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Abstract:  This study explores the use of different large language models (LLMs) in generating new problems through 

Vistro-Yu’s innovation techniques. A set of 30 problems were generated by each of ChatGPT, Gemini, Copilot, and 

Grok through structured chain-of-thought prompting. Results show that most LLMs relied on the easier techniques, 

often misclassified the problems it generated, and had limited diversity in the Philippine contexts it applied on the 

problems despite the instructions indicated in the prompt. 

      

1.  Problem Posing 

Problem posing has become increasingly recognized in recent years as a powerful 

educational strategy for cultivating students’ higher-order thinking, creativity, and conceptual 

understanding. Defined as the generation, reformulation, or modification of problems, problem 

posing shifts the focus from merely solving tasks to actively constructing knowledge [1]. Evidence 

suggests that engaging teachers in problem posing enhances their ability to foster critical thinking, 

creativity, and metacognitive development in their instructional practices, particularly in 

mathematics and science education [2].  

1.1. Innovation Techniques 

Teachers as problem posers oftentimes face the dilemma of possibly running out of new 

questions or problems to pose to their students. In 2009, Vistro-Yu offered several storytelling-

based innovation techniques for generating new mathematics problems based on existing problems 

or questions [3]. She offered six techniques adapted for this purpose: (1) replacement, where the 

same problem is posed but with altered quantities or units; (2) addition, which introduces a new 

constraint or obstacle; (3) modification, which maintains the original givens but alters the structure 

of the problem; (4) contextualization, which situates the problem within relevant real-world 

settings; (5) reversal, which reconfigures the goal and givens; and (6) reformulation, which 

changes the problem’s type (e.g., from a proving problem to a situational one). These strategies 



not only enhance the novelty and relevance of problems but also provide differentiated levels of 

difficulty and sophistication.  

2.  Generative Artificial Intelligence and Large Language Models  
The rapid evolution of Generative Artificial Intelligence (GenAI) has significantly 

transformed digital tools in education, particularly in how teachers and learners engage with 

content creation, such as problem posing. GenAI refers to a class of artificial intelligence models 

designed to generate new content, text, code, images, or even mathematical problems-based on 

patterns learned from massive datasets [4]. A prominent subset of GenAI is Large Language 

Models (LLMs), such as ChatGPT, Gemini, Copilot, and Grok, which use transformer-based 

architectures to understand and produce human-like text [5]. These LLMs have become 

increasingly relevant in educational settings due to their ability to simulate instructional dialogue, 

offer contextual feedback, and assist learners in constructing original problems, thus opening new 

avenues for problem posing [5]. 

 

2.1. Emergence of GenAI in Problem Posing 

Recent research indicates that GenAI is playing a growing role in reshaping how students 

pose and explore problems. Tools like ChatGPT and Gemini are now used as collaborative 

cognitive partners, assisting students in generating mathematically coherent and contextually rich 

problems [6]. These systems leverage vast linguistic and domain-specific data to support learners 

in reformulating or extending existing problems, offering alternative scenarios, and suggesting 

modifications that refine problem complexity and scope [7]. Moreover, educators have started 

adopting these AI systems as part of their pedagogical design, allowing for scaffolded interactions 

where learners co-construct problems with AI and receive immediate analytical feedback [8]. 

Studies have also demonstrated that these tools can accommodate different levels of learner ability, 

making the problem posing process more inclusive and differentiated [9]. 

 

2.2. Large Language Models (LLMs) in GenAI 

A Large Language Model (LLM) is an advanced type of AI designed to understand and 

generate human-like text by learning from vast amounts of language data. LLMs utilizes 

mathematical and computational modeling for tasks like machine translation, summarization, and 

question answering, significantly enhancing text pre-processing capabilities [5]. LLMs are a 

pivotal component of GenAI, significantly enhancing natural language processing capabilities by 

focusing on the interaction between computer and human language [5]. However, their deployment 

also raises important challenges: accuracy issues, occasional generation of incorrect solutions, and 

limited adaptability to unique learning styles that might hinder deep conceptual understanding. 

LLMs often struggle with specialized queries, including high computational costs, data privacy 

concerns, and a lack of explainability that lead to inaccuracies in niche fields [10]. Even so, LLMs 

do not replace teachers; however, when used thoughtfully, they could enhance mathematical 

instruction, boost student motivation, and simplify teaching.  

 

2.3. ChatGPT, Gemini, Copilot, and Grok 

LLMs such as ChatGPT could enhance mathematics education by offering innovative 

functional and pedagogical opportunities, such as problem-solving strategies similar to those found 

in human pre-service teachers, making it a useful demonstration tool [11]. On the other hand, 

Gemini, Google’s GenAI, allows teachers to focus more on orchestration and personalized 



intervention, using AI-generated insights for differentiated instruction [8]. Expanding the role of 

LLMs in education, Microsoft’s Copilot has been shown to increase student engagement and 

understanding, with positive feedback indicating that students found the tool beneficial for their 

academic tasks [9]. Lastly, Grok AI, by xAI, has real-time contextual capabilities and focuses on 

user engagement through its freedom of expression [12].  

 

3.  Research Questions 
     In light of the potential utilization of LLMs in generating mathematical questions and 

problems, this study aims to evaluate how different LLMs act as problem posers when prompted 

to use Vistro-Yu’s innovation techniques on a given base problem. In particular, the present study   

seeks to respond to the following questions:  

(1) Is there a consistent pattern or bias on how each large language model (LLM) applies 

innovation techniques?  

(2) How correctly did each LLM utilize the innovation techniques in the questions it 

generated?  

(3) How diverse is the Philippine contextualization as applied by each LLM in the 

generated questions? 

 

4.  Methodology 
      This study utilizes qualitative content analysis to investigate the issues generated by four 

large language models: ChatGPT (version GPT-4o). Gemini (version Gemini 2.5 Flash), Copilot 

(version “Quick Response”), and Grok (version Grok 3), when generating mathematical problems. 

A Chain-of-Thought (CoT) prompting framework, as described by Kojima et al. [13], was used to 

guide the model's reasoning. This technique, which improves a model's ability to solve complex 

tasks by prompting it through a logical, step-by-step process, was applied to generate 30 distinct 

mathematical problems from a single base problem. The LLM models were selected for this study 

due to its logged-out, free account status, which ensures that no user prompts are saved, thus 

preventing potential biases that could affect the quality of the model's output. Additionally, 

innovation techniques from Vistro-Yu [3] were incorporated into the prompt to promote the 

diversity of the generated problems. 

This research aligns with the updated Philippine mathematics curriculum for Grade 4, focusing 

on students’ competencies in performing addition and subtraction operations with dissimilar 

fractions within the Number and Algebra content domain. The foundational problem employed in 

this study was adapted from Tabilang et al. [14], a textbook from the Philippine Department of 

Education. To contextualize the problem within a Philippine setting, the scenario incorporates a 

culturally significant event (a birthday celebration), local and imported ingredients (Baguio 

cabbage and imported cabbage), and a practical situation (purchasing ingredients and preparing 

pancit). Accordingly, the adopted prompt used in the LLMs is as follows [15]: 

 

Q: What are Vistro-Yu’s innovation techniques on problem posing? 

 

A: (a) replacement – posing the same problem but changing quantities, amounts, units, shapes, etc. (b) addition – posing the 

same problem but adding a new given or constraint or adding an obstacle. (c) modification – takes the same given but changes 

the problem. (d) contextualizing the problem to make it more relevant to students. (e) turning the problem around or reversing 

the problem – taking the same problem but taking the end goal as the given and the given as the end goal. (f) reformulation – 

posing the same problem in a different type (e.g. from a proving problem to a situational problem, see Butts, 1980). Depending 

on the innovation technique used, the new problem generated may be better, worse, or just the same in terms of the level of 

difficulty, sophistication, and novelty. 



 

Q: Using innovation techniques by Vistro-Yu in diversifying problems, create one problem based on this base problem: "How 

can Christopher add 1/4 and 2/3?" Ensure that the generated problem: becomes diversified; has contexts that are Philippine-

specific; is classified under the innovation techniques; and is based on the learning Competency: "The learners add and 

subtract dissimilar fractions." 

 

A: Sample answer: "If Ian has 1/4 of a kalamay and Joseph has 2/3 of another kalamay, how many kalamay does Ian and 

Joseph have together for both of them to eat?" Innovation technique: contextualizing the problem (new problem modernizes 

the context of the problem by talking about particular persons engaged in eating; a slightly different problem is posed). 

Philippine-specific context: kalamay as a traditional Filipino snack.  

 

Q: Using various innovation techniques by Vistro-Yu in diversifying problems, create thirty problems based on this base 

problem: "Alma’s mother wants to cook a special pansit on her birthday. To make it more special she wants you to use 

different kinds of cabbage so she decided to go to the nearest grocery store and she saw Baguio cabbage and imported 

cabbage. She bought 1/2 kg of Baguio cabbage and 1/8 kg of imported Cabbage. If she used 2/5 kg of the cabbages , how 

many kg of cabbages were left?" Ensure that the generated problems: become diversified; have contexts that are Philippine-

specific; are classified under the innovation techniques; and are based on the learning Competency: "The learners add and 

subtract dissimilar fractions." 

 

A: 

Figure 1. Structured CoT prompt used for the four LLMs on the generation of thirty problems. 

Researchers (in groups of three per team) were assigned to each of Copilot, Gemini, and Grok 

to analyze and classify the innovation technique used on the LLM’s 30 generated problems. First, 

each researcher independently classified the problems without knowledge of the LLM’s 

classification nor their co-authors’. Afterwards, each team convened to decide on the innovation 

technique they will assign to each problem; if at least two members classified a certain problem 

using the same innovation technique, then the team followed that classification. Lastly, each team 

compared their classifications with that of the LLM’s self-reported innovation technique. This 

prompted further qualitative discussion and analysis on the nature of the LLM’s efforts to generate 

new problems based on a given problem.  

As for ChatGPT, we refer to the results obtained from a previous study conducted by some of 

the authors of this paper in which they investigated ChatGPT as a problem-poser following the 

same methodology of the present paper [15]. 

 

 

5.  Results and Discussion 
In this section, we present the results per LLM and findings across the four LLMs examined. 

In the subsequent tables, actual frequency pertains to the frequency obtained from the team’s 

categorization.  

 

5.1. ChatGPT 

It was found that while ChatGPT was able to utilize the context in the base problem (i.e., 

Philippine food), it misclassified 50% of the problems it generated [15]. Table 1 shows the number 

of problems per innovation technique as classified by ChatGPT and as reviewed by the researchers. 

 

Innovation Technique ChatGPT’s Frequency Actual Frequency 

Replacement 5 18 



Addition 5 0 

Modification 5 0 

Contextualizing 5 7 

Reversing 5 5 

Reformulation 5 0 

Invalid 0 0 

Total 30 30 

Table 1. Classifying ChatGPT’s generated problems based on innovation techniques [15] 

 

ChatGPT’s major classification errors fall mostly under replacement, which are swaps of items 

and fractions, but were labelled as other techniques. One instance was as follows: “A family bought 

1/4 kg of shrimps from Pangasinan and 3/8 kg of clams from Batangas for their seafood stew. 

After cooking, they used 5/12 kg of the seafood. How much seafood remains?” ChatGPT 

categorized it under addition, but no additional constraint or obstacle was introduced. 

 

5.2. Copilot 

 The LLM attempted to produce five problems each for the six different innovation 

techniques, even without being prompted to do so. After the problems have gone through review, 

it was found that the majority of the generated problems used the innovation technique 

modification (14 out of 30). Table 2 shows the distribution of innovation techniques as declared 

by Copilot and as reviewed by a team of authors. More so, Copilot only correctly classified 9 out 

of the 30 problems according to the innovation techniques, i.e., four for replacement, two for 

addition, two for modification, and one for reversing. 

 

 

 

Innovation Technique Copilot’s Frequency Actual Frequency 

Replacement 5 8 

Addition 5 4 

Modification 5 14 

Contextualizing 5 0 

Reversing 5 1 

Reformulation 5 0 

Invalid 0 3 



Total 30 30 

  Table 2. Classifying Copilot’s generated problems based on innovation techniques 

 

The LLM’s attempts to reformulate the base problem produced some problems that are invalid 

because they are either too vague or lack the given information (3 out of 5 problems categorized 

by Copilot as reformulation). One example of an invalid problem is as follows: “Alma made pansit 

but forgot the measurements. She remembers using Baguio and imported cabbage. Estimate their 

total if Baguio was more than half.” Other problems were misclassified as reformulation, since 

these actually utilized the innovation technique addition or modification. To illustrate, the problem 

“In a situational context: the sari-sari store has 2/3 kg of cabbage left and a customer wants 1/2 kg. 

Is that enough?” This problem is actually modification, since it did not change from being an 

arithmetical problem; instead, it was the goal that was simply modified. On the other hand, there 

was no contextualization done because all the generated problems used the context of food and 

ingredients for food preparation, which was present in the base problem. Moreover, some problems 

were formulated as standalone (i.e., independent from the base problem), but there are problems 

that are continuation of the base problem. This made the classification of the problems more 

complicated. One such posed problem is as follows: “She noticed she mistakenly added an extra 

1/6 kg of cabbage. What’s the new total used?” 

The aforementioned show that Copilot seemingly still lacks the creativity and innovation skills 

required to generate valid mathematical problems from a given base problem. It could do 

replacements or minor modifications, but not contextualization nor reformulation. It might be that 

the contextualization did not come about because of the context being already present in the base 

problem.  

 

5.3. Gemini 

 It could be gleaned from Table 3 that Gemini frequently generated word problems using 

replacement and addition innovation techniques. It is also worth highlighting that the team and 

Gemini similarly categorized word problems generated using modification, contextualization, and 

reversal innovation techniques. Thus, at least from this sample of 30 generated problems, Gemini 

correctly classified 26 problems based on the descriptions provided in the prompt. 

 

Innovation Technique Gemini’s Frequency Actual Frequency 

Replacement 6 9 

Addition 6 3 

Modification 5 5 

Contextualizing 5 6 

Reversing 4 4 

Reformulation 4 3 

Invalid 0 0 



Total 30 30 

  Table 3. Classifying Gemini’s generated problems based on innovation techniques 

 

Generally, the word problems generated by Gemini showcased a wider and more diverse array 

of cultural contexts, such as Philippine food, practices (e.g., community spirit of bayanihan, tree 

planting), art (e.g., indigenous handicrafts), and celebrations (e.g., fiesta). However, considering 

that the intended problem solvers are Grade 4 students, the linguistic structure could be further 

leveled to the target set of students, especially if English is not the students’ first language. An 

example problem to illustrate this point: “Two barangays are sharing a water supply. Barangay A 

receives 1/2 of the total water, and Barangay B receives 1/8. If 2/5 of the entire water supply is 

used for irrigation, and the rest is for household consumption, how much water (as a fraction of 

the total supply) is left for household consumption, considering both barangays' shares?” Aside 

from illustrating the need for improved language structuring, the same problem was originally 

classified by Gemini as reformulation, justifying the classification due to the problem involving 

reasoning and more steps. However, this problem is simply a contextualization of the given base 

problem, with the same quantities used and only the scenario being modified to invoke water 

supply and irrigation. 

 

5.4. Grok 

 Most of the problems generated by Grok focused on utilizing the innovation techniques of 

replacement and addition (6 problems each). As could be seen on Table 4, the team found that all 

of the classifications by Grok in terms of the innovation techniques matched theirs. 

 

Innovation Technique Grok’s Frequency Actual Frequency 

Replacement 6 6 

Addition 6 6 

Modification 5 5 

Contextualizing 4 4 

Reversing 5 5 

Reformulation 4 4 

Invalid 0 0 

Total 30 30 

  Table 4. Classifying Grok’s generated problems based on innovation techniques 

 

The problems generated by Grok generally demonstrated alignment with the given base 

problem, maintaining consistency in structure and context, particularly in relation to cooking 



preparation and food handling. This strong adherence to the base problem may explain the perfect 

agreement between the team’s classification and that of the LLM since it becomes easier to 

distinguish changes and innovations done in the problems posed by Grok.  

Furthermore, attempts towards contextualization and localization were evident in the inclusion 

of Philippine festivals and dishes. However, some of them appear irrelevant and culturally 

inauthentic; these were not considered invalid because even though the underlying contexts were 

incorrect, Grok was still able to execute the contextualization technique by modifying the context 

of the base problem to another. For instance, the problem: “During a Panagbenga festival, Nanay 

buys 1/2 kg of Baguio cabbage and 1/8 kg of Chinese cabbage for a vegetable dish. After using 

2/5 kg, how many kg are left for her to sell at the Baguio market?” illustrates this occurrence. The 

question demonstrates an attempt at contextualization by situating the mathematical task within 

the cultural setting of the Panagbenga Festival. However, the context presented is both impractical 

and culturally inauthentic, specifically, the scenario suggests that a leftover portion of a vegetable 

dish prepared for consumption would later be sold at the market. Further illustrating this are 

problems in which the dish and its ingredients are a mismatch. One such problem attempted to 

contextualize through the preparation of laing, an authentic dish from Bicol. However, the problem 

incorrectly included imported cabbage as an ingredient. Traditionally, laing is made using taro 

leaves (gabi), not cabbage. These instances demonstrate a lack of cultural authenticity in the 

problem formulation, potentially leading to confusion or misrepresentation of traditional culinary 

practices for the learners. It is crucial to ensure that contextualized problems accurately reflect the 

real-world scenarios they aim to represent. 

 

5.5. Insights Across LLMs 

 In response to the research questions, the group found several insights in comparing the 

capability of each LLM to generate problems based on a given problem, along with correctly 

applying and classifying the innovation techniques. 

First, the LLMs generally have a tendency to utilize the easier forms of innovation techniques 

(i.e., replacement, addition, modification). However, there are some problems in which the LLM 

seemingly applied more than one innovation technique. This opens the likely possibility that the 

innovation techniques could be combined in generating new problems. To illustrate, Grok posed 

the following problem: “After making pinakbet, Aling Maria has 3/10 kg of cabbage left. She 

bought 1/2 kg of Baguio cabbage and 1/8 kg of imported cabbage from a palengke. How many kg 

did she use for the pinakbet?” Aside from mentioning the wrong ingredient (i.e., cabbage in 

pinakbet), this question seems to involve more than one innovation technique. Grok classified this 

problem as reversal or turning the problem around. However, close inspection reveals that addition 

of a new obstacle was also introduced. In this case, the problem started with how much cabbage 

was left (reversal) and at the same time asking how much was used in the cooking process 

(addition). 

Second, in terms of correctly utilizing and identifying the innovation techniques, some LLMs 

misclassified more frequently than others, such as ChatGPT and Copilot. However, there were 

instances in which the teams found it difficult to classify the generated problems because the 

structure of the problem entails one technique, while the details involve another. This offers the 

possibility of viewing innovation techniques in terms of structure and detail, therefore paving the 



way for combining multiple techniques in problem generation. A problem from Grok illustrates 

this insight: “Alma’s mother buys 1/2 kg of Baguio cabbage and 1/8 kg of imported cabbage for a 

pansit bihon dish. She uses 2/5 kg but must reserve 1/6 kg for a soup. How many kg are left, and 

is it enough for the soup?” Structurally, the problem is a modification of the base problem because 

of the new question posed, while in terms of detail, there is an added constraint on reserving a 

portion of the soup, therefore it could also be classified as addition. 

Lastly, the teams found that most LLMs have a very low tendency to deviate from the context 

provided in a given base problem, despite not being prompted to be limited and restricted by it. 

Most dwelled on Philippine food and festivities, with Gemini being the only LLM that went 

beyond these aspects of Philippine culture. This could serve as an avenue for further research on 

the training and learning aspects of GenAI and LLMs.   

 

6.  Conclusion 
      Utilizing structured CoT prompting, the researchers examined four LLMs responding as 

problem posers that used innovation techniques. It was found that they are able to replicate the 

base problem albeit using easier techniques, with context mostly not deviating from the one present 

in the base problem. This could serve as an impetus for teachers to exercise creativity and 

judgement on the variety of problems produced by LLMs, and likewise for GenAI developers to 

improve the learning and training of such tools.     
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