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Abstract: This study aimed to develop and evaluate a web-based Numerical learning 
media oriented toward Problem-Based Learning (PBL) to enhance junior high school 
students' Numerical problem-solving skills. Utilizing the Plomp research and 
development model, the final prototype was field-tested involving 25 eighth-grade 
students. The results demonstrated a classical effectiveness rate of 76%, categorizing the 
developed media as effective. Specifically, students exhibited exceptional proficiency in 
understanding the problem (93.33%) and planning a solution (88.44%). However, a 
significant cognitive deficit emerged in the final phase of checking the results (48.89%). 
It is concluded that while embedding PBL syntax into a web-based environment 
effectively scaffolds the forward procedural steps of Numerical problem-solving, it 
currently falls short in internalizing metacognitive reflection. To bridge this gap, future 
digital Numerical learning architectures must transcend passive information delivery by 
integrating interactive mechanisms, such as automated reflective prompts and dynamic 
feedback loops, to structurally enforce self-regulated evaluation.  
 
 
Keywords: Instructional; Metacognitive reflection; Numerical Problem-Solving; 
Problem-Based learning; Web-based learning 

  

Introduction  
 
In the context of 21st-century education, the 

development of higher-order thinking skills, 
particularly critical thinking and problem-solving, has 
become a primary imperative (Andayani et al., 2025; 
Erdem et al., 2026; Lorente-Ramos et al., 2025;  et al., 
2026). Numerical education plays a fundamental role in 
fostering logical, analytical, and systematic thinking, 
equipping students with the cognitive tools necessary to 
navigate complex real-world challenges (J. Jiang et al., 
2026). According to global numerical education 
standards (NCTM), numerical problem solving is not 
merely an academic exercise but the very heart of 
numerical education (Dharmawansha et al., 2025; 
McHugh, 2023; Ntawuzibyimanikora, 2025). It requires 
students to engage in complex cognitive activities, 
applying prior knowledge to non-routine situations to 

construct meaningful understanding and develop 
robust cognitive structures (Y. Wang et al., 2024). 

Despite its critical importance, empirical evidence 
indicates that students' numerical problem-solving skills 
remain suboptimal (Aripin et al., 2025; Ni et al., 2026; 
Prasanti et al., 2026; Utama et al., 2025). Based on initial 
observations and preliminary assessments in junior high 
schools, students consistently struggle with specific 
phases of the problem-solving process (Bak et al., 2026). 
While they may demonstrate adequate ability in 
understanding the given problem, they exhibit 
significant deficiencies in planning a systematic solution 
strategy and, most notably, in reviewing and evaluating 
their final answers (Liu et al., 2026; MacFarlane et al., 
2022; Manso et al., 2024; Shahzad et al., 2025). This lack 
of reflective practice prevents students from 
consolidating their learning, verifying their logic, and 
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identifying computational errors (Bao et al., 2025; 
MacFarlane et al., 2022). 

This deficiency is largely exacerbated by 
conventional instructional practices and limited learning 
resources (Rahman et al., 2026). Current numerical 
learning environments are predominantly teacher-
centered, relying heavily on printed textbooks and static 
worksheets (Rabi et al., 2024). Such materials often fail to 
provide adequate visualizations, interactive problem-
based scenarios, or the flexibility required for 
independent exploration (Burman et al., 2025). 
Consequently, students tend to adopt mechanical, rote-
learning approaches rather than engaging in the active, 
contextual exploration necessary to internalize 
numerical concepts and strategies (Al-Thani et al., 2025; 
Ilić et al., 2024; Siregar, 2025). 

To address these instructional gaps, the integration 
of digital technology through web-based learning media 
offers a highly viable solution (Sabir et al., 2026). Web-
based platforms provide flexible, interactive, and 
multimedia-rich environments that transcend the 
limitations of time and space, accommodating diverse 
learning paces (Lu et al., 2026). When synergized with 
the Problem-Based Learning (PBL) model, web-based 
media can effectively scaffold the numerical learning 
process (Bintoro et al., 2026; Permatasari et al., 2026; 
Rohadatul ‘Aisy et al., 2026; Rosyada et al., 2025; Y. J. 
Wang et al., 2026). The systematic syntax of PBL—
ranging from problem orientation to evaluation—aligns 
seamlessly with the cognitive steps of numerical 
problem solving. The web platform acts as a dynamic 
catalyst, delivering contextual problems, facilitating 
guided investigations, and providing immediate 
feedback, thereby driving students through each phase 
of the problem-solving process (Xie et al., 2026). 

While previous studies have explored web-based 
media and PBL independently, there is a distinct need 
for an integrated instructional design that specifically 
embeds PBL syntax into a web-based environment to 
target the weak indicators of numerical problem solving. 
Therefore, this study aims to develop and evaluate a 
web-based numerical learning media oriented toward 
Problem-Based Learning. Specifically, the objectives of 
this work are: (1) to describe the development process 
and produce a valid and practical web-based PBL-
oriented numerical learning media for junior high school 
students, and (2) to analyze the effectiveness of the 
developed media in enhancing students' numerical 
problem-solving skills. 

 
Method  
 
Research Design  

This study employed a Research and Development 
(R&D) design, specifically utilizing design research to 
develop, evaluate, and refine a web-based Numerical 

learning media oriented toward Problem-Based 
Learning (PBL). The primary objective was to produce a 
valid, practical, and effective instructional tool to 
enhance students' Numerical problem-solving skills. 
The development procedure was adapted from the 
Plomp model, which provides a systematic and iterative 
framework for educational design research. 
 
Research Procedure  

The development process was divided into three 
sequential phases: 

Preliminary Research Phase: This initial stage 
involved comprehensive needs analysis, curriculum 
analysis, concept analysis, and student characteristic 
analysis through observations, interviews, and 
questionnaires. The goal was to identify instructional 
gaps and establish the foundational design for the web-
based media. 

Prototyping Phase: In this phase, the initial design 
(Prototype 1) was developed and subjected to formative 
evaluation. The evaluation followed Tessmer’s 
formative evaluation layers, comprising self-evaluation, 
expert review (involving Numerical education, media, 
and language experts), one-to-one evaluation, and small 
group evaluation. Iterative revisions were conducted at 
each layer to ensure the media met the criteria of validity 
and practicality, ultimately producing the final 
prototype. 

Assessment Phase: The final phase evaluated the 
practicality and effectiveness of the developed media in 
a real classroom setting. This phase focused on 
measuring the actual impact of the web-based PBL 
media on students' Numerical problem-solving skills 
through a field test. 
 
Participants  

The participants were distributed across the 
evaluation phases according to the specific requirements 
of each stage: One-to-One Evaluation: Involved 3 eighth-
grade students representing high, medium, and low 
ability levels; Small Group Evaluation: Involved 6 
eighth-grade students with heterogeneous abilities; and 
Field Test (Assessment Phase): Involved 25 eighth-grade 
students from an intact class at a junior high school, 
selected via purposive sampling. This specific group of 
25 students was utilized to conduct the effectiveness test, 
providing the primary quantitative data for the final 
analysis. 
 
Instruments  

To ensure comprehensive evaluation, multiple 
instruments were deployed across the development 
phases: Validity Instruments: Expert validation sheets 
using a 4-point Likert scale to assess content, 
presentation, language, and graphics aspects; 
Practicality Instruments: Observation sheets for learning 
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implementation, alongside response questionnaires for 
both teachers and students to measure ease of use and 
time efficiency; and Effectiveness Instruments: The 
primary instrument for the field test was an essay test 
comprising three contextual Numerical problems. The 
test was designed to measure students' Numerical 
problem-solving skills based on Polya’s four indicators: 
(a) understanding the problem, (b) planning a solution, 
(c) executing the plan, and (d) looking back (checking the 
results). Each indicator for each problem was scored on 
a scale of 0 to 3, making the maximum total score 36. The 
scoring rubric was rigorously validated by experts to 
ensure construct and content validity. 
 
Data Analysis Techniques  

Data were analyzed using descriptive statistics and 
qualitative descriptive techniques. 
 
Validity and Practicality 

Quantitative data from validation and practicality 
questionnaires were analyzed using descriptive 
percentages to determine the categories of validity and 
practicality. Qualitative data from interviews and 
observations were analyzed through data reduction, 
display, and conclusion drawing. 

Effectiveness (Field Test): The effectiveness of the 
media was determined by analyzing the field test scores 
of the 25 participants. First, individual student scores (𝑁) 
were calculated using the formula: 𝑁 =
(Obtained Score/Maximum Score) × 100. 

Second, student achievement was classified based 
on the Learning Mastery Criteria (KKTP). Students 
scoring ≥ 66were categorized as "Capable" (Cakap) or 
"Proficient" (Mahir) and were deemed to have achieved 
the learning objectives. 

Finally, the classical effectiveness (𝐸) of the media 
was calculated using the formula: 𝐸 = (𝑋/𝑌) × 100%, 
where 𝑋is the number of students who achieved mastery 
and 𝑌is the total number of students (25). The media was 
categorized as effective if the classical mastery 
percentage exceeded 60%, and highly effective if it 
exceeded 80%. 

 
Result and Discussion 
 
Overview of the Developed Media  

The web-based Numerical learning media oriented 
toward Problem-Based Learning (PBL) was successfully 
developed following the Plomp model. After 
undergoing self-evaluation, expert review, one-to-one 
evaluation, and small group evaluation, the final 
prototype was deemed valid and practical. This final 
prototype was subsequently deployed in the field test 
phase to measure its effectiveness in enhancing students' 
Numerical problem-solving skills. 
 
Effectiveness of the Web-Based Numerical Learning Media  

The effectiveness of the media was evaluated 
through a field test involving 25 eighth-grade students. 
The test comprised three contextual Numerical essay 
problems, with a maximum total score of 36. Based on 
the Learning Mastery Criteria (KKTP), students were 
required to achieve a minimum score of 66 to be 
categorized as proficient. 

The field test results demonstrated that 19 out of the 
25 participants (76%) successfully achieved the learning 
mastery criteria. The overall class average score was 
77.22. Based on the classical effectiveness calculation, the 
media achieved an effectiveness rate of 76%. According 
to the predefined criteria (60% < E ≤ 80%), the developed 
web-based Numerical learning media is categorized as 
Effective in facilitating students' Numerical problem-
solving skills. 
 
Students' Numerical Problem-Solving Skills by Indicator  

To provide a comprehensive analysis of the 
students' cognitive processes, the test scores were 
disaggregated based on Polya’s four indicators of 
Numerical problem solving: (a) understanding the 
problem, (b) planning a solution, (c) executing the plan, 
and (d) checking the results. The detailed percentage 
achievement for each indicator across the three 
problems is presented in Table 1.  

As shown in Table 1, the students demonstrated 
exceptional proficiency in the initial stages of Numerical 
problem solving. The highest average performance was 
observed in understanding the problem (93.33%), 
indicating that the PBL-oriented web media effectively 
scaffolded students in identifying known and unknown 
elements from contextual Numerical scenarios. This was 
closely followed by planning a solution (88.44%), where 
students successfully formulated systematic strategies 
and Numerical models. 

 
Table 1. Students' Numerical Problem-Solving Skills Based on Polya’s Indicators 

Indicator Problem 1 (%) Problem 2 (%) Problem 3 (%) Average (%) 
a. Understanding the problem 96.00 96.00 88.00 93.33 
b. Planning a solution 94.67 89.33 81.33 88.44 
c. Executing the plan 88.00 80.00 66.67 78.22 
d. Checking the results 57.33 45.33 44.00 48.89 

The students also showed moderate to strong 
competence in executing the plan (78.22%), successfully 

carrying out computational procedures and algorithmic 
steps. However, a significant decline in performance 
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was observed in the final indicator, checking the results 
(48.89%). The data reveals a consistent downward trend 
across all three problems (57.33% for Problem 1, 45.33% 
for Problem 2, and 44.00% for Problem 3), indicating that 
while students could arrive at a solution, they struggled 
to re-evaluate their answers, verify their computational 
logic, or draw definitive conclusions. 

The integration of web-based platforms with 
Problem-Based Learning (PBL) fundamentally shifts 
how students interact with complex Numerical contexts 
(Y. Chen et al., 2025; Peng et al., 2026; Yang et al., 2026). 
The pronounced proficiency observed during the initial 
cognitive phases of problem-solving signifies that digital 
multimedia successfully mitigates the intimidation often 
associated with non-routine Numerical scenarios 
(Alauthman et al., 2026; C. Chen et al., 2025; Y. Wang et 
al., 2026). By presenting contextual problems through 
interactive visual and auditory stimuli, the web 
environment reduces the extraneous cognitive load 
required to parse dense textual information (Y. Li et al., 
2026; C. Liu et al., 2026; Wu et al., 2026). Consequently, 
learners can allocate more mental resources to 
deconstructing the problem, identifying critical 
variables, and formulating robust Numerical models 
(Amirian et al., 2024; Q. Z. Jiang et al., 2026; Y. Li et al., 
2026). This indicates that the primary strength of 
digitizing PBL lies in its capacity to provide superior 
cognitive scaffolding during the constructive and 
organizational stages of learning (Bi et al., 2025; 
Hernández-Díaz et al., 2024; Huynh et al., 2026). 

As students transition from planning to executing 
their strategies, the structured digital worksheets 
embedded within the web environment provide 
essential algorithmic guidance (Dai et al., 2024; Lai et al., 
2025; H. Li et al., 2026; Martsenyuk et al., 2026). 
However, the gradual decline in procedural accuracy 
across increasingly complex tasks signifies the inherent 
limitations of static digital scaffolding (Janásek, 2026; 
Tandale et al., 2024; F. Wang et al., 2024). While the 
platform successfully guides the formulation of a plan, 
it cannot autonomously prevent compounding 
computational errors or procedural fatigue as the 
cognitive demand of the Numerical task escalates 
(Gatheeshgar et al., 2025; Manoharan et al., 2025; Safarov 
et al., 2026). This reveals that while web-based media can 
effectively structure the intent of a solution, the actual 
execution remains highly vulnerable to the students' 
foundational computational fluency and working 
memory capacity (J. Li et al., 2024; Nabi et al., 2025; Yuan 
et al., 2026). 

The most critical revelation of this study, however, 
lies in the persistent deficit during the final evaluative 
phase (De Falco et al., 2025; Nam et al., 2024; Viola et al., 
2026). The stark contrast between the students' ability to 
construct a solution and their reluctance to verify it 
signifies a deeply ingrained behavioral paradigm in 

Numerical education: students predominantly equate 
the completion of a calculation with the resolution of a 
problem (Noh et al., 2025; Y. Wang et al., 2024; Zheng et 
al., 2026). This metacognitive gap indicates that while 
web-based PBL effectively structures the forward 
momentum of problem-solving, it currently falls short in 
enforcing reflective practices (K. Li et al., 2025; Thouless 
et al., 2026; Yamano et al., 2026). The digital 
environment, as currently designed, treats the final 
verification step as an optional textual prompt rather 
than an interactive necessity. Students bypass this phase 
not necessarily due to a lack of ability, but because the 
digital architecture does not impose a "forced pause" or 
mandate reflection before allowing task completion 
(Amaduzzi et al., 2026; Bassi et al., 2024; Zheng et al., 
2026). 

These findings carry profound implications for the 
future architecture of digital Numerical learning 
environments. The data suggests that simply digitizing 
PBL syntax is insufficient for cultivating holistic 
problem-solving habits. To bridge the metacognitive 
gap, future web-based platforms must evolve from 
passive information-delivery systems into interactive 
environments that structurally enforce reflection. This 
could involve integrating automated feedback loops that 
reject final submissions lacking a verification step, 
embedding peer-review mechanisms that force students 
to critically evaluate alternative solution pathways, or 
utilizing dynamic prompts that require students to 
justify their logic before the final answer is revealed. 

Finally, while these insights provide a robust 
foundation for understanding student interactions with 
web-based PBL, the scope is inherently bound by the 
single-group field test design. The absence of a 
comparative control group means the observed 
behaviors reflect the absolute impact of the intervention 
rather than relative gains against conventional 
instruction. Subsequent investigations should prioritize 
longitudinal deployments to ascertain whether repeated 
exposure to digitally scaffolded PBL can eventually 
internalize the habit of metacognitive reflection, 
transforming it from an enforced digital rule into an 
intrinsic cognitive habit. 
 
Conclusion  

 
The development of web-based Numerical learning 

media oriented toward Problem-Based Learning (PBL) 
has proven to be an effective instructional intervention 
for enhancing junior high school students' Numerical 
problem-solving skills. The field implementation 
demonstrated that the media successfully facilitated the 
majority of students in achieving learning mastery, 
yielding a classical effectiveness rate of 76%. A detailed 
analysis of the cognitive phases reveals that the 
interactive, multimedia-rich web environment provides 
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robust scaffolding for the initial stages of problem-
solving, specifically excelling in helping students 
deconstruct contextual Numerical scenarios and 
formulate systematic solution plans. However, a critical 
metacognitive gap was identified in the final evaluative 
phase, where students consistently struggled to verify, 
reflect upon, and validate their computational results. 
Consequently, it can be concluded that while integrating 
PBL syntax into a web-based platform effectively 
structures the procedural and algorithmic momentum of 
Numerical problem-solving, it is currently insufficient 
for cultivating intrinsic reflective habits. To bridge this 
gap, future iterations of digital Numerical learning 
environments must transcend passive information 
delivery by embedding interactive mechanisms—such 
as automated reflective prompts, dynamic feedback 
loops, or mandatory self-assessment checkpoints—that 
structurally enforce metacognitive evaluation. 
Ultimately, this study highlights the necessity of 
aligning digital instructional design not only with the 
forward steps of problem-solving but also with the 
higher-order cognitive demands of self-regulated 
learning. 

 
Acknowledgments  
Thank you to all parties who have helped in this research so 
that this article can be published. 
 
Author Contributions 
All authors contributed to writing this article.  
 
Funding 
No external funding. 
 
Conflicts of Interest 
No conflict interest.  
 
References  
 
Al-Thani, N. J., & Ahmad, Z. (2025). The Scope of 

Problem-Based Learning and Integrated Research 
Education for Primary Learners. In Teaching and 
Learning with Research Cognitive Theory: Unlocking 
Curiosity and Creativity for Problem-Solving Skills 
(pp. 25–43). Springer. 
https://doi.org/10.1007/978-3-031-87544-1_2 

Alauthman, M., Al-Qerem, A., Almomani, A., Ishtaiwi, 
A. M., Aldweesh, A., Arafah, M., Arya, V., & 
Gupta, B. B. (2026). Enhancing web of things 
security using Harris hawks optimization with 
reinforcement learning. International Journal of 
Cognitive Computing in Engineering, 7, 376–388. 
https://doi.org/10.1016/j.ijcce.2026.01.001 

Amaduzzi, R., Péquin, A., Yalçinkaya, Y., Cuoci, A., & 
Parente, A. (2026). FiReSMOKE: An OpenFOAM-
based collection of finite-rate chemistry solvers for 
turbulent combustion systems. Computer Physics 

Communications, 326. 
https://doi.org/10.1016/j.cpc.2026.110183 

Amirian, B., & Inal, K. (2024). A thermodynamically 
consistent machine learning-based finite element 
solver for phase-field approach. Acta Materialia, 
277. 
https://doi.org/10.1016/j.actamat.2024.120169 

Andayani, A., & Gunawan, P. (2025). Implementation of 
Active Learning Based on Problem-Based Learning 
to Improve Critical Thinking Ability of Junior High 
School Students. Transformative Education Studies, 
1(2), 38–45. Retrieved from 
https://pub.muzulab.com/index.php/Education
/article/view/42 

Aripin, N., Festiyed, Yerimadesi, Alberida, H., Ahda, Y., 
& Mufit, F. (2025). The Impact of Problem-Based 
Learning on Science Learning to Improve Students’ 
Critical Thinking and Problem-Solving Skills: A 
Meta-Analysis. Jurnal Penelitian Pendidikan IPA, 
11(6), 45–57. 
https://doi.org/10.29303/jppipa.v11i6.10051 

Bak, S., Han, J., Lee, G., Nam, N., Bae, J. H., Jeong, Y., 
Shin, H., Lim, K. J., & Lee, S. (2026). Development 
of a web-based No coding machine learning 
platform for hydrology and environmental 
management - MoolML. Environmental Modelling 
and Software, 197. 
https://doi.org/10.1016/j.envsoft.2025.106830 

Bao, G., Ma, C., & Gong, Y. (2025). PFWNN: A deep 
learning method for solving forward and inverse 
problems of phase-field models. Journal of 
Computational Physics, 527. 
https://doi.org/10.1016/j.jcp.2025.113799 

Bassi, H., Zhu, Y., Liang, S., Yin, J., Reeves, C. C., Vlček, 
V., & Yang, C. (2024). Learning nonlinear integral 
operators via recurrent neural networks and its 
application in solving integro-differential 
equations. Machine Learning with Applications, 15, 
100524. 
https://doi.org/10.1016/j.mlwa.2023.100524 

Bi, R., Chen, J., & Deng, W. (2025). XI-DeepONet: An 
operator learning method for elliptic interface 
problems. Journal of Computational Physics, 538. 
https://doi.org/10.1016/j.jcp.2025.114164 

Bintoro, H., Anggaryani, M., & Amiruddin, M. Z. Bin. 
(2026). Trend Analysis of VR-and AR-Based 
Learning Media Development in Physics 
Education in the 2015--2025 Period. Inovasi 
Pendidikan Fisika, 14(03), 66–93. Retrieved from 
https://ejournal.unesa.ac.id/index.php/inovasi-
pendidikan-
fisika/article/download/77399/55256 

Burman, E., Larson, M. G., Larsson, K., & Lundholm, C. 
(2025). Stabilizing and solving unique continuation 
problems by parameterizing data and learning 
finite element solution operators. Computer 



Jurnal Penelitian Pendidikan IPA (JPPIPA) Volume 12, Issue 7, 106-114  
 

111 

Methods in Applied Mechanics and Engineering, 444. 
https://doi.org/10.1016/j.cma.2025.118111 

Chen, C., Deng, Y., Qian, J., Ma, H., Ma, L., Wu, J., & Wu, 
H. (2025). Deep learning-based inversion 
framework for fractured media characterization by 
assimilating hydraulic tomography and thermal 
tracer tomography data: Numerical and field 
study. Engineering Geology, 350. 
https://doi.org/10.1016/j.enggeo.2025.107998 

Chen, Y., Cheng, J., Li, T., & Miao, Y. (2025). A learning 
based numerical method for Helmholtz equations 
with high frequency. Journal of Computational 
Physics, 520. 
https://doi.org/10.1016/j.jcp.2024.113478 

Dai, Y., Li, Z., An, Y., & Deng, W. (2024). Numerical 
solutions of boundary problems in partial 
differential equations: A deep learning framework 
with Green’s function. Journal of Computational 
Physics, 511. 
https://doi.org/10.1016/j.jcp.2024.113121 

De Falco, P., Sperlí, G., Vestri, M., & Vignali, A. (2025). 
Smart home Demand-Side Management Based on 
rooftop deep learning photovoltaic power 
forecasting. Sustainable Computing: Informatics and 
Systems, 47. 
https://doi.org/10.1016/j.suscom.2025.101162 

Dharmawansha, S., Gatheeshgar, P., Herath, S., 
Meddage, D. P. P., & Lim, J. B. P. (2025). Data-
informed design equation based on numerical 
modelling and interpretable machine learning for 
the shear capacity of cold-formed steel hollow 
flange beams with unstiffened and edge stiffened 
openings. Structures, 81. 
https://doi.org/10.1016/j.istruc.2025.110397 

Erdem, C., Kaya, M., Tunç Toptaş, H., & Altunbaşak, İ. 
(2026). Problem-based learning and student 
outcomes in higher education: a second-order 
meta-analysis. Studies in Higher Education, 51(4), 
950–971. 
https://doi.org/10.1080/03075079.2025.2498084 

Eshun, I., Koranteng, U., Ajayi, A. B., & Ogar, E. E. 
(2026). Effectiveness of Project-Based Learning in 
Developing Critical Thinking Skills. Journal of ICT 
and Education, 1(1), 10–21. 
https://doi.org/10.69739/jicte.v1i1.1619 

Gatheeshgar, P., Ranasinghe, R. S. S., Simwanda, L., 
Meddage, D. P. P., & Mohotti, D. (2025). Machine 
learning prediction of web-crippling strength in 
cold-formed steel beams with staggered slotted 
perforations. Structures, 71. 
https://doi.org/10.1016/j.istruc.2024.108079 

Hernández-Díaz, A. M., Pérez-Aracil, J., Lorente-Ramos, 
E., Marina, C. M., Peláez-Rodríguez, C., & Salcedo-
Sanz, S. (2024). Machine learning as alternative 
strategy for the numerical prediction of the shear 
response in reinforced and prestressed concrete 

beams. Results in Engineering, 22. 
https://doi.org/10.1016/j.rineng.2024.102139 

Huynh, P. T., López Fajardo, R. Y., Zhang, G., Ju, L., & 
Bao, F. (2026). A score-based diffusion model 
approach for adaptive learning of stochastic partial 
differential equation solutions. Journal of 
Computational Physics, 556. 
https://doi.org/10.1016/j.jcp.2026.114814 

Ilić, N., Dašić, D., Vučetić, M., Makarov, A., & Petrović, 
R. (2024). Distributed web hacking by adaptive 
consensus-based reinforcement learning. Artificial 
Intelligence, 326. 
https://doi.org/10.1016/j.artint.2023.104032 

Janásek, L. (2026). Gradient-based reinforcement 
learning for dynamic quantile models. Journal of 
Economic Dynamics and Control, 190. 
https://doi.org/10.1016/j.jedc.2026.105355 

Jiang, J., Wang, Y., Wang, Y., & Xie, H. (2026). FieldTNN-
based machine learning method for Maxwell 
eigenvalue problems. Journal of Computational 
Physics, 549. 
https://doi.org/10.1016/j.jcp.2025.114605 

Jiang, Q. Z., Wang, X. Z., Bao, Y. C., Tu, S. H., Wang, W. 
W., & Zuo, Y. Y. (2026). Ocean acoustics calculation 
for undulating boundaries based on Schwarz-
Christoffel transformation method and a deep 
learning model. Wave Motion, 144. 
https://doi.org/10.1016/j.wavemoti.2026.103734 

Lai, J., Ren, Z., Wu, Z., Tan, Q., & Xie, S. (2025). Learning-
based real-time optimal control of unmanned 
surface vessels in dynamic environment with 
obstacles. Ocean Engineering, 335. 
https://doi.org/10.1016/j.oceaneng.2025.121505 

Li, H., Xiao, K., Xu, Y., Zhang, H., Chen, Z., Mao, R., & 
Chen, Z. X. (2026). DFODE-Kit: Deep learning 
package for solving flame chemical kinetics with 
high-dimensional stiff ordinary differential 
equations. Computer Physics Communications, 321. 
https://doi.org/10.1016/j.cpc.2025.110013 

Li, J., & Meng, Z. (2024). Global Opposition Learning and 
Diversity ENhancement based Differential 
Evolution with exponential crossover for 
numerical optimization. Swarm and Evolutionary 
Computation, 87. 
https://doi.org/10.1016/j.swevo.2024.101577 

Li, K., Shin, K., & Zhou, Z. (2025). Learning-enhanced 
variational regularization for electrical impedance 
tomography via Calderon’s method. Journal of 
Computational Physics, 541. 
https://doi.org/10.1016/j.jcp.2025.114309 

Li, Y., Zhang, Y., Gao, Y., Wang, Y., Jin, J., Sun, X., & 
Chen, C. L. P. (2026). Elastic net-based cost-
sensitive broad learning system with F-measure 
maximization and density harmonization. Pattern 
Recognition, 114372, 114372. 
https://doi.org/10.1016/j.patcog.2026.114372 



Jurnal Penelitian Pendidikan IPA (JPPIPA) Volume 12, Issue 7, 106-114  
 

112 

Liu, C., Shang, H., Cui, X., & Li, S. (2026). Deep learning-
driven multi-scale optimization for high-
performance TPMS-based piezoelectric 
metamaterials. International Journal of Mechanical 
Sciences, 325. 
https://doi.org/10.1016/j.ijmecsci.2026.111831 

Liu, F., Ge, X., Peng, P., Xu, T., Wang, T., & Chen, F. 
(2026). Enhancing children’s arithmetic skills 
through abacus learning: contributions of 
numerical processing skills and domain-general 
cognitive abilities. Learning and Individual 
Differences, 129. 
https://doi.org/10.1016/j.lindif.2026.102948 

Lorente-Ramos, E., Hernández-Díaz, A. M., Pérez-
Aracil, J., & Salcedo-Sanz, S. (2025). An improved 
machine learning strategy for shear analysis in 
structural concrete based on the Newton’s method 
and the solvability region of the steel constitutive 
model. Journal of Computational Physics, 541. 
https://doi.org/10.1016/j.jcp.2025.114303 

Lu, B., Mou, C., & Lin, G. (2026). Morephy-Net: An 
evolutionary multi-objective optimization for 
replica-exchange-based physics-informed neural 
operator learning networks. Computer Methods in 
Applied Mechanics and Engineering, 460. 
https://doi.org/10.1016/j.cma.2026.119123 

MacFarlane, A., Russell-Rose, T., & Shokraneh, F. (2022). 
Search strategy formulation for systematic 
reviews: Issues, challenges and opportunities. 
Intelligent Systems with Applications, 15, 200091. 
https://doi.org/10.1016/j.iswa.2022.200091 

Manoharan, P., Ravichandran, S., Sinha, G., Sin, T. C., 
Hourani, A. O., & Hashim, T. J. T. (2025). 
MONRBO: A multi-objective Newton-Raphson-
based optimizer with dynamic elimination-based 
crowding distance for numerical benchmark and 
engineering design problems. Alexandria 
Engineering Journal, 130, 374–402. 
https://doi.org/10.1016/j.aej.2025.09.015 

Manso, D. F., Parnell, G. S., Pohl, E., & Belderrain, M. C. 
N. (2024). Gaps in strategic problem-solving 
methods: A systematic literature review. Journal of 
Multi-Criteria Decision Analysis, 31(1–2), e1828. 
https://doi.org/10.1002/mcda.1828 

Martsenyuk, V., & Semenets, A. (2026). Implementing 
Competency-Based Education with Learning Plans 
and Adaptive Learning in Moodle: Practical 
Workflows and Visual Authoring Solutions. 
Applied Sciences (Switzerland), 16(8), 3854. 
https://doi.org/10.3390/app16083854 

McHugh, M. L. (2023). Bringing Project-Based Learning 
to Life in Mathematics, K-12. Corwin Mathematics 
Series. In Corwin. Corwin Press. 

Nabi, H. A., & Ali Faraj, K. H. (2025). Enhanced 
classification of web services using hybrid meta-
heuristic algorithms and deep learning. Expert 

Systems with Applications, 279. 
https://doi.org/10.1016/j.eswa.2025.127281 

Nam, S., Cho, Y. in, & Woo, J. H. (2024). Simulation-
based deep reinforcement learning for multi-
objective identical parallel machine scheduling 
problem. International Journal of Naval Architecture 
and Ocean Engineering, 16. 
https://doi.org/10.1016/j.ijnaoe.2024.100629 

Ni, J., Li, F., Jin, X., Peng, X., & Tang, Y. (2026). 
Reinforcement learning based constrained optimal 
control:An interpretable reward design. 
Automatica, 189, 112995. 
https://doi.org/10.1016/j.automatica.2026.112995 

Noh, H., Lee, J., & Yoon, E. (2025). FPL-net: A deep 
learning framework for solving the nonlinear 
Fokker–Planck–Landau collision operator for 
anisotropic temperature relaxation. Journal of 
Computational Physics, 523. 
https://doi.org/10.1016/j.jcp.2024.113665 

Ntawuzibyimanikora, E. (2025). Effectiveness of project-
based learning in enhancing mathematical competencies 
under competence-based curriculum in selected lower 
secondary schools of Bugesera district [University of 
Rwanda]. Retrieved from 
https://dr.ur.ac.rw/handle/123456789/2780 

Peng, C., Xiang, S., Liu, W., Wang, X., Li, B., & Wu, S. 
(2026). Prediction of compressive strength and 
calibration of mesoscopic parameters of particle 
discrete element model based on explainable 
machine learning. Powder Technology, 476. 
https://doi.org/10.1016/j.powtec.2026.122427 

Permatasari, A., & Sumari, S. (2026). Development of 
Website Based Learning Media with Problem 
Based Learning Model to Improve Student 
Learning Outcomes on Chemical Equilibrium 
Material at High School Level. Orbital, 18(1), 64–73. 
https://doi.org/10.17807/orbital.v18i1.23994 

Prasanti, E. P., Fauzan, A., Yerizon, & Yarman. (2026). 
Development of PBL-Based E-Modules to Enhance 
Numerical Problem-Solving Skills among 
Vocational High School Students. Jurnal Penelitian 
Pendidikan IPA, 12(5), 403–409. 
https://doi.org/10.29303/jppipa.v12i5.15240 

Rabi, M., Jweihan, Y. S., Abarkan, I., Ferreira, F. P. V., 
Shamass, R., Limbachiya, V., Tsavdaridis, K. D., & 
Pinho Santos, L. F. (2024). Machine learning-driven 
web-post buckling resistance prediction for high-
strength steel beams with elliptically-based web 
openings. Results in Engineering, 21. 
https://doi.org/10.1016/j.rineng.2024.101749 

Rahman, S., Kabir, M. I., Azam, W. ul, Rahman, S., & 
Dipta, S. A. (2026). Critical evaluation of LTB 
design rules in AISC 360–22 for HSS beams under 
three-point bending using numerical and machine 
learning-based data-driven modelling. Structures, 
89. https://doi.org/10.1016/j.istruc.2026.112061 



Jurnal Penelitian Pendidikan IPA (JPPIPA) Volume 12, Issue 7, 106-114  
 

113 

Rohadatul ‘Aisy, D., & Hamdi, S. (2026). Design and 
Evaluation of a PBL-Oriented Web-Based 
Mathematics Learning Environment for Enhancing 
Problem-Solving and Self-Regulated Learning. 
International Journal of Educational Methodology, 
12(2), 81–98. 
https://doi.org/10.12973/ijem.12.2.81 

Rosyada, D. A., Raharjo, M., & Suratmi, S. (2025). 
Development of Interactive Infographic Media 
Assisted by Google Sites with Cooperative 
Learning Model for Elementary School Students. 
Jurnal Paedagogy, 12(2), 537. 
https://doi.org/10.33394/jp.v12i2.15284 

Sabir, Z., Andraos, J., Hachem, Y., Jaber, A., Ishaq, W., 
Bayram, M., & Jakubec, M. (2026). Radial basis 
dual-layer neural network approach for solving 
nonlinear food web models. Journal of Engineering 
Research (Kuwait), 14(2), 1683–1692. 
https://doi.org/10.1016/j.jer.2026.02.008 

Safarov, R., Wippermann, J., Meyer, F., & Wacker, M. 
(2026). Problem-based learning in the age of 
generative AI: A structured blueprint for medical 
curricula. Zeitschrift Fur Evidenz, Fortbildung Und 
Qualitat Im Gesundheitswesen, 203, 87–96. 
https://doi.org/10.1016/j.zefq.2026.03.012 

Shahzad, T., Mazhar, T., Tariq, M. U., Ahmad, W., 
Ouahada, K., & Hamam, H. (2025). A 
comprehensive review of large language models: 
issues and solutions in learning environments. 
Discover Sustainability, 6(1), 27. 
https://doi.org/10.1007/s43621-025-00815-8 

Siregar, T. (2025). Effectiveness of the Problem-Based 
Learning Model in Improving Students’ 
Mathematical Communication Skills and Learning 
Motivation. Journals.Sagepub.Com, 44(1), 218–243. 
Retrieved from 
https://www.preprints.org/manuscript/202510.1
562/v1 

Tandale, S. B., Sharma, P., Polydoras, V., & Stoffel, M. 
(2024). Recurrent neural networks as a physics-
based self-learning solver to satisfy plane stress 
viscoplasticity undergoing isotropic damage. 
Mechanics Research Communications, 142. 
https://doi.org/10.1016/j.mechrescom.2024.1043
47 

Thouless, H., Harrington, C., Tzur, R., Davis, A., & 
Dagli, B. E. (2026). Tandem conceptual progression 
(TCP): Pilot case study of a cognitively diverse 
student’s use of adjacent problem-solving and 
answer-checking schemes. Journal of Mathematical 
Behavior, 81. 
https://doi.org/10.1016/j.jmathb.2025.101296 

Utama, I. M. S., Redhana, I. W., Tika, I. N., Arnyana, I. B. 
P., & Rapi, N. K. (2025). Problem-Based Learning 
(PBL), Problem-Solving Skills, and Self-Efficacy: A 
Systematic Literature Review. Jurnal Penelitian 

Pendidikan IPA, 11(12), 130–139. 
https://doi.org/10.29303/jppipa.v11i12.12817 

Viola, G., Della Pia, A., Kevrekidis, I., Russo, L., & 
Siettos, C. (2026). PDE-free mass-constrained 
learning of complex systems with hidden states. 
Computer Methods in Applied Mechanics and 
Engineering, 455. 
https://doi.org/10.1016/j.cma.2026.118891 

Wang, F., Wang, Y., Leung, W. T., & Xu, Z. (2024). 
Learning-based multi-continuum model for 
multiscale flow problems. Journal of Computational 
Physics, 514. 
https://doi.org/10.1016/j.jcp.2024.113222 

Wang, Y., Anitescu, C., Sadegh Eshaghi, M., Zhuang, X., 
Rabczuk, T., & Liu, Y. (2026). Deep energy method 
with large language model-assisted geometry 
modeling: an open-source streamlit-based 
platform for solving variational PDEs. Computers 
and Structures, 329. 
https://doi.org/10.1016/j.compstruc.2026.108302 

Wang, Y. J., Hu, R., Qian, B., Li, K., Zhang, W. B., & Yang, 
J. B. (2026). Collaborative deep reinforcement 
learning algorithm for solving multi-AGV 
dynamic scheduling problem. Expert Systems with 
Applications, 319. 
https://doi.org/10.1016/j.eswa.2026.131941 

Wang, Y., Sun, J., Bai, J., Anitescu, C., Eshaghi, M. S., 
Zhuang, X., Rabczuk, T., & Liu, Y. (2024). A 
physics-informed deep learning framework for 
solving forward and inverse problems based on 
Kolmogorov–Arnold Networks. Computer Methods 
in Applied Mechanics and Engineering, 433. 
https://doi.org/10.1016/j.cma.2024.117518 

Wu, R., Kovachki, N., & Liu, B. (2026). A learning-based 
domain decomposition method. Computer Methods 
in Applied Mechanics and Engineering, 453. 
https://doi.org/10.1016/j.cma.2026.118799 

Xie, B., Yu, Y., Zou, M. Y., Zhang, H., & Song, Z. (2026). 
Intelligent quadrilateral mesh generation for ship 
structures based on hybrid deep reinforcement 
learning. Ocean Engineering, 358. 
https://doi.org/10.1016/j.oceaneng.2026.125711 

Yamano, A., Suzuki, S., Kimoto, T., & Iwasa, T. (2026). 
Deep reinforcement learning-based design with 
observation buffer of rolling motion for snake-like 
robots. Robotics and Autonomous Systems, 199. 
https://doi.org/10.1016/j.robot.2026.105370 

Yang, J., Adie, J., See, S., Gualandi, A., & Mengaldo, G. 
(2026). A hybrid two-level MCMC framework to 
accelerate posterior mean estimation with deep 
learning surrogates for bayesian inverse problems. 
Journal of Computational Physics, 545. 
https://doi.org/10.1016/j.jcp.2025.114502 

Yuan, B., Cudmani, R., Yan, W., Yang, H., Heitor, A., 
Song, Y., & Chen, X. (2026). Physics-informed 
extreme learning machine with time-marching and 



Jurnal Penelitian Pendidikan IPA (JPPIPA) Volume 12, Issue 7, 106-114  
 

114 

random features for unsaturated groundwater 
flow. Journal of Hydrology, 675. 
https://doi.org/10.1016/j.jhydrol.2026.135603 

Zheng, K., Shi, D., Hirche, S., & Shi, Y. (2026). 
Information-triggered learning with application to 
learning-based predictive control. Automatica, 185. 
https://doi.org/10.1016/j.automatica.2025.112746 

 
 


