
 
 
 

Abstract  
This study examined the pattern of relationships between the dimensions of teachers' self-reported teaching practices and their 
attitudes toward artificial intelligence within the framework of psychometric network analysis. A cross-sectional correlational design 
was used, and data were collected from 376 teachers (300 women, 76 men) working in Kosovo. Self-reported teaching practices were 
assessed with a five-dimensional scale and attitudes toward artificial intelligence with a three-dimensional scale, both administered 
in Albanian. A regularized partial correlation network was estimated across the eight dimension scores, and bridge centrality was 
used to identify the dimensions linking the two constructs. In the primary composite network the cross-construct association 
appeared to be concentrated in learner-centered instruction; this pattern, however, was not robust. Under reliability-adjusted, 
alternative-structure, and split-sample analyses, the association was weak and distributed across several teaching-practice 
dimensions rather than concentrated in one, and the stability of the bridge estimates was low. The perception of artificial 
intelligence's transformative potential was not linked to any teaching-practice dimension. Perceived competence regarding artificial 
intelligence decreased consistently with age and seniority, whereas the network structure did not differ by gender under the present 
specification. The findings map the dimension-level relationship between self-reported teaching practices and attitudes toward 
artificial intelligence in an under-studied, non-Western context, and indicate that the connection between the two constructs is weak 
and diffuse rather than mediated by a single bridging dimension. 
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1. Introduction 

The rapid integration of artificial intelligence [AI] into education has brought teachers’ attitudes, 
competence, and readiness to the forefront of research. Because teachers play a central role in 
determining whether and how AI is incorporated into classroom practice, their attitudes toward AI 
are important for understanding the educational uptake of this technology. Higher levels of 
teacher digital competence have been associated with more positive attitudes toward AI, while 
recent evidence indicates that technological pedagogical content knowledge [TPACK] and 
technology-related self-efficacy are linked to teachers’ AI acceptance and adoption intentions 
(Çakır & Güner, 2026; Galindo-Domínguez et al., 2024; Ismaniati et al., 2025). Teachers’ responses 
to new technologies, however, are shaped not only by their perceptions of the technologies 
themselves but also by their existing pedagogical beliefs, efficacy judgments, and instructional 
orientations. Technology-enabled pedagogical change therefore depends on more than access or 
technical proficiency; it also requires alignment with teachers’ beliefs and established practices 
(Ertmer & Ottenbreit-Leftwich, 2013). Consistent with this view, teachers’ prior digital learning 
experiences and digital teaching efficacy have been found to predict their digital instructional 
practices (Park & Kim, 2026). Consequently, examining the relationship between teachers’ self-
reported teaching practices and their attitudes toward AI is important for clarifying how 
established pedagogical orientations may facilitate or constrain the classroom integration of AI. 

Teaching practices and attitudes toward AI are addressed in the literature as multidimensional 
constructs. Teaching performance encompasses various dimensions ranging from learner-centered 
and teacher-centered instruction to classroom climate and planning (Mu et al., 2022). Similarly, 
attitudes toward AI include relatively independent components such as perceived professional 
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competence, instructional functionality, and transformative potential (Zhang et al., 2023). Such 
multidimensionality implies that the relationship between the two constructs may function as an 
inter-dimensional pattern rather than as a generic link, so that the association between a given 
teaching-practice dimension and a given AI-attitude dimension need not be uniform. A 
concentration of the relationship on particular dimensions would point to one or more bridging 
dimensions between the two constructs, whereas a diffuse pattern would indicate that the 
connection is distributed. 

The current literature, however, falls short of directly revealing this dimension-level pattern. 
The relationship between the two constructs has mostly been examined through correlation or 
regression methods using composite scores. While these approaches have shown whether the two 
scales are related, they have not revealed through which dimensions the relationship operates. 
Directional models, while testing specific pathways, cannot comprehensively map the pattern of 
mutual relationships among all dimensions. This situation leaves two questions unanswered. The 
first is through which dimension or dimensions the link between self-reported teaching practices 
and attitudes toward AI is established. The second is whether this connection is concentrated in a 
single bridging dimension or distributed across several. This gap can be addressed by 
psychometric network analysis, which models variables as nodes that interact directly with one 
another (Borsboom et al., 2021). The network approach makes the pattern of relationships between 
dimensions, and the nodes that serve as bridges, visible on the basis of partial correlations 
(Epskamp & Fried, 2018; Jones et al., 2021). 

The context in which this study was conducted further highlights this gap. The relationship 
between dimensions of teaching quality and student outcomes is known to vary according to 
cultural context, and it therefore needs to be re-examined in different educational systems (Bellens 
et al., 2019; Liu et al., 2024). The dimension-level relationship between teaching practices and 
attitudes toward AI has nonetheless been examined primarily in Western and typically 
monolingual contexts. Kosovo offers an under-studied, non-Western setting in which different 
languages of instruction, such as Turkish and Albanian, coexist. At the policy level, the Kosovo 
Education Strategy 2022–2026 set digitalization as a strategic priority and explicitly targeted the 
development of teachers' digital competences (Ministry of Education, Science, Technology and 
Innovation [MESTI], 2022). Empirical work in Kosovo indicates that technology integration 
remains constrained by infrastructural limitations, uneven access, and limited teacher preparation, 
with effective use depending heavily on individual teachers' competence and initiative (Ismajli, 
2026; Orhani et al., 2023). In a recent study of Kosovar primary-school teachers, inadequate 
training and infrastructure, together with ethical and data-protection concerns, were identified as 
the main barriers to AI use, even as teachers acknowledged its potential (Kryeziu et al., 2026). The 
integration of AI into schooling can therefore be regarded as being at an early and unevenly 
supported stage, and the existing Kosovar evidence is largely descriptive or qualitative. These 
characteristics make Kosovo a suitable context for examining the relationship between teaching 
practices and attitudes toward AI beyond the findings obtained in Western-centered samples. It 
should be noted, however, that although the setting is multilingual, the present study 
administered its instruments in a single language; the multilingual character of the context is 
therefore treated here as a contextual feature rather than as a measured one. 

The theoretical framework of this study rests on two axes. The first is the view that teachers' 
pedagogical orientation is a determinant of technology adoption. According to this view, once 
external barriers are removed, teachers' beliefs about teaching and learning become the true 
determinants of technology integration, and a learner-centered orientation in particular is 
associated with higher-level and transformative use of technology (Ertmer & Ottenbreit-Leftwich, 
2013; Tondeur et al., 2017). The second axis is the network psychometrics approach, which treats 
structures not as indicators of an underlying common cause but as directly interacting components 
(Borsboom et al., 2021). Considered together, these two axes suggest that the relationship between 
teaching practices and attitudes toward AI need not be distributed equally across all dimensions, 
and that, if a bridging dimension exists, a learner-centered orientation is a plausible candidate. 
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Because constructivist, learner-centered teachers tend to engage technology as a concrete tool for 
supporting student-centered learning rather than as an abstract prospect (Ertmer & Ottenbreit-
Leftwich, 2013; Hsu, 2016; Tondeur et al., 2017), such an orientation might relate primarily to the 
practice-near components of AI attitudes, that is, to perceptions of instructional functionality and 
professional competence, whereas the more visionary component concerning AI's transformative 
potential reflects an expectation about the future of education that need not be tied to any 
particular teaching-practice dimension. Bridge centrality provides a suitable framework for 
examining these possibilities empirically (Jones et al., 2021), without presupposing that a single 
bridge exists. 

This study aims to describe the pattern of relationships between teachers' self-reported 
teaching-practice dimensions and their attitudes toward AI within the framework of psychometric 
network analysis. It specifically aims to identify the dimension or dimensions that link the two 
constructs and to examine whether this pattern varies according to teachers' demographic 
characteristics. In this way, the study aims to contribute to the literature by addressing the 
relationship between the two constructs not as an integrated link but as a pattern at the 
dimensional level, and by examining it in an under-studied, non-Western context. Because of the 
cross-sectional design, the relationships identified are non-directional; this study is a correlational 
analysis rather than an analysis of effects. The study is exploratory and does not test directional 
hypotheses. The framework outlined above leads to no more than a tentative expectation that, 
should the two constructs prove to be connected, a learner-centered orientation would be among 
the dimensions involved, linked on the AI side to instructional functionality and professional 
competence; this expectation is used to guide interpretation rather than as a hypothesis to be 
confirmed. Accordingly, the following research questions were formulated. 

RQ 1) What structure does the standardized partial correlation network between teachers' self-
reported teaching practices and their attitudes toward AI exhibit, and which dimensions are 
interconnected? 

RQ 2) Through which dimension or dimensions is the connection between the two constructs 
established, and is this connection concentrated in a single bridging dimension or distributed 
across several? 

RQ 3) Do dimension scores and the inter-dimensional network structure vary according to 
teachers' demographic characteristics such as gender, age, educational background, subject area, 
seniority, and language of instruction? 

2. Literature Review 

2.1. Teaching Practices and Their Dimensions 

Teaching performance is not a trait that can be explained by a single quality. In research on 
teaching quality, there is a clear consensus that classroom instruction should not be evaluated as a 
unidimensional structure but should be addressed through at least three fundamental dimensions 
(Mu et al., 2022). These dimensions are typically referred to as cognitive engagement, supportive 
classroom climate, and classroom management, and they point to the interactions between 
teachers and students (Fauth et al., 2019; Gonzalez-Berruga, 2025). This three-dimensional 
framework serves as a common starting point for measuring teaching quality. 

This three-dimensional model has been shown to mediate the relationship between teacher 
competence and student achievement. Fauth et al. (2019) found that the effect of teacher 
competence on students' motivation and achievement in primary science education is largely 
attributable to the quality of classroom instruction. The number of dimensions and the degree to 
which they are conceptually distinct nonetheless remain debated. In some studies the dimensions 
are not sufficiently distinct from one another, and recent findings indicate that four-factor 
solutions can fit the data better than a three-factor model (Šeďová & Sedláček, 2026). Dierendonck 
(2023) similarly noted that dimensions of teaching quality are commonly characterized by cross-
loadings, which calls for a flexible factor solution rather than a rigid basic structure. It is difficult to 
generalize, but it can be said that the dimensional structure of teaching quality is context- and 
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measurement-dependent. 
The scale used in this study addresses these core dimensions in a more detailed structure and 

defines teaching across five dimensions, as developed by Morina et al. (in press) for the Kosovan 
context. Because the instrument relies on teachers' self-reports, its scores are treated throughout as 
self-reported teaching practices rather than as observed classroom performance. The five 
dimensions are named learner-centered instruction and assessment, teacher-centered pedagogical 
practices, interpersonal relations, planning and preparation, and classroom climate. The distinction 
between learner-centered and teacher-centered instruction rests on a well-established theoretical 
foundation, in which teacher-centered models are rooted in the behaviorist and direct-instruction 
tradition while learner-centered approaches are grounded in constructivist learning theory (Treve, 
2024). Meta-analytic findings support a moderate positive effect of learner-centered education on 
academic achievement (Li et al., 2024). The evidence is not always consistent, however; Bremner et 
al. (2022) systematically reviewed the outcomes of learner-centered pedagogy in low- and middle-
income countries and noted that objective evidence regarding its effectiveness remains relatively 
limited. It therefore seems more appropriate to view learner-centered and teacher-centered 
orientations not as mutually exclusive poles but as pedagogical tendencies that can coexist. 

The association between student outcomes and teaching-quality dimensions is moreover 
contingent on the cultural context. Teacher support and disciplinary climate have been found to 
predict achievement fairly consistently, whereas the student-centered instruction and classroom 
management dimensions have been negatively related to achievement in many countries, and the 
effect of cognitive activation is inconsistent across time periods and countries (Liu et al., 2024). 
Bellens et al. (2019) similarly noted the difficulty of conceptualizing and measuring aspects of 
quality instruction comparably across nations, observing that the cognitive activation dimension 
might not even be quantified consistently as a single construct. These results indicate that the 
dimensional structure of teaching quality needs to be re-considered in different educational 
systems, which is especially relevant given that the present study was conducted in Kosovo. 

2.2. Teachers' Attitudes toward Artificial Intelligence 

Teachers' attitudes toward AI have rapidly become a subject of research with the introduction of 
AI into education. Attitude is viewed not as a single positive or negative orientation but as a 
multidimensional construct comprising cognitive, affective, and behavioral components (Asio & 
Gadia, 2024). In the literature, teachers' attitudes toward AI have mostly been examined within the 
framework of technology acceptance models, and perceived usefulness and perceived ease of use 
have been reported as the primary factors predicting usage intention (Bilgin & Güngören, 2025; 
Zhang et al., 2023). It can be argued, however, that attitude is not limited to acceptance intent but 
also encompasses perceptions regarding the instructional functionality of AI, the teacher's 
professional competence, and the potential to transform education. The scale developed by 
Demirdağ et al. (2025) addresses perceptions toward AI in a multidimensional manner. Although 
the original form of the scale was reported as two-dimensional, it exhibited a three-factor structure 
in the present Kosovo sample. This discrepancy can be attributed to the application of the scale in a 
different linguistic and cultural context, and the literature emphasizes that the factor pattern of 
attitude structures may vary with the cultural and educational context of the sample (Dorsah et al., 
2025). The three-factor structure is theoretically interpretable, as instructional functionality, 
professional competence, and transformative potential correspond to conceptually distinct 
domains of perception; the details and limitations of this structure are reported in the Method and 
in the Supplementary Material. 

Teachers' perceived professional and digital competence [AI-PC] concerns the professional and 
digital competencies required to use AI effectively and ethically. AI-supported instructional 
functionality [AI-IF] concerns the potential of AI to support instructional processes and teaching 
decisions tailored to student needs. AI's transformative potential [AI-TP] concerns the perceived 
transformative effects of AI on the teacher's role, creativity, equity, and classroom management. 

Teachers' attitudes toward AI are closely related to their perceptions of AI literacy and 
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professional competence. Ng et al. (2023) emphasized that digital-competency frameworks must be 
expanded to include AI technologies. Al-Abdullatif (2024) found that AI literacy is one of the 
strongest predictors of the adoption of generative AI, with perceived trust and AI-supported 
technological pedagogical content knowledge mediating this relationship, and the development of 
tools to measure teachers' AI competence reflects these efforts (Chiu et al., 2025). These findings 
support treating perceived professional and digital competence regarding AI as a distinct 
dimension of attitude, represented here by the AI-PC factor. The direction of this relationship is 
not always consistent, however. Lucas et al. (2024) reported that teachers' trust in AI is primarily 
predicted by AI knowledge, while digital competence alone is not a significant predictor, and 
found no significant difference in attitudes across levels of digital competence. It can be said that 
the perception of competence shapes attitude not on its own but in conjunction with other 
perceptions such as knowledge and trust. 

A third dimension of attitude concerns perceptions regarding the potential of AI to transform 
the teacher's role and instructional processes. Zhai (2025) argued that generative AI transforms the 
teacher's role and proposed a framework classifying teachers into four roles, namely observer, 
adopter, collaborator, and innovator, according to their level of engagement with AI. Kong and 
Yang (2024) similarly emphasized that teachers are increasingly becoming facilitators in AI-
supported instruction. The reflection of this transformative expectation in actual teaching practice 
is not always direct; Wijaya et al. (2024) highlighted that the risk of over-reliance may increase 
among teachers with high AI literacy and confidence, which points to the need for a balanced 
assessment of expectations regarding transformative potential. This dimension is represented here 
by the AI-TP factor. 

Whether teachers' attitudes toward AI vary with demographic characteristics has also been 
widely investigated. Cabero-Almenara et al. (2024) reported that teachers' adoption of AI is 
influenced by age and teaching modality, while gender does not create a significant difference in 
acceptance dimensions but affects pedagogical beliefs, and that constructivist pedagogical 
attitudes were positively correlated with AI adoption. Dringó-Horváth et al. (2025) pointed to 
gender, subject area, age, and seniority as determinants of the relationship between AI literacy and 
digital competence, which implies that a one-size-fits-all approach to developing AI literacy would 
be insufficient. Galindo-Domínguez et al. (2024) demonstrated that the association between 
teachers' digital competence and their attitude toward AI depends on the subject taught, being 
stronger among STEM teachers, whereas Lucas et al. (2024) found the attitude to be independent of 
age, gender, and seniority. These contradictory results show that the effect of demographic 
variables may be context- and sample-dependent. Taken together, these studies indicate that 
teachers' attitudes toward AI constitute a multidimensional structure whose components can 
operate relatively independently and must be considered in conjunction with the educational 
context and teacher characteristics. 

2.3. The Relationship between Pedagogical Orientation and Technology Adoption 

How and to what extent teachers incorporate technology into the classroom is closely related not 
only to technological resources but also to their pedagogical beliefs. It has long been accepted that 
teachers' pedagogical orientations play a decisive role in technology adoption (Berhe et al., 2025; 
Ertmer & Ottenbreit-Leftwich, 2013). This relationship is most often examined through the 
distinction between constructivist and traditional pedagogical beliefs. Teachers with a 
constructivist orientation tend to use technology as a tool that supports student-centered learning, 
develops higher-order thinking skills, and facilitates the student's active participation in the 
knowledge-building process, whereas teachers with a traditional orientation generally position 
technology as a tool that supports content delivery, teacher-centered presentations, and direct 
instruction (Mailizar et al., 2026; Tondeur et al., 2017). 

This association is further supported by quantitative studies. Gurer and Akkaya (2022) found 
that constructivist pedagogical beliefs have a significant impact on all components of the 
technology acceptance model, whereas traditional beliefs had no significant effect on perceived 
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usefulness and attitude and, counter to expectations, a favorable effect on perceived ease of use. 
Almerich et al. (2024) similarly found that a constructivist perspective, rather than a traditional 
pedagogical orientation, was the main predictor of classroom technology use. Antonietti et al. 
(2025) analyzed teachers' technology-integration profiles through latent profile analysis and 
distinguished digital constructivists, who use technology to help students develop new 
knowledge, from digital presenters, who use it only to transmit content. These results suggest that 
pedagogical orientation shapes not only the level of technology use but also its quality. 

Evidence that a similar relationship holds in the context of AI is growing. Choi et al. (2023) 
found that teachers with constructivist beliefs were more inclined to use instructional AI tools than 
teachers with a transmissionist orientation, and Cabero-Almenara et al. (2024) and Acosta-
Enriquez et al. (2025) reported a positive association between constructivist pedagogical beliefs 
and the adoption of AI. Awofala et al. (2025) reported a comparable pattern in the Nigerian setting. 
Considered together, these studies suggest that a student-centered pedagogical orientation is 
associated with views about AI and with AI adoption behavior. The strength of the association 
differs across studies, however. Cheng et al. (2021) found that constructivist pedagogical beliefs 
were not a significant predictor once other beliefs were controlled, and Lai et al. (2022) found that 
school culture, professional development, and technological pedagogical content knowledge were 
stronger predictors of technology use than teaching-learning views. The impact of pedagogical 
orientation therefore cannot be examined in isolation but must be assessed in relation to school 
climate, institutional support, opportunities for professional learning, and teachers' competence 
regarding technology. 

The inconsistency between beliefs and practice is a further consideration. Liu et al. (2019) 
demonstrated a significant relationship between teachers' intention to use technology and teacher-
centered technology use, but not between intention and student-centered use, a situation 
researchers have linked to facilitating conditions, prior experience, and technological pedagogical 
content knowledge. Abedi (2024) reported that teachers use technology mostly for lesson 
preparation and direct instruction, with limited use in constructivist and student-centered 
applications, and Aleksieva et al. (2025) identified three degrees of technology use, namely 
supporting, expanding, and transforming, observing that transformative use occurs to a very 
limited extent. These findings suggest that holding student-centered ideals does not necessarily 
translate into student-centered technology use in every setting. 

Taken together, these studies converge on a consistent association between learner-centered, 
constructivist orientations and the adoption of technology and AI, yet they also reveal important 
boundary conditions. The influence of pedagogical beliefs weakens once school culture, 
institutional support, and technological pedagogical competence are taken into account (Cheng et 
al., 2021; Lai et al., 2022), and a recurring belief-practice gap suggests that student-centered 
orientations do not automatically translate into student-centered or transformative technology use 
(Abedi, 2024; Aleksieva et al., 2025; Liu et al., 2019). Read at the dimensional level, this pattern 
carries a specific implication. If the two constructs are connected, a learner-centered orientation is a 
plausible candidate for a bridging role, and any such association is more likely to run through the 
practice-near components of AI attitudes, namely perceived instructional functionality and 
professional competence, than through the visionary component of transformative potential, 
which the belief-practice literature suggests often remains decoupled from actual practice. The 
present study examines this expectation directly, using bridge centrality to identify the dimension 
or dimensions, if any, through which the two constructs are connected, and to assess whether the 
connection is concentrated or distributed. 

2.4. Network Psychometrics in Educational Research 

Latent variable approaches have long dominated the study of psychological and educational 
structures, treating observed variables as reflections of an unobserved common latent factor. 
Network psychometrics, in contrast, models variables not as indicators of a common cause but as 
components of a system that interact directly with one another (Borsboom & Cramer, 2013). In this 
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framework, observed variables are represented as nodes and the conditional relationships between 
them as edges (Borsboom et al., 2021), which makes the pattern of relationships between variables 
visible rather than reducing a structure to a single dimension. In cross-sectional data, network 
edges are typically estimated using a Gaussian graphical model based on partial correlations 
(Epskamp & Fried, 2018), and regularization based on the graphical lasso and the extended 
Bayesian information criterion is widely used to reduce sampling-based false-positive edges 
(Epskamp et al., 2018). The importance of nodes is assessed using centrality measures, while nodes 
connecting two clusters are evaluated using bridge centrality (Jones et al., 2021). 

The metrics provided by network analysis must nonetheless be interpreted with caution. 
Bringmann et al. (2019) highlighted that centrality metrics are derived from social network theory 
and cannot always be interpreted directly in psychological networks, and the reliability of the 
estimated network structure and centrality rankings depends on sample size and on stability 
analyses based on resampling (Epskamp et al., 2018). Network findings in cross-sectional data 
should therefore be evaluated as descriptive and exploratory rather than causal. It can be said that 
network psychometrics is a suitable method for revealing the relationship patterns between the 
dimensions of two scales and the dimensions that serve as bridges, provided that the accuracy and 
stability of the estimates are examined explicitly. 

3. Method 

3.1. Research Design 

This study employed a cross-sectional correlational design to describe the pattern of relationships 
between teachers' self-reported teaching practices and their attitudes toward artificial intelligence 
at the level of the established dimensions of the two scales. The relationships were examined 
within the framework of psychometric network analysis, which models observed variables not as 
reflections of a latent variable but as nodes that interact directly with one another (Borsboom & 
Cramer, 2013). Because the design is cross-sectional, the relationships obtained are undirected, and 
they describe the strength of mutual dependence between dimensions rather than the direction of 
an effect. 

3.2. Participants 

The study was conducted with 376 teachers working in the Prizren district of Kosovo. Of the 
participants, 300 (79.8%) were women and 76 (20.2%) were men. In terms of age, 105 teachers were 
40 years or younger, 64 were between 41 and 50, and 207 were 50 years or older. Regarding 
professional seniority, 192 teachers (51.1%) had 20 or more years of service. Most participants held 
a bachelor's degree (295; 78.5%), and the remainder held a graduate degree (81; 21.5%). With 
respect to the language of instruction, 104 teachers (27.7%) taught in Turkish and 272 (72.3%) in 
Albanian. The sample was demographically unbalanced, particularly with respect to gender, age, 
and seniority, and this was treated as a limitation in the interpretation of the findings. The school 
level at which the participants taught was not among the recorded demographic variables, which 
is acknowledged as a limitation. Data were collected through convenience sampling during the fall 
semester of the 2025–2026 academic year, with the permission of the District Education Directorate 
and on the basis of voluntary participation. 

3.3. Instruments 

3.3.1. Artificial Intelligence in Education Perception Scale 

Teachers' perceptions of the use of artificial intelligence in education were measured with the scale 
developed by Demirdağ et al. (2025). The original 22-item instrument was reported as a two-factor 
structure. For use in the present context, the scale was translated into Albanian and back-
translated, and its content and cultural appropriateness were evaluated by three experts in 
educational sciences. A single Albanian version was administered to all participants; a separate 
Turkish version was not used. In the present Kosovo sample, the original two-factor structure did 
not fit adequately, and, following exploratory structural equation modeling and item reduction, a 
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13-item three-factor structure was adopted, distinguishing perceived professional and digital 
competence, instructional functionality, and transformative potential. This structure was 
supported by a parallel analysis but showed only limited model fit, RMSEA = .102, together with 
several cross-loadings, and it is therefore treated as tentative throughout. The internal consistency 
of the three subscales was high, with alpha values between .85 and .88. Because the measurement 
structure was derived in the same sample used for the network analysis, the structure was treated 
as provisional and its robustness was examined directly (see the Findings and the Supplementary 
Material). The full item content, the model-comparison and factor-loading tables, the parallel 
analysis, and the rationale for the removed items are reported in the Supplementary Material 
(Section A). 

3.3.2. Teacher In-Class Performance Scale 

Teachers' self-reported in-class performance was measured with the scale developed by Morina et 
al. (in press) for the Kosovan context. The instrument comprises 27 items distributed across five 
subscales, namely learner-centered instruction, teacher-centered practices, interpersonal relations, 
planning and preparation, and classroom climate. Sample items and the full item content are 
provided in the Supplementary Material (Section B). Because coefficient alpha is a function of the 
number of items and penalizes short subscales, the mean inter-item correlation is reported 
alongside alpha (Table 1). The internal-consistency values of the teaching-practice subscales in the 
present sample were modest, ranging from .41 to .74, and the teacher-centered subscale in 
particular showed limited coherence; the findings that involve the teaching-performance 
dimensions are therefore interpreted with caution. 

Because both instruments rely on teachers' self-reports, the teaching-performance scores are 
referred to throughout as self-reported teaching practices or perceived instructional performance 
rather than as observed classroom performance. Moreover, although the study was conducted in a 
multilingual educational setting, the measurement itself was monolingual, as all instruments were 
administered in Albanian; the multilingual character of the context is therefore treated as 
contextual rather than as a measured feature, and it is not used to support any claim of cross-
language measurement equivalence. 

3.4. Data Analysis 

Analyses were conducted in R using the qgraph, bootnet, and networktools packages (Epskamp et 
al., 2018; Jones et al., 2021). The eight dimension scores were defined as the nodes of a regularized 
partial correlation network, that is a Gaussian graphical model, estimated with the graphical lasso 
(Friedman et al., 2008) under the extended Bayesian information criterion (Foygel & Drton, 2010) (γ 
= 0.5). Spearman correlations were used given the ordinal nature of the items. The network was 
estimated with the additional edge-thresholding step (threshold = TRUE) used in the original 
analysis. Of the 28 possible edges, 9 were retained as non-zero in the primary network. Re-
estimating the network with Pearson correlations produced a closely corresponding structure, 
with edge weights correlating at r = .97, which indicates that the solution was robust to the choice 
of correlation coefficient. The complete edge-weight table for the primary and the two sensitivity 
networks is provided in the Supplementary Material (Section C). 

Bridge centrality was computed to identify the dimensions linking the two scales, with the 
teaching-performance and artificial intelligence dimensions defined as the two communities (Jones 
et al., 2021). The accuracy and stability of the network were examined with non-parametric and 
case-dropping bootstrap procedures based on 2,000 resamples, and stability was summarized with 
the correlation-stability coefficient (Epskamp et al., 2018). Prior to the analyses, the response 
patterns of all participants were screened for careless and inconsistent responding using long-
string, Mahalanobis-distance, and person-total-consistency indices (Yentes & Wilhelm, 2021); the 
procedure and its results are reported in the Findings and in the Supplementary Material (Section 
D). 

Differences in dimension scores across demographic groups were tested with non-parametric 
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procedures, because the Shapiro-Wilk test indicated a significant departure from normality for all 
eight dimensions (all p < .001) and several dimensions were markedly skewed. The Mann-Whitney 
U test was used for two-group comparisons and the Kruskal-Wallis test for comparisons of three 
or more groups, with Benjamini-Hochberg false-discovery-rate correction applied within each 
demographic variable (Benjamini & Hochberg, 1995). Effect sizes were reported as Cliff's delta for 
two-group comparisons and epsilon-squared for multi-group comparisons. The Network 
Comparison Test was used to compare the network structure across groups (van Borkulo et al., 
2023). 

Because the measurement structure and the network were estimated in the same sample, and 
because most of the teaching-performance subscales were measured with limited reliability, three 
robustness analyses were conducted. First, the network was re-estimated from latent factor scores, 
which are less affected by measurement error. Second, it was re-estimated under alternative 
artificial intelligence factor structures, namely the original two-factor solution and a single general 
factor. Third, a split-sample cross-fit was performed, in which the measurement model was 
calibrated on one random half of the sample and the network was estimated on the other, repeated 
across many random splits. These analyses are summarized in the Findings and reported in full in 
the Supplementary Material (Section E). 

4. Findings 

4.1. Preliminary Data Screening 

Prior to the main analyses, the response patterns of all 376 participants were screened for careless 
and inconsistent responding. Three indicators were computed: the longest string of identical 
consecutive responses, the Mahalanobis distance across the dimension scores, and the correlation 
between each respondent's answers and the sample item means (Yentes & Wilhelm, 2021). 
Fourteen participants, that is 3.7% of the sample, were flagged by at least two of these indicators. 
The internal consistency of the subscales did not improve when these cases were removed, and the 
network results were substantively unchanged. Hence, it can be said that careless responding does 
not account for the measurement properties reported below, and all participants were retained in 
the analyses. 

4.2. Descriptive Statistics and Reliability 

Table 1 presents the descriptive statistics and internal-consistency estimates for the eight 
dimensions. 

Table 1 
Descriptive statistics and internal consistency of the eight dimensions 
Dimension Scale k M SD   Mean r 

LCT — Learner-centered instruction TP 9 3.99 0.45 .74 .29 
TCT — Teacher-centered practices TP 6 3.32 0.49 .41 .10 
IR — Interpersonal relations TP 4 3.98 0.57 .53 .28 
PP — Planning and preparation TP 4 3.22 0.76 .62 .29 
CC — Classroom climate TP 4 3.67 0.59 .51 .22 
AI-IF — Instructional functionality AI 6 3.29 0.78 .88 .56 
AI-PC — Professional competence AI 3 3.66 0.80 .85 .65 
AI-TP — Transformative potential AI 4 3.30 0.79 .85 .59 

Note. N = 376. Scores are item means on a 5-point scale. Mean r = mean inter-item correlation after coherent keying. 

The three artificial intelligence dimensions were measured reliably, with Cronbach's alpha 
values ranging from .85 to .88. The teaching-performance dimensions were more variable. Learner-
centered instruction reached a satisfactory level, and planning and preparation was acceptable, 
whereas interpersonal relations, classroom climate, and, in particular, teacher-centered practices 
fell below the conventional threshold. Because coefficient alpha is a function of the number of 
items and penalizes short subscales, the mean inter-item correlation is also reported (Clark & 
Watson, 1995; Cortina, 1993). The mean inter-item correlations of the four-item teaching-
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performance subscales remained within the range recommended for short scales, with the 
exception of teacher-centered practices, whose items showed little coherence. It can be said that the 
teaching-performance subscales, and teacher-centered practices above all, are measured with 
limited precision in this sample, and the findings that involve them should be interpreted with 
corresponding caution. 

4.3. The Dimension-Level Network 

Figure 1 presents the regularized partial correlation network estimated across the eight 
dimensions. 

Figure 1 
Regularized partial correlation networks 

 
Note. A: composite dimension scores. B: latent factor scores. Blue edges are positive, red edges negative. 

In the primary composite specification, 9 of the 28 possible edges were non-zero, which points 
to a relatively selective set of relationships. The two scales largely clustered within themselves. The 
artificial intelligence dimensions were strongly interconnected, the strongest edge being between 
instructional functionality and transformative potential. The teaching-performance dimensions 
formed a looser structure. In this specification, learner-centered instruction was linked to 
instructional functionality and to perceived professional competence, and these two cross-block 
edges were weak in absolute terms, considerably smaller than the within-block edges. Hence, it 
can be said that the association between teaching performance and attitudes toward artificial 
intelligence, in this sample, is both limited in magnitude and selectively located. 

4.4. Bridge Centrality and Its Robustness 

Bridge centrality was examined to identify the dimensions through which the two scales are 
connected. As can be seen in Figure 2 and Table 2, the specification mattered. 

In the published specification, which is based on the as-scored composite dimensions, learner-
centered instruction was the only teaching-performance dimension with non-zero bridge strength, 
and this had been read as a single learner-centered bridge. However, the low reliability of most 
teaching-performance subscales raises the possibility that the absence of bridging edges for the 
remaining dimensions reflects measurement attenuation rather than a true absence of association. 
The analysis was therefore repeated under two respecifications that are less sensitive to this 
problem, namely coherently keyed composites and latent factor scores. Under both 
respecifications, several teaching-performance dimensions retained non-zero bridge strength, and 
learner-centered instruction no longer stood apart as the dominant bridge. It ranked in the lower-
to-middle range, while teacher-centered practices and interpersonal relations carried the strongest  
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Figure 2 
Bridge strength of each dimension under the published composite, coherently keyed composite, and latent 
factor-score specifications 

 

Table 2 
Bridge strength by specification 
Dimension Community Published (composite) Keyed (composite) Latent (factor scores) 

LCT TP .27 .12 .14 
TCT TP .00 .12 .43 
IR TP .00 .55 .24 
PP TP .00 .21 .00 
CC TP .00 .00 .12 
AI-IF AI .14 .24 .30 
AI-PC AI .13 .23 .24 
AI-TP AI .00 .53 .39 

Note. Bridge strength (sum of the absolute cross-community edge weights) from EBICglasso networks estimated with the 
same tuning (γ = .5) and edge-selection threshold as the primary network. Published = as-scored composites; Keyed = 
coherently reverse-keyed composites; Latent = single-factor scores. 
 

cross-construct bridges. The dimension with the highest bridge strength differed across 
specifications, being interpersonal relations in the keyed composite network and teacher-centered 
practices in the latent network, which is itself consistent with the low stability of the bridge 
ranking reported below. These respecifications, together with an analysis under alternative 
artificial intelligence factor structures and a split-sample cross-fit, are reported in the 
Supplementary Material (Section E) and converge on the same conclusion. Hence, it can be said 
that the concentration of the bridging function in a single dimension is not robust, and that it 
partly reflects the differential reliability of the teaching-performance subscales. The more 
defensible reading is that the two constructs are connected weakly, and through several teaching-
performance dimensions rather than through learner-centered instruction alone. 

4.5. Network Accuracy and Stability 

The accuracy and stability of the network were examined with non-parametric and case-dropping 
bootstrap procedures. The case-dropping bootstrap of the primary latent network yielded a 
stability coefficient of .21 for bridge strength and .67 for expected influence. The bridge-strength 
coefficient, although a marked improvement over the value obtained from the composite network, 
which was .05, remains below the .25 threshold ordinarily taken as the lower bound for 
interpretation (Epskamp et al., 2018). As can be seen in Figure 4, the bootstrapped confidence 
intervals of the cross-community edges were wide and included zero, whereas the within-block 
edges among the artificial intelligence dimensions were estimated precisely. Hence, it can be said 
that the ranking of dimensions by bridge strength cannot be interpreted with confidence, and that 
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the connection between the two constructs, although present, is estimated with limited precision. 

Figure 4 
Bootstrapped 95% confidence intervals of the edge weights (latent network), ordered by sample value 

 

4.6. Differences across Demographic Groups and Subgroup Networks 

The most consistent demographic pattern concerned perceived professional and digital 
competence regarding artificial intelligence, which decreased with both age, H(2) = 33.83, p < .001, 
ε² = .09, and professional seniority, H(2) = 57.67, p < .001, ε² = .15. Younger and less experienced 
teachers reported higher perceived competence. The teaching-performance dimensions showed 
smaller and less consistent differences. 

Differences across subject area and educational background were examined at the level of 
dimension scores with Kruskal-Wallis tests, with the two teachers in the physical-education group 
excluded from the subject-area analysis. Subject area was reliably related to the perception of 
artificial intelligence's transformative potential, H(4) = 22.81, p < .001, ε² = .06. This perception was 
highest among classroom teachers (M = 3.48) and lowest among mathematics (M = 3.07) and 
science teachers (M = 3.01), with foreign-language (M = 3.23) and history-geography teachers (M = 
3.13) intermediate. Smaller differences by subject area were also present for the teacher-centered, 
H(4) = 18.64, p = .001, interpersonal-relations, H(4) = 15.29, p = .004, planning, H(4) = 18.34, p = 
.001, and classroom-climate dimensions, H(4) = 11.02, p = .026, whereas the remaining two 
artificial-intelligence dimensions did not differ. Educational background showed no reliable 
association with the artificial-intelligence dimensions, including transformative potential, H(2) = 
2.37, p = .31; the scattered differences that reached significance on some teaching-performance 
dimensions rested on a very small postgraduate subgroup (n = 5) and are not interpreted. Because 
the subject-area and educational-background groups were small and, in several cases, numerous, 
the network structure itself was compared only across the larger gender, language, and seniority 
splits reported below. 
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The Network Comparison Test was used to examine whether the network structure differed 
across gender, language of instruction, and professional seniority (see Table 3). Global connection 
strength did not differ significantly in any comparison. The network structure did not differ 
significantly by gender or by language of instruction. Although the edge between learner-centered 
instruction and artificial intelligence's transformative potential, which carried the gender finding 
in the earlier analysis, differed in sign between women (edge weight = .16) and men (edge weight 
=  .39), this apparent difference was not statistically significant (structural invariance p = .11), a 
result that is unsurprising given the small and unstable male subgroup (n = 76).  

Table 3 
Network Comparison Test results across demographic groups 
Comparison Global strength (p) Structure (p) Significant difference 

Gender (300 vs 76) .31 .11 No 
Language (104 vs 272) .88 .28 No 
Seniority (59 vs 192) .05 .001 Structure only 

Note. Based on 2,000 permutations. Global strength = invariance of overall connectivity; Structure = invariance of the 
edge-weight pattern. 
 

A significant structural difference was found by seniority. As can be seen in  Figure 3,  however,  

Figure 3 
Subgroup networks by gender, language of instruction, and professional seniority 
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the early-career network is estimated from a small subgroup, and it is correspondingly dense and 
unstable, so this difference should be read as exploratory. The seniority-related difference is 
nonetheless consistent with the experience-dependent functioning of the teacher-centered subscale 
reported below. It can be said that the gender difference reported in the earlier analysis was not 
reproduced as a statistically reliable effect under the present specification, and that the subgroup 
comparisons, taken together, are best regarded as preliminary and in need of replication with 
larger and more balanced samples. 

4.7. A Note on the Teacher-Centered Subscale 

A closer inspection of the teacher-centered subscale offers a possible account of its low reliability. 
The teacher-centered items were reverse-keyed on the assumption that endorsing teacher-centered 
practice is opposed to a learner-centered orientation. This assumption appears to hold for early-
career teachers but not for their more experienced colleagues. Among teachers with ten years of 
service or less, teacher-centered and learner-centered endorsements were unrelated, r =  .06, 
whereas among teachers with twenty years of service or more the two were positively associated,   
= .37, and the difference between these correlations was significant, Fisher z =  2.97, p = .003. The 
internal consistency of the teacher-centered subscale was correspondingly higher in the early-
career group than in the experienced group. It can be said that experienced teachers appear to 
regard teacher-centered and learner-centered practices as compatible rather than opposed, so that 
the reverse-keyed items do not function coherently in the pooled sample. This pattern is 
exploratory, and it is offered as an explanation for the measurement limitation rather than as a 
substantive finding. 

5. Discussion 

This study aimed to describe the pattern of relationships between teachers' self-reported teaching-
practice dimensions and their attitudes toward AI within the framework of network analysis. The 
study's contribution lies in analyzing this relationship not as an integrated link but as a pattern at 
the dimensional level through bridge centrality. The findings can be summarized under three 
points. First, the connection between the two constructs is weak and, once measurement error and 
the choice of measurement structure are taken into account, distributed across several teaching-
practice dimensions rather than concentrated in a single bridge. Second, perceptions of 
competence regarding AI decline consistently with age and seniority. Third, the network structure 
does not differ across groups once the analysis is placed on a defensible footing, apart from an 
exploratory difference by seniority. These findings are discussed below in relation to the literature. 

In the primary composite network, learner-centered instruction was the teaching-practice 
dimension most clearly linked to the AI dimensions, which is consistent with the established 
literature showing that teachers with constructivist and learner-centered beliefs adopt technology 
to a greater extent (Ertmer & Ottenbreit-Leftwich, 2013; Tondeur et al., 2017). Hsu (2016) reports 
that teachers with learner-centered pedagogical beliefs tend to use technology in ways that support 
higher-order thinking, and Galindo-Domínguez et al. (2024) found a significant relationship 
between teachers' digital competence and their attitudes toward AI. This apparent concentration in 
a single dimension, however, did not survive closer scrutiny. When the network was re-estimated 
from latent factor scores, under alternative AI factor structures, and in a split-sample cross-fit, 
several teaching-practice dimensions carried cross-construct associations and learner-centered 
instruction was no longer distinctive, ranking among the lowest rather than the highest. Hence, it 
can be said that the initial single-bridge impression was partly an artifact of the differential 
reliability of the teaching-practice subscales, and that the association between the two constructs is 
more accurately described as weak and diffuse. 

That a learner-centered orientation is nonetheless among the dimensions associated with AI 
attitudes is in line with findings across contexts that constructivist orientations relate to AI 
adoption (Acosta-Enriquez et al., 2025; Awofala et al., 2025; Choi et al., 2023). On the AI side, the 
cross-construct associations, where present, ran through the practice-near components of 
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instructional functionality and professional competence rather than through transformative 
potential, which is consistent with studies emphasizing that AI literacy and digital competence 
predict attitude (Al-Abdullatif, 2024; Ng et al., 2023). Because these cross-construct edges were 
weak in absolute terms and unstable, this pattern is offered as a tentative description rather than as 
evidence of a specific mediating pathway. 

The perception of AI's transformative potential was not retained as a unique edge with any 
teaching-practice dimension. It should be emphasized that an edge shrunk to zero under graphical 
lasso indicates the absence of a unique conditional association under the present specification 
rather than the absence of any association. With this caution in mind, the pattern is consistent with 
a repeatedly reported gap between intention and behavior: Liu et al. (2019) found a significant 
relationship between teachers' intention to use technology and teacher-centered use but not 
student-centered use; Abedi (2024) reported that teachers use technology mostly for lesson 
preparation and direct instruction, with limited transformative use; and Aleksieva et al. (2025) 
observed that transformative use occurs to a very limited extent. Because the present study 
measured self-reported teaching practices rather than observed classroom behavior, any 
interpretation in terms of a vision-practice gap is necessarily tentative. Filiz et al. (2025) reported 
that teachers in the Turkish context found AI valuable for efficiency and interaction yet faced 
obstacles such as curriculum mismatch and difficulties in adapting AI to the local context, which 
suggests that additional conditions may be needed for transformative expectations to translate into 
concrete classroom applications. 

Within the teaching-practice block, the strongest edges were the positive association between 
learner-centered instruction and interpersonal relations and a comparatively large negative 
association between interpersonal relations and classroom climate. This negative edge is 
theoretically unexpected and should be interpreted with caution, since it may reflect the reverse-
keyed and disciplinary content of several classroom-climate items and the limited reliability of that 
subscale rather than a substantive opposition between the two dimensions. 

The perception of professional and digital competence regarding AI declined consistently with 
both age and years of experience, with younger and less experienced teachers reporting higher 
perceived competence. This coincides with studies indicating that younger teachers are more 
favorable toward AI (Cabero-Almenara et al., 2024; Yim & Wegerif, 2024) and with the observation 
of Dringó-Horváth et al. (2025) that the relationship between AI literacy and digital competence 
differs by age, seniority, and subject. Lucas et al. (2024), by contrast, found attitude to be 
independent of age, gender, and seniority, which suggests that the role of demographic factors is 
context- and sample-dependent. The effect sizes were small, so the direction and consistency of 
these differences, rather than their magnitude, should be the focus of interpretation. 

With respect to the network structure, global connection strength did not differ across gender, 
language of instruction, or seniority. Under the present specification the network structure did not 
differ significantly by gender, so the gender-based structural difference reported in the earlier 
analysis was not reproduced and should not be treated as an established finding. A structural 
difference by seniority was observed, but it rested on a small early-career subgroup and is best 
regarded as exploratory. This seniority-related pattern is nonetheless consistent with a further 
observation from the present data, namely that teacher-centered and learner-centered 
endorsements were unrelated among early-career teachers but positively associated among 
experienced teachers, so that the two orientations appear to be treated as opposed by early-career 
teachers and as compatible by their more experienced colleagues. 

Taken together, these findings offer a methodological contribution. The relationship between 
teaching practices and attitudes toward AI has been examined primarily through correlation or 
regression using composite scores, which can show whether the two constructs are related but not 
the dimensions through which any relationship operates. Psychometric network analysis maps this 
pattern by treating dimensions as directly interacting nodes (Borsboom et al., 2021), and bridge 
centrality decomposes the connection into individual dimensions (Jones et al., 2021). Applied here, 
and examined for robustness, this approach indicated that the connection between the two 
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constructs is weak and distributed rather than concentrated in a single dimension. The value of the 
approach in this case lies less in identifying a specific bridge than in showing, with explicit 
attention to stability and measurement, that no single bridge can be sustained. 

The practical implications should be read in light of the weak magnitude of the cross-construct 
associations, so that the recommendations below are offered as plausible directions rather than as 
established effects. Because the association between teaching practices and attitudes toward AI is 
diffuse, professional development aimed at supporting AI integration is unlikely to be advanced 
by targeting a single pedagogical dimension; a broader approach that links the concrete 
pedagogical functionality of AI to teachers' everyday practices is more consistent with the 
evidence. The demographic patterns sharpen this picture. Perceived AI competence declined 
consistently with age and seniority, and this was the strongest demographic effect observed, which 
suggests that professional development for more experienced teachers should target digital and AI 
competence directly. Because perceptions of AI's transformative potential were highest among 
classroom teachers and lowest among mathematics and science teachers, the framing of AI's 
pedagogical value may also need to be contextualized by subject. 

6. Limitations and Future Research 

Several limitations should be considered. First, and most importantly, the measurement structure 
of the AI scale was derived in the same sample used to estimate the network, and most of the 
teaching-practice subscales were measured with limited internal consistency. Deriving the 
measurement model and estimating the substantive network in a single sample can inflate 
apparent structure and understate uncertainty. For this reason the central finding was examined 
directly through reliability-adjusted, alternative-structure, and split-sample analyses, all of which 
indicated that the weak and distributed character of the association does not depend on these 
measurement decisions; the measurement structure should nonetheless be regarded as provisional 
and validated in independent samples. Second, four of the five teaching-practice subscales fell 
below the conventional reliability threshold, and the teacher-centered subscale in particular 
showed limited coherence, so findings involving these dimensions should be interpreted with 
caution. 

Third, the sample was demographically unbalanced, with most participants being women (n = 
300) and relatively few men (n = 76), and with older and more experienced teachers 
predominating; this limits statistical power and generalizability and is especially consequential for 
the subgroup network comparisons, which should be treated as preliminary. Fourth, the school 
level at which participants taught was not among the recorded demographic variables, which 
constrains the characterization of the sample. Fifth, all instruments were administered on a single 
occasion and in a single language, so the study speaks to a multilingual context but not to cross-
language measurement equivalence, and the possibility of common-method variance cannot be 
excluded; a Harman single-factor test indicated that the first unrotated factor accounted for 17.9% 
of the variance, which does not point to a dominant method factor but does not by itself rule out 
common-method bias (Podsakoff et al., 2003). Finally, the cross-sectional design means that the 
relationships are non-directional and do not support causal inference, and the low stability of the 
bridge estimates means that the ranking of dimensions by bridge strength should not be 
interpreted. 

Future research would benefit from replication in independent and more balanced samples, 
from longitudinal designs that could clarify the direction of the relationship between teaching 
practices and attitudes toward AI, and from the incorporation of measures beyond teacher self-
report. Validating the AI attitude structure in an independent sample and testing measurement 
invariance across cultural and language groups would also strengthen the basis for dimension-
level network comparisons. 

7. Conclusion 

This study examined the pattern of relationships between teachers' self-reported teaching-practice 
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dimensions and their attitudes toward AI within the framework of psychometric network analysis. 
In the primary composite network the connection between the two constructs appeared to be 
concentrated in learner-centered instruction, but this impression was not robust: under reliability-
adjusted, alternative-structure, and split-sample analyses the association was weak and distributed 
across several teaching-practice dimensions, and the stability of the bridge estimates was low. The 
perception of AI's transformative potential was not retained as a unique edge with any teaching-
practice dimension. Perceptions of competence regarding AI declined consistently with age and 
seniority, whereas the network structure did not differ by gender under the present specification. 
Because the design was cross-sectional, these dimension-level patterns describe associations rather 
than directional or causal effects. 

Theoretically, the study analyzes the relationship between the two constructs not as an integrated 
link but as a pattern at the dimensional level, and, by examining that pattern for robustness, it 
shows that the connection between pedagogical orientation and attitudes toward AI is weaker and 
more diffuse than a single-bridge account would imply. In practical terms, professional 
development aimed at supporting AI integration would benefit from linking the concrete 
pedagogical functionality of AI to teachers' everyday practices and from targeting digital and AI 
competence among more experienced teachers, rather than from concentrating on a single 
pedagogical dimension. Several directions follow for future research: replication in other cultural 
and linguistic settings to determine whether the weak and distributed pattern generalizes; 
longitudinal designs to test the direction of the relationship; larger and more balanced samples to 
improve the stability of the estimates; and the validation of the measurement structures in 
independent samples together with measures beyond teacher self-report.  
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