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ABSTRACT

	Artificial intelligence (AI) is rapidly shifting the status quo of mathematics education and technology integration in the classroom, yet discipline-specific evidence on teachers’ AI-informed technology knowledge remains limited in the Philippine context. This study examined professional correlates of Artificial Intelligence–informed Technological, Pedagogical, and Content Knowledge (AI-TPACK) among public secondary mathematics teachers in the DepEd Schools Division of Northern Samar, Philippines (SY 2025–2026). Using a cross-sectional descriptive-correlational survey, 215 teachers were proportionally randomly sampled from 457 eligible teachers. A structured questionnaire gathered professional profile data and measured AI-TPACK using a mathematics-specific 16-item scale across AI-Technological Knowledge (AI-TK), AI-Technological Content Knowledge (AI-TCK), AI-Technological Pedagogical Knowledge (AI-TPK), and AI-Technological Pedagogical Content Knowledge (AI-TPCK). Results indicated that teachers’ AI-TPACK levels were generally Knowledgeable (M = 3.68, SD = 0.88). Educational attainment and teaching position were not significant correlates. Years of teaching experience showed small but significant negative correlations with overall AI-TPACK (r = −0.238, p < .001). In contrast, relevant AI/ICT training exposure was positively correlated with overall AI-TPACK (rₛ = 0.304, p < .001). Access to AI technology emerged as the strongest correlate, showing moderate positive associations with overall AI-TPACK (rₛ = 0.523, p < .001). The findings suggest that strengthening AI-TPACK in resource-constrained divisions requires sustained, needs-based training and more equitable access to AI tools.
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1. INTRODUCTION 
	
Amidst changing conditions affecting how mathematics is taught and learned, Artificial Intelligence (AI) also is rapidly shifting the status quo of technology integration in education. Tools including intelligent tutoring systems, adaptive practice platforms, and generative tools that help explain and visualize mathematical problems recently becomes emergent (Gabriel et al., 2025; Meylani, 2024). As these tools become more common in the classroom, mathematics teachers are prompted to also use AI in ways that are ethical, meaningful for learning, and responsive to the context of learners (Celik, 2023; Yue et al., 2024; Zhang & Zhang, 2024). The urgency is heightened by the reality that learners are already turning to AI for mathematics tasks often without clear guardrails, making teachers readiness and professional competence more crucial (De Guzman, 2025; OECD, 2025). 
The Technological Pedagogical Content Knowledge (TPACK) framework is a basic way to understand this skill. It explains the knowledge teachers need to combine technology with teaching and subject matter (Mishra et al., 2023; Mishra & Koehler, 2006). With the advent of AI enabled tools, TPACK has been expanded to include AI-specific versions like AI-TPACK and Intelligent-TPACK. These new versions include knowledge of AI tools, how they can be used in the classroom, and ethical considerations related to AI use (Celik, 2023; Ning et al., 2024; Xie & Luo, 2025). These AI-informed frameworks stress that fundamental areas including content, pedagogy, and AI technological knowledge, similarly interact through combination forms that more directly affect the teachers’ ability to create AI-supported teaching. Empirical studies indicate that AI-related technological knowledge components significantly impact AI-TPACK more than solely pedagogical or content knowledge, highlighting the importance of AI-specific technological proficiency (Celik, 2023; Hava & Babayiğit, 2025; Ning et al., 2024; Yue et al., 2024). Nonetheless, teachers do not cultivate AI-TPACK in isolation. Studies that often draw on the Diffusion of Innovation theory show that AI integration is influenced by internal factors and capacity of teachers such as their AI literacy and beliefs and external enabling conditions such as professional development opportunities, institutional support, and access to infrastructure and tools (Fitriyah et al., 2025; Li & Manzari, 2025; Meylani, 2024; Oved & Alt, 2025). This framing also corresponds with the will–skill–tool lens, proposing that even when educators recognize instructional value, enduring integration relies on the development of capabilities and genuine access to tools and assistance (Knezek & Christensen, 2015; Sasota et al., 2021). Meanwhile, in terms of dissemination, teachers may vary in their pace of adoption and practice due to inconsistent exposure to innovations and opportunity to test tools across different networks and contexts (García-Avilés, 2020; Rogers, 1962). These perspectives foreground a central issue for educational systems: whether traditional professional indicators relate to AI-TPACK in the same way as exposure-based factors. 
Despite the emerging evidence base, key gaps remain. Most studies concentrate on pre-service teachers or extensive cohorts in K to 12 education, with a scarcity of research focusing on in-service secondary mathematics teachers in global south context (Ning et al., 2024; Schmid et al., 2021; Xie & Luo, 2025; Yue et al., 2024). While TPACK had been explored in the Philippines and specifically in public schools setting in Northern Samar, there is little to none that investigates the infusion of AI technology in TPACK as a framework for integration in mathematics classrooms (Abarquez-Salino, 2020; Acebron, 2024; Añano, 2020). There is also a dearth of evidence from Global South contexts. particularly the Philippines, regarding the influence of training background and unequal tool access on teachers' AI-TPACK in mathematics, especially in resource-limited environments.
 It is for these reasons that this study determines how professional profile variables correlates with the Artificial Intelligence (AI)-informed Technological, Pedagogical, and Content Knowledge (AI-TPACK) levels among public secondary mathematics teachers in the DepEd Schools Division of Northern Samar, Philippines, during the School Year 2025 to 2026. Specifically, it sought to answer the following questions: (1) What is the teachers’ professional profile in terms of (a) highest educational attainment, (b) years of teaching experience, (c) teaching position, (d) number of relevant AI/ICT-related trainings attended, and (e) access to AI technologies/tools? (2) What is the teachers’ AI-TPACK level in terms of (a) AI-Technological Knowledge (AI-TK), (b) AI-Technological Content Knowledge (AI-TCK), (c) AI-Technological Pedagogical Knowledge (AI-TPK), and (d) AI-Technological Pedagogical Content Knowledge (AI-TPACK)? (3) Is there a significant relationship between the teachers’ professional profile variables and their AI-TPACK levels (overall and by component)? This study fills a clear empirical need by presenting division-level, mathematics-specific findings from a resource-constrained Philippine context, providing inputs for targeted professional development and support to teachers.

2. methodology

This section describes the research design, population and sample of the study, measures and instruments, specific procedures, the data processing and the ethical considerations used in the conduct of this study.  

2.1 Research Design
A cross-sectional descriptive–correlational survey design was used to (a) describe teachers’ professional profiles and AI-TPACK levels and (b) test the associations between selected professional profile variables and AI-TPACK outcomes. The design examined relationships among variables without manipulation and did not infer causality (Creswell & Creswell, 2022; Mills & Jordan, 2022).
2.2 Sample of the Study
Participants were public secondary mathematics teachers in the DepEd Schools Division of Northern Samar, Philippines, who had at least one year of teaching experience during SY 2025–2026. Division records indicated 457 eligible teachers. The minimum sample size was computed using Raosoft’s sample size calculator, based on the Cochran’s formula, at 95% confidence level and 0.05 margin of error, yielding ≥ 209 respondents (Raosoft, Inc., 2004). A proportional simple random sampling approach was applied across the division’s major cluster areas. The final sample included 215 teachers: 39 (18.14%) from Balicuatro, 106 (49.30%) from Central, and 70 (32.56%) from Pacific.

2.3 Measures

Data were collected using a structured questionnaire with two parts. Part I collected data regarding participants' highest level of education, years of teaching experience, current teaching position, the number of AI/ICT-related training sessions attended within the preceding three years, and their access to AI technologies and tools. The checklist of AI tools encompassed prevalent categories of AI applications within mathematics education and AI-assisted teaching tools (Awang et al., 2025; Schofield & Zhou, 2025). Access to AI technology was operationalized for analysis as a count of AI tools reported as used or accessible, with a score of 0 assigned to those respondents who indicated no AI usage. While Part II measured the teachers’ AI-TPACK using the mathematics-specific AI-TPACK scale developed by Xie and Luo (2025) consisting of 16 items across four dimensions: AI-Technological Knowledge (AI-TK), AI-Technological Content Knowledge (AI-TCK), AI-Technological Pedagogical Knowledge (AI-TPK), and AI-TPACK. Items were rated on a 5-point scale (5 = Completely True to 1 = Completely False). Subscale scores were computed as mean scores, with higher values indicating higher AI-TPACK levels. Descriptor interpretations (Very Knowledgeable to Not Knowledgeable) were applied using the study’s predefined scale intervals.




2.4 Validation and Reliability

Prior to its implementation, face and content validation procedures were undertaken. Six content experts from the Department of Education (DepEd) assessed the AI-TPACK items, employing a 4-point relevance scale. Content validity was determined via the Content Validity Index (CVI) and modified kappa, adhering to established decision thresholds (Kipli & Khairani, 2020). The AI-TPACK scale demonstrated I-CVI values between 0.67 and 1.00, with an S-CVI/Ave of 0.906, thereby signifying robust scale-level content validity; expert feedback prompted a revision of one item to enhance clarity and construct fit. A pilot test was administered to 30 mathematics teachers from a nearby division (DepEd Calbayog City) to evaluate both clarity and internal consistency. Reliability analyses revealed excellent internal consistency: AI-TK α = 0.920, AI-TCK α = 0.936, AI-TPK α = 0.957, AI-TPACK α = 0.953, and an overall α of 0.981 (DeVellis, 2016; Nunnally & Bernstein, 1994). Item-deletion diagnostics suggested only trivial increases for two items; thus, all items were retained to preserve content coverage.

2.5 Procedures

Permissions were secured from the graduate school of Northwest Samar State University and the relevant DepEd offices prior to data collection. The survey was administered using both digital (Google Forms) and physical (printed) formats to accommodate different access needs. Participants provided informed consent, and their responses were kept confidential, in accordance with the Data Privacy Act of 2012 (RA 10173). Before analysis, the completed questionnaires were checked for completeness.

2.6 Data Processing

Descriptive statistics (frequency, percentage, mean, and standard deviation) summarized teachers’ professional profiles and AI-TPACK component scores. Preliminary screening involved an examination of missing data and atypical response patterns. Distribution assessments, including the Shapiro–Wilk test, skewness/kurtosis calculations, and Q–Q plots, guided the selection of appropriate relationship measures (Demir, 2022; Shatz, 2024). To investigate the relationships between professional profile variables and AI-TPACK outcomes, association procedures were chosen based on the measurement level and distribution characteristics: eta (η) was employed for categorical group variables (highest educational attainment; teaching position), Pearson’s r was used for years of teaching experience, and Spearman’s rho (rₛ) was applied to skewed count variables (AI/ICT trainings; access-to-AI count). All tests were two-tailed and evaluated at 0.05 level of significance.



[bookmark: _GoBack]3. results and discussion

This section presents the study’s results and interprets them in relation to the research questions by describing teachers’ professional profiles, summarizing AI-TPACK levels, and discussing the significant profile correlates of AI-TPACK among secondary mathematics teachers in Northern Samar, Philippines.





3.1 Professional Profile of Teachers 

3.1.1 Highest educational attainment 

As shown in Table 1, most respondents were engaged in graduate studies: 48.8% (n = 105) had master’s units and 24.2% (n = 52) had completed a master’s degree, while 20.9% (n = 45) remained at the bachelor’s level and only 6.0% (n = 13) reported doctoral units or completion. The distribution indicates substantial engagement in graduate studies, consistent with career-long professional learning expectations in the teaching profession (Department of Education, 2017; OECD, 2019; Samundeeswari, 2024). In the context of AI-related capabilities, existing competence frameworks suggest that formal degrees might be less significant than recent, focused upskilling and exposure to relevant technologies (Hava & Babayiğit, 2025).
Table 1. Professional profile of the respondents in terms of highest educational attainment, years of teaching experience, and number of relevant 
AI/ICT trainings attended

	Professional Profile
	f
	Percent (%)

	Highest Educational Attainment
	Bachelor's Degree
	45
	20.9

	
	With Master's Units
	105
	48.8

	
	Master's Degree
	52
	24.2

	
	With Doctoral Units
	8
	3.7

	
	Doctoral Degree
	5
	2.3

	Years of Teaching Experience 
(x̄ = 9.94, SD = 6.12)
	1 to 5 years
	44
	20.5

	
	6 to 10 years
	86
	40.0

	
	11 to 15 years
	49
	22.8

	
	16 to 20 years
	21
	9.8

	
	21 years and above
	15
	7.0

	Teaching Position
	Teacher I
	50
	23.3

	
	Teacher II
	29
	13.5

	
	Teacher III
	108
	50.2

	
	Master Teacher I
	20
	9.3

	
	Master Teacher II
	4
	1.9

	
	Master Teacher III
	4
	1.9

	Number of Relevant AI/ICT  Trainings Attended 
(x̄ = 0.71, SD = 1.12)
	No Trainings
	126
	58.6

	
	1 to 2 Trainings
	77
	35.8

	
	3 or More Trainings
	12
	5.6

	Note. N = 215. f = frequency; Percent (%) = percentage of respondents. x̄ = mean; SD = standard deviation. Years of teaching experience and number of relevant AI/ICT-related trainings attended are also reported as grouped categories for distributional summary.



3.1.2 Years of teaching experience

Table 1 shows a predominantly mid-career group, with 40.0% (n = 86) reporting 6–10 years of teaching, followed by 22.8% (n = 49) with 11–15 years and 20.5% (n = 44) with 1–5 years; the mean teaching experience was 9.94 years (SD = 6.12).This profile suggests a workforce where the “wisdom of the old” (curricular depth and classroom management) can complement the “knowledge of the new”  who entered teaching in a more digitally saturated period. Viewed through the Will–Skill–Tool lens, this mix can be advantageous for AI integration when pedagogical experience is matched with openness to innovation and adequate access to resources (Sasota et al., 2021).

3.1.3 Teaching Position

Most respondents were in 87.0% Teacher I–III positions (n = 187), while only 13.0% (n = 28) were Master Teachers. This trend means that almost nine out of ten public school mathematics teachers are under the beginning towards proficient in the career progression of teachers in the Department of Education, with only a relatively small group have moved into the highly proficient ranks (Department of Education, 2025). This distribution of respondents suggests that instructional leadership and mentoring capacity may be concentrated among a smaller group, which is significant for scaling AI-enhanced instruction. Consistent with DepEd career progression and LAC policy, division and school leaders may maximize LACs and coaching structures—particularly through Master Teachers—to support sustained, peer-guided professional learning on AI-supported pedagogy (Department of Education, 2016). 
3.1.4 Number of relevant AI/ICT trainings attended
As shown in Table 1, 58.6% (n = 126) reported no relevant AI/ICT training in the past three years, 35.8% (n = 77) attended 1–2 trainings, and only 5.6% (n = 12) attended three or more; the mean was 0.71 trainings (SD = 1.12). This low average exposure to related trainings by the secondary mathematics teachers is consistent with earlier study results from the same division, which Calubag (2022) found that secondary mathematics teachers have averaged only a handful of ICT-related trainings in the latest three years of recording yet displayed high levels of ICT competence and utilization, which was concluded to be presumably due to self-directed and collaborative practice with peers, which also aligns with broader reports of teachers’ perceived need for AI-focused capacity building (Ng et al., 2023; Yue et al., 2024).
3.1.5 Access to AI technologies and tools

Table 2 shows that 91.2% of respondents (n = 196) reported access to at least one AI tool, while 8.8% (n = 19) reported none. The most commonly used tools were ChatGPT at 81.9% (n = 176) and Canva at 59.1% (n = 127), followed by GeoGebra at 47.4% (n = 102) and Photomath at 36.3% (n = 78), indicating reliance on widely available tools for lesson preparation and problem-solving support. They form the core for most respondents while the other listed apps are used by much smaller percentage of respondents. The trend suggests reliance on low-cost, widely accessible tools that support lesson preparation, explanation generation, and mathematical problem solving. At the same time, the concentration on a few tools highlights the need for guidance to manage risks such as overreliance, inaccurate outputs, and academic integrity concerns. The prominence of Canva and GeoGebra may also reflect institutional and training exposure   (Department of Education, 2024; DepEd NEAP, 2022; UP NISMED, 2022), consistent with broader Philippine accounts of increasing everyday AI tool use in education (De Guzman, 2025; Sibug et al., 2024).










Table 2. Distribution of professional profile of the respondents in terms of access
to AI technologies and types of AI tools utilized

	Access to AI Technologies
	Frequency
	Percent (%)

	[bookmark: OLE_LINK4]Not using AI 
	19
	8.8

	With Access to AI
	196
	91.2

	Total
	215
	100.0

	Generative AI and Chatbots
	ChatGPT
	176
	81.9

	
	Meta AI
	103
	47.9

	
	Gemini (formerly Bard)
	75
	34.9

	
	Copilot
	72
	33.5

	
	MathBox
	30
	14.0

	
	Perplexity
	12
	5.6

	
	Cici
	9
	4.2

	
	Others
	9
	4.2

	AI Math Solvers/Explainers
	GeoGebra 
	102
	47.4

	
	PhotoMath
	78
	36.3

	
	Mathway
	50
	23.3

	
	Microsoft Math Solvers
	16
	7.4

	
	Wolfram Alpha
	16
	7.4

	
	Math Solver by Cymath
	16
	7.4

	
	Others
	30
	14.0

	Adaptive Learning System/Intelligent Tutoring
	e-Mathematics Learning Strategies
	50
	23.3

	
	SchoolAI
	13
	6.0

	
	MathE
	11
	5.1

	
	Squirrel AI
	5
	2.3

	
	ALEKS
	4
	1.9

	AI-Powered Assessment Feedback
	Wayground (formerly Quizizz)
	50
	23.3

	
	Century Tech
	9
	4.2

	
	Gradescope
	8
	3.7

	
	Others
	4
	1.9

	Augmented Reality for Math Visualization
	Geogebra AR
	67
	31.2

	
	Mobile Math Trail Apps
	23
	10.7

	
	Others
	4
	1.9

	Augmented Reality for Math Visualization
	CalcVR
	16
	7.4

	
	Eclipse VR
	8
	3.7

	
	Others 
	8
	3.7

	Serious Games 
(AI-supported)
	Gea2 (Stem serious game)
	19
	8.8

	AI-Assisted Classroom Workflow/ Teaching Support
	Canva
	127
	59.1

	
	Khan Academy
	15
	7.0

	
	Classpoint AI
	12
	5.6

	
	Magic School AI
	9
	4.2

	
	Others
	5
	2.3








3.2 Level of AI-Technological, Pedagogical, and Content Knowledge (AI-TPACK) for AI integration of the Teachers

3.2.1 AI-technological knowledge (AI-TK)

Table 3 reveals that teachers rated AI-TK as Knowledgeable (x̄ = 3.83, SD = 0.91), indicating a generally solid technological footing for AI use in mathematics (Table 3). The highest item was using at least one AI tool for mathematics teaching/learning (Item 3; x̄ = 4.02, SD = 1.05), followed by understanding AI applications in mathematics such as personalization (Item 2; x̄ = 3.91, SD = 1.00) and teaching students to use AI tools effectively (Item 4; x̄ = 3.72, SD = 1.09). Familiarity with the broader range of available AI tools was comparatively lower but still Knowledgeable (Item 1; x̄ = 3.65, SD = 1.02), suggesting reliance on a smaller set of commonly used tools. This result of knowledgeable level of AI-technological knowledge of secondary mathematics teachers aligns with how recent framework position technological knowledge of AI as the entry point into meaningful use of technology in the classroom, as an integrated part of the teaching-learning experience, as again supported by the AI assessment 

Table 3. Mean and standard deviation on the level of AI-TPACK for AI integration of the teachers in terms of AI-technological knowledge (AI-TK)

	Indicators
	x̄
	Int. 
	SD

	1. I am familiar with the AI tools available currently for mathematical teaching. 
	3.65
	K
	1.02

	2. I understand the potential applications of AI in mathematics education, such as personalized learning. 
	3.91
	K
	1.00

	3. I am able to use at least one AI tool for assistance in mathematics teaching or learning. 
	4.02
	K
	1.05

	4. I can teach students how to use AI tools to assist their mathematical learning effectively. 
	3.72
	K
	1.09

	Average on AI-TK
	3.83
	K
	0.91


Note. x̄ = mean; SD = standard deviation; Int. = interpretation. Scale: 4.51–5.00 = Very Knowledgeable (VK); 3.51–4.50 = Knowledgeable (K); 2.51–3.50 = Moderately Knowledgeable (MK); 1.51–2.50 = Less Knowledgeable (LK); 1.00–1.50 = Not Knowledgeable (NK).

of teachers of Chiu et al. (2025), who argue that teachers must first understand what AI tools are and how they function before they can design sophisticated pedagogy and assessment around them. Hence, this is another evidence that the secondary mathematics teachers in the division can already operate AI tools and application, which can be considered a starting point for higher level integration. Relatedly, this trend is parallel to earlier global studies on AI-TPACK where teachers are found to be stronger when working with commonly used AI tools (Ning et al., 2024; Yue et al., 2024). 

3.2.2 AI-technological content knowledge (AI-TCK)

Table 4 reveals AI-TCK was also Knowledgeable overall (x̄ = 3.62, SD = 0.95) (Table 4), reflecting teachers’ capacity to connect AI tools to mathematical content. Teachers reported being Knowledgeable in recognizing topic-specific advantages of AI tools (Item 1; x̄ = 3.83, SD = 0.97) and selecting AI tools for particular content (Item 2; x̄ = 3.79, SD = 1.07). In contrast, engagement in AI-related continuing education (Item 3; x̄ = 3.50, SD = 1.08) and tracking emerging AI developments for mathematics teaching (Item 4; x̄ = 3.35, SD = 1.12) fell in the Moderately Knowledgeable range, indicating uneven exposure to up-to-date professional learning. Similar AI-TPACK studies report that teachers are often more confident in matching AI tools to specific topics than in tracking fast-moving AI innovations, especially when access to training and infrastructure differ (Yue et al., 2024; Ning et al., 2024). Recent reviews likewise describe a rapidly expanding and diversifying ecosystem of AI tools, including that of the context of mathematics education, and stress that this pace of change requires continuous support to improve the skill set of teachers (Awang et al., 2025; Tan et al., 2024). Read against this literature, the findings that Northern Samar secondary mathematics teachers are knowledgeable in matching AI tools to particular mathematical contents but only moderately knowledgeable in following the latest AI developments is consistent with a broader pattern that teachers are beginning to integrate a small set of familiar AI applications into content teaching yet face structural and practical challenges in keeping up with rapidly evolving innovations.

Table 4. Mean and standard deviation on the level of AI-TPACK for AI integration
 of the teachers in terms of AI-technological content 
knowledge (AI-TCK)

	Indicators
	x̄
	Int. 
	SD

	1. In understand the unique pedagogical advantages of AI tools combined with specific mathematical contents. 
	3.83
	K
	0.97

	2. I know how to select AI tools to fit specific mathematical content. 
	3.79
	K
	1.07

	3. I am actively involved in continuing education and training opportunities related to AI. 
	3.50
	MK
	1.08

	4. I follow the latest AI developments in mathematics education and try to integrate them into teaching. 
	3.35
	MK
	1.12

	Average on AI-TCK
	3.62
	K
	0.95


Note. x̄ = mean; SD = standard deviation; Int. = interpretation. Scale: 4.51–5.00 = Very Knowledgeable (VK); 3.51–4.50 = Knowledgeable (K); 2.51–3.50 = Moderately Knowledgeable (MK); 1.51–2.50 = Less Knowledgeable (LK); 1.00–1.50 = Not Knowledgeable (NK).

3.2.3 AI-technological pedagogical knowledge (AI-TPK)

As presented in Table 5, teachers rated AI-TPK as Knowledgeable (x̄ = 3.73, SD = 0.91) (Table 5). The highest item concerned understanding AI capabilities and limits for specific problems (Item 1; x̄ = 4.00, SD = 0.92), followed by identifying concepts/skills best supported by AI (Item 2; x̄ = 3.73, SD = 1.03) and using AI to support interactive, collaborative 

Table 5. Mean and standard deviation on the level of AI-TPACK for AI integration
 of the teachers in terms of AI-technological pedagogical
 knowledge (A-TPK)

	Indicators
	x̄
	Int.  
	SD

	1. I understand the capabilities and limitations of AI tools in dealing with specific mathematical problems, such as geometric proving, equation solving. 
	4.00
	K
	0.92

	2. I can identify which mathematical concepts, propositions, problem solving or skills could be taught more effectively with AI tools. 
	3.73
	K
	1.03

	3. I know how to use AI tools to create interactive and collaborative mathematical learning environments. 
	3.58
	K
	1.06

	4. I can choose the right AI tools to help students understand abstract mathematical concepts and propositions.
	3.59
	MK
	1.05

	Average on AI-TPK
	3.73
	K
	0.91


Note. x̄ = mean; SD = standard deviation; Int. = interpretation. Scale: 4.51–5.00 = Very Knowledgeable (VK); 3.51–4.50 = Knowledgeable (K); 2.51–3.50 = Moderately Knowledgeable (MK); 1.51–2.50 = Less Knowledgeable (LK); 1.00–1.50 = Not Knowledgeable (NK).
learning (Item 3; x̄ = 3.58, SD = 1.06). Choosing AI tools to support abstract mathematical understanding was the lowest and only Moderately Knowledgeable (Item 4; x̄ = 3.59, SD = 1.05), suggesting greater confidence for procedural/problem-based tasks than for conceptually abstract instruction. The behavior of scores in AI-Technological Pedagogical Knowledge levels of secondary mathematics teachers in DepEd Schools Division of Northern Samar is consistent with how AI-informed pedagogical knowledge is reported in previous literatures such that of Celik (2023), Hava and Babayiğit (2025) and  Ning et al. (2024), wherein according their findings,  teachers tend to report slightly and relatively higher level of competence in technological-pedagogical decisions that involve selecting tools for particular activities and structuring learning environments, compared with tasks that demand abstract disciplinary ideas through technology. 

3.2.4 AI-technological, pedagogical, and content knowledge (AI-TPCK)

Table 6 shows that the respondents obtained an overall mean of 3.56 and a standard 
deviation of 0.97 in the AI-TPCK sub-domain of the AI-TPACK framework, which falls in the “Knowledgeable” range. Specifically, teachers reported stronger competence in planning/course design, which includes combining AI tools with content and methods to meet objectives (Item 1; x̄ = 3.69, SD = 1.00) and integrating AI in course design to improve learning effectiveness (Item 2; x̄ = 3.60, SD = 1.03). Assessment-related indicators were relatively lower and Moderately Knowledgeable: using AI to assess learning progress (Item 3; x̄ = 3.47, SD = 1.07) and combining AI with multiple assessment methods (Item 4; x̄ = 3.48, SD = 1.05). 
This suggests that AI use is more established in instructional planning than in assessment, consistent with literature noting heightened concerns around validity, bias, and professional responsibility in AI-supported assessment (Mazurek, 2025; Singasani, 2024; Velander et al., 2024). 

Table 6. Mean and standard deviation on the level of AI-TPACK for AI integration
of the teachers in terms of AI-technological, pedagogical,
and content knowledge (AI-TPCK)

	Indicators
	x̄
	Int. 
	SD

	1. I can combine AI tools with mathematics content and methods effectively to achieve my teaching objectives. 
	3.69
	K
	1.00

	2. When designing a mathematical course, I can integrate AI tools to improve students’ learning effectiveness. 
	3.60
	K
	1.03

	3. I use AI tools to assess students’ learning progress and understanding of mathematics. 
	3.47
	MK
	1.07

	4. I can effectively combine AI with a variety of assessment methods to evaluate students’ learning outcomes. 
	3.48
	MK
	1.05

	Average on AI-TPCK
	3.56
	K
	0.97


Note. x̄ = mean; SD = standard deviation; Int. = interpretation. Scale: 4.51–5.00 = Very Knowledgeable (VK); 3.51–4.50 = Knowledgeable (K); 2.51–3.50 = Moderately Knowledgeable (MK); 1.51–2.50 = Less Knowledgeable (LK); 1.00–1.50 = Not Knowledgeable (NK).

3.2.5 Summary on the teachers’ level of AI-technological, pedagogical, and content knowledge (AI-TPACK)

Table 7 summarizes teachers’ AI-TPACK as Knowledgeable overall (x̄ = 3.68, SD = 0.88), indicating a generally workable level for classroom use with moderate variability across respondents. Among the components, AI-TK was highest (x̄ = 3.83, SD = 0.91) followed by AI-TPK (x̄ = 3.73, SD = 0.91), suggesting stronger confidence in operating AI tools and making basic pedagogical decisions about when and how to use them. AI-TCK (x̄ = 3.62, SD = 0.95) and AI-TPCK (x̄ = 3.56, SD = 0.97) were slightly lower, consistent with the added complexity 
of aligning AI tools with specific mathematics content and integrated instructional designs. Prior AI-TPACK research likewise reports that fully integrated competence tends to be the most demanding dimension, especially where content-specific use and assessment are involved (Hava & Babayiğit, 2025; Ning et al., 2024; Velander et al., 2024). 

Table 7. Summary on the level of AI-TPACK for AI integration of public secondary mathematics teachers in DepEd Schools Division of Northern Samar, Philippines

	Indicators
	x̄
	Int.  
	SD

	AI-Technological Knowledge (TK)
	3.83
	K
	0.91

	AI-Technological Content Knowledge (TCK)
	3.62
	K
	0.95

	AI-Technological Pedagogical Knowledge (TPK)
	3.73
	K
	0.91

	AI-Technological, Pedagogical, and Content Knowledge (TPCK)
	3.56
	K
	0.97

	Overall Level of AI-TPACK Framework
	3.68
	K
	0.88


Note. x̄ = mean; SD = standard deviation; Int. = interpretation. Scale: 4.51–5.00 = Very Knowledgeable (VK); 3.51–4.50 = Knowledgeable (K); 2.51–3.50 = Moderately Knowledgeable (MK); 1.51–2.50 = Less Knowledgeable (LK); 1.00–1.50 = Not Knowledgeable (NK).

3.3 Professional Profile as Correlates of the teachers’ level of AI-Technological, Pedagogical, and Content Knowledge (AI-TPACK)

	Table 8 elucidates the significant correlates of the professional profile of the respondents in terms of their highest educational attainment, years of  teaching experience,  teaching position,  number  of  relevant  AI/ICT  trainings attended, and access to AI technology, to their level of AI-Technological, Pedagogical, and Content Knowledge (AI-TPACK), in terms of the four AI-technology dimensions of the AI-TPACK Framework. 

Table 8. Test of Significant Relationship Between the Respondents’ Teaching-related Profile and their Level of AI-Technological, Pedagogical, 
and Content Knowledge (AI-TPACK)

	Variable
	Highest Educational Attainment
	Years of Teaching Experience
	Teaching Position
	No. of Relevant AI/ICT Trainings Attended
	Access to AI Technology

	
	η
	p
	r
	p
	η
	p
	rs
	p
	rs
	p

	AI-TK
	0.077ns
	0.877
	-0.247**
	< .001
	0.190ns
	.173
	0.251**
	< .001
	0.502**
	< .001

	AI-TCK
	0.089ns
	0.805
	-0.144*
	.035
	0.141ns
	.505
	0.325**
	< .001
	0.513**
	< .001

	AI-TPK
	0.110ns
	0.652
	-0.251**
	< .001
	0.187ns
	.186
	0.277**
	< .001
	0.476**
	< .001

	A-TPCK
	0.110ns
	0.655
	-0.253**
	< .001
	0.205ns
	.109
	0.283**
	< .001
	0.478**
	< .001

	Overall TPACK Framework
	0.084ns
	0.824
	-0.238**
	< .001
	0.176ns
	.254
	0.304**
	< .001
	0.523**
	< .001


Note. N = 215. AI-TK = AI-Technological Knowledge; AI-TCK = AI-Technological Content Knowledge; AI-TPK = AI-Technological Pedagogical Knowledge; AI-TPCK = AI-Technological Pedagogical Content Knowledge; Overall AI-TPACK = overall AI-TPACK framework score. η = eta correlation ratio; r = Pearson product–moment correlation; rs= Spearman’s rho. Degrees of freedom: for r and rs, df = 213; for η, highest educational attainment: df1 = 4, df2 = 210; teaching position: df1 = 5, df2 = 209. Negative values indicate inverse relationships. p values are two-tailed. ns = not significant at α = .05. p < .05 (*), p < .01 (**). Correlation magnitude guide: |.00–.20| negligible; |.21–.40| low; |.41–.70| moderate; |.71–.90| high; |.91–.99| very high; |1.00| perfect.
Educational attainment showed negligible, non-significant associations with all AI-TPACK components and the overall score: AI-TK (η = 0.077, p = .877), AI-TCK (η = 0.089, p = .805), AI-TPK (η = 0.110, p = .652), AI-TPCK (η = 0.110, p = .655), and overall AI-TPACK (η = 0.084, p = .824). In short, bachelor’s, master’s, and doctoral status did not differentiate AI-TPACK levels. This aligns with local TPACK findings in Samar (Abarquez-Salino, 2020) and AI-TPACK evidence showing that degree level becomes weak once actual technology-related competencies and exposure are considered (Hava & Babayiğit, 2025; Karataş & Ataç, 2024).
Years of teaching experience demonstrated a consistent inverse relationship with AI-TPACK, suggesting that teachers with greater professional longevity reported marginally lower AI-TPACK scores. These associations were statistically significant across all dimensions and the aggregate scale: AI-TK (r = −0.247, p < .001), AI-TCK (r = −0.144, p = .035), AI-TPK (r = −0.251, p < .001), AI-TPCK (r = −0.253, p < .001), and overall AI-TPACK (r = −0.238, p < .001). Consistent with Diffusion of Innovations, later adopters may require more focused support when emerging tools challenge established routines. A comparable influence of experience has been observed in regional technology-integration studies; for instance, age and teaching experience were significantly correlated with TPACK competence among master teachers in Samar (Abarquez-Salino, 2020), although the present study shows a negative association for AI-TPACK. A plausible explanation is cohort exposure: early- and mid-career teachers entered teaching when digital tools—and more recently AI tools—were already part of day-to-day practice, whereas more experienced teachers may be integrating AI into established routines rather than redesigning instruction around it. Related studies likewise indicates that younger or more digitally proficient teachers tend to report higher AI-TPACK and are more likely to design and trial AI-supported lessons (Hava & Babayiğit, 2025; Karataş & Ataç, 2024; Li & Manzari, 2025; Yue et al., 2024), and Ajani (2024) similarly notes stronger facility with emerging technologies among newer cohorts. Thus, the findings indicate that experience-based expertise in mathematics teaching does not automatically translate to confidence in AI-mediated instruction, and that support may need to be sensitive to career stage. Although teaching position was not a significant correlate in this study, Master Teachers are often among the most experienced and commonly carry instructional leadership roles, which may reduce dedicated time for experimentation and iterative AI-supported lesson redesign. Moreover, professional development is often not tailored to senior faculty needs, underscoring the value of targeted upskilling for veteran teachers.
Teaching position was not significantly associated with any AI-TPACK component or the overall score: AI-TK (η = 0.190, p = .173), AI-TCK (η = 0.141, p = .505), AI-TPK (η = 0.187, p = .186), AI-TPCK (η = 0.205, p = .109), and overall AI-TPACK (η = 0.176, p = .254). Consequently, rank alone did not correlate with AI-TPACK levels, aligning with findings that the quality of integration is more effectively accounted for by prior technological experience than by formal roles or seniority (Li & Manzari, 2025). In contrast to Abarquez-Salino (2020), where position demonstrated a significant relationship with all TPACK components, the current findings indicate that AI-related competence develops more in conjunction with exposure variables, including access and training, rather than being primarily influenced by teaching positions or rank. In terms of policy, this suggests that if AI integration is to become a sustained priority, it may eventually need to be reflected more explicitly in competency standards and promotion pathways.
Table 8 further reveals that training exposure showed positive, significant relationships with AI-TPACK across all components: AI-TK (rₛ = 0.251, p < .001), AI-TCK (rₛ = 0.325, p < .001), AI-TPK (rₛ = 0.277, p < .001), AI-TPCK (rₛ = 0.283, p < .001), and overall AI-TPACK (rₛ = 0.304, p < .001). These coefficients indicate that with every additional experience in structured AI/ICT learning and development activities participated by the respondents, such as a webinar or long-term program, there tends to be an associated increase in the level of knowledge of the teacher regarding the integration of AI with mathematics content and pedagogy. This finding aligns with earlier similar study among master teachers in Samar that teachers’ relevant trainings were significantly associated with higher TPACK competence (Abarquez-Salino, 2020). This findings can also substantiate the structural equation modelling work of Karataş and Ataç (2024) to support that targeted professional learning can be a key driver of teachers’ AI-TPACK, particularly when training links concrete tools with pedagogical decision-making. The studies of Hava and Babayiğit (2025), Yue et al. (2024), and Zou et al. (2025) similarly found that teachers' involvement in AI or digital training strongly predicts their ability to create AI-assisted lessons.
Access was the most important factor, showing moderate, statistically significant relationships with all areas: AI-TK (rₛ = 0.502, p < .001), AI-TCK (rₛ = 0.513, p < .001), AI-TPK (rₛ = 0.476, p < .001), AI-TPCK (rₛ = 0.478, p < .001), and overall AI-TPACK (rₛ = 0.523, p < .001). Teachers with access to more tools, such as ChatGPT, GeoGebra, Photomath, Canva, and other AI-based quiz platforms, also had higher AI-TPACK scores. However, it's important to note that this correlation doesn't definitively show whether increased access leads to higher AI-TPACK scores, or if more knowledgeable teachers are more likely to use AI tools, as the findings of Oved and Alt (2025) and Schmid et al., (2021) suggest a possible feedback loop between these factors. Despite this, the results highlight a key point for AI-related learning and development interventions that can be proposed for secondary mathematics teachers in the DepEd Division of Northern Samar, Philippines: that investments in infrastructure and tool access are important, but their impact is greater when teachers have opportunities to explore. 

4. Conclusion

This study sought to determine the teachers’ professional profile and AI-TPACK levels and to test whether professional profile variables correlate with AI-TPACK levels among public secondary mathematics teachers in the DepEd Schools Division of Northern Samar during School Year 2025 to 2026. The findings show a workforce that is largely pursuing graduate studies and is mostly mid-career, with many still in the Teacher I to III ranks and only a few in Master Teacher positions, consistent with the Learning Action Cell (LAC) structure for coaching and mentoring. Despite limited participation in AI/ICT-related trainings, most teachers already have access to and basic familiarity with common AI tools used for instruction and preparation, suggesting that LAC-based delivery can be maximized for practice-oriented professional development that builds on existing AI access while addressing gaps in structured AI/ICT trainings. In line with this, the findings point to the need for sustained, hands-on teacher training that goes beyond tool orientation and focuses on mathematics-specific lesson design, assessment practices, and classroom routines for responsible AI use, delivered through LACs or similar school-based learning structures.
Teachers were generally knowledgeable in AI-TPACK, with stronger levels in AI-TK and AI-TPK but relatively lower levels in AI-TCK and AI-TPCK, indicating that fully integrated, content-specific AI use remains an emerging competence. This implies that schools and the division may develop contextualized lesson exemplars and learning resources that model AI-supported strategies for mathematics lessons that are aligned with the curriculum standards and classroom realities. 
AI-TPACK showed weaker relationships with traditional markers such as highest educational attainment and teaching position, while being strongly associated more by exposure variables in that teachers with more years of service tended to report lower AI-TPACK, while participation in AI/ICT-related trainings and, more strongly, broader access to AI tools showed positive associations across AI-TPACK components. These findings points to coordinated division actions that combine professional learning provision with enabling conditions, such as equitable access to appropriate devices and stable internet connectivity, and clear guidelines on data privacy, academic integrity, and responsible AI use in teaching and learning.
This study addresses the research gap by providing division-level, mathematics-specific evidence from a resource-constrained Philippine context and by identifying practical levers for strengthening AI-TPACK through sustained, hands-on, classroom-embedded support, with differentiated attention to teachers with longer years of service. 
[bookmark: _Hlk219284361][bookmark: _Hlk198031404][bookmark: _Hlk221094604][bookmark: _Hlk219128673]Notwithstanding these contributions, the study is subject to limitations. The study used a cross-sectional design and self-reported measures; thus, the findings describe associations rather than causal effects. In addition, the study operationalized access to AI technology as a usage count, which is a practical proxy but may not adequately capture the quality of access nor the depth of instructional use. Accordingly, future studies are encouraged to employ richer indicators of AI access and utilization. Future research may also build on these findings by examining potential mediators that could help explain how profile and exposure variables translate into higher AI-TPACK alongside longitudinal or evaluative designs to track how AI-TPACK changes with sustained professional development and improving infrastructure over time.
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