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Abstract
Collaborative problem solving (CPS) has emerged as a crucial 21st century com-
petence that benefits students’ studies, future careers, and general well-being, pre-
vailing across disciplines and learning approaches. Given the complex and dynamic 
nature of CPS, teacher-facing learning analytics dashboards (LADs) have increas-
ingly been adopted to support teachers’ CPS assessments by analysing and visu-
alising various dimensions of students’ CPS. However, there is limited research 
investigating K-12 teachers’ integration of LADs for CPS assessments in authentic 
classrooms. In this study, a LAD was implemented to assist K-12 teachers in assess-
ing students’ CPS skills in an educational game. Based on the person-environment 
fit theory, this study aimed to (1) examine the extent to which teachers’ environmen-
tal and personal factors influence LAD usage intention and behaviour and (2) iden-
tify personal factors mediating the relationships between environmental factors and 
LAD usage intention and behaviour. Survey data of 300 in-service teachers from ten 
Chinese K-12 schools were collected and analysed using partial least squares struc-
tural equation modelling (PLS-SEM). Results indicated that our proposed model 
showed strong in-sample explanatory power and out-of-sample predictive capability. 
Additionally, subjective norms affected technological pedagogical content knowl-
edge (TPACK) and self-efficacy, while school support affected technostress and 
self-efficacy. Moreover, subjective norms, technostress, and self-efficacy predicted 
behavioural intention, while school support, TPACK, and behavioural intention pre-
dicted actual behaviour. As for mediation effects, school support indirectly affected 
behavioural intention through self-efficacy, while subjective norms indirectly 
affected behavioural intention through self-efficacy and affected actual behaviour 
through TPACK. This study makes theoretical, methodological, and practical contri-
butions to technology integration in general and LAD implementation in particular.
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1 Introduction

Collaborative problem solving (CPS) is a socio-cognitive process in which 
group members utilise their shared knowledge, experiences, and skills, and 
navigate through a series of steps to reach a mutually agreed-upon solution to 
a particular problem (Fiore et  al., 2017; Graesser et  al., 2018; Griffin & Care, 
2015; OECD, 2017a). Scholars and educators recognise CPS as a critical com-
petence for the younger generation in the 21st century (Cukurova et  al., 2018; 
Fiore et al., 2018). As a domain-general competence (Graesser et al., 2017; Greiff 
et al., 2014), CPS skills are essential in various active learning approaches (e.g., 
project-based learning, inquiry-based learning) (Song, 2018; Saleh et  al., 2022) 
and prevail in diverse disciplines (e.g., language, mathematics, and computer sci-
ence) (see review by Baucal et  al., 2023 and Tian & Zheng, 2023). More edu-
cational and governmental initiatives worldwide, including the Programme for 
International Student Assessment (PISA), Assessment and Teaching of 21st Cen-
tury Skills (ATC21S), and Educational Testing Service (ETS), have increasingly 
emphasised the importance of students mastering CPS competence (von Davier 
& Halpin, 2013; Griffin & Care, 2015; OECD, 2017a). Students competent in 
CPS are likely to not only excel academically but also become better equipped to 
effectively address communication issues and navigate interpersonal conflicts in 
future teamwork scenarios (Fiore et al., 2018; OECD, 2017b; Sun et al., 2022). 
To achieve successful CPS, students are required to engage both effectively and 
collectively in the processes of identifying and representing problems, planning, 
execution, and monitoring (Hesse et  al., 2015; OECD, 2017a). Cognitive and 
social skills play pivotal roles during CPS activities, enabling teams to coordinate 
and communicate effectively and pool individual knowledge, experiences, and 
skills, thereby arriving at better solutions more efficiently than when individu-
als work alone (Andrews-Todd & Forsyth, 2020; Care et al., 2016; Hesse et al., 
2015). However, given the interactive, interdependent, and temporal nature of 
CPS (Swiecki et  al., 2020), it is challenging for teachers to assess and support 
students’ CPS skills and performance at both individual and group levels during 
their actual instruction (Scoular & Care, 2018), particularly in classroom settings 
(Care & Kim, 2018; Martinez-Maldonado, 2019).

In recent years, well-designed games have gained recognition as suitable vehi-
cles for assessing and fostering students’ higher-order skills, including CPS (see 
review by Qian & Clark, 2016 and Gomez et  al., 2022). As an active learning 
approach, digital game-based learning creates an immersive and playful environ-
ment, attracting students’ attention and promoting their engagement in learning 
tasks, thereby facilitating them to stay focused on the learning objectives (Hsu 
et  al., 2021; Kaimara et  al., 2021; Stieler-Hunt & Jones, 2017). More impor-
tantly, as students interact with games and teammates, they generate a substan-
tial amount of multimodal gameplay data, such as clickstreams and conversations 
(Sun et al., 2022; see review by Tlili et al., 2021a). Such multimodal gameplay 
data can be captured, analysed, and visualised through learning analytics dash-
boards (LADs), providing teachers with meaningful and actionable information 
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about students’ demonstration of higher-order skills and learning attainments 
(Chen et al., 2022; Lee-Cultura et al., 2023; Ruipérez-Valiente et al., 2021; Tlili 
et al., 2021b). LADs, harnessing the power of both learning analytics and visual 
analytics (Sun & Liu  2022), can illustrate various metrics that reflect different 
aspects of students’ CPS. Not only do they display students’ individual skills and 
contributions to collaborative learning along with their changes over time (Hu 
et al., 2022), but they also illuminate team performance and group dynamics dur-
ing the collaborative learning processes (Liu et al., 2024; Bao et al., 2021; Zheng 
et al., 2021).

In CPS contexts, teachers play a guiding role in facilitating students’ collaboration 
and problem solving (Griffin, 2017). With the assistance of LADs, teachers can moni-
tor students’ CPS progression and evaluate individual contributions and team perfor-
mance more accurately (Liu et  al.,  2024; Martinez-Maldonado, 2019). This enables 
teachers to identify students who are struggling with CPS tasks or ‘gaming the system’ 
in a timely manner and provide actionable feedback as well as adaptive and personal-
ised support (Chen et al., 2021; Huang et al., 2023). Teacher-facing LADs are widely 
regarded as effective tools that can aid teachers in facilitating students’ CPS practices 
(Kaliisa & Dolonen, 2023; Van Leeuwen et al., 2019). However, teachers’ sensemak-
ing of the LADs relies on how they associate dashboard information with their own 
pedagogical decisions and actions (Van Leeuwen, 2019), and multiple factors can influ-
ence this sensemaking process. For example, existing studies (e.g., Zheng et al., 2021) 
have found that teachers often struggle with complex visualisations in LADs. Some 
have reported the misalignment between visual representations of LADs and teachers’ 
diagnoses (Li et al., 2022), whereas others have demonstrated that teachers might find 
it difficult to use LADs, suggesting the necessity of providing professional training and 
technological support for those working with LADs (Rienties et al., 2018).

Despite the substantial findings in LAD research, there exists a critical gap between 
the potential role of LADs designed for CPS assessments and their actual usage by 
teachers. According to person-environment fit theory (P-E fit theory), the degree of 
compatibility between a person’s individual characteristics and external environments 
can shape the person’s actual behaviour (Kristof-Brown et  al., 2005; Kristof-Brown 
& Guay, 2011). Accordingly, this study posits that both teachers’ personal and envi-
ronmental factors play critical roles in determining their usage behaviour of LADs for 
CPS assessments. Moreover, through reviewing previous literature on the P-E fit theory 
(e.g., Al-Fudail & Mellar, 2008; Chou & Chou, 2021; Dong et al., 2020; Govender & 
Mpungose, 2022) and determinants of teacher-facing LAD adoption (e.g., Kaliisa et al., 
2021; Rienties et al., 2018; Van Leeuwen et al., 2021), this study identified several spe-
cific personal and environmental factors that may affect teachers’ LAD usage and con-
structed an integrated conceptual model (see Fig. 1). Specifically, teachers’ personal 
attributes include technological pedagogical content knowledge (TPACK), technos-
tress, and self-efficacy, while the environmental factors include subjective norms and 
school support. In light of the potential of LAD for supporting teachers’ CPS assess-
ments and the possible impacts of these factors on their LAD usage, this study aims to 
examine how these personal and environmental factors and their relationships shape the 
LAD usage intention and behaviour of K-12 in-service teachers in the classroom con-
text of game-based CPS assessments.
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Our paper is structured as follows: first, we define collaborative problem-solv-
ing, describe its prevalence in education across learning approaches and contexts, 
and introduce how educational games can develop and assess learners’ CPS com-
petence. Then, we illustrate the potential of teacher-facing learning analytics dash-
boards (LADs) for supporting teachers’ assessment of learners’ CPS skills and 
problematize the gap between their potential and teachers’ actual usage. Next, we 
present our literature review on the affordances of teacher-facing LADs for facili-
tating computer-based collaborative learning and the person-environment fit theory, 
encompassing various environmental and personal factors influencing teachers’ 
technology integration. Then, we articulate our research aims, conceptual model and 
hypotheses, and our methodology for examining our model hypotheses and address-
ing our research objective. Next, we present the results of our analysis, including the 
structural and mediation effects of the environmental and personal factors on teach-
ers’ LAD usage intention and behaviour. Finally, we discuss these results and make 
concluding remarks regarding the contributions of this study, its limitations, and our 
recommendations for future research.

2  Literature review

2.1  Teacher‑facing LADs for computer‑based collaborative learning

Teacher-facing LADs function as a supportive tool, enabling teachers to assess 
and intervene in students’ learning processes effectively and efficiently based on 

Fig. 1  The integrated conceptual model
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timely visualizations (Van Leeuwen et al., 2019). These LADs provide fine-grained 
insights that empower teachers to understand, rationalise, and make informed deci-
sions based on the complex data derived from student online learning trajectories 
and activities (Calvo-Morata et al., 2019; Li et al., 2022). Research has underscored 
the benefits of integrating LADs into computer-based collaborative learning. For 
instance, a study by Van Leeuwen et  al. (2019) unveiled a teacher-centric LAD 
aimed at tracking students’ collaborative endeavours and providing indirect support 
within the classroom setting. The dashboard offers teachers an overview of students’ 
collaborative learning situations derived from computational analytics, assisting 
them in detecting students’ problematic learning situations. Kaliisa and Dolonen 
(2023) introduced university instructors to a LAD designed for online problem-ori-
ented discussions. This dashboard, equipped with visualisations of team interaction 
and automated discourse analysis of students’ discussion content, facilitated teachers 
in interpreting students’ learning dynamics within collaborative discussions. While 
LADs were deemed beneficial for teachers to gain a deeper understanding of student 
learning and interactions within computer-supported collaborative learning envi-
ronments, teachers might encounter multiple challenges when attempting to utilise 
LADs in their teaching (Zheng et al., 2021). For instance, Liu et al. (2023) found 
that teachers’ resistance to embracing LADs might result from a deficit in supportive 
knowledge and skills, such as data visualisation literacy, and possible stress and anx-
iety induced by technology adoption. Li et al. (2022) revealed that teachers viewed 
the complexity of visualisations from LADs and the inadequacy of LAD capabilities 
as barriers to interpreting their information. Thus, the identification of these chal-
lenges and the implementation of corresponding solutions are crucial in enhancing 
teachers’ capacity to integrate LADs into teaching practices.

2.2  Person‑environment fit theory

Built on various theories and models of technology integration, previous studies have 
identified numerous factors that may facilitate or impede teachers’ effective use of 
LADs (e.g., Liu et al., 2023, 2024; Li et al., 2022). Certain factors are tied to teach-
ers’ personal attributes, encompassing their knowledge, skills, and literacy in relation 
to LADs, as well as psychological aspects like self-efficacy beliefs. On the other hand, 
some factors derive from external environments around teachers, such as the availabil-
ity of school support or broader social conditions. To better conceptualise and situate 
these factors, we employ the P-E fit theory as the theoretical ground for this study. The 
P-E fit theory refers to the compatibility that arises when people and their environments 
are well matched (Kristof-Brown et al., 2005). It stresses that compatibility between 
individual and work environment characteristics influences behaviour and psycho-
logical functions, with a higher congruity associated with improved performance and 
increased productivity (Edwards et  al., 1998; Kristof-Brown & Guay, 2011). In this 
study, the P-E fit theory offers a lens to investigate how individual and environmen-
tal factors influence teachers’ use of LADs for assessing and supporting students’ CPS 
skills. Past research has typically leveraged technology acceptance models (TAMs) 
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to delve into various psychological drivers of technology adoption among teachers 
(Scherer et al., 2019). While both TAM and P-E fit theories underscore influential fac-
tors related to technology integration, P-E fit theory offers added value by clustering 
these factors and further clarifying the relationships between these clusters. In the fol-
lowing sections, we will elaborate on the personal and environmental factors influenc-
ing teachers’ technology integration into teaching practices.

2.3  Environmental factors: subjective norms and school support

Ajzen and Fishbein (1980) defined subjective norms (SN) as one’s normative belief 
that ‘specific individuals or groups think he should or should not perform the behaviour 
and his motivation to comply with the specific referents’ (p. 8). A systematic review 
conducted by Wijnen et al. (2021) highlighted the pivotal role of subjective norms in 
shaping teachers’ acceptance and adoption of technologies designed to foster primary 
school students’ higher-order thinking skills. Jeong and Kim (2017) found that teach-
ers with a stronger sense of subjective norms were more inclined to utilise information 
and communication technologies (ICT) for instructional purposes in early childhood 
education. Shin’s (2015) study disclosed that a substantial proportion of elementary 
school teachers perceived the attitudes of administrators towards technology use as a 
vital determinant in achieving high-quality technology integration.

School support (SS) refers to material and psychological support provided by school 
administrators for teaching-related technology use (Chou & Chou, 2021). Empiri-
cal research has demonstrated that school support can facilitate teachers’ utilisation of 
technology (Atman Uslu & Usluel, 2019; Hew et al., 2017; Porter & Graham, 2016). 
For instance, Lam et  al. (2010) discovered that secondary school teachers exhibited 
greater motivation and willingness to adopt technological innovations when they per-
ceived their schools as being more supportive of their competence and autonomy. Koh 
et al. (2017) revealed that the primary school teachers’ integration of technology was 
fostered by peer support in teacher professional development activities organised by the 
schools. Regarding pre-service teachers, their intent to use technology was positively 
influenced by a range of facilitative conditions, such as the availability of infrastructure, 
technical assistance, and encouraging policies (Kaimara et al., 2021).

2.4  Personal factors: TPACK, self‑efficacy, and technostress

Teachers’ technological, pedagogical, and content knowledge (TPACK) empha-
sises the affordances of using technologies to improve teaching practices 
(Archambault & Crippen, 2009; Schmidt et al., 2009). Well-developed TPACK 
is commonly associated with the successful integration of educational technolo-
gies in teaching and learning (Anthony et al., 2021; Koh et al., 2017), as TPACK 
not only informs teachers about what technologies to use but, more impor-
tantly, fosters teachers to think, analyse, and reflect on the use of technology 
(Huang et al., 2021a). Consequently, TPACK is widely discussed when research-
ers evaluate teachers’ technology usage and integration. For instance, Schmid 
et  al. (2021) revealed that pre-service teachers’ TPACK skills were associated 
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with how they implemented technologies in lesson plans. Furthermore, previ-
ous research has emphasised the positive impact of TPACK on teachers’ atti-
tudes, behavioural intentions, and actual behaviours towards technology inte-
gration among K-12 and higher education teachers (e.g., Hsu et al., 2021; Jung 
et al., 2019; Zhang & Chen, 2022). In other words, teachers with a high level of 
TPACK are more likely to form favourable perceptions of the value technology 
can add to teaching and learning. Conversely, the lack of TPACK often poses 
obstacles to successful technology integration (Liu et al., 2024).

Perceived self-efficacy (SE) was defined as ‘beliefs in one’s capabilities to 
organise and execute the courses of action required to produce given attain-
ments’ (Bandura, 1997, p. 3). Numerous studies have suggested that teachers’ 
self-efficacy positively influences their intentions to incorporate educational 
technologies into actual teaching (e.g., Panisoara et  al., 2020; Wijnen et  al., 
2021). For instance, Joo et al. (2018) found that pre-service teachers’ perceived 
self-efficacy was positively related to their intention towards technology integra-
tion. The same positive relationship between self-efficacy and technology use 
can also be observed in K-12 educational contexts. Petko et al. (2018) reported 
that primary school teachers’ perceived technology-related beliefs strongly pre-
dicted their short-term and long-term technology use for teaching project-based 
learning. Similarly, Kwon et al. (2019) demonstrated that teachers’ self-efficacy 
for technology integration significantly affected their actual use of computing 
devices (e.g., smartphones and tablets) in secondary schools.

Technostress (TS), particularly in educational settings, has garnered signifi-
cant research attention due to the pervasive infiltration of new technologies into 
classrooms spanning various subjects and educational levels (see review by 
Fernández-Batanero et  al., 2021). Weil and Rosen (1997) defined technostress 
as ‘any negative impact on attitudes, thoughts, behaviors, or body psychology 
caused directly or indirectly by technology’ (p. 5). Ayyagari et  al. (2011) sug-
gested that a high level of technostress leads to users’ lower performance in their 
actual usage and diminished behavioural intention towards future adoption. Sim-
ilar findings have likewise been noted within the realm of educational research 
(e.g., Chou & Chou, 2021; Joo et  al., 2016). In particular, technostress could 
lead to K-12 teachers’ psychological frustration and an inability to cope with 
teaching tasks (Al-Fudail & Mellar, 2008). Similarly, a large-scale survey on the 
technology integration behaviour of K-12 teachers showed that teachers’ efforts 
to integrate technologies were hindered by technostress, which diminished sat-
isfaction with educational technology usage and adversely affected their percep-
tions of using ICT for teaching (Wu et al., 2022).

2.5  The current study

With the complex and dynamic nature of CPS, there is a growing trend towards the 
development of teacher-facing LADs to analyse and visualise multimodal data related 
to students’ CPS skills (e.g., clickstreams, group conversations) collected from learn-
ing technologies, including educational games (Liu et al., 2024; Azevedo & Gašević, 
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2019; Chen et al., 2022; Tlili et al., 2021b). Meanwhile, when attempting to adopt 
LADs for their teaching, teachers often encounter various barriers and challenges 
(Kaliisa et al., 2021; Lee-Cultura et al., 2023; Li et al., 2022), often due to the mis-
fit between personal and environmental characteristics (Chou & Chou, 2021; Dong 
et al., 2020; Govender & Mpungose, 2022). The misfit in turn influences teachers’ 
technology usage intention and performance (Chou & Chou, 2021; Li & Wang, 2021; 
Joo et al., 2016). Consequently, to maximise the utilities of LADs and mitigate their 
stress from integrating LAD, it is necessary to identify personal and environmental 
stressors and predict teachers’ LAD usage from a person-environment fit perspec-
tive. Despite the substantial existing findings on the influence of personal and envi-
ronmental factors on teacher’s technology acceptance and adoption, scant research 
has delved into how these factors affect K-12 teachers’ integration of LADs for CPS 
assessments in classroom settings. Therefore, in the current study, we implemented a 
teacher-facing LAD for assessing students’ CPS in K-12 classrooms, and examined 
the relationships between environmental and personal factors and how they shape 
K-12 teachers’ behavioural intention and actual usage of the LAD. The current study 
will extend our theoretical understanding of the P-E fit theory through its application 
in the context of technology-enhanced CPS assessment. Methodologically, although 
previous studies on P-E fit have proposed and validated diverse technology integra-
tion models, they focused on checking their models’ explanatory power (i.e., R2 ) and 
offered limited evidence of the models’ predictive capability and external validity. 
Thus, whether our proposed model possesses strong out-of-sample predictive power 
warrants further investigation. Our research findings could shed light on the deter-
minants that either facilitate or hinder teachers’ successful integration of LADs into 
teaching practices and offer recommendations on how to support teachers in leverag-
ing LADs to foster students’ CPS skills.

2.6  Conceptual model and hypotheses

Based on the P-E fit theory and our literature review as discussed above, this study 
constructed an integrated conceptual model (see Fig.  1), where the hypothesised 
model relationships are as follows:

H1-H5: subjective norms (SN) affect TPACK, self-efficacy (SE), technostress 
(TS), behavioural intention (BI), and actual behaviour (AB) respectively.
H6-H10: school support (SS) affects TPACK, self-efficacy (SE), technostress (TS), 
behavioural intention (BI), and actual behaviour (AB) respectively.
H11-H13: TPACK affects technostress (TS), behavioural intention (BI), and actual 
behaviour (AB) respectively.
H14-H16: self-efficacy (SE) affects technostress (TS), behavioural intention (BI), 
and actual behaviour (AB) respectively.
H17-H18: technostress (TS) affects behavioural intention (BI) and actual behaviour 
(AB) respectively.
H19: behavioural intention (BI) affects actual behaviour (AB).
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Additionally, we postulate that TPACK and self-efficacy indirectly affect behav-
ioural intention and actual behaviour through technostress. Firstly, it was discovered 
that teachers’ TPACK abilities lessened their levels of technostress, which subse-
quently enhanced their intention to utilise educational technologies (Joo et al., 2016). 
Concerning the relationship between SE and technostress, in studies on K-12 and 
university teachers’ technostress towards online teaching tools, teachers’ self-effi-
cacy reduced their technostress (Chou & Chou, 2021). Similarly, Dong et al. (2020) 
illustrated that self-efficacy mitigated technostress among K-12 in-service teachers 
during the integration of ICT into teaching activities. We therefore hypothesise:

H20-H21: technostress (TS) mediates the relations between TPACK and behav-
ioural intention (BI) and actual behaviour (AB).
H22-H23: technostress (TS) mediates the relations between self-efficacy (SE) and 
behavioural intention (BI) and actual behaviour (AB).

We also propose that school support indirectly affects behavioural intention and 
actual behaviour through TPACK, self-efficacy, and technostress. School support 
has been identified as a crucial catalyst in motivating teachers to incorporate e-learn-
ing into their teaching practices (Atman Uslu & Usluel, 2019; Ifinedo & Kankaan-
ranta, 2021; Liu et al., 2017). Both administrative and collegial support were found 
to positively influence teachers’ TPACK and computer self-efficacy within K-12 
school settings (Dong et al., 2020). In the absence of sufficient school support, K-12 
teachers are prone to ‘experience resistance and animosity from colleagues’, which 
could consequently undermine their self-efficacy when applying educational games 
to their teaching activities (Stieler-Hunt & Jones, 2017). Numerous studies also sug-
gest that school support can help teachers alleviate their technostress, which in turn 
facilitates the integration of emerging technologies into teaching (e.g., Joo et  al., 
2016; Özgür, 2020; Chou & Chou, 2021). We therefore hypothesise:

H24-H25: TPACK mediates the relations between school support (SS) and behav-
ioural intention (BI) and actual behaviour (AB).
H26-H27: self-efficacy (SE) mediates the relations between school support (SS) 
and behavioural intention (BI) and actual behaviour (AB).
H28-H29: technostress (TS) mediates the relations between school support (SS) 
and behavioural intention (BI) and actual behaviour (AB).

Subjective norms have been recognised as a key factor in shaping teachers’ tech-
nology usage intention and behaviour (Jeong & Kim, 2017; Shin, 2015; Wijnen 
et al., 2021). Nevertheless, there is a scarcity of knowledge concerning whether and 
how teachers’ personal factors mediate the influences of subjective norms on their 
usage intention and behaviour towards educational technologies. Previous studies 
(e.g., Kwon et al., 2019; Wu et al., 2022; Zhang & Chen, 2022) demonstrated the 
significant influences of teachers’ TPACK, self-efficacy, and technostress on their 
behavioural intention and actual usage towards digital learning technologies. At the 
same time, subjective norms were found to be highly associated with TPACK, self-
efficacy, and technostress (Dong et al., 2020; Jang et al., 2021; Scherer et al., 2019). 
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Hence, we expect that subjective norms have significant indirect effects on behav-
ioural intention and actual behaviours through TPACK, self-efficacy, and technos-
tress, respectively. We therefore hypothesise:

H30-H31: TPACK mediates the relations between subjective norms (SN) and 
behavioural intention (BI) and actual behaviour (AB).
H32-H33: self-efficacy (SE) mediates the relations between subjective norms (SN) 
and behavioural intention (BI) and actual behaviour (AB).
H34-H35: technostress (TS) mediates the relations between subjective norms (SN) 
and behavioural intention (BI) and actual behaviour (AB).

3  Methods

3.1  Overview of the CPS game and the LAD

For facilitating the assessment of young students’ CPS skills, Digital City Fighter 
(D-City Fighter) was developed as part of a larger theme-based research project titled 
Learning and Assessment for Digital Citizenship. D-City Fighter (see Fig.  2) is a 
mobile online role-playing game focused on CPS with a 3D interface supporting mul-
tiple players. Based on the principles of evidence-centred design, three CPS quests 
have been designed and developed in the game (Tsang et al., 2020; Liu et al., 2024). 
As Fig. 2 shows, one of the quests requires a group of four student-players to locate 
puzzle pieces scattered throughout the digital city and assemble them within a 15-min-
ute timeframe. Specifically, players are tasked with identifying puzzle pieces whose 
frames correspond to the colour of the circle at their feet and positioning these pieces 
correctly in their respective locations within the puzzle area. A hidden clue for com-
pleting this puzzle task becomes available to players upon entering the bush. Vari-
ous tools (i.e., Virtual Joystick, Pickup/Putdown, Emoji, Chat, Scoreboard, Map, and 
Timer) are incorporated into the graphical user interface to support players’ CPS pro-
cesses. To assess the players’ CPS skills, measures from their gameplay data (e.g., 
movement trajectories, clickstreams) were mapped to CPS skills, referencing a well-
known framework for teachable CPS skills proposed by Hesse et al. (2015): participa-
tion, perspective taking, task regulation, social regulation, and knowledge building.

CPSLens (see Fig.  3) is a teacher-facing mobile LAD designed to analyse and 
visualise students’ interactions within virtual CPS environments, such as D-City 
Fighter. It aims to assist teachers in assessing students’ CPS skills and performance. 
The pipeline for game learning analytics of CPS is depicted in Fig. 4. Specifically, 
student-players’ gameplay data are fed into CPSLens, which visualises their CPS 
skills and processes as well as quest performance and engagement to teachers. 
Teachers can then use the generated visualisations to evaluate students’ CPS skills 
and performance. In CPSLens, six visualisation panels are offered: Quest Perfor-
mance, Player Movement, CPS Performance, Quest Playback, Quest Engagement, 
and CPS Dynamics. Moreover, CPSLens allows teachers to switch between the visu-
alisation interfaces of different groups and group members.
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Fig. 2  The interface of D-City Fighter (Payer E1’s point of view)

Fig. 3  The interface of CPSLens (Group B and Player B1)
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Students’ CPS skills and processes are visualised via the CPS Performance, 
CPS Dynamics, Player Movement, and Quest Playback panels. Through the CPS 
Performance panel, teachers can assess group members’ performance on five CPS 
skills identified in the literature (Hesse et al., 2015), represented by a circular bar 
chart. Teachers can also visually check the transition patterns among the CPS skills, 
depicted by nodes of varying sizes corresponding to skill performance levels. When 
clicking specific skill bars, such as participation (yellow) and task regulation (pink) 
(See Fig. 3), teachers will be presented with multiple black-and-white bars. Each of 
these black-and-white bars indicates the proportion of the selected skill performed 
by one player (black part) relative to the corresponding skill performance of the 
entire group at a given time point on the x-axis of the CPS Dynamics panel. The 
CPS Dynamics panel displays a stacked bar chart with coordinates; the x-axis rep-
resents time points (in minutes), and the y-axis signifies one group member’s per-
formance scores on the CPS skills, providing teachers with insights into dynamic 
changes in individual CPS skills over time. The Player Movement panel visualises 
different group members’ movement trajectories within the digital city. The city’s 
geography is divided into quest zones containing quest-related elements (e.g., puzzle 
pieces) and non-quest zones without relevant problem-solving information. This fea-
ture enables teachers to track and monitor different group members’ task progress. 
For instance, teachers can leverage this visualisation panel to identify difficulties 
that group members encounter as well as unintended events (e.g., ‘gaming the sys-
tem’, off-quest behaviours) in the CPS process by comparing their actual movement 
trajectories with the expected ones. Finally, the Quest Playback panel allows teach-
ers to review the video recording of each group member’s CPS process individually.

The Quest Performance and Quest Engagement panels visualise the performance 
and engagement of the CPS quests, respectively. Teachers can use the Quest Perfor-
mance panel to examine the quest scores at both individual and group levels, as well 
as check the remaining and expended time during group members engaging with 

Fig. 4  Game learning analytics pipeline adapted from Calvo-Morata et al. (2019)
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the quests. The quest scores are computed using performance metrics derived from 
students’ gameplay data, such as the duration of quest completion and the count of 
incorrect attempts. Additionally, the Quest Engagement panel showcases the level of 
engagement of each group member, evaluated through the group member’s interac-
tions with teammates, in-game support tools, quest elements, and both quest and 
non-quest zones. A higher level of engagement correlates with darker shades of the 
square colour. Quest Engagement is represented as coordinates, with each point on 
the x-axis marking a time point (in minutes) and each label (e.g., B1-B4 in Group 
B) on the y-axis representing a group member. Quest Engagement informs teachers 
about different group members’ temporal changes in engagement levels in the entire 
CPS process.

The use of CPSLens offers interactive, near real-time visualisations of students’ 
strengths or weaknesses regarding particular CPS skills. Such feedback can not only 
support teachers to foster students’ CPS skills in an adaptive and personalised way 
but also help teachers improve their design and implementation of collaborative 
learning activities, such as building an appropriate group composition referring to 
CPS assessment results from CPSLens.

3.2  Participants and procedure

A total of 300 in-service teachers from ten K-12 schools in China participated in this 
study. Among the participants, 59.3% were female, with an overall average age of 
40.40 (SD = 7.05). Table 1 shows their demographic details. None of the participat-
ing teachers had experience implementing LADs or educational games in their class-
rooms. Before data collection, informed consent was obtained from the participating 
teachers, principals, students, and their parents. The researchers emphasized to the 
participating teachers that they had the freedom to withdraw from the study at any 
time without any consequences.

Initially, the research team disseminated multimedia materials for the teachers to 
acquire knowledge about technology-enhanced CPS assessments, LADs, and their 
pedagogical affordances. Then, considering teachers’ lack of experience in imple-
menting LADs, the researchers conducted a full-day onsite training session in each 
school to familiarise the teachers with the operations of D-City Fighter and CPSLens. 
This comprehensive training, guided by the researchers, included a live demonstration 
of D-City Fighter and CPSLens, followed by a hands-on trial allowing teachers to gain 
practical experience with these technology applications. Upon completion, the partici-
pating teachers were invited to integrate D-City Fighter and CPSLens into their teach-
ing and implement them within classroom environments in the subsequent semester. 
Inherently functioning as a domain-general competence (Graesser et al., 2017; Greiff 
et al., 2014), CPS has been widely applied across various disciplines (e.g., mathemat-
ics, computer science) (Baucal et al., 2023;  Tian & Zheng, 2023) and different active 
learning approaches (e.g., project-based learning, problem-based learning) (Song 
,2018; Saleh et al., 2022). In this study, as shown in Table 1, the participating teachers 
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implemented the CPS game and the LAD in STEM (e.g., technology, mathematics) 
and non-STEM (e.g., language) subjects.

Throughout the implementation of D-City Fighter and CPSLens, researchers pro-
vided remote assistance via a social media group whenever participants encountered 
and reported technical difficulties. Excluding these sporadic cases of troubleshoot-
ing, all the participants received similar amounts of support from the researchers. 
One semester after the implementation (approximately four months), we distributed 
questionnaires to elicit teachers’ perceptions of constructs corresponding to environ-
mental and personal factors (as detailed in the next section), as well as the behav-
ioural intentions and actual use of CPSLens. Log files from CPSLens showed that 
the teachers, on average, accessed CPSLens 4.63 times, spending approximately 
10.13 min during each interaction.

3.3  Measures

We measured subjective norms (SN), self-efficacy (SE), and behavioural intention 
(BI) using 12 items with a 7-point Likert scale (1 = strongly disagree; 7 = strongly 

Table 1  Demographic profile of 
the participants

Demographic profile Number % (rounded)

Gender
  Male 122 41
  Female 178 59

Age
  21–30 years old 20 7
  31–40 years old 100 33
  41–50 years old 149 50
  50 + years old 31 10

Teaching grade
  Primary school 163 54
  Secondary school 137 46

Teaching subject
  STEM 183 61
  Non-STEM 117 39

Year of teaching
  1–10 years 25 8
  11–20 years 102 34
  21–30 years 146 49
  > 30 years 27 9
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agree). The items were adapted from Admiraal et al. (2017) and Teo and van Schaik 
(2009). Cronbach’s alpha for SN (five items), SE (four items), and BI (three items) 
ranged from 0.838 to 0.902.

Technological pedagogical content knowledge (TPACK), school support (SS), 
and technostress (TS) were measured using 11 items with the same 7-point Likert 
scale used above. The items were adapted from the highly cited literature (Archam-
bault & Crippen, 2009; Ayyagari et al., 2011; Chou & Chou, 2021; Lam et al., 2010; 
Schmidt et  al., 2009). Cronbach’s alpha for TPACK (four items), SS (four items), 
and TS (three items) ranged from 0.784 to 0.907.

We assessed actual behaviour (AB) using five items adapted from Davis et  al. 
(1989), Schildkamp et al. (2017), and Siyam (2019). These five 7-point Likert-type 
items included the teachers’ frequency of utilising the LAD over the one-semester 
period (from 1 = not at all to 7 = more than 10 times), their duration per LAD usage 
(from 1 = less than five minutes to 7 = more than half an hour), and three other items 
measuring the extent to which the teachers used LAD for instructional purposes 
(from 1 = never to 7 = always). Cronbach’s alpha for AB was 0.838.

3.4  Data Analysis

All data analyses were performed using R 4.3.2  and SmartPLS 4.0.7.8. For examin-
ing the relationships between personal and environmental factors and how they influ-
enced teachers’ behavioural intention and actual usage of the LAD, we evaluated the 
proposed model (see Fig. 1) through partial least squares structural equation model-
ling (PLS-SEM). The PLS-SEM algorithm combines principal component analysis 
with ordinary least squares regressions to estimate model structures. Compared with 
covariance-based SEM commonly adopted in studying technology acceptance and 
adoption, PLS-SEM offers several advantages, including accommodating non-nor-
mal data distributions, achieving sufficient statistical power with small sample sizes, 
and managing complex models with multiple latent and observed variables and their 
interrelationships. PLS-SEM is particularly exceptional at assessing a model’s out-
of-sample predictive power. These strengths align well with our study’s characteris-
tics, such as the non-normality of our data (see item descriptive statistics in Appen-
dix Table  4), complex model relationships within a relatively small sample size, 
and the requirement to assess the model’s predictive capacity. Despite this study’s 
small sample size, it still meets the minimum sample size as calculated by G*power 
3.1.9.4 (Faul et al., 2009). With population effect size, power level, and significance 
level � set to 0.15, 0.95, and 0.01 respectively, G*power suggests that 189 is the 
minimum sample size required for our model estimation.

Adopting a two-stage process as delineated by Anderson and Gerbing (1988), the 
PLS-SEM analysis comprised assessments of the measurement model and struc-
tural model. In the measurement model, we checked indicator reliability (indicator 
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loading ≥ 0.708 and statistically significant), internal consistency reliability (0.70 
≤ Cronbach’s alpha and composite reliability (CR) ≤ 0.95), convergent validity 
(average variance extracted (AVE) ≥ 0.50), and discriminant validity (the hetero-
trait-monotrait ratio of correlations (HTMT) < 0.85; Square root of AVE for a con-
struct higher than its correlation with other constructs). In the structural model, we 
examined the statistical significance of path coefficients, collinearity (variance infla-
tion factor (VIF) < 3.3), and effect size of path coefficients and model explanatory 
power (i.e., R2 ), ranging from weak (0 ≤ x ≤ 0.10), modest (0.10 < x ≤ 0.30), moder-
ate (0.30 < x ≤ 0.50) to strong (x > 0.50). These assessment criteria are from Hair 
et al.’s (2021) guidelines for PLS-SEM model evaluation.

Following the recommended procedures in Shmueli et  al. (2019), this study 
assessed the out-of-sample predictive power of the proposed model. Initially, a hold-
out sample-based procedure was executed involving three-fold cross-validation and 
20 repetitions to derive training and holdout samples. Next, out-of-sample predic-
tion metrics for the model indicators were computed and compared with the linear 
regression model (LM) benchmark. According to Shmueli et al. (2019), a PLS mod-
el’s  Qpredict

2 larger than zero and prediction errors (e.g., root-mean-squared error) 
lower than the LM benchmark indicate the sufficient predictive power of the model. 
Because Shmueli et al. (2019) emphasise that the assessment of a PLS model’s pre-
diction performance should concentrate on its key endogenous constructs, our analy-
sis primarily targeted the BI and AB constructs within the model. For mediation 
analyses, the multiple mediation effects were analysed with reference to the proce-
dure in Zhao et al. (2010).

4  Results

4.1  Assessing the measurement model

The results from the measurement model assessment can be found in Appendix 
Table 4. All indicator loadings proved statistically significant, with all but two items 
(AB4 = 0.560; AB5 = 0.560) surpassing the threshold of 0.708. These two items 
were retained due to their role in measuring the frequency and duration of LAD 
use—crucial for the content validity of the measurement—and the fact that the CR 
and AVE of the construct (i.e., AB) exceeded recommended thresholds (Hair et al., 
2021). The CR of all constructs ranged from 0.869 to 0.931, larger than the cut-
off value of 0.70, and Cronbach’s alpha ranging from 0.784 to 0.907—considered 
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‘satisfactory to good’ according to Hair et  al. (2021). Convergent validity was 
achieved, as denoted by AVE (ranging between 0.598 and 0.795) exceeding 0.50 
(see Appendix Table 4). The discriminant validity of the measurement model was 
acceptable, with HTMT below 0.85 and the square root of each construct’s AVE 
greater than its correlations with other constructs within the model (see Table 2).

4.2  Assessing the structural model and mediation effects

Appendix Table  5 and Fig.  5 showcase the results of the hypothesis testing. The 
structural model did not have the problem of collinearity, as the VIF values ranged 
from 1.109 to 2.274, not exceeding the threshold of 3.3. TPACK (𝛽 = 0.596, CI
[0.496; 0.681], strong effect size) and SE (𝛽 = 0.494, CI [0.389; 0.587], moderate
effect size) were positively predicted by SN, supporting  H1 and  H2. While SS was a 
positive predictor of SE (𝛽 = 0.270, CI [0.159; 0.370]), it occurred to be a negative
predictor of TS (𝛽 = -0.291, CI [-0.413; -0.143]), with both paths bearing modest
effect sizes and accepting  H7 and  H8. SN (𝛽 = 0.346, CI [0.217; 0.473]) and SE
(𝛽 = 0.366, CI [0.216; 0.499]) positively predicted BI respectively with moderate
effect sizes, while TS (𝛽 = -0.093, CI [-0.187; -0.010]) negatively predicted BI with
a weak effect size, confirming  H4,  H15, and  H17. SS (𝛽 = 0.087, CI [0.011; 0.167])
and TPACK (𝛽 = 0.162, CI [0.056; 0.275]) were predictive of AB, showing a weak
and modest effect size, respectively. Therefore,  H10 and  H13 were established. With 
a strong effect size, BI was found to be a predictor of AB (𝛽 = 0.524, CI [0.409;
0.636]), supporting  H19

Table 2  Results of discriminant 
validity

Bolded values indicate the square roots of the AVEs; Values below 
the diagonal indicate the correlation between the variables; Values 
above the diagonal indicate the HTMT estimates

SN SS TPACK SE TS BI AB

SN 0.848 0.439 0.643 0.68 0.122 0.721 0.614
SS 0.400 0.831 0.223 0.531 0.352 0.503 0.477
TPACK 0.586 0.212 0.855 0.630 0.126 0.537 0.546
SE 0.602 0.467 0.562 0.842 0.136 0.757 0.651
TS -0.053 -0.284 0.061 -0.108 0.804 0.196 0.219
BI 0.640 0.434 0.479 0.657 -0.172 0.892 0.802
AB 0.588 0.430 0.521 0.616 -0.154 0.750 0.773
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Fig. 5  Results of structural model relationships
The model explained 54.5% of the variance for BI and 62.1% for AB, showing 

that our research model possessed a strong explanatory power (i.e., in-sample pre-
dictive power). According to the results of PLSpredict analysis (see Table 3), the 
 Qpredict

2 values for the BI and AB indicators exceeded zero, and the prediction errors 
in the PLS model were lower than the LM model, indicating that our model had 
high out-of-sample predictive power. Appendix Table 5 and Fig. 6 show the results 
of mediation analyses. TPACK (𝛽 = 0.097, CI [0.034; 0.167]) was a mediator of
the relationship between SN and AB, supporting  H31. SE mediated the relationships 
between SN and BI (𝛽 = 0.181, CI [0.101; 0.267]) and between SS and BI (𝛽 = 
0.099, CI [0.053; 0.162]), confirming  H26 and  H32.
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Table 3  Results of the model’s out-of-sample prediction performance

Indicator Out-of-sample prediction performance metrics

PLS model LM model

Qpredict
2 RMSE RMSE

Behavioural Intention (BI)
  BI1 0.304 0.905 0.916
  BI2 0.376 0.982 0.985
  BI3 0.360 0.928 0.941

Actual Behaviour (AB)
  AB1 0.309 1.000 1.032
  AB2 0.349 1.028 1.035
  AB3 0.346 1.067 1.086
  AB4 0.029 1.168 1.179
  AB5 0.048 1.473 1.490

PLS model partial least square model, LM model linear regression model, RMSE root-mean-square error

Fig. 6  Statistically significant mediation effects
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5  Discussion

The overarching objective of the current study was to formulate and validate a 
model that elucidates and predicts in-service K-12 teachers’ integration of LADs 
for assessing students’ CPS skills in an educational game. In particular, this study 
investigated the postulated relationships among environmental factors (i.e., SN 
and SS), personal factors (i.e., TPACK, TS, and SE), as well as intention (BI) and 
behaviour (AB) regarding LAD usage. Beyond a high explanatory power, our model 
demonstrated a strong out-of-sample predictive power, which provides supporting 
evidence for its predictive capability and external validity for similar research con-
texts of exploring teachers’ technology integration. It was found that SN positively 
predicted TPACK (SN→TPACK) and SE (SN→SE), which echoes the findings of 
previous studies, such as Jang et al. (2021), who examined in-service teachers’ inte-
gration of augmented reality and virtual reality techniques into teaching practices 
in elementary schools in South Korea, and Scherer et al. (2019), who identified the 
environmental and personal factors that determine the success of teacher technology 
integration using meta-analytic SEM. In line with previous studies (e.g., Dong et al., 
2020; Joo et al., 2016), the impacts of SS on SE (SS→SE) and TS (SS→TS) were 
supported in the current study, indicating that backing and promotion of technology 
integration by school administrators could bolster teachers’ confidence and mitigate 
their technostress during the implementation of new technologies, such as LADs, in 
classrooms.

Results also showed that SS significantly predicted AB (SS→AB), which cor-
roborates Atman Uslu and Usluel’s (2019) assertion that school support directly 
affected teachers’ utilisation of ICT in K-12 education. This was further substanti-
ated by Hew and Syed A. Kadir (2017), who ascertained that school support is a 
fundamental prerequisite for the implementation of cloud computing and web 2.0 
technologies for teaching purposes. Teachers’ SN was found to positively affect 
their BI (SN→BI) to employ the LAD, aligning with Wijnen et  al.’s (2021) find-
ings of systematic review, which highlighted the significance of the social accept-
ability of e-learning technologies within K-12 educational contexts. With respect to 
the personal factors, namely TPACK, TS, and SE, we found that SE (SE→BI) and 
TS (TS→BI) significantly predicted BI, which resonates with findings from various 
previous studies (e.g., Chou & Chou, 2021; Joo et al., 2018; Panisoara et al., 2020). 
To illustrate, Chou and Chou (2021) underscored the pivotal role of self-efficacy and 
technostress in shaping K-12 teachers’ intent to persistently employ online teaching 
technologies, even beyond the COVID-19 pandemic. Apart from SS, our study also 
identified both TPACK (TPACK→AB) and BI (BI→AB) as significant predictors of 
AB. Similar results were obtained in a variety of empirical studies (e.g., Anthony 
et al., 2021; Hsu et al., 2021; Zhang & Chen, 2022). For instance, Anthony et al. 
(2021) pinpointed lecturers’ TPACK and intention to adopt technologies for teach-
ing as key determinants of their actual usage of e-learning systems.

Additionally, this study supported the mediating role of TAPCK in the linkage 
from SN to AB (SN→TPACK→AB). In other words, when teachers were exposed to 
social pressure (e.g., peers, societal trends) in using LADs, they would more likely 
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incorporate LADs into their teaching with the consideration of their pedagogy and 
subject matter, which would subsequently lead to their increasing actual usage of 
LADs. This finding implies the importance of peer influence in teachers’ adoption 
of emerging educational technologies. The mediation analyses also revealed that SN 
(SN→SE→BI) and SS (SS→SE→BI) had indirect effects on BI through SE. That 
is, teachers experiencing social pressure to use LADs or receiving school support 
from administrators are more likely to feel confident in actual LAD use within their 
classrooms, thereby developing stronger intentions towards LAD integration into 
teaching. Upon reviewing existing literature on technology acceptance and adoption, 
we discovered numerous studies providing evidence of the direct influences of SN 
on AB (e.g., see review by Wijnen et al., 2021) and also those of SN and SS on BI 
(e.g., Jeong & Kim, 2017; Jung et al., 2019; Porter & Graham, 2016). However, no 
studies, to the best of our knowledge, have examined the mediation effects on these 
relationships.

A plausible explanation for such significant mediation effects could lie in the 
active environments we created—such as offering training sessions and establish-
ing social media communities—where teachers could learn, discuss, and share 
ideas on incorporating LAD into their teaching activities, subsequently enhancing 
their TPACK and confidence in LAD integration. Our findings support the claim 
of Fishbein and Ajzen (2011) that actual behaviour is shaped by the confluence of 
personal competence and environmental support, a pattern particularly evident in 
our research context. Furthermore, in cultures characterised by collectivist tradi-
tions and Confucian values, which emphasise conformity and respect for author-
ity, the decisions teachers make regarding technology integration into classroom 
settings may be directly or indirectly influenced by environmental factors (Huang 
et  al., 2019; Huang & Teo, 2020; Teo et  al., 2019). Specifically, the subjective 
opinions and tangible support from influential figures around them, such as school 
leaders, administrators, and colleagues, can play crucial roles (Huang & Teo, 
2020).

6  Conclusion

To investigate in-service teachers’ integration of a mobile LAD for game-based 
CPS assessments in K-12 classrooms, the present study constructed and tested 
an integrated conceptual model based on the person-environment fit theory. This 
model was validated using PLS-SEM on survey data collected from 300 K to 12 
in-service teachers from ten schools in China. It was found that teachers’ subjec-
tive norms significantly influenced TPACK and self-efficacy, while school support 
significantly influenced technostress and self-efficacy. More importantly, our pro-
posed model exhibited both strong in-sample explanatory power and out-of-sample 
predictive capability. In particular, behavioural intention was predicted by subjec-
tive norms, technostress, and self-efficacy, while actual behaviour was predicted 
by school support, TPACK, and behavioural intention. Our analysis results also 
highlighted the mediating roles of TPACK and self-efficacy. Specifically, TPACK 
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mediated the impact of subjective norms on actual behaviour, and self-efficacy 
mediated the impacts of subjective norms and school support on behavioural 
intention.

Our findings yield theoretical implications for studies concerning teacher inte-
gration of advanced learning technologies, empowered by artificial intelligence and 
big data (e.g., learning analytics tools), into teaching practices. Grounded in the 
person-environment fit theory, this study advances the theoretical understanding of 
the factors that determine the extent to which teachers incorporate learning analyt-
ics applications into their teaching. Our study also extends the literature on teacher 
technology integration by uncovering the mediation effects of personal factors on 
the linkages from environmental factors to technology acceptance and adoption. The 
methodological implication of this study is underscored by its demonstration of how 
to assess a model’s predictive capability and external validity through out-of-sample 
predictive power.

The novelty of this study resides in not only in the implementation of a LAD 
designed for CPS assessments in authentic classroom settings but also in the 
investigation of teachers’ acceptance and adoption of such emerging technologies 
within educational contexts. Given the interactive, interdependent, and temporal 
features that are inherent in CPS (Swiecki et al., 2020), it can be challenging for 
teachers to measure students’ CPS skills and performance at both individual and 
group levels during live instruction within physical classrooms. In this study, we 
introduced a solution leveraging a LAD, which provides teachers with immedi-
ate and actionable feedback on individual contributions and group performance. 
This equips teachers with the ability to implement an evidence-based, data-driven 
approach to teaching 21st century skills and delivering adaptive learning sup-
port. Consequently, teachers’ LAD-empowered teaching may improve student 
engagement and encourage better learning attainments. Technologically, besides 
game-based learning, due to the prevalence of CPS skills across educational con-
texts, our LAD holds the potential to be applied to supporting other active learn-
ing approaches (e.g., project-based learning, problem-based learning) across a 
diversity of STEM and non-STEM disciplines. Our study has also constructed a 
research model characterised by high explanatory capacity and external validity, 
which could be generalised to other contexts of educational technology integra-
tion. This model illuminates the intricate relationships among environmental fac-
tors, personal characteristics, and technology acceptance and adoption. In doing 
so, it encapsulates multiple critical elements that shape technology integration 
into teaching practices, which can inform the design, implementation, and evalua-
tion of LADs for CPS assessments.

Our research findings lend themselves to practical recommendations for 
facilitating teachers’ usage of LADs in their teaching. Firstly, it is advisable for 
teachers to forge mutually beneficial virtual communities via social media. This 
would provide a constructive and relaxed atmosphere conducive to dialogues 
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and problem solving, thereby fostering LAD integration into teaching practices. 
Secondly, schools can launch professional and technological training initiatives, 
inclusive of workshops, seminars, and certificate programs, with the objective of 
enhancing teachers’ TPACK, an essential prerequisite for the seamless and sus-
tainable integration of LADs. These professional development programs should 
also develop teachers’ data literacy knowledge and skills, such as how to inter-
pret data and formulate pedagogical responses (Liu et al., 2023; Khulbe & Tam-
mets, 2023), particularly through capacity-building and reflective activities (Cui 
& Zhang, 2022). Thirdly, it is suggested that schools provide required software, 
hardware, and timely assistance both in-person and online under researchers’ sup-
port. These endeavours can mitigate teachers’ technostress, build their confidence, 
and even directly affect their actual utilisation of LAD. Lastly, given the signifi-
cant mediating roles of TPACK and self-efficacy, school administrators should pay 
close attention to the needs of teachers displaying inadequate TPACK skills and 
low confidence in LAD usage. This is particularly applicable to those possessing 
traditional teaching conceptions (Tsai & Tsai, 2019) or limited information and 
digital literacy (Lim, 2023).

This study has several limitations that should be addressed in future research. 
Firstly, all the participating teachers are from China, which might impact the gen-
eralisation of our research findings. Future researchers are encouraged to leverage 
our proposed model to investigate teachers’ integration of other emerging tech-
nologies in other sociocultural contexts. In particular, the cultural norms in differ-
ent educational systems (e.g., collectivist versus individualist tendencies, respec-
tively in Chinese and Western systems) and the teachers’ cultural beliefs can also 
be considered influential factors on LAD adoption (Huang et  al., 2019, 2021b; 
Teo & Huang, 2019). Secondly, although the proposed model has been validated 
in this study, the exclusive reliance on survey data might limit our understanding 
of the in-depth reasons behind teachers’ intentions and behaviours regarding LAD 
integration. Future investigations would benefit from gathering and analysing mul-
timodal data (e.g., interviews and physical signals) to corroborate and enrich our 
research findings. For instance, qualitative data and methodologies (e.g., docu-
ment analysis of institutional policies) can reveal the extent to which inter-twined 
policy-related and institutional factors (e.g., comprehensiveness of infrastructure) 
would affect LAD integration (Broos et al., 2020). Finally, despite the use of PLS-
SEM in our study to examine relationships among variables, this variable-centred 
method may not fully account for the influences of teachers’ individual charac-
teristics (e.g., digital literacy levels) on the actual use of LADs. Person-centred 
methods (e.g., clustering analysis and finite mixture modelling) could be adopted 
to further probe how distinct teacher profiles contribute to variability in integrat-
ing LADs into classrooms.
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Appendix A

Table 4  Item descriptive statistics and indicator loading

Item Indicator 
loading

SD 95% CI Skew-
ness

Kurtosis Cramer-
van Mises 
test

Cron-
bach’s 
alpha

CR AVE

LL UL

Subjective Norm (SN)
  SN1 0.816*** 0.024 0.764 0.857 -0.298 -0.245 1.594*** 0.902 0.927 0.719
  SN2 0.831*** 0.026 0.771 0.874 -0.386 -0.050 1.539***
  SN3 0.900*** 0.014 0.868 0.922 -0.163 -0.141 1.749***
  SN4 0.850*** 0.022 0.798 0.886 -0.008 -0.138 2.049***
  SN5 0.840*** 0.022 0.788 0.877 -0.103 -0.146 1.680***

School Support (SS)
  SS1 0.864*** 0.017 0.826 0.894 -0.818 0.301 2.058*** 0.784 0.869 0.690
  SS2 0.796*** 0.035 0.708 0.848 -0.965 0.281 3.532***
  SS3 0.831*** 0.033 0.750 0.882 -1.048 0.609 3.133***

Self-efficacy (SE)
  SE1 0.834*** 0.022 0.782 0.872 -0.747 0.765 1.687*** 0.863 0.907 0.708
  SE2 0.864*** 0.018 0.824 0.894 -0.733 0.194 1.775***
  SE3 0.819*** 0.023 0.766 0.858 -0.773 0.366 2.297***
  SE4 0.850*** 0.020 0.806 0.883 -0.389 -0.200 1.888***

Technological Pedagogical Content Knowledge (TPACK)
  TPACK1 0.878*** 0.021 0.829 0.912 -0.254 0.407 2.185*** 0.907 0.931 0.730
  TPACK2 0.894*** 0.017 0.854 0.923 -0.144 0.461 2.634***
  TPACK3 0.826*** 0.023 0.773 0.864 -0.618 0.344 1.605***
  TPACK4 0.870*** 0.018 0.830 0.899 -0.438 0.174 1.479***
  TPACK5 0.802*** 0.027 0.742 0.847 0.074 0.081 2.669***

Technostress (TS)
  TS1 0.882*** 0.026 0.820 0.924 1.375 1.610 3.803*** 0.862 0.901 0.647
  TS2 0.882*** 0.029 0.809 0.925 1.384 1.721 3.950***
  TS3 0.729*** 0.058 0.583 0.817 0.970 -0.019 3.342***
  TS4 0.808*** 0.030 0.741 0.859 1.371 1.697 3.838***
  TS5 0.702*** 0.060 0.549 0.797 1.381 0.815 4.815***

Behavioural Intention (BI)
  BI1 0.902*** 0.014 0.871 0.925 -0.464 -0.120 2.035*** 0.871 0.921 0.795
  BI2 0.902*** 0.014 0.872 0.925 -0.206 -0.486 1.536***
  BI3 0.871*** 0.017 0.833 0.901 -0.515 0.156 1.798***

Actual Behaviour (AB)
  AB1 0.881*** 0.016 0.847 0.908 -0.065 0.446 2.000*** 0.838 0.877 0.598
  AB2 0.901*** 0.019 0.852 0.930 -0.009 0.128 1.541***
  AB3 0.879*** 0.017 0.843 0.907 0.176 -0.019 1.507***
  AB4 0.560*** 0.077 0.381 0.687 0.954 1.215 2.429***
  AB5 0.560*** 0.075 0.384 0.684 0.789 -0.137 2.848***

SD standard deviation, CI confidence interval, LL lower limit, UL upper limit, CR composite reliability, 
AVE average variance extracted
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Appendix B

Table 5  Results of model path coefficients

Hypothesised
relationship

β SD 95% CI VIF Supported

LL UL

Direct effect
   H1 SN→TPACK 0.596*** 0.047 0.496 0.681 1.19 YES
   H2 SN→SE 0.494*** 0.050 0.389 0.587 1.19 YES
   H3 SN→TS 0.014ns 0.071 -0.124 0.154 1.908 NO
   H4 SN→BI 0.346*** 0.066 0.217 0.473 1.908 YES
   H5 SN→AB 0.062ns 0.056 -0.041 0.178 2.171 NO
   H6 SS→TPACK -0.026ns 0.052 -0.129 0.072 1.19 NO
   H7 SS→SE 0.270*** 0.053 0.159 0.370 1.19 YES
   H8 SS→TS -0.291*** 0.068 -0.413 -0.143 1.345 YES
   H9 SS→BI 0.086ns 0.052 -0.016 0.192 1.438 NO
   H10 SS→AB 0.087* 0.040 0.011 0.167 1.455 YES
   H11 TPACK→TS 0.151ns 0.081 -0.019 0.306 1.735 NO
   H12 TPACK→BI 0.058ns 0.059 -0.054 0.182 1.761 NO
   H13 TPACK→AB 0.162** 0.056 0.056 0.275 1.768 YES
   H14 SE→TS -0.065ns 0.082 -0.222 0.103 1.977 NO
   H15 SE→BI 0.366*** 0.072 0.216 0.499 1.982 YES
   H16 SE→AB 0.099ns 0.068 -0.030 0.231 2.274 NO
   H17 TS→BI -0.093* 0.045 -0.187 -0.010 1.109 YES
   H18 TS→AB -0.035ns 0.042 -0.114 0.051 1.128 NO
   H19 BI→AB 0.524*** 0.058 0.409 0.636 2.189 YES

Indirect effect
   H20 TPACK→TS→BI -0.014 0.011 -0.044 0.000 - NO
   H21 TPACK→TS→AB -0.005 0.008 -0.027 0.005 - NO
   H22 SE→TS→BI 0.006 0.009 -0.008 0.028 - NO
   H23 SE→TS→AB 0.002 0.005 -0.003 0.021 - NO
   H24 SS→TPACK→BI -0.002 0.005 -0.018 0.003 - NO
   H25 SS→TPACK→AB -0.004 0.009 -0.024 0.013 - NO
   H26 SS→SE→BI 0.099*** 0.028 0.053 0.162 - YES
   H27 SS→SE→AB 0.027 0.020 -0.006 0.074 - NO
   H28 SS→TS→BI 0.027 0.016 0.003 0.067 - NO
   H29 SS→TS→AB 0.010 0.013 -0.014 0.039 - NO
   H30 SN→TPACK→BI 0.035 0.036 -0.032 0.112 - NO
   H31 SN→TPACK→AB 0.097** 0.034 0.034 0.167 - YES
   H32 SN→SE→BI 0.181*** 0.043 0.101 0.267 - YES
   H33 SN→SE→AB 0.049 0.034 -0.014 0.119 - NO
   H34 SN→TS→BI -0.001 0.007 -0.017 0.013 - NO
   H35 SN→TS→AB -0.001 0.004 -0.013 0.005 - NO

*p < .05, **p < .01, ***p < .001; ns not significant, β standardised coefficient, SD standard deviation, CI 
confidence interval, LL lower limit, UL upper limit, VIF variance inflation factor
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