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This study developed and validated an instrument for measuring teacher educators’ 
(TEs’) educational technology (EdTech) integration in Ethiopian colleges of 
teacher education (CTE), filling a gap in context-specific tools. The instrument was 
developed using an established theoretical framework, following a six-step pro-
cess including instrument design, expert review and psychometric evaluation with  
126 TEs. Exploratory factor analysis (EFA) identified a 13-factor structure, 
which converged into a 12-factor (58 items) structure with 80% explained cumu-
lative variance. Confirmatory factor analysis revealed strong internal consistency  
(α/CR > 0.7), convergent validity (Average Variance Extracted [AVE] > 0.5; factor 
loadings > 0.6, p < 0.001) and discriminant validity (Heterotrait-Monotrait ratio 
[HTMT] < 0.85). The tool demonstrated an acceptable fit (comparative fit index 
[CFI] = 0.94, Tucker-Lewis index [TLI] = 0.93, chi-square/degrees of freedom = 
3.1), although root mean square error of approximation (RMSEA 0.13) and stan-
dardised root mean square residual (SRMR 0.13) slightly exceeded thresholds. 
Despite minor fit limitations, robust reliability, validity and contextual grounding 
confirm its utility for assessing EdTech integration in resource-constrained settings. 
This study underscores the instrument’s potential to inform evidence-based peda-
gogical practices, institutional policy reforms and cross-cultural research in teacher 
education. By bridging theoretical and practical gaps, this work contributes a val-
idated tool tailored to the socio-technical realities of developing nations, offering 
stakeholders a scalable framework to assess EdTech integration in teacher training.

Keywords: educational technology; instrument development; college of teacher 
education; factor analysis; Ethiopia

Introduction

Educational technology (EdTech) integration is a foundation of modern pedagogi-
cal reform, promising enhanced teaching quality, equitable access to resources and 
developing 21st-century skills (UNESCO, 2023). In developing countries, systemic 
challenges such as infrastructural deficits (Roy et al., 2021), limited digital liter-
acy (Laudari & Prior, 2020) and institutional readiness (IR) (Ifinedo & Kankaan-
ranta, 2021) primarily affect EdTech integration. Despite these challenges, EdTech 
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integration in CTEs is critical; hence, it is a foundation to prepare future educators for 
technology-mediated classrooms in primary and secondary schools.

Ethiopia, a representative case of a developing nation, has prioritised EdTech 
integration in its national education development roadmap to address gaps in the 
quality and accessibility of education (Teferra et al., 2018). However, CTEs in Ethi-
opia face multifaceted challenges, including inconsistent institutional support, inad-
equate training and sociocultural resistance to technological change (Woldemariam 
et al., 2025). Although the factors are identified, there is a scarcity of empirical tools 
to systematically measure their interplay and influence on EdTech integration.

Existing research on EdTech integration has predominantly focused on high-in-
come countries, yielding validated scales that emphasise users’ perception (e.g. Davis, 
1989; Tondeur et al., 2017). However, these models often overlook contextual realities in 
developing countries, such as infrastructure, IR and digital literacy (Ezumah, 2020). A 
prior constructivist grounded theory (CGT) study has identified 11 key factors influenc-
ing EdTech integration in Ethiopian CTEs (Woldemariam et al., 2025). Despite these 
insights, no validated measurement scale exists to quantify these factors or assess their 
interrelationships, limiting evidence-based policy making and targeted interventions.

The lack of a context-specific, validated survey tool hampers efforts to diagnose 
systemic barriers, assess EdTech impact or design scalable solutions in developing 
contexts. Unaligned interventions risk perpetuating underutilisation and inefficient 
resource allocation. Building on prior research (Woldemariam et al., 2025), this study 
develops and validates a survey instrument to assess factors influencing TEs’ EdTech 
integration in CTEs in Ethiopia. Objectives include: (1) designing a context-grounded 
instrument; (2) establishing content validity through expert review; and (3) testing 
scale reliability, validity and model fit via a pilot study.

The scale could address a critical methodological gap by offering a validated 
instrument tailored to the context in developing countries. It empowers stakeholders 
to: systematically diagnose context-specific factors to EdTech integration, prioritise 
specific areas of intervention, benchmark progress towards national and interna-
tional EdTech goals (e.g. Sustainable Development Goal 4 [United Nations, 2015]) 
and facilitate cross-context comparisons to identify shared challenges against insti-
tutional challenges. Furthermore, its validation process ensures applicability across 
comparable low-resource settings.

Theoretical framework

The instrument’s theoretical framework, derived from a CGT study (Woldemariam 
et al., 2025), identified contextual factors influencing EdTech integration in CTEs. 
CGT’s rigor ensured constructs aligned with existing theories and those specific to the 
study context. Key constructs included curriculum alignment (CA), IR, professional 
development (PD), digital competence (DC), resource and support (RS), perceived 
ease of use (PEU), perceived usefulness (PU), readiness (R), attitude (A), colleague 
influence (CI), student digital competence (SDC) and EdTech integration (INT), 
which guided instrument development and validation.

In this framework, existing theories, including the technology acceptance model 
(TAM) (Davis, 1989) and unified theory of acceptance and use of technology 
(UTAUT) (Venkatesh et al., 2003), were used to situate some of the constructs. TAM 
provides a cognitive foundation, positing that PU and PEU shape users’ attitudes and 
subsequent use of technology (Davis, 1989; Scherer et al., 2019). UTAUT extends this 
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by incorporating social and organisational factors: CI reflects social norms, whilst RS 
aligns with facilitating conditions (Venkatesh et al., 2003). However, these theories 
inadequately address institution-specific factors (Scherer et al., 2019), necessitating a 
contextual expansion.

The CGT study revealed five novel factors (DC, PD, IR, CA and SDC) criti-
cal to educational contexts in resource-constrained settings (Woldemariam et al., 
2025). DC and PD address individual gaps in training and self-efficacy, resonat-
ing with social cognitive theory’s emphasis on mastery of  experiences (Bandura, 
1977). At the institutional level, IR (e.g. institutional policy and leadership) and 
CA (e.g. pedagogical fit) reflect organisational readiness for innovation (Weiner, 
2009). The inclusion of  SDC uniquely positions the framework to account for 
bidirectional influences, where TEs’ adoption decisions may depend on learners’ 
preparedness.

The integrated theoretical framework (see Figure 1) proposes that EdTech inte-
gration is directly predicted by the TAM and UTAUT constructs (e.g. PU and CI) 
and contextual factors, such as IR. For survey validation, items from established con-
structs (e.g. PU scales) were adapted, whilst CGT-derived constructs (e.g. CA) were 
inductively coded and translated into Likert-scale items. This dual approach ensures 
theoretical rigor whilst capturing context-specific nuances (Venkatesh et al., 2016), 
balancing theoretical depth and practical applicability.

Methodology

Research design
This study followed a cross-sectional survey design to develop and validate an instru-
ment to measure the factors contributing to TEs’ effective EdTech integration. It was 
conducted between September 2024 and January 2025.

Figure 1. Theoretical framework (Woldemariam et al., 2025).
Note: Readiness represents the individual teacher’s technology integration readiness.
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Context and participants
This study was designed to develop a theory-driven instrument to assess contextual 
factors influencing EdTech integration in CTEs in Ethiopia. Employing a comprehen-
sive sampling approach, all TEs at a government college were targeted, yielding 126 
valid responses (84% response rate) to meet factor analysis requirements (Hair et al., 
2019). The comprehensive sampling strategy ensured the representation of teaching 
populations in resource-constrained settings, balancing methodological rigor with 
contextual fidelity for instrument validation.

Ethical considerations
This study received ethical clearance from Jimma University Institute of Technology 
Ethical Review Board with reference number RPD/JIT/152/16 on January 26, 2024. 
A consent form was included in the questionnaire to inform participants and confirm 
their willingness to engage in this study. Participants’ data were coded and aggregated 
to ensure confidentiality and anonymity.

Instrument development process
The instrument was developed using a widely recognised approach that includes six 
basic steps (Boateng et al., 2018; DeVellis, 2017; Younas & Porr, 2018). The steps are 
inherently iterative and involve (1) defining the construct, (2) generating an item pool, 
(3) developing the response set, (4) conducting expert review, (5) psychometric testing 
and (6) finalising the scale development. The next paragraphs thoroughly discuss each 
step.

Step1: Defining the construct

The constructs were informed by prior grounded theory research, which enabled the 
identification of context-specific factors (Woldemariam et al., 2025). As the theoret-
ical framework outlines, the constructs distinctly represent TEs’ perceptions of the 
factors influencing EdTech integration. Table 1 summarises constructs with their con-
ceptual definition.

Step 2: Generating an item pool

An extensive item pool was generated based on validated instruments from existing 
works, along with newly developed items reflecting the grounded theory results. As a 
result, 86 items were generated both inductively and deductively. Each construct was 
represented using multiple items designed to capture its conceptual meaning accu-
rately. Table 2 summarises the number of items designed for each construct with their 
sources.

Step 3: Developing the response set

Two types of responses were developed to collect valid and meaningful insights from 
TEs. The first set, which included a five-point Likert scale (1 = Strongly Disagree to 
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5 = Strongly Agree), was developed as the response format to measure TEs’ level of 
agreement on the factors influencing EdTech integration. The second response was 
developed to rate the TEs’ integration of EdTech in their daily teaching-learning prac-
tices. It included a five-point Likert scale (1 = Never to 5 = Very Often), which rep-
resents the frequency of TEs’ EdTech integration.

Step 4: Conducting expert review

The instrument’s face and content validity were assessed by eight domain experts (two 
per department: information technology, curriculum and instruction, measurement 

Table 1. Conceptualisation of constructs.

Construct Conceptual definition References

RS Refers to the availability of ICT infrastructure, facili-
ties, resources and technical support.

Woldemariam et al. 
(2025)

IR Refers to the TEs’ perception of the leadership and 
institutional readiness to facilitate EdTech integration 
initiatives. It constitutes the leadership commitment, 
perception, attitude and institutional ICT vision and 
plan.

Woldemariam et al. 
(2025)

DC Represents TEs’ perception of their digital competence 
in terms of their ICT knowledge, skills and EdTech 
integration experience.

Aydin et al. (2024), 
Woldemariam et al. 
(2025), Gümüş and 
Kukul (2023)

R Refers to the TEs’ willingness, readiness and commit-
ment to integrating EdTech in teaching and learning 
practices.

Woldemariam et al. 
(2025), Venkatesh 
et al. (2003)

SDC Refers to the TEs’ perception of the students’ digital 
competence in terms of their ICT knowledge and 
skills.

Woldemariam et al. 
(2025), Tzafilkou 
et al. (2022)

A Refers to the TEs’ predisposition to integrate EdTech 
in their teaching and learning activities.

Hernández-Ramos 
et al. (2014)

PD Refers to the provision of short- or long-term train-
ing and professional development opportunities to 
enhance TEs’ digital competence to effectively use 
EdTechs.

Woldemariam et al. 
(2025)

CA Refers to the alignment of the curriculum, the course 
and the teaching materials with the latest educational 
technologies.

Woldemariam et al. 
(2025)

PEU Refers to how easy TEs feel about using EdTech to 
enhance their teaching and learning activities.

Davis (1989)

PU Refers to the TEs’ belief  that EdTech can improve 
their effectiveness, efficiency or satisfaction in teach-
ing, learning or administrative tasks.

Davis (1989)

CI Refers to the TEs’ perception of the influence of col-
leagues on their effectiveness in integrating EdTech.

Venkatesh et al. 
(2003)

INT Refers to the TEs’ reflection of the extent to which 
they use EdTechs such as computers, educational apps, 
simulations, games and the internet in their teaching 
and learning activities.

Inan and Lowther 
(2010)
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and evaluation and English language), comprising one PhD and one MA/MSc 
holder per discipline. Experts evaluated item relevance through qualitative feedback 
(suggesting revisions/removals) and quantitative ratings (1–4 relevance scale) (Polit 
et al., 2007). Content validity index (CVI) was computed at the item-level (I-CVI ≥ 
0.78) and scale-level (S-CVI ≥ 0.90) to ensure the individual item’s and the entire tool’s 
content validity, respectively (Almanasreh et al., 2019; Polit et al., 2019). Ambiguous, 
redundant or double-barrelled items were revised.

Step 5: Psychometric testing

The pilot instrument was administered to a comprehensive sample of TEs via printed 
questionnaires (January 2025). Data were analysed using IBM SPSS Statistics  
(Version 27) for exploratory data analysis and R (R Core Team, 2024) for exploratory 
and confirmatory factor analysis, ensuring methodological rigor.

EFA evaluated the hypothesised factor structure, informed by prior grounded 
theory. Data suitability was confirmed via Bartlett’s test (p < 0.05) and Kaiser–
Meyer–Olkin test (KMO > 0.6). Parallel analysis and scree plots guided factor 
extraction. Due to Likert-scale non-normality (Shapiro-Wilk, p < 0.05), polychoric 
correlations and minimum residual factor analysis (MINRES) with oblimin rotation 
were applied, aligning with ordinal data standards (Watkins, 2018). Principal axis 
factoring using oblimin rotation was comparatively tested for robustness (Costello 
& Osborne, 2005). Items with suboptimal properties (loadings <0.4, cross-loadings 
>0.2, communality <0.5) were iteratively pruned over 26 iterations, balancing statis-
tical thresholds (Costello & Osborne, 2005; Schreiber, 2021) and theoretical coher-
ence. Final exclusions prioritised alignment with the conceptual model.

Confirmatory factor analysis (CFA) assessed the refined structure using weighted 
least square mean and variance adjusted (WLSMV) estimation (Schreiber, 2021), suit-
able for small samples (N = 126) and ordinal data. Convergent validity was established 

Table 2. Distribution of items with their sources.

Construct Number of 
initial items

Sources

RS 10 Woldemariam et al. (2025), Ferede et al. (2022)
IR 10 Woldemariam et al. (2025), Ferede et al. (2022)
DC 10 Tondeur et al. (2017), Türel et al. (2017), Ferede et al. (2022)
R 10 Woldemariam et al. (2025), Davis (1989), Venkatesh et al. 

(2003), Yildiz and Arpaci (2024)
SDC 5 Tzafilkou et al. (2022)
A 5 Hernández-Ramos et al. (2014), Teo (2009), Venkatesh et al. 

(2003)
PD 6 Woldemariam et al. (2025), Ferede et al. (2022)
CA 5 Woldemariam et al. (2025)
PEU 5 Davis (1989), Teo (2009), Baddar and Khan (2023)
PU 5 Davis (1989), Hart and Laher (2015), Teo (2009), Baddar and 

Khan (2023)
CI 5 Ferede et al. (2022), Venkatesh et al. (2003)
INT 10 AlAjmi (2022), Ferede et al. (2022), Venkatesh et al. (2003), 

Mishra and Koehler (2006)
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via AVE > 0.5 and outer loadings (≥0.7; retained ≥0.4 if  AVE/CR remained robust) 
(Kline, 2015). Discriminant validity employed Fornell-Larcker Criterion (FLC) 
(√AVE > inter-construct correlations) (Fornell & Larcker, 1981) and (HTMT < 0.85) 
(Henseler et al., 2015). Internal consistency was ensured through the thresholds Cron-
bach’s alpha/Composite reliability (α/CR > 0.7) (Fornell & Larcker, 1981).

Model fit was assessed using CFI, TLI, RMSEA, SRMR and chi-square mini-
mum discrepancy divided by degrees of freedom (CMIN/DF) (Hu & Bentler, 1999). 
The thresholds CFI/TLI ≥0.90 (acceptable)/≥0.95 (excellent); RMSEA/SRMR ≤0.06 
(excellent)/<0.08 (acceptable); CMIN/DF <3 (excellent)/<5 (acceptable) were consid-
ered for evaluation (Schreiber et al., 2006). Analyses adhered to parsimony and the-
oretical alignment.

Step 6: Finalisation

This phase evaluated EFA/CFA results against psychometric thresholds (α, CR, AVE, 
HTMT and FLC) to guide item retention/removal. Items failing to meet criteria (e.g. 
α/CR > 0.7, AVE > 0.5 and HTMT < 0.85) were excluded, enhancing precision and 
consistency. The final instrument thus achieved theoretical and empirical robustness, 
ensuring readiness for application.

Results

This study employed a cross-sectional survey design. Paper-based, self-administered 
structured questionnaires were distributed to 150 TEs, of which 126 were completed 
and returned, yielding an 84% response rate. Participants had a mean age of 41.7 years 
(SD = 6.7) and a mean professional experience in teacher education of 13.4 years 
(range: 5–34 years). The majority held MSc as their highest qualification (83.3%), 
followed by those with a PhD (12.7%) and those with a BA/BSc degree (4%).

Content validity results
Initially, 86 items were derived from the literature and contextual subcategories identi-
fied in a CGT study. Eight domain experts assessed the face and content validity using 
a relevance scale (Polit et al., 2007). Two items (from RS and LIR, one from each) were 
removed for CVI < 0.78; 19 were revised to address ambiguities or double-barrelled 
phrasing per expert recommendations. The process ensured alignment between empir-
ical rigor and theoretical relevance, adhering to best practices in instrument develop-
ment. The instrument demonstrated robust validity (A-CVI = 0.96), qualifying 84 items 
for a pilot study. Constructs and scale-level validity indices are detailed in Table 3.

EFA results
The instrument, grounded in a theoretically rigorous framework, employed EFA 
to test hypothesised constructs empirically. Data suitability was confirmed by Bart-
lett’s test (χ² = Infinity, p < 0.001) and KMO = 0.87 (>0.60 threshold). The parallel 
analysis identified 13 latent factors – exceeding the original 12-factor framework – 
suggesting empirical refinement or contextual specificity. The scree plot (Figure 2) 
validated this solution, with eigenvalues exceeding simulated random data thresholds. 

http://dx.doi.org/10.25304/rlt.v33.3487


M.T. Woldemariam et al.

8� Citation: Research in Learning Technology 2025, 33: 3487 - http://dx.doi.org/10.25304/rlt.v33.3487
(page number not for citation purpose)

This divergence underscores the interplay between theoretical constructs and data-
driven adjustments, reinforcing the instrument’s adaptability to contextual nuances 
whilst maintaining methodological fidelity.

EFA employing oblimin rotation (13 factors via parallel analysis) iteratively 
refined items over 26 cycles. Items with loadings < 0.40 or cross-loadings were sequen-
tially removed, beginning with DC2 (loading = 0.001) followed by 25 others (e.g. DC3 
and PD5). This reduced items from 84 to 58, improving cumulative explained variance 
from 77% to 80%. The final factor structure (Figure 3) aligns with the theoretical 
model (12-factor), confirming validity. Each retained item demonstrated robust load-
ing onto its hypothesised factor, balancing empirical rigor with theoretical fidelity.

Items with suboptimal loadings (<0.40) or cross-loadings were retained to uphold 
methodological rigor and contextual relevance. CI5 and PEU4 were preserved to ensure 

Figure 2. Number of factors identified for factor analysis.

Table 3. Summary of CVI for constructs (A-CVI) and the scale (S-CVI).

Construct A-CVI Number of removed 
items

Number of modified 
items

Number of items 
after validation

RS 0.913 1 5 9
IR 0.925 1 4 9
DC 0.938 4 10
R 0.963 4 10
SDC 0.975 5
A 1.000 5
PD 0.979 1 6
CA 1.000 5
PEU 0.925 5
PU 0.950 5
CI 0.975 5
INT 0.975 1 10

Scale-CVI 0.960 2 19 84

http://dx.doi.org/10.25304/rlt.v33.3487
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theoretical integrity in constructs with fewer indicators. Contextually critical items (e.g. 
RS2 and RS3) and theoretically aligned indicators (DC4, R6, INT2 and INT7) were 
maintained despite statistical nuances. All items exhibited communalities ≥0.50, with 
most exceeding 0.70, except few, for example, INT2 = 0.69 and PD2 = 0.58. This dual 
emphasis on empirical thresholds and substantive significance reinforced the factor 
structure’s robustness, aligning statistical rigor with contextual-theoretical coherence.

Confirmatory factor analysis results
The EFA-derived factor structure demonstrated robust psychometric properties 
(Table 4). The α (0.776–0.907) and CR (0.795–0.927) confirmed acceptable-to-strong 
internal consistency. Convergent validity was established through AVE (0.520–0.842), 
with all constructs exceeding the 50% variance threshold. Key constructs (PD, CA, 
PEU, PU, A, SDC and R) exhibited robust convergent validity (AVE ≥ 0.70). These 
metrics collectively affirm the instrument’s reliability and construct validity, meeting 
rigorous standards for latent variable modelling in EdTech research.

Figure 3. Factor structure after the twenty-sixth iteration.
Note: MR1 = INT, MR2 = R, MR3 = SDC, MR4 = A, MR5 = RS, MR6 = CI, MR7 = IR, 
MR8 = PU, MR9 = PD, MR10 = DC, MR11 = PEU and MR12 = CA. MR13 was removed. 
The result confirmed the robustness of the developed factor structure both theoretically 
and empirically.

http://dx.doi.org/10.25304/rlt.v33.3487
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Most indicators demonstrated strong factor loadings (>0.7), with exceptions (e.g. 
INT2 = 0.578, RS6 = 0.67, PEU4 = 0.68, CI3 = 0.695, IR3 = 0.596, DC8 = 0.593 and 
DC9 = 0.642). Loadings ≥0.7 signify robust indicator-construct alignment, consistent 
with literature thresholds for convergent validity. Whilst minor deviations occurred, 
retained items maintained theoretical relevance and communality standards (≥ 0.50). 
These results affirm that nearly all items reliably captured their hypothesised con-
structs, underscoring the instrument’s psychometric rigor.

Discriminant validity assessed using FLC confirmed that each construct’s square 
root of AVE exceeded its correlations with other constructs (Table 5), ensuring distinct 
measurement of intended concepts. HTMT ratios (Table 6) further validated discrimi-
nant validity (<0.85). These results affirm that constructs uniquely captured their target 
phenomena, meeting rigorous psychometric standards for latent variable distinctiveness.

Discriminant validity was confirmed despite negative HTMT/FLC scores (Tables 
5 and 6), attributable to methodological artifacts. A small sample (N = 126), inversely 
related constructs (e.g. resource scarcity vs. positive attitudes) and model complex-
ity (12 factors) generated expected negative correlations in correlation-based metrics. 
Retained cross-loading items (for contextual/theoretical relevance) and estimation 
challenges in high-dimensional models further contributed. These scores reflect inher-
ent statistical dynamics of opposing constructs rather than validity shortcomings, 
affirming the model’s robustness.

Model fit was evaluated via absolute and comparative indices using the WLSMV 
estimator. RMSEA/SRMR (0.13) slightly exceeded thresholds, indicating close fit; 
CFI (0.94) and TLI (0.93) met criteria. CMIN/DF (3.1) demonstrated acceptable par-
simony. Minor fit deviations likely arose from limited sample size (N = 126) and model 
complexity (12 factors), typical in multidimensional CFA. Despite this, reliability and 
validity metrics affirmed theoretical alignment.

Final instrument structure and scoring guidelines
The finalised 58-item instrument (Table 7), refined via EFA and CFA, demon-
strated robust construct validity (AVE > 0.5) and reliability (α/CR > 0.7). Model fit 

Table 4. Psychometric properties of convergent validity and reliability.

Latent factor Reliability Convergent validity

α CR AVE

IR 0.847 0.849 0.620
PD 0.852 0.896 0.822
CA 0.888 0.910 0.842
DC 0.776 0.795 0.520
RS 0.848 0.879 0.616
PEU 0.846 0.863 0.757
PU 0.855 0.869 0.728
A 0.861 0.839 0.748
CI 0.816 0.817 0.661
SDC 0.890 0.920 0.786
R 0.907 0.927 0.728
INT 0.902 0.917 0.637

http://dx.doi.org/10.25304/rlt.v33.3487
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indices confirmed its applicability for assessing EdTech integration in CTEs across 
resource-constrained settings. The factors were measured using a 5-point Likert scale, 
1 (Strongly Disagree) to 5 (Strongly Agree); EdTech integration frequency was rated 
1 (Never) to 5 (Very Often).

Discussion

This study developed and validated a multidimensional instrument to assess factors 
influencing EdTech integration in CTEs in developing countries. The development and 
validation followed a rigorous six-step approach, broadly classified into three: scale 
development, content and construct validation (Boateng et al., 2018). It addressed 
a critical gap in the literature on measurement scales, particularly in resource-con-
strained settings.

The theoretical framework from a prior CGT study (Woldemariam et al., 2025) 
guided the scale development. The items of the five constructs, that is, readiness, CA, 
PD, RS and IR, were developed inductively in line with the subcategories in the CGT 
study and the literature (Boateng et al., 2018). The remaining constructs (i.e. EdTech 

Table 5. Evaluation of discriminant validity using FLC.

INT R SDC RS PEU CI IR PU PD DC A CA

INT 0.798
R 0.146 0.853
SDC 0.146 0.247 0.887
RS 0.452 -0.012 0.052 0.785
PEU 0.490 0.219 0.404 0.385 0.870
CI 0.546 0.197 0.333 0.355 0.473 0.813
IR 0.610 -0.002 0.169 0.739 0.411 0.521 0.788
PU 0.066 0.644 0.002 -0.117 0.067 0.057 -0.067 0.853
PD 0.329 0.322 0.312 0.213 0.521 0.247 0.277 0.079 0.907
DC 0.536 0.215 0.591 0.163 0.505 0.477 0.355 -0.067 0.612 0.721
A 0.033 0.373 -0.031 -0.270 0.160 -0.161 -0.091 0.618 0.195 0.063 0.865
CA 0.533 0.243 0.528 0.338 0.296 0.672 0.594 0.109 0.377 0.635 -0.004 0.918

Table 6. Evaluation of discriminant validity based on HTMT.

INT R SDC RS PEU CI IR PU PD DC A CA

INT
R 0.134
SDC 0.157 0.238
RS 0.449 0.017 0.056
PEU 0.483 0.116 0.458 0.349
CI 0.535 0.219 0.319 0.392 0.472
IR 0.565 0.073 0.171 0.716 0.403 0.485
PU 0.081 0.601 0.035 -0.093 -0.002 0.041 -0.016
PD 0.378 0.284 0.363 0.256 0.542 0.274 0.327 0.013
DC 0.517 0.145 0.601 0.257 0.517 0.440 0.385 -0.089 0.630
A 0.039 0.317 0.006 -0.214 0.130 -0.125 -0.020 0.578 0.151 0.027
CA 0.568 0.279 0.517 0.321 0.283 0.672 0.587 0.122 0.408 0.639 0.042
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integration, attitude, CI, SDC, DC, PU and PEU) were adapted from well-established 
theories (DeVellis, 2017). Consequently, 86 items were identified for the content 
validation.

Content validity was established through a panel of  eight experts, yielding an 
excellent I-CVI ≥ 0.875, A-CVI ≥ 0.9 and S-CVI = 0.96. These values exceeded the 
recommended threshold for I-CVI ≥ 0.78 and A-CVI ≥ 0.9 (Almanasreh et al., 2019; 
Polit et al., 2007). The findings suggest that the items can effectively measure the 
constructs.

The suitability of the data for EFA was confirmed by a KMO (0.87), classified 
as ‘meritorious’ for factor analysis (Tabachnick & Fidell, 2019). The significance of 
Bartlett’s test of sphericity (χ² = infinity, p < 0.001) rejected the null hypothesis of 
an identity correlation matrix (Field, 2024). Whilst the infinite χ² value may reflect 
computational artifacts (Hair et al., 2019), the significance in Bartlett’s test and high 
KMO collectively affirm the data’s appropriateness for EFA (Watkins, 2018).

The EFA was conducted iteratively after identifying the optimal number of latent 
factors (13) using parallel analysis and a scree plot. In each iteration, items with load-
ing < 0.4 were removed. Eight items with loading below 0.5 were retained due to fewer 
number of items (<3) (Kline, 2015), contextual relevance (Boateng et al., 2018) and 
theoretical alignment (Clark & Watson, 2019). The items RS2 and RS3 were retained 
for their theoretical importance to the construct, RS. Removing the items would com-
promise the conceptual coverage of the latent construct. The items PEU4 and CI5 
were retained for their strong theoretical alignment with PEU (Davis, 1989) and peer-
driven motivation in EdTech integration (Inan & Lowther, 2010; Venkatesh et al., 
2003). Additionally, hence each of these constructs contain only three items, removal 
risks construct representation (Costello & Osborne, 2005). The remaining four items 
(DC4, R6, INT2 and INT7) were retained for their contextual importance in captur-
ing core dimensions of DC, teacher readiness and EdTech integration, respectively. 

Table 7. Summary of the developed scale.

Latent 
factor

Sample items Number of 
items

IR My college has a clear vision to cultivate digitally literate teachers. 5
PD I try to update myself  on everything that deals with EdTech. 3
CA The current curriculum supports the integration of EdTech in 

teaching-learning.
3

DC I can effectively use digital platforms (e.g., Google Classroom, You-
Tube, etc.) in my teaching.

5

RS The classrooms are suitable to use EdTechs for instruction. 6
PEU Learning to integrate new EdTechs would be easy for me. 3
PU Teaching using EdTech offers real advantages over traditional meth-

ods of teaching.
5

A In my opinion, using EdTech in my teaching improves student’s 
learning.

4

CI I feel motivated to use EdTech due to my colleagues’ influence. 3
SDC My students are skilled in using digital tools for learning. 5
R I have the readiness to incorporate EdTechs into my teaching 

practices.
8

INT How often do you prepare multimedia resources (e.g., audio, video 
and animations) to support classroom teaching?

8
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Consequently, after the 25th iteration, all items started loading onto the 12-factor 
structure, ensuring the theoretical validity of the measurement model (Howard, 2016).

Internal consistency was robust for all subscales (α = 0.776 – 0.907; 
CR = 0.795 – 0.927), satisfying thresholds for both exploratory and confirmatory 
research (Fornell & Larcker, 1981; Hair Jr et al., 2021). Construct validity was empir-
ically supported, with all retained items demonstrating statistically significant factor 
loadings (standardised λ ≥ 0.6, p < 0.001) and convergent validity (AVE > 0.5 for 
all factors) (Fornell & Larcker, 1981). Discriminant validity was confirmed through 
HTMT ratio analysis (all values < 0.85) (Henseler et al., 2015) and FLC (Fornell & 
Larcker, 1981). The findings confirmed the instrument’s consistency and accuracy in 
measuring the theoretical constructs.

The CFA results demonstrated acceptable incremental fit indices (CFI = 0.94, 
TLI = 0.93), suggesting a reasonable model fit (McNeish & Wolf, 2020). The CMIN/
DF (3.1) falls within the acceptable range and suggests an adequate fit for practi-
cal application (Kline, 2015). Although the RMSEA (0.13) and SRMR (0.13) val-
ues exceed commonly used thresholds, it is imperative to interpret in light of model 
complexity (12 constructs, 58 indicators), model estimation method and small sam-
ple size (126). As noted by Kenny et al. (2015), RMSEA can be biased upwards in 
models with a limited sample size. Similarly, Shi et al. (2021) recommend caution in 
rigidly applying cutoff  values, suggesting that RMSEA and SRMR may not always 
reflect true misfit under these conditions. Several scholars (e.g. Cao & Liang, 2022; 
Hu & Bentler, 1999; Xia & Yang, 2019) have revealed the inconsistency of RMSEA 
and SRMR under such constraints. Importantly, both CFI and TLI exceed the 0.90 
threshold and CMIN/DF ≈ 3, and we consider the overall model fit to be adequate. 
Furthermore, despite the limitations, strong reliability (α/CR > 0.7), convergent valid-
ity (AVE > 0.5) (McNeish et al., 2018) and a strong theoretical foundation ensured 
suitability of the instrument (DeVellis, 2017).

The validated instrument reflects key contextual drivers of EdTech integration in 
Ethiopian CTEs, such as IR, RS and the critical role of PD. These findings are aligned 
with recent national efforts, such as digital education strategy (Ministry of Educa-
tion, 2023) and the Digital Ethiopia 2025 strategy (Federal Democratic Republic of 
Ethiopia, 2020), which emphasise advancing TEs DC and digital transformation, 
respectively. Thus, the instrument offers a timely and practical tool for policymakers, 
institutional leaders and researchers to assess current EdTech integration efforts and 
inform targeted interventions.

The instrument, although validated within the Ethiopian context, was devel-
oped based on constructs and indicators informed by both the global literature (e.g. 
Davis, 1989; Venkatesh et al., 2003) and context-specific framework (Woldemariam 
et al., 2025). Many of the identified factors (e.g. infrastructure limitations, DC gaps 
and institutional leadership) are common across developing countries (Ezumah, 
2020). Whilst it offers a foundational framework for studying EdTech integration in 
teacher education in developing nations, its applicability in other contexts should be 
approached with caution. This implies that, with appropriate cultural and linguistic 
adaptation, the instrument holds promise for use in comparable settings.

Conclusion

This study addresses the lack of contextually grounded EdTech integration scales 
in developing countries by developing a validated, context-specific instrument. 
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By incorporating factors consisting of IR, PD, DC, CA and SDC, it extends exist-
ing adoption models to assess TEs’ EdTech integration in underserved settings (e.g. 
CTEs). The tool enables policymakers to evaluate integration, identify barriers/
facilitators and guide interventions. Despite robust psychometrics, a limited sample 
affects generalisability. Future studies are needed to adapt and validate the instrument 
across diverse socio-cultural and educational systems to ensure cross-national rele-
vance and measurement invariance. Furthermore, researchers could undertake stud-
ies using larger samples and focusing on predictive validity testing and longitudinal 
assessments. The instrument supports evidence-based strategies to enhance DC and 
IR, advancing EdTech research and practice. By integrating theoretical and empirical 
insights, it offers a foundation for academic inquiry and institutional evaluation amid 
global digital transformation efforts.
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