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Abstract
The undeniable potential benefits of learning analytics (LA) in education have led 
to growing investment in developing and integrating LA systems into K-12 schools. 
Yet, the actual integration and adoption depend on levels of teachers’ acceptance 
and usage. This study aims to propose a conceptual model to reveal the decisive fac-
tors affecting teachers’ adoption of the LA system for evaluating teachers’ sustain-
able LA usage through the integration of Information System Success and the Tech-
nology Acceptance Model. The variables used were system performance quality 
(SP), information quality (IQ), perceived usefulness (PU), and intention to use (IU) 
via the partial least square structural equation modeling (PLS-SEM). Furthermore, 
the moderation effect of teachers’ AI literacy level (LIT) between dependent varia-
bles (SP and IQ) and PU was analyzed. The results indicated SP (sub-constructed by 
accessibility and human awareness) and IQ (comprised of reliability and relevancy) 
have statistically positive influences on PU and IU, where LIT played a moderat-
ing role between IQ and PU. This study contributes to our understanding of teach-
ers’ perceptions regarding LA system integration through a theoretically grounded 
analysis of empirical data from the K-12 school education context and highlights 
important areas of development for better LA integration into teachers’ practice.
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1  Introduction

With the increase in the volume of educational data and advances in comput-
ing power and data utilization methods (e.g., prediction, visualization, and dis-
covery algorithms), learning analytics (LA) have been introduced into schools. 
LA collects, analyzes, and reports static and dynamic data about learners and the 
learning environments in which learning occurs (Siemens & Gasevic, 2012) for 
real-time modeling, prediction, and optimization of learning processes and envi-
ronments, as well as educational decision-making in schools. In particular, the 
use of LA has great potential to support teachers in creating and providing more 
effective personalized instruction, adapting various attributes of the learning pro-
cesses and experience, such as pacing and content, to the needs of individual stu-
dents to improve learning gains and support teachers’ practices (Wise & Jung, 
2019) for a sustainable impact on teaching and learning. For instance, LA pre-
sents real-time, detailed data and patterns about students’ learning statuses and 
progress, which teachers may not initially perceive (Verbert et  al., 2014). This 
supports teachers in better understanding students’ personal characteristics (e.g., 
the level of domain-specific knowledge, socio-emotional and motivational char-
acteristics), learning experience and progress (e.g., actual knowledge about the 
topic, situational interest in the subject matter), and instructional characteristics 
(e.g., characteristics of the learning content) to allow teachers to inform their 
pedagogical decisions in real-time to adapt teaching methods, select appropriate 
Information and Communication Technology (ICT) infrastructure, tailor learn-
ing materials and future lessons to meet individual learning needs (Kärner et al., 
2021; OECD, 2021), and support students’ lifelong learning through sustainable 
formative assessment and self-reflection during the learning process (Brass et al., 
2023). Moreover, the Organisation for Economic Co-operation and Develop-
ment (OECD) educational policy (OECD, 2022) promotes sustainable economic 
growth for K-12 education through technology-enhanced pedagogical decisions 
such as digital formative assessment tools, automated practice at the expense of 
human interaction and teacher cognition development (Buss et al., 2018; Forkosh-
Baruch et al., 2021).

The undeniable potential benefits of LA in education have led to growing 
investment in developing LA systems to integrate them into K-12 schools, but 
the actual integration and adoption of LA systems in schools faces broader chal-
lenges. This is especially salient in developing countries such as Mexico due to 
a lack of human and technical infrastructure, low acceptance of technology, and 
inadequate institutional support and information sharing (Hilliger et  al., 2020). 
For instance, during the COVID-19 pandemic outbreak, many educators had to 
rely on their own technological competency to adopt remote classes in a short 
period of time (World Bank, 2020; Zapata-Garibay et al., 2021), facing challenges 
in taking care of students with low technical abilities, insufficient facilities, low 
self-discipline (Bao, 2020; Mailizar et al., 2020). As such, they have asked for a 
sophisticated technological system to incorporate appropriate pedagogical experi-
ences into online curricula reflecting students’ activity data given by the system 
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(Zapata-Garibay et al., 2021). As a remedy, the LA system can provide embedded 
utilities to allow practical assistance, which would induce instructors with any 
level of technological literacy to accept new technology.

Although previous LA research has developed actional frameworks and adoption 
models to scale up the widespread adoption of LA in schools (Buckingham Shum & 
McKay, 2018; Dyckhoff et al., 2012), it is claimed that such top-down approaches 
focus on managing resistance to change (Klasen & Ifenthaler, 2019; Macfadyen 
et al., 2014). In contrast, another stream of research focuses on understanding the 
needs and demands of users and how users accept or reject technology (Arthars & 
Liu, 2020; Michos et al., 2023). On the front lines of classroom instruction, teach-
ers are already engaged in collecting and analyzing data about their students before, 
during, and after classroom instruction to guide their teaching (Borko & Shavelson, 
1990) whether informally as a part of their daily teaching practices or more for-
mally through a process of teacher inquiry (Cochran-Smith & Lytle, 1999) making 
teachers’ actions critical to sustainable LA adoption and impact. Reflecting on such 
views, Colvin et  al. (2015) developed a flow-based model, focusing on the condi-
tions that could move teachers from ’interested’ to ’implementing’, by drawing upon 
the need for teacher-friendly tools that are flexible and adaptable with consideration 
for individual pedagogical practices and need.

While studies on the adoption of learning analytics in higher education exist, 
studies to examine the effects of K-12 schoolteachers’ adoption of LA are less 
comprehensive (Andresen, 2017; Gander, 2020). To fill such gaps in the current 
literature, this study aims to reveal the decisive factors affecting teacher adoption 
of the LA system and synthesize to generate a conceptual model that offers a set 
of determinants for evaluating the success of LA systems through the integration 
of the Information System Success Model (ISS) and the Technology Acceptance 
Model (TAM). The study findings can present a theoretically grounded analysis of 
empirical evidence on different aspects that influence the quality and success of the 
LA system and propose recommendations for LA system design to satisfy teachers’ 
needs to support implementation and sustainable adoption of the LA system.

2 � Literature review

2.1 � Learning analytics: Definition and applications in K‑12 schools

Learning analytics (LA) is most commonly defined as the “measurement, collec-
tion, analysis and reporting of data about learners, learning environments and con-
texts to understand and optimize learning and their environments” (Siemens & 
Gasevic, 2012, p. 33). Given that the key objective of LA is to capture and ana-
lyze students’ learning processes and actions generated in the learning environments 
to understand and improve learning and teaching practices (Baker & Koedinger, 
2018) and its foundation is educational data, LA collects data from various learning 
environments to set indicators/metrics and perform data analysis which usually has 
four approaches. The first approach is predictive analytics, which develop predic-
tion models based on students’ behavioral, historical, and socio-demographic data 
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to make predictions about students, or to predict variables that are not feasible to 
directly collect in real-time. For example, collecting data on effect or engagement in 
real-time often requires expensive observations or disruptive self-report measures, 
whereas a prediction model based on student log data can be completely non-intru-
sive (Doleck et al., 2020; Williamson, 2016). The second approach is structure/pat-
tern discovery, which finds meaningful patterns and structure from students’ data 
without an a priori idea of what should be found. Common techniques that apply in 
this analysis include clustering, factor analysis, social network analysis, and domain 
structure discovery (Berland et  al., 2014; Avella et  al., 2016). The third approach 
is relationship mining (e.g., association rule mining, correlation mining, sequential 
pattern mining, and causal data mining), which explores and discovers the hidden/
or unexpected but meaningful relationships in a dataset with a large number of var-
iables to generate new hypotheses for further investigation or to identify contexts 
for potential intervention (Kim et al, 2022a; Nunn et al., 2016). Lastly, the fourth 
approach is dashboards, which visualize key aspects of learning from data to enable 
educators to monitor the overall learning status of the class and intuitively capture 
critical information to inform pedagogical intervention (Verbert et  al., 2014; Wil-
liamson, 2016).

While the presumable advantages of utilizing LA have been explored and recog-
nized, previous research highlights that teachers’ perspectives and actions are central 
to the success of LA integration into the classroom (Dawson et al., 2018) and seeks 
to understand whether and why teachers adopt and engage with LA in schools. For 
instance, teachers’ intentions to use data, teachers’ beliefs, and students’ outcomes 
are related to teachers’ actual use of LA (Keuning et al., 2019; Kippers et al., 2018; 
Prenger & Schildkamp, 2018). On the other hand, some claim that teachers’ needs 
were not met by the data representations offered by LA systems (Corrin et al., 2013). 
Similarly, Herodotou et al. (2019) found that the usefulness and compatibility of LA 
systems with instructors’ current pedagogical practices and needs were key factors 
in teachers’ actual adoption of the LA system.

2.2 � Theoretical framework: The information system success model (ISS) 
and the technology acceptance model (TAM)

There are two key theoretical frameworks that have been used to understand LA 
adoption from the level of individual teachers: ISS and TAM. As the fundamental 
role of IT persists even with emerging technologies, DeLone and McLean (2004) 
posit that the constructs of ISS remain a solid methodology for evaluating the 
performance of information systems. It initially consists of six components: sys-
tem quality, information quality, system use, user satisfaction, individual impact, 
and organizational impact (DeLone & McLean, 1992). A decade later, the model 
was updated by substituting individual impact and organization impact for ser-
vice quality and net benefits, particularly accounting for web-based applications 
(DeLone & McLean, 2003). ISS chiefly concentrates on discovering the success-
ful system for users and is considered an outstanding theoretical model to esti-
mate and explain the performance of information systems interacting with users’ 
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satisfaction, use, and success of the system (Guimaraes et al., 2009). In the edu-
cation field, ISS has been widely utilized to corroborate an e-learning system as 
an information system by investigating users’ (i.e., teachers, students) perception 
of the system quality and the information quality both of which influence users’ 
task outputs (Rossin et  al., 2009). DeLone and McLean (1992) once stated ISS 
needs further development and verification to appropriately serve its measures, 
and in line with this sentiment we encountered difficulty in discerning the explicit 
factors from the exploratory variables due to interblended measurement items in 
each variable; and a need to redefine the operational definition of Use in ISS. 
First, the distinction of its definition is vague (e.g., either perceived or actual 
use); second, the portrayal of non-use does not necessarily illustrate its useless-
ness, but it may convey that other urgent tasks may be dealt with first (Seddon 
& Kiew, 1996). Hence, this paper recognizes the needs to 1) replace Use in ISS 
with Perceived Usefulness in TAM to further investigate the continuance inten-
tion of the information system with 2) separate measurements of the independ-
ent variables (e.g., system quality and information quality, discussed in following 
sections) since the teachers in Mexico would be likely to voluntarily use the LA 
system for task performance enhancement.

To resolve the difficulty above, the authors extended ISS with TAM, where tech-
nology usage is distinguished into two different variables in terms of attitude (inten-
tion to use) and behavior (actual use). TAM uses perceived usefulness to investigate 
the extrinsic value perceived from new technologies arousing behavioral intention 
to continued use (Chun & Lee, 2022). The concept of the individual’s assessment of 
product quality (Kim et al., 2019; Zeithaml, 1988) determines continuance intention 
based on the motivation-oriented perspective of outcome expectancy of usefulness 
(Venkatesh & Davis, 1996). The need to alter use in ISS to intention to use and 
to adapt a variable, perceived usefulness, in TAM can be justified by the theory of 
reasoned action (TRA). TRA posits that the salient beliefs (perceptions) of a behav-
ioral consequence using external stimuli (system design) influence an individual’s 
attitude toward behavior (Fishbein & Ajzen, 1975). Many studies (Brooks, 1977; 
Olson, 1987; Mokhtar et al., 2018) found that two specific beliefs (perceived use-
fulness and perceived ease of use) are statistically correlated with attitude (inten-
tion to use) and (actual) usage. Among the two beliefs, however, Davis (1989) found 
that perceived ease of use mediates the relationship between the system quality and 
perceived usefulness. As exerted four times more direct impact on attitude, per-
ceived usefulness was highlighted to estimate and explain the relationship between 
external stimuli (system design) and motivational attitude (intention to use) (ibid). 
In addition, no information (in the system) has intrinsic value (Emery, 1971), yet, 
it becomes a trigger (Lucas & Nielsen, 1980); values come to the surface via the 
impacts of physical events, typically exerted through humans (Emery, 1971). This 
statement indicates that the information itself would engender any value only after 
users utilize it for their purposes, meaning the perceived value in terms of useful-
ness or performance enhancement, is driven by using the information in the system. 
In this vein, the external stimuli and perceived ease of use can be replaced with the 
system quality per se, and information in the system, which provoke the belief of 
performance enhancement by using the system (perceived usefulness) in this paper.
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The most significant forecaster of technology use is the perceived values rest-
ing upon the behavioral intention (Al-Harbi, 2011; Chun & Lee, 2022; Davis et al., 
1992), requiring delicate consideration of different contexts, cultural backgrounds, 
and perspectives for technology acceptance (Khechine et al., 2018). In this regard, 
instead of measuring satisfaction (Naylor et  al., 1980), the belief of task perfor-
mance enhancement via system usage seems to be appropriate for teachers in devel-
oping countries where a technological infrastructure is not prevalent or consistently 
facilitated across the country. Thus, the adoption of the LA system in classroom set-
tings is likely to be determined by teachers’ intention to continue using technology 
not by a useful system per se. As this study aims to reveal the determinants of the 
successful adoption of the LA system in the case of Mexican teachers, the authors 
integrated ISS and TAM to expand and refine research examination of what should 
be considered to induce teachers to sustainably use the LA system and what they 
demand the most of the LA system by considering newly developed questionnaires 
for antecedents (e.g., system performance quality and information quality).

3 � Hypothesis development

For the proposed framework development, the constructs in the model are borrowed 
from existing measures in the literature and modified to match the context and the 
purpose of this study. Additional sub-constructs for the higher-construct model were 
explored for sophisticated model assessment.

3.1 � System performance quality

System performance quality is a crucial factor in stimulating continuance usage 
(Alkhawaja et  al., 2022; Saeed & Abdinnour-Helm, 2008), where ISS uses sys-
tem quality construct to delineate the measures of the information processing sys-
tem itself. Many researchers incorporate these concepts into survey questionnaires 
with items that indicate the system “is always available,” “is user-friendly,” “pro-
vides high-speed information access,” “provides interaction between users and the 
system,” and similar statements. However, these questionnaires intertwined the con-
cepts deemed to be discretely considered. For instance, in developing ISS, DeLone 
& McLean (1992) aggregated and refined the literature to engender that definition 
of system quality, such as (1) the ease of terminal use (Swanson, 1974), response 
time (Emery, 1971; Hamilton & Chervany, 1981), system flexibility and ease of use 
(Hamilton & Chervany, 1981), and resource utilization (Kriebel & Raviv, 1982) 
in tandem with (2) human factors (Emery, 1971). The former characteristics echo 
the perceived ease of use in TAM, where a user’s belief that the technology usage 
would demand little or no effort (Davis, 1989) illustrate a similar concept to sys-
tem performance quality and accessibility. The latter characteristic, human factors, 
reflect the human-awareness in the study where the system itself recognizes the role 
of human tasks (Kaminka, 2013) and plans, gathers and interprets necessary infor-
mation (Sukthankar et  al., 2014) requiring person-specific consideration for better 
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performance of the system. Grounded on a theory of situation awareness, human-
awareness refers to a technology that understands human context/environment, com-
prehends their meaning, projects their status in the near future, and is capable of 
interacting with humans (Endsley, 1995, 2000; Jiang et al., 2023). In addition, the 
human-awareness of the system allows for undetected pitfalls of the system to be 
discovered via human–computer interaction, artificial intelligence (AI) in particu-
lar, and it has become an essential factor to consider when designing the system 
and interface (Freedman, 2022). Drawing upon these perspectives, the LA system’s 
human awareness refers to its situational awareness of the environment, agents, and 
tasks it interacts with. The detailed questionnaire items are organized in Table 1.

The high quality of system performance leads to perceived usefulness, which is 
an extrinsic value indicating the degree to which a user believes that technology 
usage, in this case a LA system, would enhance the performance of the task (Davis, 
1989; Nirwanto & Andarwati, 2019). System quality has been proven to positively 
impact, strongly correlate to, and directly affect perceived usefulness (Landrum 
et al., 2008; Park et al., 2011). For instance, Alkhawaja et al. (2022) revealed that the 
users’ perception of the system quality is substantially associated with the perceived 
usefulness of e-learning systems.

H1: System performance quality (accessibility and human-awareness) positively 
influences the perceived usefulness of the LA system.

3.2 � Information quality

Adoption of the information system is not only influenced by system performance 
quality but also information quality and ISS takes account of the information sys-
tem output in the form of reports (DeLone & McLean, 1992, 2004). The defini-
tion of information quality in ISS was established through a thorough investigation 
of concepts in literature, such as the usableness of information in reports (Larcker 
& Lessig, 1980), information accuracy, reliability (Bailey & Pearson, 1983; King 
& Epstein, 1983), and relevance (Ahituv, 1980; Bailey & Pearson, 1983). In this 
regard, studies incorporating ISS used eclectic survey items regarding information 
quality with items such as the system provides “information that is exactly what you 
need,” “information that is relevant to learning,” “up-to-date information,” “infor-
mation that is easy to understand,” and similar statements. Yet, these items would 
bring about sophisticated results when they are separately considered in the context 
of (1) reliability and (2) relevancy of given information on the system. The detailed 
survey items are listed in Table 1.

The extended and respecified version of ISS (Seddon, 1997) stated that informa-
tion quality plays a key role in perceived usefulness and that users would expect a 
high-quality experience via their use of the information system; he clarified that ISS 
Use and User satisfaction can be wrapped into one construct, Benefit from Use. In 
ISS, Benefit from Use delineates the meaning of the usefulness of the system, which 
can be reinterpreted as the perceived usefulness for this study. Seddon and Kiew 
(1996) discovered that information quality has a positive impact on the perceived 
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usefulness which, in turn, positively affects the satisfaction as well. In addition, Nel-
son et al. (2005) articulated the importance that information quality in tandem with 
system quality be assessed in terms of how helpful the system is in completing the 
task. Based on this, Saeed and Abdinnour-Helm (2008) found a strong impact of 
information quality on the perception of the system’s usefulness, echoing the results 
of Seddon and Kiew (1996).

H2: Information quality (reliability and relevancy) positively influences the per-
ceived usefulness of the LA system.

3.3 � The relationship between perceived value and intention to use

Perceived value has demonstrated its significance in influencing a user’s intention to 
use technology (Camilleri & Camilleri, 2019; Davis, 1989). In particular, the per-
ceived usefulness in previous studies has shown positive effects on the continuance 
use of information system (Ma’arop & Embi, 2016; Martono et al., 2020) since the 
beneficial values gained from using the information system prompt the positive atti-
tude toward the system (Byun, 2018; Davis, 1989; Venkatesh et al., 2003, 2012) that 
enhances the user’s willingness to keep using the given technology (Chun & Lee, 
2022; Martono et al., 2020) in the field of education (Mac Callum & Jeffrey, 2014; 
Vanduhe et al., 2020).

H3: The perceived usefulness positively influences the intention to use the LA 
system.

3.4 � The moderating role of AI literacy

The term literacy originally referred to communication competency in both spoken 
and written language, and later extended integrate into various disciplines requir-
ing skill sets. The AI intrusion in classroom settings underscored the necessity of 
teachers’ enhanced AI literacy regarding AI’s innate nature of black-box algorithms, 
allowing them to critically assess AI technologies; effectively interact and collabo-
rate with AI; and miscellaneously utilize AI as a tool at any place (Long & Magerko, 
2020). A prerequisite for AI literacy is digital literacy which allows teachers to use 
computational devices to make better use of new technology; thus, the confidence 
level in utilizing computational devices would differentiate understanding of infor-
mation systems incorporating AI algorithms (e.g., predictive analytics, structure/pat-
tern discovery, relationship mining). In this regard, the AI literacy level differences 
of the teachers would cause differences in perceiving the usefulness of the LA sys-
tem since the system performance quality and information quality would be evalu-
ated differently based on their digital literacy level. Hence, this research proposes 
two research questions as follows:

RQ1-1: The AI literacy level (High/Low) will moderate the causal relationship of 
system performance quality and the perceived usefulness of the LA system.
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RQ1-2: The AI literacy level (High/Low) will moderate the causal relationship of 
information quality and the perceived usefulness of the LA system.

Based on the literature review, the proposed conceptual framework is organized 
and depicted in Fig. 1.

4 � Research methods

4.1 � Data collection

This quantitative study is designed to reveal the determinants of the successful adop-
tion of a LA system by K-12 school teachers in Mexico. The target participants of 
this research are Mexican teachers in urban regions where technological infrastruc-
ture is better situated to support the use of LA systems. In collaboration with Digi-
tal Knowledge and Culture Foundation (Fundación para el Conocimiento y Cultura 
Digital) in Mexico, the cross-sectional survey was distributed online along with the 
purpose of the study, the data collection procedure, and a consent form. The survey 
questionnaires concerning two sub-constructs were asked to form higher order con-
struct of system performance quality (SP): three items for accessibility (AC) were 
adapted and slightly modified from DeLone and McLean (2003), ISO/IEC (2003), 
ISO and FCD (2013), Wand and Wang (1996) and Wang (1998); three items for 
human-awareness (HA) from Détienne (2006), Kofod-Petersen and Cassens (2006), 
Kreijns et al. (2003), Norman et al. (2016), and Phielix et al. (2011). Another two 
sub-construct measurements were given to incorporate for the second order con-
struct of information quality (IQ): three items for reliability (RL) and two for rel-
evancy (RV) (DeLone & McLean, 2003; Wand & Wang, 1996; Wang, 1998). The 
questionnaires for the perceived usefulness (PU) and for the intention to use (IU) 

Fig. 1   The proposed conceptual framework
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from Davis (1989) and Venkatesh et  al. (2003, 2012) were revised to consort the 
educational context. All the survey items were measured in 5-point Likert scales, 
ranging from “1 = Strongly Disagree” to “5 = Strongly Agree.” The survey was con-
ducted from January 9th to February 3rd, 2023, during which 220 responses were 
returned to be valid final samples without any missing values.

The majority of respondents consisted of female (58.2%) secondary school teach-
ers (71.8%) in their 40 s (43.3%). Most participants (74.5%) indicated that they did 
not have experience with the AI training program. Distribution of teaching expe-
rience showed that 31.4% of participating teachers had between 20 and 29  years; 
29.5% had less than 9 years; 29.1% had between 10 to 19 years; and 10% had more 
than 30  years. The survey respondents were to answer the questionnaires regard-
ing AI literacy level adapted from the literature review groups (Long & Magerko, 
2020) and modified as 5-point Likert scales to divide them by median cutoff into 
two groups: High and Low (see Table 2).

4.2 � Data analysis

The collected data were examined by the partial least square structural equa-
tion modeling (PLS-SEM), a composite-based SEM, using SmartPLS 4 which 
allows simultaneous assessments of the construct measurement and the con-
ceptual model. This paper is exploratory research on integrating ISS and TAM 
and so causal predictive analysis, PLS-SEM, is an appropriate approach for the 

Table 2   Descriptive statistics

*The level difference cutoff = Median (3.29); Low ≤ median < High

(n = 220)
Items Type Frequency Percent

Gender Male 92 41.8
Female 128 58.2

Age 20 s 27 12.3
30 s 62 28.2
40 s 96 43.6
50 s +  35 15.9

Teaching level Primary 62 28.2
Secondary 158 71.8

Teaching experience Less than 9 65 29.5
10–19 64 29.1
20–29 69 31.4
30 +  22 10.0

Experience of AI Training Program Yes 56 25.5
No 164 74.5

AI Literacy Level High* 106 48.2
Low* 114 51.8



1 3

Education and Information Technologies	

higher-order reflective-formative construct tests (Sarstedt et al., 2019) and expla-
nation of the established theory with valid results (Hair & Hult, 2016; Sarstedt 
et al., 2014), moderator assessments (Becker et al., 2018), in a single model even 
with smaller samples (Chin, 1998). In addition, SmartPLS 4 supports the higher-
order model examination, providing a parsimonious and easier path model to 
comprehend; in this paper, SP and IQ are conceptualized to be the second-order 
constructs that AC and HA, and RL and RV can explain, respectively. The ration-
ale for the higher-order constructs is to offer a means to rearrange constructs 
across differing subdimensions of the more abstract construct while lowering col-
linearity among formative constructs (Hair et al., 2016).

The higher-order constructs are of four types: reflective-reflective, reflective-
formative, formative-reflective, and formative-formative (Sarstedt et  al., 2019). 
This paper conceptualizes reflective-formative constructs as the second-order 
construct based on the literature review.  The repeated indicators approach and 
the two-stage approach are the common methods to validate the higher-order 
construct model (Hair et al., 2016); the proposed path model was developed and 
estimated via the two-stage approach, in which issues concerning reflective-form-
ative construct and smaller sample size are deemed to be resolved (Becker et al., 
2012; Sarstedt et al., 2019). The two-stage approach estimates the model with the 
repeated indicators approach to solely evaluate the outer loadings of construct 
items in the first stage; then, the construct scores of the first-order constructs 
are utilized as indicators for the second-order construct to assess the measure-
ment model parameters. However, there suggests no explicit reference regarding 
endogeneity in employing PLS-SEM methods; instead, theory-based construct(s) 
developments are recommended to address the potential endogeneity issues in 
PLS-SEM (Antonakis & House, 2014; Sarstedt et al., 2020). Thereby, the authors 
followed DeLone and McLean (2003), Seddon and Kiew (1996), and Davis 
(1989) for the theoretical model developments consisting of multiple construct 
items and sub-constructs (e.g., SP, IQ).

This study comprises two stages for the proposed model assessment: (1) con-
struct reliability, convergent, and discriminant validity evaluation, and (2) the 
structural model assessment. To evaluate the reliability and validity of the meas-
urement model, the authors checked composite reliability (CR), Cronbach’s alpha 
(CA), average variance extracted (AVE), and item loadings were conducted for 
construct reliability and convergent validity; and Fornell-Larcker (FL) criterion 
and heterotrait-monotrait (HTMT) ratio were conducted for discriminant valid-
ity. During these analyses, the two-stage approach was employed: 1) the repeated 
indicators in the path model for the first-order components portrayed direct rela-
tionships between all constructs and items (see Fig. 2); and 2) the constructs of 
AC, HA, RL, and RV were turned into the latent constructs to form the second-
order constructs (see Fig.  3) for the structural model assessment. Furthermore, 
the authors examined the goodness of model fit, using the standardized root mean 
square residual (SRMR) and normed fit index (NFI) in the second stage. Once the 
measurement model was verified to be satisfactory, the structural model assess-
ment for the hypotheses testing proceeded.
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5 � Results

5.1 � Measurement model assessment

For the second-order construct model, the construct reliability was assessed by 
using internal consistency measures in each stage. Running the first and second 
stages on SmartPLS 4, the results of the internal consistency and reliability of 
the model (see Table 3) demonstrated acceptable reliability: all indicator values 
for CR and Cronbach’s Alpha were above the threshold of 0.70 (Martínez-López 
et  al., 2013; Nunnally, 1978); all AVE values surpassed the threshold of 0.50, 
indicating satisfactory reliability of constructs (Gefen, 2003; Hair et  al., 2016). 
As shown in Table  4, confirmatory factor analysis was conducted to verify the 
measures of the proposed model. The item loading and weight of measures 

Fig. 2   Path model in stage one

Fig. 3   Path model in stage two
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exhibited satisfactory values within statistical significance (p < 0.001), suggesting 
acceptable convergent validity.

As summarized in Table  5, the Fornell-Larcker criterion was first conducted 
and the square root of the AVE for each construct was well above the correlation 
values with the other construct. The correlation between any pair of constructs 
was less than 0.981, indicating the scale’s discriminant validity. The authors 
also ran Heterotrait-Monotrait ratio criterion, which requires values below 0.90 
(Henseler et  al., 2015), and the results displayed adequate level of discriminant 
validity of the model.

Table 3   Construct reliability

*Two items captured from stage one (AC and HA); **Two items captured from stage one (RL and RV)

Constructs Items Composite 
reliability

Cronbach’s Alpha AVE

Stage One SP Accessibility (AC) 3 0.975 0.976 0.953
Human-Awareness (HA) 3 0.961 0.961 0.928

IQ Reliability (RL) 3 0.965 0.966 0.935
Relevancy (RV) 2 0.960 0.960 0.962

Stage Two System Performance (SP) 2* 0.913 0.913 0.920
Information Quality (IQ) 2** 0.874 0.874 0.888
Perceived Usefulness (PU) 3 0.969 0.969 0.941
Intention to Use (IU) 3 0.965 0.967 0.935

Table 4   Convergent validity

Constructs Items Items loading Weights t-Value

System Performance
(SP)

Accessibility AC1 0.978 0.341 170.656
AC2 0.975 0.338 164.390
AC3 0.976 0.345 107.466

Human-Awareness HA1 0.948 0.347 42.287
HA2 0.975 0.345 124.466
HA3 0.967 0.346 101.361

Information Quality
(IQ)

Reliability RL1 0.959 0.342 104.975
RL2 0.978 0.348 189.374
RL3 0.964 0.343 100.665

Relevancy RV1 0.980 0.513 179.271
RV2 0.981 0.507 179.842

Perceived Usefulness (PU) PU1 0.957 0.338 70.033
PU2 0.980 0.344 196.190
PU3 0.973 0.349 122.858

Intention to Use (IU) IU1 0.976 0.350 162.171
IU2 0.974 0.352 123.029
IU3 0.952 0.332 50.544
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Before conducting the structural model assessment, the authors checked the 
goodness of model fit. SmartPLS 4 provided model fit criteria, such as SRMR (0.03) 
and NFI (0.91). The threshold value of SRMR is not more than 0.08 (Hu & Bentler, 
1999) while NFI is below 0.95. The values of the proposed model displayed satis-
factory model fitness for the assessment.

5.2 � Structural model assessment

Having ascertained a satisfactory measurement model, the proposed research questions 
and hypotheses were evaluated by bootstrapping analysis with 5,000 subsamples for the 
stage two model, and the results are depicted in Table 6. The R2 values of the perceived 
usefulness (0.84) and the intention to use (0.70) were found to have substantial powers 
of explanation. For the hypotheses testing, the PLS-SEM result indicates that H1 was 
supported (β = 0.45; t = 3.59; p < 0.001), suggesting the system performance quality has 

Table 5   Discriminant validity

Off-diagonal values represent correlations between constructs
Diagonal values (bold) are the square root of AVE of each construct
Discriminant validity is confirmed if diagonal values are significantly higher than off-diagonal values

Fornell-Larcker Criterion

AC RE HA IU PU RE

Accessibility (AC) 0.976
Reliability (RL) 0.869 0.967
Human-awareness (HA) 0.840 0.795 0.963
Intention to use (IU) 0.754 0.717 0.742 0.967
Perceived usefulness (PU) 0.868 0.832 0.861 0.837 0.970
Relevancy (RV) 0.823 0.776 0.831 0.762 0.843 0.981
Heterotrait-Monotrait (HTMT) Ratio

  Accessibility (AC)
  Reliability (RL) 0.895
  Human-awareness (HA) 0.868 0.825
  Intention to use (IU) 0.777 0.741 0.769
  Perceived usefulness (PU) 0.893 0.860 0.892 0.865
  Relevancy (RV) 0.850 0.805 0.865 0.791 0.874

Table 6   Model path analyses

β Mean SD t-value p-value Decision

H1 SP → PU 0.449 0.439 0.125 3.592 0.000 supported
H2 IQ → PU 0.525 0.535 0.123 4.275 0.000 supported
H3 PU → IU 0.837 0.837 0.050 16.599 0.000 supported
RQ1-1 LIT*SP → PU 0.241 0.256 0.189 1.272 0.204 rejected
RQ1-2 LIT*IQ → PU -0.341 -0.360 0.189 1.801 0.072* supported
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a statistical impact on the perceived usefulness of the LA system. H2 was also statis-
tically significant (β = 0.53; t = 4.28; p < 0.001), demonstrating the information quality 
has a positive influence on the perceived usefulness of the LA system. In addition, H3 
was found to have a statistical effect (β = 0.84; t = 16.60; p < 0.001) that perceived use-
fulness positively influences the users’ intention to use the LA system.

The moderation effects of AI literacy level of teachers were assessed for further 
analysis of the proposed model (see Table 6 and Fig. 4). The moderation effect on 
the relationship between system performance quality and the perceived usefulness 
(RQ1-1) did not show any significant relationship; on the other hand, the negatively 
significant moderation of AI literacy level on the relationship between informa-
tion quality and perceived usefulness (RQ1-2) was observed (β = -0.34; t = 1.80; 
p < 0.01). Figure 5 illustrates that the moderation effect of teachers’ low AI literacy 
level when using the LA system positively affects information quality in particu-
lar, stimulating the perceived usefulness of the LA system. The moderation effect of 
teachers with high AI literacy levels explicitly dampens compared to those with low 
literacy levels.

Fig. 4   The moderating effects of AI literacy level

Fig. 5   The moderating effects of AI literacy level
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6 � Discussions

The study proposed a model for the evaluation of LA system adoption by K-12 school 
teachers. The study model first showed that the path coefficient with IQ, PU, and IU 
had a positive influence. To be specific, relevancy and reliability were found to be sig-
nificant to represent the construct of IQ. This implies that teachers consider the rel-
evancy and reliability of data to be crucial to the usefulness and acceptance of the LA 
system. In fact, existing literature report that current LA suffers from issues of lacking 
trust, being biased, and incomplete while failing to meet the needs of teachers (Tsai 
et al., 2021) who face constant pressure to provide evidence of students’ learning pro-
cesses and performance in addition orchestrating when and how to best use LA systems 
for teaching practice. To better deliver more relevant and reliable data, a growing inter-
est has developed in multimodal LA which enables the integration of multiple sources 
and modalities of data (data fusion) to capture and explain the underlying complex 
feature and contextual information about learning processes and produce multi-modal 
insights for teachers’ pedagogical intervention (Blikstein & Worsley, 2016; Di Mitri 
et al., 2018). Meanwhile, some claim that simply having a larger volume and diversity 
of data does not necessarily ensure better decision-making (Tsai et al., 2018; Webber 
& Zheng, 2020). Rather education leaders must consider how data collection and ana-
lytics strategies account for the unique contexts or populations of individual schools 
and students while also supporting teaching practice and informed pedagogical deci-
sion-making. Additionally, educational leaders must address relevant ethical and secu-
rity concerns and be responsible for overall data governance. In this regard, this study 
recommends participatory design and co-design with a clear purpose and goal for LA 
in teaching practice, whereby end-users, in this case teachers, are actively participat-
ing in the LA system design process as an ’expert of their own experience’ (Kaliisa & 
Dolonen, 2023; Nazaretsky et al., 2022) to communicate specific challenges/questions 
they want to address or the opportunities they want to explore, types of information 
needed to support their instruction, and ethical principles and guidelines with multiple 
stakeholders(e.g., policymakers, LA system developers) as equal partners throughout 
the LA system development cycle, from planning to evaluation instead of simply being 
involved in a consultation role or during evaluation of the system (Prieto-Alvarez et al., 
2018). This, in turn, will help in aligning with data sources and analysis methods that 
are most relevant, reliable, and valid for the educational context.

Second, the study model presents that the path coefficient with SP, PU, and IU 
had a significant influence, and it confirmed that accessibility and human-awareness 
construct SP. While existing literature (Li, 2023; Wen et al., 2021) has proved that 
system accessibility has a positive effect on PU and IU, it was interesting to identify 
that teachers perceive human awareness as an essential component in building LA 
system toward PU and IU. This calls for a greater need to design education-sensitive 
AI-embedded LA systems, rather than a general AI-embedded system, that under-
stand the contexts of the educational domain, fit right into our existing educational 
practice and processes and work at higher speeds and scale to distribute highly spe-
cialized insights and information for driving and informing educational decisions 
with expert-level knowledge of learning and instruction. To do this effectively, 
LA systems should be designed with an in-depth understanding of the nature and 
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scope of learning and teaching practice, tasks, environment, and how to formalize 
and communicate teacher-AI collaboration. In other words, designing LA systems 
for educational purposes is neither a matter of simple algorithms nor exclusive data 
collection and analytics, but a balance between learning theory and instructional 
design, and data science and design (Gašević et al., 2017). While technical solutions 
toward human-aware system design, for instance designing explanatory and casualty 
cues in LA systems that enhance teachers’ understanding and decision-making pro-
cess (Shin, 2021), is important, at the same time, we also need to consider establish-
ing interdisciplinary and agile design processes where LA systems can be designed 
through an iterative progression of improvements to allow for the examination of 
how teacher-system interactions support identifying pitfalls in datasets, exploring 
new challenges, and the generation of new questions and potential solutions. An 
iterative approach also supports modeling research that keeps the mental models 
of humans (teachers, students) in the loop, offer proactive supports in practice, and 
evaluate the LA system in an educationally relevant context (Freedman et al., 2019).

Third, the study found that teachers’ level of AI literacy was found to moder-
ate the effects of IQ on PU. Compared to teachers with a high level of AI literacy, 
teachers with a low level of AI literacy are likely to perceive the usefulness of LA 
system when their IQ is satisfactory. In practice, many teachers may not have rich 
experience and knowledge in using AI-based technologies for their instruction. 
Although LA systems can positively support teaching practice, LA systems could 
offer unreliable and misleading information/recommendations, especially when 
teachers solely depend on LA systems to analyze and predict students’ learning 
outcomes (Seo et al., 2021). Apart from IQ and SP improvement, it is necessary 
to support teachers in improving their skills and knowledge and connect the LA 
system to the subject matter and pedagogy knowledge as well as instructional 
design (Kim et al, 2021, 2022b) through professional training. Moreover, identi-
fying teachers’ level of AI literacy as a moderator provides valuable insights into 
the interplay between teachers’ technological knowledge and their perception of 
information quality. This finding indicates that teachers need sufficient training 
incorporating elements to enhance their AI literacy to effectively use AI as a sup-
porting tool in K-12 teaching, to design curriculum for K-12 machine learning 
education and to enhance the learning of disciplinary core subjects, familiarizing 
them with AI concepts and technologies to improve their understanding of AI 
and its applications in K-12 education (Casal-Otero et al., 2023). These can help 
teachers become well-prepared to make better decisions and refine their peda-
gogical interventions as well as reduce barriers that prevent the use of AI systems 
(Hwang et al., 2020; Ng et al., 2023).

7 � Conclusion, limitations and future directions

This study aims to develop a conceptual model to predict K-12 teacher adoption of 
LA systems. To this end, the study has provided a contribution to the enhancement 
of a theoretical framework by integrating ISS and TAM models. This integrated 
model was used to analyze the data and demonstrated that the model is feasible and 
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valid to understand the contextual factors by examining how each factor within the 
model interacts and affects implementation. Thus, the study can be helpful for other 
researchers who are interested in developing conceptual frameworks for exploring 
LA system adoption within similar or across different educational contexts. Also, 
our study has contributed to the enrichment of the limited literature available in the 
field generally, and within the Mexican context in particular. These research findings 
can be helpful to practitioners and policymakers in developing LA system imple-
mentation strategies and reflect on the limitations and barriers to the system imple-
mentation in a relative context where the K-12 school learning environment is simi-
lar to that of Mexico.

However, the study has some limitations that future research should consider. First, 
the majority of survey respondent teachers are from urban areas in Mexico; the study 
focused on teachers in one region in Mexico; different results may be obtained when 
examining different areas (i.e., rural areas) in the same country or other countries. Fur-
ther research is therefore expected to generalize the findings generated in this study by 
including equivalent numbers of participants in different learning environments and 
cultures where the LA system is implemented. Second, potential moderators such as 
age, gender, experience, school context, attitude toward technology, and the frequency 
of using digital devices that could strengthen the prediction of teachers’ perceptions 
and actions were not taken into consideration. Finally, while teachers’ actual behavior 
and decision is dynamic, a self-reported measure provided by respondents was used in 
this study. It is essential to consider the potential implications of incorporating senti-
ment analysis while checking the teachers’ perceptions and attitudes in the self-reported 
measurement. By incorporating sentiment analysis, researchers can gain a more pro-
found understanding of the emotional tone and sentiment expressed by participants. 
Therefore, more accurate and empirical research needs to be conducted to analyze 
teachers’ behavior and explore their adoption of LA systems in a longitudinal approach.
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