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Filipino college teachers in public higher education institutions (HEIs) are
increasingly expected to integrate generative artificial intelligence (GenAl)
tools into their practice. Evidence on what drives this adoption in Philippine
public universities, however, remains scarce. This study used a quantitative,
cross-sectional correlational design to examine the levels, relationships, and
predictors of GenAl adoption among 301 teachers from two public HEIs in
Pampanga, Philippines, guided by the unified theory of acceptance and use
of technology (UTAUT). Teachers reported strong agreement across all
UTAUT constructs, with effort expectancy receiving the highest rating and
facilitating conditions the lowest. Performance expectancy (B = 0.406,
p < 0.001) was the strongest predictor of behavioral intention, followed by
social influence (f = 0.295, p < 0.001) and effort expectancy (p = 0.257,
p < 0.001), which together explained 65% of the variance in intention.
Facilitating conditions did not significantly predict behavioral intention but,
together with behavioral intention (f = 0.629, p < 0.001), predicted actual
use (B = 0.266, p < 0.001). Teachers are more likely to adopt GenAl when
they see clear instructional benefits and when peers and administrators
encourage its use; sustained practice depends on whether institutions can
provide the necessary infrastructure and training to support it. Public HEIs
are urged to invest in Al literacy programs, strengthen peer and
administrative endorsement, and address gaps in information and
communication technology (ICT) infrastructure to support responsible and
lasting GenAl integration.
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1. INTRODUCTION

Generative artificial intelligence (GenAl) tools have gained significant traction in higher education
globally, with institutions across different countries exploring their potential to improve teaching, streamline
administrative work, and support more responsive learning environments [1]-[8]. Systems like chat
generative pre-trained transformer (ChatGPT) and similar large language model-based tools have shifted
rapidly from experimental instruments to practical tools, and educators are increasingly expected to engage
with them as part of their professional work [6]-[8]. In higher education specifically, GenAl has been
reported to assist teachers in lesson preparation, assessment design, feedback generation, and routine
academic tasks, which can reduce workload and improve instructional efficiency [9]-[11]. This rapid uptake
has prompted institutions worldwide to explore artificial intelligence (Al) integration as part of broader
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digital transformation agendas, though the success of these efforts depends heavily on whether teachers
actually accept and use these tools in practice [12], [13].

Research on GenAl adoption in the Philippines has not adequately addressed teachers in public
higher education institutions (HEIS). Most existing studies have focused on students or have been conducted
in private or well-resourced institutions in other countries. Faculty in Philippine public HEIs face a distinct
set of conditions that shape how they engage with new technologies: heavy teaching loads, large class sizes,
multiple administrative responsibilities, limited digital infrastructure, and uneven internet connectivity across
campuses [14], [15]. These conditions make the question of GenAl adoption among Filipino college teachers
particularly relevant and underexplored in the literature.

Research on technology adoption in educational settings has consistently relied on the unified theory
of acceptance and use of technology (UTAUT) as an analytical framework [16]. UTAUT explains adoption
behavior through four constructs: effort expectancy, performance expectancy, social influence, and
facilitating conditions, which together shape behavioral intention and actual use. The framework has been
applied across a range of higher education contexts, including studies of Al and ChatGPT adoption in
Indonesia [17], Somalia [18], Spain [19], and Saudi Arabia [20], and has demonstrated strong explanatory
power in both developed and developing country settings [21], [22].

Most UTAUT-based studies, however, have examined student populations or faculty in private
institutions with comparatively stronger resources. Studies that focus specifically on teachers in
resource-constrained public universities in Southeast Asia, and the Philippines in particular, are scarce. This
gap matters because teachers in public HEIs operate under conditions that are structurally different from
those in private institutions, and adoption decisions in these contexts are likely shaped by factors that studies
not distinguishing institution type or focusing exclusively on students cannot fully capture.

This study addresses that gap by examining GenAl adoption among faculty members from two
public HEIs in Pampanga, Philippines. It identifies the levels of UTAUT constructs among these teachers,
examines how these constructs relate to behavioral intention and actual use, and determines which constructs
most strongly predict adoption. Guided by the UTAUT, the research objectives are to: i) describe the levels
of effort expectancy, performance expectancy, social influence, facilitating conditions, behavioral intention,
and actual use of GenAl tools among Filipino public higher education teachers; ii) examine the relationships
between UTAUT constructs and teachers’ behavioral intention and actual use of GenAl tools; and
iii) identify which UTAUT constructs predict teachers’ intention to adopt and actual use of GenAl tools in
Philippine public HEIs. The findings provide empirical evidence grounded in the Philippine public HEI
context that can inform professional development programs, institutional Al governance, and Commission on
Higher Education (CHED) policy directions for responsible and sustained GenAl integration in Philippine
public universities.

2. METHOD

The study employed a quantitative, cross-sectional correlational design [23] to examine the
relationships among the constructs of the UTAUT and to identify predictors of GenAl adoption among public
higher education teachers in the Philippines. Data were collected through a structured, UTAUT-based
questionnaire consisting of two parts. The first part gathered demographic information, including sex
assigned at birth, years of teaching experience, highest educational attainment, academic rank, employment
status, and professional licensure. The second part measured six UTAUT constructs using a five-point
Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree): effort expectancy, performance
expectancy, social influence, facilitating conditions, behavioral intention, and actual use. The questionnaire
underwent pilot testing prior to full administration to confirm item clarity and internal consistency.

The respondents comprised 301 public higher education teachers from two public HEIs in
Pampanga. The sample included 164 males (54.5%) and 137 females (45.5%). Teaching experience ranged
from 1 to 30 years (mean (M) = 6.63, standard deviation (SD) = 5.70). In terms of educational attainment,
51.8% of the respondents held a bachelor’s degree, 34.9% held a master’s degree, and 13.3% had completed
a doctoral degree. Most respondents were instructors (80.1%), followed by assistant professors (11%),
associate professors (6%), and professors (3%). Regarding employment status, 54.8% were permanently
employed, while 45.2% held non-permanent appointments. Teachers with at least one year of teaching
experience were included. Proportional stratified random sampling was used within each institution, with
strata defined by academic rank, educational attainment, and employment status. The two institutions were
selected based on access and institutional willingness to participate, which introduces a convenience element
into the design. The demographic profile of the sample is summarized in Table 1.

Content validity was established through review by a panel of three experts in educational
technology and survey methodology, who assessed the relevance and clarity of each item before pilot testing.
To assess construct validity, confirmatory factor analysis (CFA) was conducted. All factor loadings were
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statistically significant and ranged from 0.72 to 0.91 across constructs. Composite reliability (CR) exceeded
0.70, and average variance extracted (AVE) exceeded 0.50 for all constructs, supporting convergent validity.
Internal consistency was also strong across all constructs, as shown in Table 2.

Table 1. Demographic details

Variable Category Frequency  Percentage (%)
Sex assigned at birth Male 164 54.5
Female 137 45.5
Educational attainment ~ Bachelor’s degree 156 51.8
Master’s degree 105 34.9
Doctoral degree 40 13.3
Academic rank Instructor 241 80.1
Assistant professor 33 11
Associate professor 18 6
Professor 9 3
Employment status Permanent 165 54.8
Non-permanent 136 45.2
Years of teaching (Mean + SD) 6.63+5.70

Table 2. Reliability and validity indices of the UTAUT constructs

Construct No. of items  Cronbach’sa. CR AVE  Factor loadings range
Effort expectancy 4 0.864 0.881 0.651 0.74-0.86
Performance expectancy 4 0.850 0.872 0.632 0.76-0.84
Social influence 4 0.904 0917 0.735 0.82-0.90
Facilitating conditions 6 0.932 0.940 0.722 0.79-0.91
Behavioral intention 3 0.804 0.821 0.606 0.72-0.83
Actual use 3 0.844 0.860 0.671 0.78-0.87

Prior to data collection, the study received approval from the ethics review committee. Approval
from the heads of the respondents’ respective institutions was also sought. The questionnaire was
administered through both online and printed formats to accommodate differences in access across campuses.
Participation was voluntary, informed consent was obtained from all respondents, and confidentiality of
responses was ensured. Data collection spanned from November to December 2024. Statistical analyses were
conducted using IBM SPSS version 25. Descriptive statistics summarized respondent characteristics and
construct levels. Pearson correlation analysis examined relationships among variables, and multiple linear
regression identified predictors of behavioral intention and actual use. Assumptions of normality, linearity,
and multicollinearity were assessed prior to analysis, and no serious violations were detected.

3. RESULTS AND DISCUSSION
3.1. Descriptive patterns of GenAl adoption

Descriptive statistics indicate high levels of agreement across all UTAUT constructs as shown in
Table 3. Effort expectancy recorded the highest mean score (M = 4.50, SD = 0.57), suggesting that teachers
generally perceive GenAl tools as easy to learn and use. Performance expectancy also showed a high mean
(M = 4.44, SD = 0.59), indicating strong beliefs in the usefulness of Al for improving teaching effectiveness
and administrative productivity. Behavioral intention registered a similarly high mean (M = 4.43, SD = 0.63),
reflecting strong willingness among teachers to adopt GenAl tools. Actual use showed a high level as well
(M = 4.34, SD = 0.74). Social influence (M = 4.18, SD = 0.77) and facilitating conditions (M = 4.00,
SD = 0.90) showed slightly lower but still positive mean scores. The higher variability observed in
facilitating conditions indicates differences in perceived institutional support, access to infrastructure, and
availability of training, which may influence sustained Al use.

Table 3. Descriptive statistics of the UTAUT constructs

Construct Mean  SD
Effort expectancy 450 057
Performance expectancy  4.44  0.59
Social influence 418 0.77
Facilitating conditions 4,00 0.90
Behavioral intention 443 0.63
Actual use 434 0.74
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3.2. Interrelationships among UTAUT constructs

Pearson correlation analysis revealed statistically significant positive relationships among all
UTAUT constructs (all p < 0.001; Table 4), consistent with the structure proposed by the UTAUT
framework. Similar interrelationships among UTAUT constructs have been reported in prior technology
adoption studies across educational contexts, including systematic evidence from university settings
grounded in UTAUT and UTAUT2 models [21], [22]. Behavioral intention exhibited the strongest
correlation with actual use (r = 0.768), confirming it as the most immediate determinant of Al adoption
behavior. This pattern aligns with empirical findings on Al and ChatGPT use in higher education that
consistently identify intention as a robust predictor of use behavior [17], [18], [22]. Among the antecedents
of behavioral intention, performance expectancy showed the strongest association (r = 0.737), followed by
effort expectancy (r = 0.650) and social influence (r = 0.603).

Prior studies on GenAl adoption similarly report that perceived usefulness, ease of use, and
social influence contribute significantly to users’ intention to adopt Al tools, particularly in university
contexts [19], [21], [24]. Facilitating conditions demonstrated a moderate correlation with behavioral
intention (r = 0.520), indicating that institutional support plays a supportive rather than primary role at the
intention stage, a pattern also noted in UTAUT-based syntheses of higher education technology adoption
[21], [22]. For actual use, the strongest correlations occurred with behavioral intention (r = 0.768),
performance expectancy (r = 0.660), and social influence (r = 0.634). Facilitating conditions also showed a
substantial association with actual use (r = 0.594), reinforcing the role of institutional readiness in enabling
teachers to operationalize Al adoption, as observed in prior studies conducted in higher education and
developing country contexts [21], [25], [26].

Table 4. Pearson correlation matrix of UTAUT constructs

Variable Effort Performance Social Facilitating Behavioral Actual
expectancy expectancy influence  conditions intention use
Effort expectancy 1
Performance expectancy 0.676** 1
Social influence 0.598** 0.657** 1
Facilitating conditions 0.566** 0.602** 0.668** 1
Behavioral intention 0.650** 0.737** 0.603** 0.520** 1
Actual use 0.573** 0.660** 0.634** 0.594** 0.768** 1
**p < 0.001

3.3. Predictors of behavioral intention

Multiple linear regression analysis was conducted to identify predictors of behavioral intention as
shown in Table 5. The model was statistically significant (F(4, 296) = 137.50, p < 0.001) and explained
65% of the variance in behavioral intention (R? = 0.650). Performance expectancy emerged as the strongest
predictor (B = 0.406, p < 0.001), indicating that teachers are more likely to intend to adopt GenAl when
they perceive clear performance benefits. Similar findings have been reported in foundational UTAUT
research and in recent studies on GenAl and ChatGPT adoption, where perceived usefulness consistently
shows the strongest effect on behavioral intention [19], [22]. Social influence also showed a substantial
effect (B = 0.295, p < 0.001), suggesting that encouragement from colleagues and administrators plays an
important role in shaping adoption intentions. This result aligns with empirical evidence from higher
education settings that highlights the influence of peer norms and institutional signals on technology adoption
decisions [21], [27], [28].

Table 5. Multiple regression results for behavioral intention

Predictor B p 95% confidence interval Cohen’s f2
Effort expectancy 0.257 <.001 [0.16, 0.36] 0.082 (medium)
Performance expectancy  0.406 <.001 [0.30, 0.51] 0.198 (large)
Social influence 0.295 <.001 [0.20, 0.39] 0.107 (medium)
Facilitating conditions 0.011 .814 [-0.08, 0.10] <0.001

RZ = 0.650, adjusted R? = 0.645, F(4,296) = 137.50, p < 0.001

Effort expectancy had a significant but comparatively smaller effect (B = 0.257, p < 0.001),
indicating that ease of use supports adoption but does not dominate adoption decisions. Prior UTAUT -based
studies similarly report that ease of use facilitates intention but becomes secondary once users recognize
functional value in work-related technologies [29], [30]. Facilitating conditions did not significantly predict
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behavioral intention (§ = 0.011, p = 0.814), consistent with earlier UTAUT findings showing that facilitating
conditions exert stronger influence on actual use than on intention formation, particularly in organizational
and educational contexts [30], [31]. Filipino college teachers are therefore more likely to intend to adopt
GenAl when they perceive clear instructional and productivity benefits and when adoption is socially
encouraged, while institutional support functions as an enabling rather than motivating factor at the intention
stage [20], [21], [32].

3.4. Prediction of actual use

A second regression analysis examined predictors of actual use as shown in Table 6. Consistent with
the UTAUT theoretical structure, which identifies behavioral intention and facilitating conditions as the
primary direct predictors of use behavior, these two variables were entered first. The model was statistically
significant (F(2, 298) = 266.60, p < 0.001) and explained 64.1% of the variance in actual use (R? = 0.641).
Behavioral intention demonstrated a strong positive effect (B = 0.629, p < 0.001), confirming its role as the
primary driver of actual Al use. Facilitating conditions also showed a significant effect (B = 0.266,
p < 0.001), indicating that access to infrastructure, training, and technical support enables teachers to
translate intention into practice. When effort expectancy, performance expectancy, and social influence were
added to the model, the explained variance increased to 66.8% (R? = 0.668). In this expanded model,
behavioral intention (B = 0.455, p < 0.001), social influence ( = 0.190, p < 0.001), and facilitating conditions
(B = 0.164, p < 0.001) remained significant predictors, while effort expectancy and performance expectancy
did not retain significance, indicating that their effects on actual use operate indirectly through behavioral
intention rather than exerting direct influence.

These results suggest that while teachers may form intentions based on perceived usefulness and
social encouragement, sustained and regular use depends on both intention and institutional support. This
pattern mirrors empirical findings from UTAUT-based studies on Al and ChatGPT adoption, which show
facilitating conditions as a stronger determinant of use behavior than of intention [21], [22]. In the Philippine
public higher education context, uneven access to infrastructure, training, and technical support may
constrain the translation of intention into consistent practice [33], [34]. Inconsistent internet access, limited
learning management system integration, and unequal device availability can prevent motivated teachers
from using GenAl regularly without adequate institutional backing [33], [34]. The overall pattern of
relationships among the UTAUT constructs and their respective outcomes is summarized in Figure 1.

Table 6. Multiple regression results for actual use

Predictor B p 95% confidence interval Cohen’s f?
Behavioral intention 0.629 <.001 [0.53,0.72] 0.437 (large)
Facilitating conditions 0.266 <.001 [0.19, 0.35] 0.126 (large)

R2=0.641, adjusted RZ = 0.639, F(2,298) = 266.60, p < 0.001

Effort Expectancy

B = 0.257***
M=4.50, a = 0.864 Significant
Not Significant
—_—,— —— -

Performance Expectancy
B =0.406***
M= 4.44, a = 0.850 >

Behavioral Intention Actual Use
$=0.629***—» %
M =4.43,R* = 0.650 M=4.34,R*=0.641

Social Influence

M =418, a = 0.904 AN

t

—_—— — —$=0.011 — =
Facilitating Conditions
M =4.00, a =0.932

p=0.266%**

Figure 1. UTAUT path diagram of regression results
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4.  CONCLUSION

This study examined the levels, relationships, and predictors of GenAl adoption among Filipino
public higher education teachers using the UTAUT. Teachers reported high levels across all UTAUT
constructs, reflecting widespread acceptance and active use of GenAl tools among faculty in Philippine
public HEIs. Correlation and regression analyses revealed that performance expectancy and social influence
were the strongest predictors of behavioral intention, while behavioral intention and facilitating conditions
primarily determined actual use. Filipino college teachers are more likely to adopt GenAl when they perceive
clear instructional and productivity benefits and when adoption is reinforced by peer and administrative
support within their institutions. Sustained use further depends on the availability of institutional resources,
infrastructure, and technical support, which remain uneven across public HEIs in the Philippines. These
findings should be read with the recognition that the study was conducted in only two public HEIs selected
partly on the basis of access; the cross-sectional design cannot establish causal relationships, and actual use
was measured through self-report rather than observed behavior, which may inflate use estimates. Since
performance expectancy is the strongest driver of adoption intention, institutions should demonstrate the
concrete instructional and productivity value of GenAl through faculty orientations, peer showcases, and
discipline-specific training. Administrative and peer endorsement are equally important for building a culture
where GenAl use is normalized in teaching practice, while sustained use requires that infrastructure and
training are consistently available, not just formally prescribed. At the national level, CHED should integrate
GenAl literacy into faculty development programs and connect Al adoption to workload reform initiatives,
recognizing that tools reducing time spent on lesson preparation, assessment, and feedback can address one
of the sector’s most persistent problems. Al governance frameworks for public universities should be
grounded in the actual experiences and constraints of faculty, ensuring that innovation is pursued responsibly
and that support structures accompany policy mandates.
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