factor which was poorly defined (|λ| = 0.032 to 0.286, M|λ| = 0.138).

Reliability indicators (Table  2) show that most subscales had 
adequate levels (>0.500) of McDonald’s composite reliability (CR) 
except for the Prevention management factor in the CSS-T.

Concurrent validity

Pearson’s correlation between the factor scores derived from the 
ESEM solutions for the DMEE-Class-T and the CSS-T are reported in 
Table 3. Remarkably, almost all correlations are statistically significant, 
but at low or moderate levels. In other words, the eight factors assessed 
through the DMEE-Class-T instrument could be  seen as a good 
predictors of other measures of effective teaching practices assessed 
through the CSS-T questionnaire, supporting the concurrent validity 
of the new instrument.

Discussion

To study instructional quality, generic, subject-specific or hybrid 
frameworks have been developed (Charalambous and Litke, 2018; Senden 
et al., 2021). In the present study, a generic questionnaire (DMEE-Class-T) 
assessing the use of effective teaching practices has been developed for 
teachers to complement the existing observation instruments and student 
questionnaire aimed at measuring the classroom level of the Dynamic 
Model of Educational Effectiveness. The concurrent validity of the DMEE-
Class-T was assessed and confirmed in reference to another self-reported 
instrument (CSS-T; Reddy et al., 2015) about effective teaching practices. 
Based on theory and previous work, a CFA with 8 correlated factors was 
expected for both instruments (with different factors however), but the 
very strong factor correlations in the ICM-CFA models suggested 
discriminant validity issues. For both instruments, we  tested several 
competing factorial models using the bifactor exploratory structural 
equation modeling framework (Morin et al., 2016, 2020). The ESEM 
model showed better fit indices than the CFA model. For parsimony 
reason, the ESEM solution was retained against its bifactor counterpart. 
Therefore, the ESEM solution was considered as the best representation 
of data for the DMEE-Class-T and the CSS-T in the present study. These 
findings confirmed that scale items may not be flawless indicators of the 
factors they are intended to measure. Consequently, it is suggested to 
systematically compare CFA and ESEM models in order to obtain a more 
accurate representation of the data. These findings are in line with other 
theories and studies rejecting the unidimensionality vision of the 
instructional quality and distinguishing several groups of effective 
teaching practices (i.e., Seidel and Shavelson, 2007; Klieme et al., 2009).

The use of the eight factor scores calculated from the DMEE-
Class-T and those calculated from the CSS-T (with the exception of 
the Prevention management scale) may have relevance for people 
interested in identifying specific effective teaching practices that are 
insufficiently used or those whose quality needs to be improved. This 
is true for people who assess teachers with formative purpose, but also 
to give a place to the teachers in this process by including an input on 
their practices from their point of view. In this sense, as suggested by 
Reddy et al. (2015), the DMEE-Class-T or the CSS-T could usefully 
be  integrated into multimethod systems of support for enhancing 

TABLE 2 Reliability indicators for the DMEE-Class-T and the CSS-T.

CR

DMEE-Class-T 1. Orientation 0.902

2. Structuration 0.620

3. Questioning 0.665

4. Modeling 0.634

5. Exercisation 0.838

6. Environment 0.680

7. Evaluation 0.880

8. Differentiation 0.906

CSS-T 1. Student Focused Learning & Engagement 0.773

2. Instructional Delivery 0.856

3. Promotes Student Thinking 0.865

4. Academic Performance Feedback 0.802

5. Praise 0.712

6. Corrective Feedback 0.794

7. Prevention management 0.148

8. Directives/transitions 0.817
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professional development, offering constructive feedback and support, 
and guiding teachers’ professional growth,. Maybe more importantly, 
we believe that such self-reported assessments of effective teaching 
practices offer valuable insights into how teachers perceive their own 
teaching methods, fostering self-awareness, and helping them identify 
areas for improvement, particularly in the context of multi-tiered 
systems of support where the instructional quality of the tier-1 
intervention with all students is critical.

Limitations and conclusion

Despite the relevance of our findings, the present study has several 
limitations. First, it should be remembered that the two instruments 
examined are self-reporting measurement instruments, which are known 
to potentially produce biased data, particularly because of social 
desirability. We have tried to limit this bias by guaranteeing the anonymity 
of the answers given by the teachers, but we cannot exclude it. Secondly, 
for the CSS-T, we did not follow the authors’ recommendations, which 
suggest constructing discrepancy scores by asking teachers to rate their 
use of the practices but also the frequency they should ideally have used. 
Thirdly, country specificities and demographic characteristics of 
Luxembourgish teachers are relatively unique. It is plausible that our 
findings are not generalizable to other education systems and further 
research is needed for confirmation or invalidation.

The DMEE-Class-T was developed to be a useful complementary 
instrument in reference to the already existing instruments 
developed to measure the variables within each level defined in the 
Dynamic Model of Educational Effectiveness. The findings need to 
be  confirmed by further research applying the same factorial 
analysis framework, conducting invariance testing, and comparing 
self-reported data to observational data. It would also be interesting 
to assess the predictive validity of such self-reported use of effective 
teaching practices on student achievement and to examine if the 
instrument could be used as a tool to measure and enhance teachers’ 
professional development.
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TABLE 3 Pearson’s correlations between DMEE-Class-T and CSS-T ESEM factor scores.

CSS-T

1 2 3 4 5 6 7 8

DMEE-Class-T 1 0.389** 0.482** 0.485** 0.476** 0.362** 0.372** 0.167** 0.411**

2 0.089** 0.173** 0.390** 0.229** 0.038 0.090** 0.221** 0.086**

3 0.446** 0.569** 0.427** 0.480** 0.401** 0.487** 0.083** 0.449**

4 0.329** 0.408** 0.369** 0.388** 0.305** 0.329** 0.116** 0.370**

5 0.258** 0.454** 0.439** 0.402** 0.316** 0.349** 0.020 0.368**

6 0.470** 0.448** 0.296** 0.404** 0.356** 0.373** −0.136** 0.426**

7 0.514** 0.535** 0.437** 0.501** 0.416** 0.443** 0.114** 0.498**

8 0.443** 0.330** 0.188** 0.316** 0.302** 0.331** 0.159** 0.315**

**p<0.01.
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