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Abstract: The study investigated how innovative, AI-supported teaching methods relate to the 

mathematics problem-solving ability of Senior High School (SHS) students in Ghana. This study 

examined how teachers’ AI-supported pedagogical practices relate to students’ problem-solving ability, 

the extent to which student engagement serves as an explanatory variable for that relationship, and 

whether students’ mathematical self-belief (MSB) moderates that relationship. A quantitative cross-

sectional design was employed; participants comprised 385 students from both public and private SHS. 

Data were collected from a structured questionnaire and analysed with structural equation modeling 

(SEM). The study results show that AI-supported pedagogical practices of teachers significantly 

enhance both student engagements in mathematics and problem-solving ability. Student engagement 

partially mediates the relationship between instructional practices and problem-solving ability, 

underscoring engagement as a critical mechanism through which effective teaching methods shape 

learning outcomes. MSB has a meaningful direct influence on problem-solving ability, but does not 

significantly modify the relationship between pedagogical practices and problem-solving ability. The 

study emphasises the added value of integrating AI-enhanced teaching methods with effective 

pedagogical principles to enhance instructional effectiveness and students’ higher-order math skills in 

secondary education. 

Keywords: effective teaching methods; AI-supported pedagogy; student engagement; mathematical 
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1. Introduction 
Effective teaching methods are important domain of modern educational discourse, 

especially in the teaching of mathematics, as it requires students to think critically, abstractly, 
and creatively in problem-solving processes (Asare et al., 2025; Cheung & Slavin, 2013; Jeong 
& González-Gómez, 2022). However, it is not sufficient that students merely memorize 
mathematical procedures and concepts, but it is essential that students are in a position to 
apply the concepts learned in different ways, to think logically, and to change their methods 
as needed in unfamiliar circumstances. In this context, the significance of the use of effective 
methods in the study of mathematics has been highlighted in the theories of the study of 
mathematics in recent times. 

In the modern society, the use of artificial intelligence in the support of the learning 
process has been viewed as an alternative, but not in replacement of the teacher, but in aid of 
the teaching process, the learning process, and the engagement of the learners (Kumar et al., 
2023). In the teaching of mathematics, for instance, the various teaching methods involving 
the use of artificial intelligence have been viewed as opportunities in the improvement of the 
dynamic, engaging, and effective teaching and learning processes in mathematics (Boadu & 
Boateng, 2024). In this regard, the potential contribution of the new forms of teaching 
methods involving the application of artificial intelligence in the improvement of the teaching 
process in mathematics has been seen with renewed interest. 

From the theoretical point of view, the application of artificial intelligence in the teaching 
process in mathematics has been seen in consonance with the contemporary theories of 
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learning, which emphasize the engagement in the learning process, the reasoning process, and 
the feedback in the learning process (Engelbrecht & Borba, 2024; Timotheou et al., 2023). In 
this regard, the educational value of the application of artificial intelligence in the learning 
process has been viewed in the way teachers apply the technology in the learning process 
(Tondeur et al., 2017; Yin et al., 2024), rather than in the technology applied in the learning 
process. From a social and practical perspective, the significance of the improvement of the 
teaching effectiveness in mathematics cannot be overemphasized, particularly because the 
ability to solve problems in mathematics represents the core purpose of the mathematics 
learning process, which reflects the quality of the mathematics learning process. 

Effective problem-solving involves exploration, reflection, and reasoning, and these can 
be facilitated by the application of well-designed instruction using artificial intelligence, as 
discussed by Asare et al. (2025), Asiedu Menlah and Boateng (2025).  

Despite the increased use of digital and AI technologies in the mathematics learning 
process, no significant improvement has been observed in the improvement of students’ 
mathematical problem-solving ability. Research has indicated that no improvement can be 
observed in the improvement of students’ mathematical problem-solving ability using 
technology, but rather it depends on the extent to which the teacher can engage the students 
in the mathematics learning process. In addition, students’ engagement and their personal 
beliefs about their mathematical ability can also affect the improvement of their mathematical 
problem-solving ability using innovative instruction. Although it has been recognized that 
students’ engagement is one of the critical factors influencing the relationship between 
instruction and students’ learning outcomes (Fredricks et al., 2019; Fung et al., 2018), its role 
in the application of AI instruction in mathematics has not been clearly established. Similarly, 
although mathematical self-belief (MSB) has been linked to persistence and performance, its 
influence within AI-enhanced instructional contexts remains insufficiently understood. 

Although research on digital and AI-supported instruction has increased, several gaps 
remain. First, many studies focus primarily on technological features rather than on the 
instructional processes through which AI is used to support learning. Second, relatively few 
studies examine how innovative, AI-supported teaching methods influence mathematics 
problem-solving outcomes through psychological and behavioural mechanisms such as 
student engagement. Third, the moderating role of MSB in AI-supported mathematics 
learning has received limited empirical attention, particularly at the secondary school level. 

These gaps are especially evident in Sub-Saharan African contexts, where instructional 
conditions, teacher preparation, and access to digital resources vary considerably. There is 
therefore a need for empirical research that examines how AI-supported teaching methods, 
student engagement, and MSB interact to influence students’ mathematical problem-solving 
ability in secondary education. 

The purpose of this study is to investigate the effect of innovative teaching methods 
supported by artificial intelligence on senior high school (SHS) students’ mathematical 
problem-solving ability in Ghana. Specifically, the study examines the direct effect of AI-
supported teaching methods on problem-solving ability, the mediating role of student 
engagement in this relationship, and the moderating role of MSB. 

The study is guided by the following research questions: 
1. What is the effect of AI-supported teaching methods on students’ mathematical 

problem-solving ability? 
2. To what extent does student engagement mediate the relationship between AI-

supported teaching methods and mathematical problem-solving ability? 
3. Does MSB moderate the relationship between AI-supported teaching methods 

and mathematical problem-solving ability? 
Based on these questions, the following hypotheses are proposed: 
H1: AI-supported teaching methods have a significant positive effect on students’ 

mathematical problem-solving ability. 
H2: Teacher AI-supported pedagogical practices increase student engagement in 

learning mathematics 
H3: Student engagement has a positive effect on students’ mathematical problem-

solving ability. 
H4: Student engagement mediates the relationship between AI-supported teaching 

methods and students’ mathematical problem-solving ability. 
H5: MSB moderates the relationship between AI-supported teaching methods and 

students’ mathematical problem-solving ability. 
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2. Literature Review 

2.1. Conceptual and Theoretical Framework 

This study is anchored in Bandura’s Social Cognitive Theory (Bandura, 1986) and the 
multidimensional model of student engagement proposed by Fredricks et al. (2004). Social 
Cognitive Theory explains learning as a product of reciprocal interactions among personal 
factors, observable behaviours, and environmental influences. In the context of mathematics 
education, AI-supported pedagogical practices constitute an environmental influence that can 
shape how students approach mathematical tasks, regulate their learning strategies, and persist 
in problem-solving activities. A central construct within this theory is self-efficacy, defined as 
learners’ beliefs about their capability to perform specific tasks successfully. In mathematics 
learning, self-belief has been shown to influence students’ effort, strategy use, and persistence 
when faced with challenging problems. 

The engagement framework of Fredricks et al. (2004) complements this perspective by 
conceptualizing engagement as a multidimensional construct comprising behavioural, 
emotional, and cognitive components. In AI-enhanced instructional contexts, pedagogical 
approaches that promote interactivity, feedback, and relevance are expected to activate these 
dimensions of engagement, thereby supporting deeper mathematical reasoning. Figure 1 
depict the conceptual framework for the study. From figure 1, teacher AI-supported 
pedagogical practices serve the independent variables, students’ engagement as the mediator, 
MSB as a moderator and problem-solving ability as the dependent variable. These frameworks 
for the study provide a theoretical basis for examining how AI-supported pedagogical 
practices influence students’ mathematical problem-solving ability directly and indirectly 
through engagement, while considering the moderating role of MSB.  

 

 
Figure 1. Conceptual framework.  
Source: Authors’ Creation, 2025) 
 

2.2. Review of Key Variables 

AI-supported pedagogical practices refer to the intentional integration of artificial 
intelligence, powered instructional tools, such as adaptive learning systems, intelligent tutoring 
platforms, learning analytics, and automated feedback mechanisms, into mathematics 
teaching to enhance learning processes and outcomes (Asiedu Menlah & Boateng, 2025; 
Kumar et al., 2023). Unlike conventional digital tools, AI-based systems respond dynamically 
to learners’ inputs, offer individualized feedback, and support reasoning during problem-
solving activities. These features position AI-supported pedagogy as a potentially powerful 
instructional approach for fostering conceptual understanding and strategic problem-solving 
in mathematics (Barfi et al., 2021; Bergdahl et al., 2020). Student engagement is defined as the 
degree of behavioural, emotional, and cognitive investment learners make in academic 
activities (Fredricks et al., 2004; 2019). In mathematics classrooms, engagement is particularly 
critical because problem-solving requires sustained attention, emotional regulation, and 
cognitive effort. MSB, conceptualized as students’ confidence in their ability to successfully 
perform mathematical tasks, has also been identified as an important learner characteristic 
that influences responsiveness to instructional practices and persistence in problem-solving 
(Usher & Pajares, 2007). 

2.3. Empirical Review 

Empirical evidence indicates that AI-supported pedagogical practices have the potential 
to enhance students’ mathematical problem-solving ability, particularly when such practices 
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are embedded within carefully designed instructional activities. For instance, Lai and Hwang 
(2016), in their study of technology-supported mathematics classrooms, reported significant 
improvements in students’ performance on non-routine problem-solving tasks. Their 
findings suggest that adaptive feedback and interactive task structures can support students’ 
strategic thinking and transfer of mathematical knowledge. Similarly, Barfi et al. (2021) found 
that AI-supported instructional approaches improved students’ visualization skills and 
conceptual understanding, which are critical components of effective mathematical problem-
solving. Bergdahl et al. (2020) further demonstrated that AI-enhanced learning environments 
can support reasoning processes by providing dynamic representations and immediate 
feedback that guide students’ thinking during problem-solving activities. 

Despite these positive findings, the literature also reveals mixed and context-dependent 
outcomes. Some studies report only modest effects of AI-supported instruction on students’ 
mathematical problem-solving performance. Asare and Boateng (2025), for example, 
observed limited gains in problem-solving ability when digital and AI-supported tools were 
implemented without deliberate instructional scaffolding. Their findings highlight that 
technology-supported instruction may fail to produce meaningful learning gains if teachers 
do not intentionally structure tasks to promote reasoning and reflection. Similarly, Bergdahl 
et al. (2020) and Li et al. (2022) emphasized that the presence of advanced technological 
features does not automatically lead to deeper understanding. Instead, they argue that 
pedagogical design plays a decisive role in determining whether AI-supported tools facilitate 
exploration, guided reasoning, and conceptual development. Collectively, these studies 
suggest that the effectiveness of AI-supported teaching is contingent upon how teachers 
integrate technology into pedagogical practices rather than on the technological tools 
themselves. 

In addition to learning outcomes, a growing body of research has examined the 
relationship between AI-supported instruction and student engagement. Engagement is 
widely recognized as a key process variable through which instructional practices influence 
learning. For example, Garrison et al. (2010) demonstrated that technology-enhanced learning 
environments can increase learner presence and engagement by promoting interaction and 
sustained participation. In the context of mathematics education, Barfi et al. (2021) reported 
heightened levels of student engagement when AI-supported tools were used to facilitate 
interactive problem-solving activities and collaborative learning. Bergdahl et al. (2020) 
similarly found that AI-enhanced instructional approaches increased students’ attention and 
involvement, particularly when tasks required active manipulation of mathematical 
representations. 

However, not all studies report sustained engagement benefits. Some empirical findings 
suggest that engagement gains diminish when AI technologies are introduced as add-ons to 
traditional instructional designs rather than as integral components of pedagogical reform. 
This observation aligns with Bandura’s (1986) Social Cognitive Theory, which posits that 
environmental factors influence learning outcomes through their interaction with behavioral 
and cognitive processes. When AI tools are not accompanied by changes in instructional 
strategies, their capacity to foster meaningful engagement may be limited. 

Further evidence consistently links student engagement to mathematical problem-
solving performance. Lai and Hwang (2016) found that students who demonstrated higher 
levels of cognitive and emotional engagement achieved superior outcomes in technology-
integrated mathematics courses. Similarly, Asare et al. (2025) reported that engagement was a 
strong predictor of students’ ability to solve unfamiliar and complex mathematical problems, 
underscoring its role in facilitating persistence and strategic thinking. Cheung and Slavin 
(2013) and Fung et al. (2018) likewise noted that instructional effectiveness in mathematics is 
closely tied to students’ active involvement in learning tasks. These empirical studies suggest 
that AI-supported pedagogical practices influence mathematical problem-solving outcomes 
both directly and indirectly. While AI-enhanced instruction can support reasoning and 
conceptual understanding, its effectiveness is shaped by pedagogical design and students’ 
engagement in learning activities. Engagement, therefore, appears to function as a critical 
mechanism linking instructional practices to problem-solving performance, providing a 
strong empirical basis for examining its mediating role in AI-supported mathematics 
instruction. 

Based on Social Cognitive Theory and empirical evidence indicating that AI-supported 
pedagogy enhances reasoning and feedback during problem-solving, it is expected that such 
practices will positively influence students’ mathematical problem-solving ability. Therefore, 
the following hypothesis is proposed: 
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H1: Teacher AI-supported pedagogical practices positively influence students’ problem-
solving capacity (PSA). 

Given that engagement depends on how instructional technologies are pedagogically 
enacted, AI-supported pedagogical practices are expected to enhance students’ behavioural, 
emotional, and cognitive engagement in mathematics learning: 

H2: Teachers’ AI-supported pedagogical practices have a significant positive effect on 
student engagement in mathematics learning. 

As prior studies consistently link engagement with improved mathematical performance, 
particularly in problem-solving contexts, it is hypothesized that: 

H3: Student engagement has a significant positive effect on students’ mathematical 
problem-solving ability. 

Although previous studies have examined digital pedagogy and engagement separately, 
few have empirically tested engagement as a mediating mechanism in AI-supported 
mathematics instruction. Drawing on theory and evidence, this study proposes that: 

H4: Student engagement mediates the relationship between teachers’ AI-supported 
pedagogical practices and students’ mathematical problem-solving ability. 

Finally, research on MSB suggests that students’ confidence in their mathematical ability 
shapes their responsiveness to instructional innovations and persistence in learning (Usher & 
Pajares, 2007). However, its moderating role in AI-supported mathematics instruction 
remains underexplored. Accordingly, it is hypothesized that: 

H5: MSB moderates the relationship between teachers’ AI-supported pedagogical 
practices and students’ mathematical problem-solving ability. 

Therefore, the literature indicates that AI-supported pedagogical practices can enhance 
students’ mathematical problem-solving ability, particularly when integrated into thoughtful 
instructional design. However, findings remain inconsistent, highlighting the need to examine 
mediating and moderating mechanisms. Student engagement emerges as a key pathway 
through which instructional practices influence learning outcomes, while MSB may condition 
the strength of these relationships. By integrating these perspectives, the present study 
addresses gaps in the literature and provides a theoretically grounded examination of AI-
supported pedagogy in mathematics education. 

3. Materials and Methods 

3.1. Research Design 

The study adopted a quantitative approach with a cross-sectional survey design. 
According to Kline (2023), a cross-sectional survey enables researchers to examine the 
relationships among constructs within a population at a single point in time. The data for the 
present study were collected from SHS students through a structured questionnaire designed 
to measure teachers’ digital pedagogical practices, student engagement, mathematics self-
belief, and problem-solving ability. 

3.2. Population, Sample Size, and Sampling Techniques 

The population of interest was SHS level students offering mathematics in some selected 
schools in the Ashanti Region of Ghana. In the study, the research focused on schools that 
integrate digital or technology-enhanced pedagogical methods into mathematics instruction. 
A multistage sampling technique was employed. Schools were initially stratified by ownership 
type (public or private). Subsequently, proportional random sampling was used to select 
students within each stratum. A sample size of at least 400 students was considered adequate 
for a population exceeding 10,000, as determined from Krejcie and Morgan (1970) sample 
size determination table. The questionnaires were administered in person to ensure legible 
responses and participation among students with limited internet connectivity. Data were 
collected over six weeks, from May to June 2025. Out of the 400 distributed questionnaires, 
385 questionnaires were correctly filled and returned, a 95.5% response rate 

3.3. Instrument Development 

This study adopted a structured, self-administered questionnaire divided into five 
sections. Section A elicited demographic information: gender, school type (public versus 
private), and class level, to be used as control variables. Section B investigated AI-assisted 
teaching methods for teachers via modified, validated items from Lai and Hwang (2016) on 
aspects of design, interactivity, and feedback for secondary mathematics teaching. Section C 
focused on student engagement from behavioural, emotional, and cognitive perspectives, 

https://journals.eikipub.com/index.php/jetm/index


 

Journal of Effective Teaching Methods (JETM) 

ISSN: 2755-399X  
 
 

JETM Vol.4 Issue 1  https://journals.eikipub.com/index.php/jetm/index  71 

drawing on the model of Fredricks et al. (2004). Section D employed a set of self-efficacy 
questions for mathematics self-efficacy, adapted from Asare et al. (2025). Section E was based 
on the Asare et al. (2025) model for assessing students’ problem-solving from a cognitive 
perspective. All constructs were rated on a five-point Likert scale, ranging from 1 (strongly 
disagree) to 5 (strongly agree). The instrument was pilot-tested with 30 students to assess face 
validity and contextual relevance; subsequently, some items were slightly reworded prior to 
administration. 

3.4. Common Method Bias (CMB) 

Since all data for predictors, mediators, moderators, and outcomes came from self-report 
questionnaires, both procedures and post-hoc statistical techniques were followed to monitor 
and reduce common method bias effects (CMB), also called method bias effects (Podsakoff 
et al., 2012). Methods to reduce method bias at the design phase included ensuring 
confidentiality and anonymity to reduce CMB effects. A questionnaire was also used to reduce 
acquiescence bias by employing a combination of scales and varying item order, including 
both positive and negative items. In addition, psychological and temporal separation was 
implemented: measures of teachers’ AI-supported pedagogical practices and MSB were 
collected in an initial session, while measures of student engagement and mathematical 
problem-solving ability were administered after a short time interval. Predictor and criterion 
variables were also placed in separate sections of the instrument and interspersed with 
unrelated items to reduce item-context effects. Harman’s Single Factor Test indicated that 
only 31.8% of the total variance was accounted for by the first factor, which is below 50%. 
Furthermore, results from a confirmatory factor analysis using a common latent method 
factor model showed little change in factor loadings (0.06) and only modest improvements in 
model fit (0.008 in CFI and 0.004 in RMSEA). These results clearly indicate that common 
method variance does not appear to affect the study results. 

4. Results 

4.1. Validity and Reliability 

Content and construct validity were assessed for the questionnaire. To conduct content 
validity checks on the questionnaire, advice from three senior lecturers in mathematics 
education or psychology was sought. They reviewed the items for clarity, relevance, and 
alignment with the study’s purpose. Construct validity was established through confirmatory 
factor analysis, in which AVE values were assessed. Convergent validity was achieved as all 
AVE values were greater than the cut-off value of 0.50 (Hair et al., 2019). 

4.2. Exploratory Factor Analysis (EFA) 

An exploratory factor analysis (EFA) was conducted to examine the underlying factor 
structure and reduce measurement redundancy by prioritizing intercorrelated constructs. 
Hence, the factorability of the correlation matrix was confirmed, as the KMO index was 
0.829, well above the threshold of 0.50. The Bartlett Test of Sphericity was also highly 
significant, χ^2 (105) = 2694.753, indicating sufficient inter-item correlations. Also 
noteworthy is that the item requirements specified a significance level of 0.001, indicating the 
absence of multicollinearity among the items. Four factors were obtained from principal 
component extraction and rotation, which accounted for only 70.49% of the cumulative 
variance. An iterative item refinement was also employed to ensure clarity of the construct of 
interest. Items were excluded if their factor loadings were less than 0.50 on more than one 
factor, as recommended in standard methodologies (Hair et al., 2012; 2019). Consequently, 
nine items were excluded due to weak discriminant properties. The final factor solution 
retained five indicators for teachers’ AI-supported pedagogical practices, three for MSB, three 
for student engagement, and four for mathematical problem-solving ability, satisfying 
minimum indicator requirements for subsequent SEM analyses. 

4.3. Confirmatory Factor Analysis (CFA) 

Confirmatory Factor Analysis (CFA) run in Amos (v. 23) was performed after EFA 
analysis. The measurement items were used to conduct CFA. After performing the CFA, we 
observed that all loadings exceeded the minimum threshold of 0.5, as recommended by Hair 
et al. (2012). Hair et al. (2019) model-fit criteria were used to assess whether the measurement 
items fit the model. CFA is reported in table 1. Error terms e12-e14 and e13-e15 were 
correlated to improve model fit, consistent with modification indices and theoretical 
justification (see figure 2). 
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Table 1. CFA and KMO and Bartlett’s test analysis. 

Construct Items 
EFA 

loadings 
CFA 

loadings 
CA CR AVE 

Teachers’ AI-supported pedagogical 
practices 

   .846 .848 .530 

 TDP1 .803 .734    
 TDP3 .784 .778    
 TDP4 .781 .731    
 TDP6 .791 .799    
 TDP7 .636 .579    

Students Engagement    .849 .849 .653 
 SE4 .845 .801    
 SE5 .832 .796    
 SE7 .849 .826    

MSBs    .864 .865 .681 
 MSB3 .883 .836    
 MSB5 .885 .854    
 MSB6 .848 .784    

Problem-Solving Ability    .851 .831 .552 
 PSA2 .826 .707    
 PSA3 .790 .755    
 PSA4 .825 .729    
 PSA5 .817 .778    

KMO and Bartlett’s test       
TVE    70.490%   

Kaiser-Mayer-Olkin measure of sampling adequacy  .829  
Bartlett’s test of sphericity  Approx. Chi-square  2694.753  

  df   105  
  sig   .000  

Determinant     .001  
 

 
Figure 2. Confirmatory factor analysis. 
Source: Authors’ creation, 2026. 
 

4.4. Discriminant Validity Analysis 

Discriminant validity was assessed by comparing the square roots of the AVEs with their 
respective correlation coefficients. For discriminant validity to be considered good, the least 
value for the square root of AVE is expected to surpass the highest related correlation 
coefficient, as recommended by related studies (Arthur et al., 2022; Boateng et al., 2024; 
Davor et al., 2025).  
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Table 2. Discriminant validity.  
Variables TDP SMB SE PSA 

TDP .728    
SMB .271*** .808   
SE .508*** .229*** .825  

PSA .366*** .269*** .300*** .743 
Note: ***Denotes p-value less than 1% significance level; √AVEs values are in bold and 

italic. 
 
From table 2, we observed that the lowest value for the square root of AVE, namely 

0.728, was greater than the highest value of the related correlation coefficient, 0.508. With 
this, discriminant validity is achieved. Moreover, as shown in table 3, all construct 
measurement items had AVE values exceeding the minimum threshold of 0.5, indicating that 
the measurement items for each construct are dependable and reliable, as recommended by 
Hair et al. (2012). 

 
Table 3. Convergence validity.  

Measurement items Loadings 
Teacher AI-supported pedagogical practices (TDP)  
TDP1: My mathematics teacher uses digital tools to make lessons more interactive. .734 
TDP3: My maths teacher uses digital platforms to help students learn on their own. .778 
TDP4: My teacher integrates technology to clearly explain mathematical concepts. .731 
TDP6: I often participate in online learning activities designed by my maths teacher .799 
TDP7: My mathematics teacher uses digital tools to assess our work and give feedback .579 
Students’ Engagement (SE)  
SE4: I enjoy using digital platforms to learn mathematics. .801 
SE5: I pay full attention during mathematics lessons that involve digital activities. .796 
SE7: I put effort into completing mathematics tasks assigned online or digitally. .826 
Mathematical Self Beliefs (MSB)  
MSB3: I believe I can do well in mathematics if I put in enough effort .836 
MSB5: I feel confident when faced with challenging mathematics problems. .854 
MSB6: I feel capable of achieving high grades in mathematics. .784 
Problem-Solving Ability (PSA)  
PSA2: I can apply different strategies to solve mathematics problems. .707 
PSA3: I can identify the main ideas in a mathematics problem before solving it. .755 
PSA4: I can connect what I learn in class to solve real-life mathematics problems. .729 
PSA5: I can explain the steps I take when solving a mathematics problem. .778 

 

4.5. Model Fit Measures 

The chi-square test assesses the discrepancy between the model’s predicted and actual 
covariance matrices; the lower the value, the better. It is sensitive to sample size, which may 
indicate a significant result even when a model fits well. The degrees of freedom are 
determined by the number of observed variables and model parameters. The CMIN/DF ratio 
assesses the general fit of the model. An excellent ratio should fall between 1 and 3. A 
CMIN/DF of 1.515 indicates a good fit, as shown in table 4. The Comparative Fit Index 
(CFI) estimates model fit relative to a baseline model; a score greater than 0.95 is considered 
excellent. The score of 0.984 indicates an excellent fit. The Standardized Root Mean Square 
Residual (SRMR) score is 0.032, which is below 0.08, indicating that the residuals are 
extremely small and the fit is excellent. The RMSEA index value of 0.037 indicates excellent 
fit; values below 0.080 are considered excellent. The PClose p-value of 0.960 indicates that 
the model is an excellent fit, as the RMSEA would not differ statistically from an excellent fit 
(see figure 2). Moreover, model fit was assessed using the Goodness-of-Fit Index (GFI) and 
the Normed Fit Index (NFI). The GFI, which shows the percentage of variance and 
covariance in the sample data explained by the model, was 0.947 (table 5). A value above 0.80 
signifies a strong fit. The NFI, which assesses the proposed model against a null model, was 
0.955 (see Table 4). A value greater than 0.80 indicates an acceptable fit, whereas a value 
greater than 0.90 indicates a good fit. Generally, these indices indicate that the model is 
consistent with the observed data. 
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Table 4. The model fit indices.  
Measures Estimates Standard Interpretation Source 

CMIN 124.198 The smaller the better  ------- 
DF 82 The smaller the better  ------- 

CMIN/DF 1.515 Between 1 and 3 Excellent Hair et al. (2012) 
TLI .979 > 0.95 Excellent Hair et al. (2019) 
CFI .984 > 0.95 Excellent Marsh et al. (2020) 
NFI .955 > 0.90 Excellent Arthur et al. (2022) 
GF1 .947 > 0.80 Good fit Xia and Yang (2019) 

RMSEA .037 < 0.08 Excellent Hu and Bentler (1999) 
PClose .960 > 0.05 Excellent Asare et al. (2025) 
SRMR .032 < 0.08 Good fit Marsh et al. (2020) 

 

4.6. Statistical Modeling and Estimation Methodology 

The hypothesized relationships among the study variables were estimated using 
covariance-based structural equation modeling (CB-SEM) in Amos (v.27). CB-SEM is 
appropriate for testing theoretical models involving both observed and unobserved 
constructs, as it provides reliable estimates of complex relationships. Model estimation 
employed bias-corrected (BC) percentile bootstrapping with 5,000 bootstrap samples at the 
95% confidence level. The results are presented in table 5. 

 
Table 5. Path summary.  

Direct Effect Std. Est. S.E. C.R. p-value 
TDP→ PSA .289 .079 3.778 *** 
TDP→ SE .508 .067 8.149 *** 
SE→ PSA .154 .069 2.114 .035 

Indirect Effect Std. Est. L. B U. B p-value 
TDP→SE→PSA .253 0.069 .252 .003 

 
H1: Teacher AI-supported pedagogical practices positively influence students’ PSA. 
H1 posited that teacher AI-supported pedagogical practices (TDP) would have a 

significant effect on students’ PSA. The rationale for this assumption is that when digital 
pedagogical tools are used effectively by teachers, students develop stronger analytical and 
critical-thinking skills, which in turn enhance their PSA. As shown in table 6, TDP had a 
significant positive effect on PSA (β = 0.289, C.R. = 3.778, p < 0.001). This finding confirms 
hypothesis H1, which posits that the use of AI-supported pedagogical practices substantially 
contributes to increasing students’ problem-solving ability. 

H2: Teacher AI-supported pedagogical practices increase student engagement in learning mathematics 
H2 hypothesized that TDP would positively influence student engagement (SE). That 

is, instructors who embrace digital content and pedagogically interactive methods will feel 
encouraged to design more participatory learning environments that provoke learners’ 
engagement and interest. The results presented in Table 6 indicate a significant and positive 
correlation between TDP and SE (β = 0.508, C.R. = 8.149, p < 0.001). Thus, H2 is confirmed, 
since pedagogic innovation in electronic format significantly enhances student engagement. 

H3: Student engagement positively affects students’ problem-solving ability. 
Hypothesis three assumed that student engagement would play a significant role in 

promoting problem-solving ability. This is supported by the conclusion that greater student 
engagement is associated with greater mental effort, thereby enhancing their capacity to 
analyze and solve intellectual problems. The SEM analysis supports that SE has a significant, 
positive effect on PSA (β = 0.154, C.R. = 2.114, p = 0.035).   

H4: Student engagement mediates the relationship between teachers’ AI-supported pedagogical practices 
and students’ problem-solving ability. 

H4 examined the indirect effect of TDP on PSA through student engagement. The 
mediation result, derived using BC bootstrapping, indicates that the indirect effect is 
significant (β = 0.253, 95% CI [0.069, 0.252], p = 0.003). This result suggests an improvement 
in the student’s problem-solving ability through AI-supported teaching, an effect achieved 
both directly and by enhancing the student’s engagement. Therefore, H4 is confirmed by the 
data on the mediating effect of student engagement on the relationship in question. 

H5: Mathematics self-belief moderates the relationship between teachers’ digital pedagogical practices and 
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students’ problem-solving ability. 
The hypothesis predicted that MSB would mediate the direction and strength of the 

relationship between TDP and students’ problem-solving ability (PSA). A positive 
moderating effect would imply higher levels of self-belief, indicating an increase in the 
relationship between teachers’ use of AI-supported pedagogical practices and problem-
solving performance of students. From figures 3-4 and table 6, TDPxMSB is the interaction 
term between teacher AI-supported pedagogical practices and MSB. 

 

 
Figure 3. Path analysis. 
Source: Authors’ creation, 2026. 
 
Table 6. Moderating effects.  

Moderating effect Std. Estimate S. E CR p-value 
TDPxMSB→PSA .027 .071 .527 .598 

 

 
Figure 4. Moderation path analysis.  
Source: Authors’ creation, 2026. 
 
Again, 0.027 is the magnitude of the moderating effect, and the standard error of 0.071 

is the variability of the estimate. The C.R. of 0.527 and the p-value of 0.598 indicate that the 
interaction effect is not significant. As the C.R. value is less than ±1.96, there is insufficient 
evidence to support the conclusion that MSB significantly moderates the relationship between 
teachers’ AI-supported pedagogical practices and students’ problem-solving ability. 

Figure 5 indicates the design of this relationship. Both lines of low and high MSB exhibit 
a positive slope, indicating that students’ problem-solving potential is enhanced when 
teachers employ more innovative AI-supported pedagogical practices. The lines also lie nearly 
parallel, indicating that the range of self-belief levels is limited. The trend suggests that, 
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although MSB is positively related to students’ learning, it contributes little to the effect of 
teachers’ AI-supported pedagogical practices on students’ problem-solving ability. 

 

 
Figure 5. Two-way interaction plot for the moderation effect (MSB).  
Source: Authors’ creation, 2026. 
 
The result therefore, indicates that students benefit from teachers’ AI-supported 

pedagogical practices irrespective of their level of self-belief in mathematics. Even though 
self-belief remains a prominent psychological variable in learning, its moderating role on the 
teacher’s AI-supported pedagogical practices-student problem-solving ability relationship is 
not significant. The hypothesis that MSB would moderate the relationship between teacher 
AI-supported pedagogical practices and students’ problem-solving ability was therefore not 
supported.  

5. Discussion 
This study contributed to the knowledge base of effective teaching by revealing the 

impact of innovative teaching approaches supported by artificial intelligence on students’ 
capacity to solve mathematical problems, from classroom and psychological perspectives. It 
advances the argument that the true power of artificial intelligence is not just in technology-
in-the-trenches as a panacea to the challenges facing education, but actually embedded in the 
methodologies that a teacher undertakes when providing the education supported by the 
technology, an argument that was advanced previously by various scholars (Li et al., 2022; 
Tondeur et al., 2017). The strong positive effect on students’ mathematics problem-solving 
competence demonstrates the added value of innovative didactics. This can also be supported 
theoretically by Social Cognitive Theory (Bandura, 1986), which emphasizes that learning is 
explained by the dynamic interaction among the learning environment, students’ behavior, 
and their personal characteristics. Here, the AI-based didactics can be classified as a specific 
learning environment. All such conditions enhance self-regulation and strategic thinking, two 
main enablers of mathematical problem-solving processes (Kumar et al., 2023). Such a finding 
is further consistent with other studies reporting increases in reasoning and problem-solving 
associated with technology-enhanced instruction with explicit pedagogical scaffolding (Akma 
et al., 2025; Asiedu Menlah & Boateng, 2025; Boadu & Boateng, 2024).  

Again, the strong positive relationship between teachers’ innovative teaching methods 
and student engagement further reinforces engagement as a key indicator of instructional 
effectiveness. Consistent with Fredricks et al. (2004) multidimensional model of student 
engagement, AI-supported pedagogical practices appear to activate behavioral, emotional, 
and cognitive engagement by encouraging participation, sustaining interest, and fostering 
deeper cognitive investment in learning tasks. Prior studies have similarly reported that 
interactive and adaptive instructional approaches enhance students’ engagement in 
mathematics learning environments (Barfi et al., 2021; Bergdahl et al., 2020; Fung et al., 2018). 
Importantly, these findings suggest that engagement is not an automatic outcome of 
technology use, but rather a pedagogical outcome shaped by teaching methods and 
instructional design. 
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Moreover, the mediating role of student engagement provides important insight into 
how effective teaching methods operate in AI-supported mathematics classrooms. Studies 
have found that innovative teaching methods have a positive, indirect effect on students’ 
problem-solving abilities through increased engagement. This was in line with what prior 
studies had found on the relationship between the engagement of the students and their 
learning, with studies indicating that engagement can be viewed as a bridge between the 
quality of teaching received by a student and the quality of learning (Fredricks et al., 2019). 
From a pedagogical perspective, effective teaching goes beyond the immediate lesson; it lays 
the groundwork for developing students’ sustained effort, strategic approaches, and 
perseverance, which are essential for mastering problem-solving skills. 

Furthermore, MSB did not significantly moderate the relationship between teachers’ 
innovative teaching methods and students’ problem-solving ability, contrary to expectations. 
Self-belief was seen to have a significant direct effect on the students’ problem-solving ability. 
This finding could also be explained by (Bandura, 1986) argument that self-efficacy is a 
gradual process learned through experience. In emerging AI-supported instructional contexts, 
such as Ghanaian SHSs, students’ self-belief may not yet be sufficiently differentiated to 
condition the effects of instructional innovation. Other studies have found the same, showing 
that the influence of design and engagement on learning outcomes is more immediate than 
that of learner beliefs in technology-enhanced learning environments (Asare et al., 2025; Jeong 
& González-Gómez, 2022). Furthermore, the studies demonstrate the primary pedagogical 
nature of the instructional design in AI-supported learning environments.  

The study reinforces the argument that effective teaching methods, characterized by 
purposeful instructional design, engagement-oriented practices, and guided feedback, are 
central to improving mathematical problem-solving outcomes. By empirically demonstrating 
that student engagement mediates the relationship between teaching methods and learning, 
this study responds to calls for process-oriented research that explains how teaching methods 
influence learning, rather than focusing solely on outcomes. 

6. Conclusions 
The study investigates the effectiveness of innovative teaching methods enabled by 

artificial intelligence in promoting students’ mathematical problem-solving capabilities in 
SHSs. The results of the research have illustrated the effectiveness of teachers’ artificial 
intelligence-facilitated teaching methods in promoting students’ mathematical problem-
solving outcomes, both directly and indirectly through students’ engagement. The research 
results have also highlighted the significance of teaching methods in promoting students’ 
mathematics outcomes. From a pedagogical perspective, the study under consideration 
highlights the significance of student engagement as a vital mechanism for linking teaching 
methods with learning outcomes. Teaching methods, such as AI-powered feedback, 
interactive learning, and adaptive instruction, have the potential to enhance cognitive 
engagement and persistence skills, which are principal ingredients of success in problem 
solving. The study results have implications for teaching methods and teacher development. 
Teacher training programs should focus on teaching methods rather than on the ability to use 
artificial intelligence tools. Teaching methods should be emphasized, including lesson design, 
feedback mechanisms, and student engagement strategies. 

For educational policy and curriculum development, the study provides empirical 
support for integrating AI-supported teaching methods into mathematics instruction to 
enhance instructional effectiveness rather than merely increasing technological exposure. In 
contexts such as Ghanaian SHSs, where access and preparedness may vary, prioritizing 
pedagogically driven integration can ensure that digital innovations contribute meaningfully 
to the quality of education. In conclusion, this study advances understanding of effective 
teaching methods in AI-supported learning environments by demonstrating that instructional 
effectiveness depends on pedagogical design and student engagement. By foregrounding 
teaching methods rather than technology alone, the study aligns with contemporary 
educational research priorities and offers practical guidance for improving mathematics 
teaching and learning in secondary education. 
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