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Abstract
Fermi problems (FPs) are suitable for introducing real‑world mathematical tasks at 
the primary level. However, primary school teachers often have difficulties solv‑
ing FPs and rarely use them in their classrooms. Hence, promoting the successful 
implementation of FPs in pre-service teachers’ training is necessary. To this end, 
we aimed to examine whether specific FP-solving settings could facilitate pre-ser‑
vice teachers’ performance, interest and self-efficacy. The study is divided into two 
phases. First, pre-service teachers solve near-context FPs in one of three different 
settings: working in the classroom (indoors), working at the actual problem site 
(outdoors), or working with access to ChatGPT (AI‑support). In the second phase, 
all pre-service teachers solve more complex FPs with the same AI support. Results 
indicate that the problem-solving setting significantly influenced outcomes. The out‑
door condition led to the highest performance in both phases, with effects persisting 
into the second phase. Both the outdoor and the AI-supported settings promoted 
interest, with effects also carrying over to the second phase. Although self‑efficacy 
was initially lower in the outdoor setting, it showed the greatest improvement later 
on. These findings suggest that outdoor and AI-supported approaches can benefit 
pre-service teachers’ own FP-solving performance, interest, and self-efficacy, and 
may also contribute to preparing them to implement FPs in schools.

Keywords  Fermi problems · ChatGPT · problem-solving setting · interest · 
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Introduction

For decades, mathematics education has emphasised the importance of connecting 
mathematical content with real-world situations, not only to increase the relevance 
of the discipline but also to foster transferable competencies such as mathematical 
reasoning and decision-making in complex context (Geiger et al., 2018; Maaβ et al., 
2019). Approaches that engage students in solving real‑world problems have been 
recognised as essential for achieving these goals and have been incorporated into 
many mathematics curricula worldwide (Cevikbas et al., 2022). Despite this curricu‑
lar emphasis, activities that involve mathematising real‑world situations remain rela‑
tively uncommon in classroom practice, particularly in primary education (Borromeo 
Ferri, 2021; English, 2023).

Among the activities that engage students with real‑world problems, Ferrando 
and Albarracín (2021) have shown that the so‑called Fermi problems (FPs) are par‑
ticularly suitable for primary education, as they can be accessible to learners at this 
stage. FPs present a real and open-ended situation, without data, which requires esti‑
mating a quantity only achievable by involving assumptions, estimations and simple 
calculations (Ärlebäck, 2009). An example could be to make a reasoned estimate of 
how many kilograms of waste the school generates in a year. To solve these prob‑
lems, the real situation must be structured, identifying and quantifying the relevant 
variables (Peter-Koop, 2009; Robinson, 2008).

Although FPs can provide a useful entry point for engaging students with 
real‑world mathematical tasks, their use remains challenging for primary school 
teachers. Thus,  Segura and Ferrando  (2023)  found that some pre-service teachers 
have difficulties in solving FPs based on estimating a large number of elements in 
a delimited area. In addition, some studies (Böswald & Schukajlow, 2023; García-
Cerdá et al., 2024; Krawitz & Schukajlow, 2018; Schukajlow et al., 2022) have 
found that solving real-world problems is related to lower values in some affective 
aspects (interest and self-efficacy) than solving intramathematical or word problems. 
It seems clear that teacher education is key to bringing real-world problems into the 
classroom, equipping pre-service teachers with the tools and skills to link real-world 
phenomena and mathematics (Geiger et al., 2022).

In this context, problem-solving settings can be used in initial teacher educa‑
tion to support pre-service teachers when solving FPs. This includes both cogni‑
tive and affective dimensions. Studies by Jablonski (2023a, 2023b) and Segura et 
al. (2023) have shown that an outdoor setting—in which the solver can observe and 
interact with the actual location in which the situation posed by the FP takes place—
encourages the adaptation of strategies to the context and has a positive impact on the 
solution process. However, Hartmann and Schukajlow (2021) concluded that it is the 
problem and not the problem-solving setting that is important for the development of 
interest and emotions.

In addition to outdoor settings, digitally supported settings may also shape how 
pre-service teachers solve FPs and experience the solving process. In recent years, AI 
systems have attracted increasing educational attention (Lo, 2023; Zhang & Aslam, 
2021). Studies suggest that Large Language Models (LLMs) are capable of solving 
mathematical problems (Schorcht et al., 2024), including real-world problems (López 
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Simó & Rezende, 2024; Spreitzer et al., 2024). Consequently, providing access to an 
LLM-based conversational system, such as ChatGPT, during the solution process 
could be considered a problem-solving setting with the potential to enhance pre-ser‑
vice teachers’ performance or their emotions (Noster et al., 2024). An AI‑supported 
setting could be particularly useful for solving more complex FPs involving situa‑
tions outside solvers’ immediate environment, which cannot be addressed outdoors.

Although both the outdoor setting and the AI-supported setting may be beneficial 
for solving FPs located in solvers’ immediate environment—hereafter referred to 
as near-context FPs—it remains unclear which of the two would produce a greater 
positive effect on performance and key affective variables, such as interest and self-
efficacy. Furthermore, it is unknown whether previous engagement in either setting 
affects pre-service teachers’ subsequent performance, interest, or self‑efficacy when 
they later solve more complex FPs involving situations outside their immediate envi‑
ronment—hereafter referred to as distant‑context FPs—with AI support. To address 
these questions, we prepared a two-phase study. First, pre-service teachers solved 
near-context and accessible FPs across three settings: working in the classroom 
(indoors), working at the actual problem site (outdoors), or working with the option 
to consult ChatGPT (AI‑supported). Then, they solved distant-context and complex 
FPs with the same AI support.

Theoretical framework

Fermi problems: nature and educational value

Numerous studies have highlighted the importance of real-world problem solving 
for helping students make meaning of mathematical content (Geiger et al., 2018; 
Gravemeijer & Doorman, 1999) and connect it to other disciplines, especially STEM 
(Maaβ et al., 2019). Unlike a standard word problem, in which the real‑world context 
is simply a backdrop for applying a procedure (Krawitz & Schukajlow, 2018; Rel‑
lensmann & Schukajlow, 2017), solving a real‑world problem requires an explicit 
process of mathematisation. That is, to solve a real‑world problem, one must identify 
the relevant elements and regularities of the situation, quantify them to transform 
them into mathematical objects and relationships, and use them to develop a strategy 
that leads to the solution of the problem (García-Cerdá et al., 2024).

Real‑world problems occupy a central role in mathematics curricula in many coun‑
tries (Cevikbas et al., 2022; Schukajlow et al., 2018). However, their actual presence 
in classrooms remains limited, particularly in primary education (Borromeo Ferri, 
2021; English, 2023). Previous studies involving school students (e.g., Ferrando & 
Albarracín, 2021) and pre-service teachers (Peter‑Koop, 2009) have shown that cer‑
tain FPs can be suitable for introducing this type of activity at this educational stage. 
FPs are real‑world problems that present a missing‑data situation and are therefore 
open‑ended; solving them requires estimating a quantity that can only be obtained 
through reasoned assumptions, partial estimates, and simple calculations (Ärlebäck, 
2009; Sriraman & Knott, 2009). In this sense, developing strategies for solving FPs 
involves mathematising the real situation (Robinson, 2008; Peter‑Koop, 2009).
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Variation in Fermi Problems: contextual distance and task complexity

Ferrando and Albarracín  (2021)  showed that FPs involving the estimation of a 
large number of elements distributed over a surface can be suitable for introducing 
real‑world problem solving in primary education. Solving such problems requires 
only basic knowledge of measurement and estimation of lengths and areas (Segura 
et al., 2026), proportional reasoning, and arithmetic calculations (Ärlebäck, 2009).

However, these FPs can vary substantially in the demands they place on solvers. 
Albarracín et al. (2022) point out two particularly relevant dimensions: contextual 
distance and complexity. Regarding the former, near‑context FPs present situations 
that are familiar to the solver and located in their immediate environment (Fig. 1), 
which in some cases even allows them to be solved at the actual problem site (Jablon‑
ski, 2023a, 2023b; Segura et al., 2023). Distant‑context FPs, in contrast, involve less 
familiar situations (Fig. 2), located outside the solver’s immediate environment and 
therefore potentially requiring greater extra‑mathematical knowledge (Albarracín et 
al., 2022).

Concerning problem complexity, we follow an approach that focuses on the 
complexity of the situation posed by the problem (Knabbe et al., 2025), drawing on 
Maaß’s (2010) classification in terms of the number of assumptions, variables, and 

Fig. 2  Problem 6 of the two distant-context and complex FPs of Phase 2

 

Fig. 1  Problem 1 of the four near-context and accessible FPs of Phase 1
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quantitative relationships that solvers must consider to develop a solution strategy. 
Within this dimension, we use the term accessible to refer to low-complexity FPs, 
that is, problems that can be solved by considering a limited set of assumptions and 
relationships.

In this sense, we refer to FPs such as the one shown in Fig. 1 as accessible, because 
their solution can be reached directly through one of three straightforward strategies 
identified by Ferrando and Albarracín (2021): a base‑unit approach, based on com‑
paring the total area with the area occupied by one element; a linearisation strategy, 
based on estimates by rows and columns; or a density strategy, based on estimating a 
smaller portion and scaling proportionally.

By contrast, complex FPs, such as the one illustrated in Fig. 2, require numer‑
ous realistic assumptions (Krawitz et al., 2018) and the consideration of multiple 
variables before developing a solution strategy. Unlike accessible FPs, which can 
be approached directly through base-unit, linearisation, or density strategies, com‑
plex FPs must be decomposed into several subproblems. For example, estimating the 
capacity of a large furniture store—a dynamic system with constant inflows and out‑
flows and an irregular space—requires considering variables such as parking space, 
average number of people per vehicle, customers arriving on foot, usable shop area, 
or the presence of trolleys, among others. As explained in Albarracín et al. (2022), 
accessible and near-context FPs can be used as preliminary engagement activities to 
later address more complex distant-context FPs, a process that can also be combined 
with different settings that may enhance performance or affective aspects.

Pre-service teachers’ performance in solving FPs

Implementing real‑world problems is a challenge for primary school teachers (Gree‑
frath et al., 2022; Wess et al., 2021), who need to master the competencies required 
to teach them effectively (Borromeo Ferri, 2018). One of these competences con‑
cerns teachers’ knowledge for teaching problem solving (Chapman, 2013), including 
the capacity to analyse tasks, develop solution strategies, and mobilise concepts and 
procedures (Chapman, 2015; Schoenfeld, 1985). Consequently, pre-service teachers 
need experience solving problems from the solver’s perspective before introducing 
them successfully in classrooms (Thompson, 1985). In this study, however, we focus 
on their performance when solving FPs, rather than on problem-solving knowledge, 
competence, or ability as broader constructs.

In this sense, Segura and Ferrando  (2023)  defined pre-service teachers’ perfor‑
mance in solving FPs in terms of errors. They distinguished between strategic error, 
which prevents a valid strategy to obtain the estimate, and mathematical error, where 
a valid strategy is devised but an error occurs during its implementation. Strategic 
errors relate to difficulties in mathematising the real‑world situation, such as iden‑
tifying relevant variables or their relationships (Klock & Siller, 2020; Segura & 
Ferrando,  2023). In a study with pre-service teachers,  Segura et al. (2026) found 
that some mathematical errors were associated with difficulties in measurement and 
estimation of lengths and areas, which are important for successfully solving these 
problems.
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In  Segura and Ferrando  (2023)  framework, performance is low when strategic 
errors are made, medium when mathematical errors occur, and high when no errors 
are observed. Segura et al. (2023) further refined the analysis of error-free solutions 
by distinguishing between schematic and complete solutions. A schematic solution 
consists of a valid step‑by‑step description of the procedures needed to obtain the 
estimate, without carrying them out with numerical values; a complete solution 
involves the careful execution of the strategy with numerical estimates and measure‑
ments to compute a final value that can be validated. Using this distinction, Segura 
et al. (2023) found that many pre-service teachers did not reach the highest level of 
performance, even when solving near‑context and accessible FPs. In this study, we 
combine these two characterisations into four performance levels.

Interest and self-efficacy in problem solving

When solving problems, solvers’ cognitive activity is accompanied by beliefs, emo‑
tions and attitudes (McLeod, 1989; Schoenfeld, 2013). Empirical studies confirm 
that this affective system is related to problem-solving performance, with interest and 
self-efficacy playing a central role (Gasco & Villarroel, 2014; Nuutila et al., 2020).

Interest is a psychological state involving a positive emotional connection between 
a person and an object, fostering engagement (Hidi and Renninger, 2006). Here, we 
focus on situational or task-specific interest, that is, temporary engagement triggered 
by activity features (Harackiewicz et al., 2016). Such interest may relate to the per‑
ceived importance or usefulness of the problem context (Schulze Elfringhoff & Schu‑
kajlow, 2021), and enhance cognitive engagement and perseverance (Ainley et al., 
2002; Rellensmann & Schukajlow, 2017; Schukajlow et al., 2012).

Bandura (1997) defined self-efficacy as individuals’ beliefs in their capabilities to 
organise and execute the actions required to attain desired outcomes. In this study, 
task-specific self-efficacy refers to solvers’ confidence in their ability to solve the pro‑
posed FPs. Self-efficacy predicts performance (Honicke & Broadbent, 2016; Talsma 
et al., 2018) and, like situational interest, can vary according to task features (Street 
et al., 2024; Usher & Pajares, 2009). Students have been found to report lower inter‑
est and self-efficacy in real-world problems than in other problem types (Krawitz 
& Schukajlow, 2018; Rellensmann & Schukajlow, 2017; Schukajlow et al., 2012). 
However, pre-service teachers report higher interest in real-world problems than stu‑
dents (García-Cerdá et al., 2024), suggesting that motivational effects may depend 
on participants’ experience. In this regard, previous interest and mastery experiences 
may stabilise or increase solvers’ interest and self-efficacy in similar future problems 
(Bandura, 1997; Fryer & Shum, 2025; Usher & Pajares, 2009).

Outdoor problem‑solving setting

Effective training that supports pre-service teachers cognitively and affectively when 
solving real-world problems is key to bringing these problems to primary education 
(Geiger et al., 2022). While the classroom (indoors) is the traditional problem-solving 
setting, it requires solvers to mentally reconstruct the situation before mathematising 
it and developing a strategy (Sriraman & Knott, 2009). For near-context real-world 
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problems, outdoor settings at the actual problem location may provide more affor‑
dances for successful problem solving (e.g., Buchholtz, 2021; Hartmann & Schuka‑
jlow, 2021; Jablonski, 2023a; Segura et al., 2023).

An outdoor problem‑solving setting involves addressing the problem in the physi‑
cal space where the real‑world situation unfolds (Cross, 1997; Vale et al., 2019). 
Working outdoors can foster connections and the application of mathematical 
skills in meaningful contexts (Richardson, 2004). Indeed, studies show that solving 
real‑world problems outdoors supports the identification and estimation of data in 
situ, thereby facilitating the mathematisation of the situation (e.g., Buchholtz, 2021). 
In studies with secondary school students, Jablonski (2023b, 2023a) found that out‑
door solvers, compared with those reconstructing objects indoors from pictures, had 
more opportunities to perceive dimensions and shapes, measure or estimate directly, 
and obtain more realistic and accurate solutions.

Similarly, Segura et al. (2023) found that pre-service teachers solving near‑context, 
accessible FPs in the outdoor setting developed more complete solutions than those 
working indoors (see Sect. 2.3), suggesting limitations in mentally recreating even 
familiar real-world situations. Gallart et al. (2025) later reported that the outdoor set‑
ting promoted more realistic assumptions, thereby increasing accuracy. Producing 
more complete and accurate solutions may have implications for performance.

Few studies have examined whether outdoor and indoor settings differ in affective 
factors such as interest or self-efficacy. In studies with students, Hartmann and Schu‑
kajlow (2021) and Jablonski (2023a) found no setting effect on interest, concluding 
that the problem itself, rather than the setting, is crucial for interest and emotions. 
Evidence on self-efficacy is scarcer: in science education, Lindemann-Matthies et al. 
(2011) found that pre-service teachers reported lower self-efficacy outdoors, whereas 
Ayotte-Beaudet et al.’s (2017) review found no conclusive differences between 
indoor and outdoor problem solving.

AI‑supported problem‑solving setting

Recent research suggests that digitally supported problem solving also affects cogni‑
tive outcomes in real‑world problems, although effects on affective factors remain 
unclear (Cevikbas et al., 2023; Quarder et al., 2025). In a study with high-school 
students, Barlovits and Ludwig (2023) found that using digital tools improved per‑
formance in near-context real-world problems by supporting data collection and pro‑
cessing, but did not affect interest or self-efficacy. Similarly, studies on tools such as 
3D printing and apps show support for phases such as mathematisation and valida‑
tion, but no clear effects on interest or self-efficacy (Jablonski, 2023a, 2024; Jablon‑
ski et al., 2023). Finally, Quarder et al. (2025) reported that simulation‑based digital 
tools enhance pre-service teachers’ mastery of competencies for teaching real‑world 
problem solving.

The adoption of digital tools has positioned Artificial Intelligence (AI) as a criti‑
cal driver of educational transformation (Zhang & Aslam, 2021). Its impact has 
accelerated significantly with the emergence of large language models (LLMs), 
which have opened new opportunities (Lo, 2023) but have also generated sub‑
stantial ethical and operational challenges (Yu, 2023). These challenges also affect 
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higher education and pre-service teacher training (Korseberg & Elken, 2025; Lund 
& Wang, 2023). ChatGPT, introduced in 2022 as a widely adopted LLM-based con‑
versational AI model (Korseberg & Elken, 2025), is now pervasive in mathematics 
education, where students and teachers use it, among other purposes, to support 
problem solving (Pepin et al., 2024).

Fock and Siller (2025) note that most studies on the use of AI in STEM education 
focus on technical evaluation and tool development, identifying strengths in basic 
tasks but weaknesses in complex reasoning. Schorcht et al. (2024) similarly found 
that LLMs can solve some mathematical problems depending on domain and com‑
plexity. Beyond these technical issues, AI-based tools may pose risks to students’ 
autonomy and critical thinking (Fock & Siller, 2025; Yu, 2023), especially when 
uncritical use creates a black-box risk: students may rely on automatically generated 
results without engaging in the problem-solving process (Cevikbas et al., 2023).

Consequently, concerns remain about whether AI-based tools, including LLM-
based conversational systems, support solvers’ cognitive and affective processes, 
given the scarcity of empirical studies with students and teachers and the limited 
attention to non-cognitive variables (Fock & Siller, 2025). Canonigo (2024) docu‑
ments improvements in mathematical conceptual understanding and self-efficacy 
when AI tools are integrated with instructional design and teacher support. However, 
Dasari et al. (2024) found that exclusive reliance on ChatGPT led to poorer per‑
formance in mathematical problem-solving, despite positive perceptions of AI and 
greater confidence. On the other hand, Noster et al. (2024) found that pre-service 
teachers lacked prompting knowledge when using ChatGPT, leading to incorrect 
answers and responses that did not meet their expectations.

Regarding real-world mathematical problems, Spreitzer et al. (2024) have found 
that contextual complexity can compromise solution reliability. This pattern aligns 
with Fock and Siller’s (2025) scoping review, which documents limitations of AI-
based tools in tasks requiring spatial reasoning and mathematization from images 
or real-world contexts. López-Simó and Rezende (2024) observed similar limita‑
tions when LLM-based conversational systems such as ChatGPT address FPs, as 
responses are variable and may include errors related to imprecise estimations, incor‑
rect concept use, or miscalculations. Despite these challenges, Gallart et al. (2025) 
found that pre-service teachers with access to ChatGPT developed more complete 
solutions (Segura et al., 2023) than those solving such problems in classroom settings 
without digital tools.

Research questions and hypotheses

RQ1. What is the effect of the setting on pre-service teachers’ performance in solving 
near-context and accessible FPs?

H1: Pre-service teachers’ performance in solving near-context and accessible FPs 
will be higher when solving problems outdoors or with AI support than when solving 
the problem indoors.

Justification: Studies have found that students and pre-service teachers solve 
real-world problems more successfully outdoors than indoors (Buchholtz, 2021; 
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Jablonski, 2023b; Segura et al., 2023). Similarly, digital tools and AI-based tools 
have been shown to support problem-solving success (Barlovits & Ludwig, 2023; 
Canonigo, 2024; Gallart et al., 2025; Quarder et al., 2025). We have no empirical 
basis to hypothesise whether differences exist between solving FPs outdoors or with 
AI support, although some studies point to the limitations of AI-based tools for 
solving real-world problems (Fock & Siller, 2025; López-Simó & Rezende, 2024; 
Spreitzer et al., 2024).

RQ2. Does previous experience influence pre-service teachers’ performance in 
solving distant-context and complex FPs with AI support?

H2: The previous problem-solving setting will not significantly influence pre-ser‑
vice teachers’ performance when solving distant-context and complex FPs with AI 
support. However, when comparing performance between Phase 1 and Phase 2, we 
expect the greatest improvement among those who previously solved near-context 
and accessible FPs indoors.

Justification: No previous studies establish whether the setting in which pre-service 
teachers solve near-context and accessible FPs affects their subsequent performance 
when solving distant-context and complex FPs with AI support. However, because 
H1 predicts lower initial performance in the indoor setting, we anticipate an interac‑
tion effect whereby participants who previously solved near-context and accessible 
FPs indoors will show the greatest performance gains when solving distant-context 
and complex FPs with AI support.

RQ3. What is the effect of the setting on pre-service teachers’ interest and self-
efficacy in solving near-context and accessible FPs?

H3: There will be no significant differences in pre-service teachers’ interest and 
self-efficacy when solving near-context and accessible FPs across settings.

Justification: Research on outdoor versus indoor problem solving has found no 
differences in interest (Hartmann & Schukajlow, 2021; Jablonski, 2023a). Regard‑
ing self-efficacy, evidence is inconclusive when comparing outdoor and indoor 
settings (Ayotte-Beaudet et al., 2017), although some research suggests it may 
be somewhat lower outdoors (Lindemann-Matthies et al., 2011). Results are also 
inconclusive when using digital tools; while Barlovits and Ludwig (2023) found no 
differences in self-efficacy when solving real-world problems with apps, some stud‑
ies suggest that AI-supported problem solving can increase confidence (Canonigo, 
2024; Dasari et al., 2024).

RQ4. Does previous experience influence pre-service teachers’ interest and self-
efficacy in solving distant-context and complex FPs with AI support?

H4: The previous problem-solving setting will not significantly influence pre-
service teachers’ interest and self-efficacy when solving distant-context and complex 
FPs with AI support, although both will be overall higher in the second phase.

Justification: Given that our hypothesis establishes that there will be no signifi‑
cant differences in pre-service teachers’ interest and self-efficacy when solving near-
context and accessible FPs across settings (H3), we expect that the type of previous 
experience will not influence these affective factors when solving distant-context and 
complex FPs. However, as the problems in the first phase are accessible for pre-ser‑
vice teachers (Segura et al., 2023, 2026), previous research suggests that successful 
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problem-solving experiences can increase both interest and self-efficacy across all 
groups (Fryer & Shum, 2025; Usher & Pajares, 2009).

Method

Context and participants

The study was conducted with a sample of 137 pre-service teachers in their third year 
of the Degree in Primary School Education at the Faculty of Teacher Training (Uni‑
versitat de València, Spain). The average age of the participants is 22.2 years. The 
participants were finishing their degree, having all received homogeneous training in 
arithmetic, geometry, measurement, statistics and probability. All participants were 
informed about the purpose of the research and voluntarily participated in the study. 
Before starting, all participants registered on ChatGPT (version 3.5, free access) and 
were informed that they needed to bring a personal computer with internet access.

Design and procedure

To answer the research questions, we conducted a quasi-experimental study with a 
convenience sample of pre-service teachers. The study is divided into two phases, 
conducted in two one-hour sessions. In Phase 1, participants were randomly assigned 
to three problem-solving settings: indoor setting, outdoor setting, or AI‑support set‑
ting. 55 participants were assigned to the indoor setting, 41 were assigned to the 
outdoor setting, and 41 were assigned to the AI-supported setting. All participants 
answered an online questionnaire about their background solving real-world prob‑
lems to ensure comparability between problem-solving settings.

In the first phase, for one hour, participants in each setting solved the same four 
near-context, accessible FPs (see 4.3.2). In all three settings, participants received 
the problems on paper and had to develop an individual handwritten solution, but the 
conditions differed across settings. In the indoor setting, all 55 participants solved 
the FPs in the classroom without any support. The 41 participants in the outdoor 
setting solved the FPs outdoors, in the actual location of the problems, being able to 
perceive the environment’s dimensions in situ and move freely without restrictions. 
The 41 participants in the AI-supported setting solved the FPs indoors, but were able 
to access ChatGPT from their laptops, although they were not allowed to use any web 
browser or any other digital tool.

Then, in Phase 2, for one hour, participants solved two more complex, distant-
context FPs (see 4.3.2). All participants solved these two problems under the same 
AI-support conditions: indoors, developing the individual handwritten solutions, and 
being able to consult the system used in the AI-supported setting.

In Fig. 3, we present a diagram that summarises the two-phase study design.
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Tasks and instruments

Background questionnaire on real-world problem solving

The background questionnaire on solving real-world problems comprises six items 
rated on a five-point Likert scale (1 = strongly disagree, 5 = strongly agree). It assesses 
the frequency with which students solved real-world problems in their mathematics 
classes, including characteristics such as under-determination, over-determination, 
and open-endedness, allowing for multiple solutions or different results. The ques‑
tionnaire has been validated in previous studies (Rellensmann & Schukajlow, 2017).

Fermi problems

We administered a performance assessment consisting of six FPs. In Phase 1, par‑
ticipants had to solve four near-context, accessible FPs. Problems were presented 
in paper format with a statement, a photograph of their actual location, and a blank 
box for written solutions (see Fig. 1). All statements required participants to estimate 
a large number of elements on a rectangular area located in the Faculty of Teacher 
Training—a daily, familiar context for the students. These four FPs have been val‑
idated in previous studies (Segura & Ferrando, 2023;  Segura et al.,  2023, 2026), 
confirming their accessibility for pre-service teachers (see Sect. 2.2). All statements 
included explicit instructions for participants to document their assumptions, mea‑
surements, procedures, and calculations leading to the solution, rather than providing 
only the numerical estimate.

In Phase 2, participants had to solve two distant-context, complex FPs (see Fig. 2). 
Problems were presented in the same paper format as Phase 1. These FPs featured 
contexts that are not part of participants’ daily experience and are distant from their 
immediate environment. They are more complex than those in Phase 1, as they 

Fig. 3  Research design
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require a strategy with a greater number of assumptions, variables, and quantitative 
relationships (see Sect. 2.2).

Interest and self-efficacy questionnaire

Following each of the six problem statements, two items were included for partici‑
pants to self-assess—before solving the problems—their interest and self-efficacy 
regarding each problem. We used items developed in the study by Schukajlow et 
al. (2012), translated into Spanish and validated in previous works (García-Cerdá 
et al., 2024). The item assessing interest was “I think it is interesting to solve this 
problem”; and for self-efficacy, “I am confident that I can solve this problem”. Par‑
ticipants marked their degree of agreement on a 5-point Likert scale (1 = strongly 
disagree, 5 = strongly agree).

Measures

Interest and self-efficacy scales

Two affective dependent variables were derived from participants’ responses to the 
items regarding the problems: interest and self-efficacy. For each of these variables, 
we computed separate scale scores for both Phase 1 and Phase 2 by averaging par‑
ticipants’ responses across the FPs in each phase: the four near-context and acces‑
sible FPs in Phase 1 and the two distant-context and complex FPs in Phase 2. Table 1 
presents the reliability of the interest and self-efficacy scales, measured by Cron‑
bach’s alpha coefficient, for the FPs in Phase 1 and Phase 2. Although we must note 
the limitation of using only one item per scale per problem, reliability ranged from 
acceptable to good across all measures.

Performance measurement

Categories for coding performance were based, on the one hand, on Segura and Fer‑
rando''s (2023) distinction between strategic error and mathematical error, explained in 
subsection 2.3. On the other hand, we have also considered Segura et al.''s (2023) dis‑
tinction between a schematic and a complete solution (justified in Sect. 2.3). Accord‑
ingly, the two researchers coded the pre-service teachers’ performance in solving FPs 
on a scale of 0–3, as shown in Table 2.

Two researchers coded the solutions of 164 problems (20% of the total) inde‑
pendently to calculate the agreement with Cohen’s kappa and obtained κ = 0.92. 

Scale Number 
of items

Cron‑
bach’s 
α

Interest Near-context, accessible FPs 4 0.80
Distant-context, complex FPs 2 0.68

Self-efficacy Near-context, accessible FPs 4 0.83
Distant-context, complex FPs 2 0.72

Table 1  Reliability (Cronbach’s 
α) for interest and self-efficacy 
scales
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Therefore, the level of inter-rater agreement was very good. The coding of the 
remaining solutions was shared between both coders.

In addition, Cronbach’s alpha coefficient was calculated to determine the reliability 
of the performance scale (0–3). When calculated separately by phase, internal con‑
sistency was acceptable for the four FPs in Phase 1 (α = 0.71), but lower for the two 
FPs in Phase 2 (α = 0.56). This lower value should be interpreted with caution, given 
the small number of FPs included in Phase 2. Across the six FPs, the performance 
scale showed moderate internal consistency (α = 0.66). Moreover, the coding of per‑
formance according to strategic errors, mathematical errors, and the completeness 

Perfor‑
mance
(0–3)

Description Example

0 Strategic error. Blank solutions or incomplete math‑
ematical models because variables 
or relationships between variables 
are not defined; e.g. in the Porch 
problem (Fig. 1), a solver proposes 
to estimate the porch area and the 
area occupied by a person, but does 
not relate both variables by a divi‑
sion of measurements.

1 Valid strategy, 
but with math‑
ematical errors.

Strategy with measurement or 
measurement estimation errors (unit 
conversion, confusion of width and 
area, implausible estimates, etc.) or 
calculation errors (inversion error, 
etc.). For example, in the Porch 
problem, after obtaining that the 
area of the porch is 200 m2, it is 
written that this area must be divid‑
ed by the width of a person, 0.5 m 
(instead of the area they occupy).

2 Valid strategy 
without math‑
ematical errors, 
but schematic.

A valid and correct solution scheme 
is, for example: “First, I would 
estimate the width and length of 
the porch (in metres) and multiply 
them to get the area. Then I would 
consider that one square metre fits 3 
people. Finally, to get the total num‑
ber of people, I would multiply the 3 
people/m2 by the m2 of the porch”.

3 Valid strategy 
without math‑
ematical errors 
and complete.

A correct and complete solution 
would be: “Between each column of 
the porch there are about 7 metres, 
as there are 4 spaces between 
columns, I estimate the length of the 
porch to be 28 metres. The width 
will be about 7 metres as well. 
Therefore, the area of the porch is 
about 72 × 8 = 196𝑚𝑚2. I am 
going to assume that an average 
person occupies a square area of 0.5 
metres on a side, i.e. 0.25 m2. Then 
the total number of people is.”

Table 2  Coding, description 
and examples of categories of 
performance in solving FPs
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of valid solutions is grounded in previous studies that have used and validated this 
analytical framework with pre-service teachers solving FPs (Segura et al., 2026).

Data analysis

In this study, we have two nominal independent variables: the problem-solving set‑
ting (indoors, outdoors, AI-support) and the type of FPs (near and accessible; distant 
and complex). From the instruments and measures described above, we obtain three 
dependent scale variables: performance (0–3), interest (1–5), and self-efficacy (1–5). 
To answer RQ1 and RQ2, we fixed the problem variable (near-context and acces‑
sible FPs) and studied the effect of setting on the dependent variables using one-way 
ANOVA and post-hoc comparisons. If we fix the independent variable on the dis‑
tant context and complex FPs, then the setting corresponds to previous experience. 
Again, a mixed ANOVA analysis (between-subject and within-subject main effects, 
interaction effect) and post-hoc comparisons allow us to answer RQ3 and RQ4, ana‑
lysing the influence of previous experience on the dependent variables when partici‑
pants solve distant-context and complex FPs. These analyses assume normality and 
homoscedasticity in the distribution of the dependent variables but remain robust in 
cases where this is not satisfied (Rasch & Guiard, 2004). Table 3 presents the results 
of tests for normality and homoscedasticity for the variables involved in this study.

When homogeneity of variance was confirmed, standard ANOVA was conducted 
despite any violations of normality. When homoscedasticity was violated, Brown–
Forsythe ANOVA with Games-Howell post-hoc analyses were employed.

Results

Preliminary analyses

Table 4 presents the results of the background questionnaire on solving real-world 
problems for participants assigned to each of the three settings. 

A one-way ANOVA analysis revealed no significant differences in background 
solving real-world problems between participants in the three settings (F (2, 
136) = 1.86, p = .16), confirming that the three groups were comparable.

Performance in solving near-context and accessible FPs

Table 5 shows pre-service teachers’ average performance (0-3) in solving near-con‑
text and accessible FPs in the three problem-solving settings. 

We observe in Table 5 that the average performance is higher in the outdoor and 
AI-supported settings than in the indoor setting. Using the Brown–Forsythe ANOVA, 
we confirm that the setting has a large effect on pre-service teachers’ performance 
in solving near-context and accessible FPs, with F (2, 119.50) = 24.32, p < .001 and 
η2 = 0.24. Indeed, post-hoc Games-Howell analyses revealed that pre-service teach‑
ers’ performance indoors is significantly lower than outdoors (p < .001) and in the 
AI-supported setting (p < .001).
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Problem-solving setting Background solving real-world problems
Indoors 3.30 (0.52)
Outdoors 3.46 (0.39)
AI-supported 3.47 (0.56)

Table 4  Mean scores and stan‑
dard deviations of background 
in solving real-world problems

 

Variable Phase Setting Normality
(Shapiro-
Wilk test)

Homosce‑
dasticity
(Levene 
test)

Performance 1 Indoors No (p < 
.001)

No (p < 
.001)

Outdoors No (p < 
.001)

AI-support No (p < 
.001)

2 Previous 
indoors

No (p < 
.001)

No (p < 
.05)

Previous 
outdoors

No (p < 
.001)

Previous 
AI-support

No (p < 
.001)

Interest 1 Indoors Yes (p = 
.34)

Yes (p = 
.75)

Outdoors Yes (p = 
.12)

AI-support Yes (p = 
.06)

2 Previous 
indoors

No (p < 
.05)

Yes (p = 
.60)

Previous 
outdoors

No (p < 
.05)

Previous 
AI-support

No (p < 
.05)

Self-efficacy 1 Indoors No (p < 
.05)

No (p < 
.05)

Outdoors No (p < 
.05)

AI-support Yes (p = 
.06)

2 Previous 
indoors

No (p < 
.05)

No (p < 
.05)

Previous 
outdoors

No (p < 
.05)

Previous 
AI-support

Yes (p = 
.07)

Table 3  Normality and ho‑
moscedasticity analyses
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Performance in solving distant-context and complex FPs

Table 6 presents the average performance scores (0-3) of pre-service teachers in solv‑
ing distant-context and complex FPs with AI support according to previous experi‑
ence in Phase 1 of the study. 

We found a small effect of previous experience on subsequent performance solv‑
ing distant-context and complex FPs with AI support (Brown–Forsythe’s F (2, 
133.99) = 3.03, p < .05 and η2 = 0.04). Table 6 shows that pre-service teachers with 
previous outdoors experience achieved the highest performance in Phase 2. Post-hoc 
comparisons revealed that this difference was significant compared to pre-service 
teachers who had solved them indoors (p < .05).

In addition, we conducted a mixed ANOVA to analyse whether there are differ‑
ences in performance between previous experience (Phase 1) and experience solving 
complex distant-context FPs with AI support (Phase 2). The main effect (within-
subjects) shows that there are indeed differences in overall performance between the 
two phases (F (1,134) = 6.84, p < .01, η2 = 0.05), with higher overall performance in 
Phase 2. There is also an interaction effect with the type of previous experience (F 
(2, 134) = 6.00, p < .01, η2 = 0.08). Hence, post-hoc comparisons indicate that only 
pre-service teachers who solved near-context FPs indoors improve significantly in 
Phase 2 (p < .001), as can be clearly seen in Fig. 4. Conversely, those with previous 
experience in the AI-supported setting were the only group to show a slight decrease 
in performance.

Interest and self-efficacy in solving near-context and accessible FPs

Table 7 presents the average interest and self-efficacy ratings (1-5) of pre-service 
teachers in solving near-context and accessible FPs in the three problem-solving 
settings.

As shown in Table 7, there are clear differences in interest across the three prob‑
lem-solving settings. A one-way ANOVA revealed a significant effect of setting 
on pre-service teachers’ interest in solving near-context and accessible FPs (F (2, 

Previous experience Performance 
in distant-
context and 
complex FPs

Indoors 2.21 (0.95)
Outdoors 2.62 (0.76)
AI-supported 2.35 (0.75)

Table 6  Average performance 
(and standard deviation) in 
distant-context and complex 
FPs

 

Problem-solving setting Performance in 
near-context and 
accessible FPs

Indoors 1.59 (0.98)
Outdoors 2.42 (0.55)
AI-supported 2.47 (0.55)

Table 5  Average performance 
(and standard deviation) in near-
context and accessible FPs
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136) = 9.41, p < .001, medium to large effect size, η2 = 0.12). Post-hoc comparisons 
indicated that pre-service teachers’ interest indoors was significantly lower than out‑
doors (p < .001) and in the AI-supported setting (p < .01).

There are also significant differences in self-efficacy depending on the setting 
(Brown–Forsythe’s F (2, 130.19) = 5.54, p < .01, and medium effect size η2 = 0.07). 
Post-hoc comparisons indicated that pre-service teachers’ self-efficacy outdoors was 
significantly lower than indoors (p < .05) and in the AI-supported setting (p < .01).

Interest and self-efficacy in solving distant-context and complex FPs

Table 8 presents the average interest and self-efficacy ratings (1-5) of pre-service 
teachers in solving distant-context and complex FPs according to previous experi‑
ence in Phase 1 of the study. 

We found a strong effect of previous experience on pre-service teachers’ interest 
when solving distant-context and complex FPs with AI support (F (2, 136) = 10.74, 
p < .001, η2 = 0.14). Post-hoc comparisons revealed that pre-service teachers who 
previously had solved near-context FPs indoors showed significantly lower interest 

Previous experience Interest in distant-
context FPs

Self-efficacy 
in distant-
context FPs

Indoors 3.25 (0.91) 2.79 (1.13)
Outdoors 3.98 (0.74) 2.71 (1.11)
AI-supported 3.83 (0.76) 2.85 (0.81)

Table 8  Average interest and 
self-efficacy (and standard 
deviation) in distant-context and 
complex FPs

 

Problem-solving setting Interest in near-context 
FPs

Self-efficacy 
in near-
context FPs

Indoors 2.95 (0.95) 2.55 (1.09)
Outdoors 3.69 (0.79) 2.08 (0.90)
AI-supported 3.54 (0.91) 2.72 (0.72)

Table 7  Average interest and 
self-efficacy (and standard 
deviation) in near-context and 
accessible FPs

 

Fig. 4  Performance differences between Phase 1 and Phase 2
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in Phase 2 than those who had solved them outdoors (p < .001) and with AI support 
(p < .01).

Furthermore, the within-subjects main effect of the mixed ANOVA shows that 
overall interest was higher in Phase 2 than in Phase 1 (F (1,134) = 15.56, p < .001, 
η2 = 0.10). However, there is no interaction effect with the type of previous experi‑
ence (F (2, 134) = 0.006, p = .99, η2 = 0.00) because interest increased significantly in 
a similar way in all of them (around 0.3, as can be seen in Fig. 5).

Regarding pre-service teachers’ self-efficacy solving distant-context and complex 
FPs with AI support, there is no influence of the previous experience in Phase 1 
(Brown–Forsythe’s F (2, 125.52) = 0.21, p = .81 and η2 = 0.003).

However, the within-subjects main effect of the mixed ANOVA indicates that over‑
all self-efficacy was higher in Phase 2 than in Phase 1 (F (1,134) = 15.35, p < .001, 
η2 = 0.10). There is a trend of interaction effect with the type of previous experience 
(F (2, 134) = 2.84, p = .06, η2 = 0.04) because self-efficacy only increased significantly 
(0.63, see Fig. 6) among those who had the previous experience outdoors (p < .001).

Discussion

In the following, we address the research questions, comparing our results with the 
hypotheses.

What is the effect of the setting on pre-service teachers’ performance in solving 
near-context and accessible FPs?

Our results confirm H1: pre-service teachers’ performance in solving near-context 
and accessible FPs is higher when the problems are solved outdoors or with AI sup‑
port than when they are solved indoors. These findings are consistent with previous 
studies suggesting a facilitating role of both outdoor settings and digital tools (Barlo‑
vits & Ludwig, 2023; Quarder et al., 2025).

Fig. 5  Differences in interest between Phase 1 and Phase 2
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One possible explanation for the superior performance of pre-service teachers 
solving near-context FPs at the actual location is that the outdoor setting allowed 
direct data collection using non-conventional units (e.g., steps) and perception of 
real dimensions, which can facilitate mental benchmarks for estimation (Jablonski, 
2023b; Segura et al., 2026). Physically traversing the space—rather than mentally 
reconstructing it from photographs—may make magnitude perception more intuitive 
(e.g., distinguishing area from perimeter, width from surface) and support mathema‑
tization (Buchholtz, 2021; Jablonski, 2023a, 2024; Segura et al., 2023). Thus, the 
outdoor setting may support the use of measurement and estimation knowledge that 
has been identified as challenging for many pre-service teachers and is important for 
successfully solving FPs (Segura et al., 2026).

Higher performance in the AI-supported setting suggests several factors, some of 
which are potentially problematic. First, outperforming the indoor condition suggests 
that pre-service teachers may have employed appropriate prompting techniques for 
near-context and accessible FPs. For instance, they could prompt the AI system about 
how many people fit in a square meter or a column’s width to support their solution to 
the problem in Fig. 1. Notably, Noster et al. (2024) found pre-service teachers often 
struggle with effective prompting in mathematical problem-solving, yielding incor‑
rect answers. Thus, in the case of near-context FPs, the task characteristics may have 
facilitated more successful prompting.

Second, these results also suggest that access to an LLM-based conversational 
system may provide useful assistance for solving accessible FPs. While Schorcht et 
al. (2024) and Spreitzer et al. (2024) showed ChatGPT can solve real-world mathe‑
matical problems depending on complexity, Fock and Siller (2025), and López-Simó 
and Rezende (2024) warned of limitations in spatial skills and mathematising real‑
ity, including risks of imprecise estimates, calculation errors, or unreliable solutions. 
Here, performance in the AI-supported setting matched outdoor solving and exceeded 
indoors, suggesting that the AI system may have supported magnitude perception and 
data quantification (Gallart et al., 2025), or even allowed some participants to solve 
FPs by delegating part of the process.

Fig. 6  Differences in self-efficacy between Phase 1 and Phase 2
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If the AI system can generate complete solutions to these problems, this introduces 
a third problematic aspect: improved performance will only translate into improved 
learning if pre-service teachers use AI support responsibly and autonomously (Cano‑
nigo, 2024; Fock & Siller, 2025; Yu, 2023), without fully delegating problem-solving 
to it (Cevikbas et al., 2023). To examine this, qualitative or mixed-methods stud‑
ies are needed to analyse participants’ interactions with the AI system through their 
prompts (Noster et al., 2024).

 Does previous experience influence pre-service teachers’ performance in solving 
distant-context and complex FPs with AI support?

In the first part of our H2, we expected pre-service teachers’ performance on distant-
context and complex FPs with AI support to be equivalent across settings from Phase 
1. However, results show that those who had previously solved near-context and 
accessible FPs outdoors performed significantly better in Phase 2.

One possible interpretation of this transfer is that the outdoor setting, as discussed 
in Sect. 6.1, may promote strategies based on more realistic assumptions (Gallart et 
al., 2025; Segura et al., 2023). Solving Fermi problems outdoors may require solvers 
to engage more directly with the physical situation than solving them indoors or with 
AI support, as perceiving real space involves more than mentally reconstructing the 
situation from photographs or relying on AI-generated guidance. This may lead to 
more complete solutions rather than schematic ones (Gallart et al., 2025; Jablonski, 
2023b; Segura et al., 2023). From this perspective, participants with previous outdoor 
experience may have been better prepared for complex FPs like the furniture store 
capacity problem (Fig. 2), which requires considering a larger number of variables 
and assumptions (Albarracín et al., 2022).

This finding also contrasts with the expectation that participants in the AI-sup‑
ported setting in Phase 1, through prior prompting practice, would outperform the 
other groups in Phase 2, where all participants solved distant-context and complex 
FPs with AI support. It is possible that these participants developed some prompting-
related familiarity during Phase 1. However, this possible advantage did not translate 
into higher performance in Phase 2 compared with the outdoor group. One possible 
explanation is that the outdoor setting may have fostered greater autonomy, whereas 
some participants in the AI-supported setting may have relied too heavily on the AI 
system, potentially limiting learning (Dasari et al., 2024). In this sense, meaningful 
gains may depend on integrating AI support into their own problem-solving process 
rather than delegating the process to the system (Canonigo, 2024). Future qualitative 
or mixed-methods studies could examine this issue further by analysing participants’ 
prompts and their interactions with the AI system.

Regarding the second part of our H2, pre-service teachers in the indoor setting 
showed the largest performance gain in Phase 2. This was statistically expected, as 
they started from significantly lower Phase 1 scores but reached levels similar to 
those of participants in the AI-supported setting in Phase 2. Thus, previous experi‑
ence in the AI-supported setting did not appear to provide an additional advantage 
in this comparison. This may suggest that pre-service teachers can develop effective 
prompting while working directly on complex FPs with AI support, although this 
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should be confirmed through analysis of prompt–response interactions. Therefore, 
while AI support may remain valuable as real-world problem complexity increases 
(Spreitzer et al., 2024), Phase 2 gains alone do not confirm equivalent development in 
pre-service teachers’ FP-solving performance, given the black-box risk from uncriti‑
cal digital tool use (Cevikbas et al., 2023; Fock & Siller, 2025).

 What is the effect of the setting on pre-service teachers’ interest and self-efficacy 
in solving near-context and accessible FPs?

Our H3 posited that there would be no differences in pre-service teachers’ interest and 
self-efficacy when solving near-context and accessible FPs across settings, but our 
results contradict these expectations.

Regarding interest, it is significantly lower among indoor setting participants, dif‑
fering from prior studies that found no differences in students’ interest in solving 
real-world problems indoors, outdoors, or with digital tools (Hartmann & Schuka‑
jlow, 2021; Jablonski, 2023). One explanation for this difference is that our study 
focuses on pre-service teachers, whereas those studies involved secondary students, 
who have been found to show lower interest in real-world problems (García-Cerdá 
et al., 2024). In this sense, solving problems outdoors emphasizes their authentic‑
ity, thereby activating pre-service teachers’ prior interest in real-world mathematical 
problems. Greater interest in solving FPs with AI support may stem from the novelty 
of this digital tool compared to those in other studies (e.g., 3D printing in Jablonski, 
2023b, 2024). Overall, our findings align with Hidi and Renninger’s (2006) emphasis 
on the learning setting’s role in arousing interest.

Regarding self-efficacy, we found it significantly lower among pre-service teach‑
ers who solved problems outdoors, despite their superior performance. We expected 
similar self-efficacy across settings, as in prior studies (Ayotte-Beaudet et al., 2017; 
Barlovits & Ludwig, 2023), though works like Canonigo (2024) and Dasari et al. 
(2024) report greater confidence with AI support. Our findings do not fully align with 
these either, as self-efficacy in the AI-supported setting is not significantly higher 
than indoors.

Lower self-efficacy when solving FPs outdoors may arise from greater aware‑
ness of the challenge in the actual location, where the scenario may appear more 
complex than when it is mentally reconstructed from photographs. Indeed, Segura et 
al. (2023) demonstrated that solving FPs outdoors leads participants to incorporate 
unanticipated contextual features that were overlooked during prior indoor solving: 
for example, in Fig. 1’s problem, outdoor solvers noticed revolving doors and bins 
occupying space—details not obvious from the photo, despite its familiarity. Since 
outdoor settings may require more realistic assumptions and thorough mathematiza‑
tion (Gallart et al., 2025), it is understandable that solvers may feel less confident 
(Lindemann-Matthies et al., 2011). Yet this lower self-efficacy does not impair inter‑
est or performance, suggesting that such challenge awareness is beneficial.
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 Does previous experience influence pre-service teachers’ interest and self-
efficacy in solving distant-context and complex FPs with AI support?

Although the first part of our H4 predicted that self-efficacy and interest would 
remain similar across all settings in Phase 2, we found that previous experience 
was associated with subsequent interest. Pre-service teachers from the indoor set‑
ting experienced lower interest than the other settings, and this lower interest per‑
sists when solving distant-context and complex FPs with AI support, despite similar 
gains across the three settings. Since those who solved near-context and accessible 
FPs in outdoor and AI-supported settings showed higher interest and better perfor‑
mance initially, prior situational interest (Harackiewicz et al., 2016) and success 
may predict sustained situational interest, aligning with recent findings by Fryer and 
Shum (2025).

Regarding self-efficacy, our results align with H4: there is no evidence that self-
efficacy from the previous experience transferred to later self-efficacy when solving 
distant-context and complex FPs. This occurs because the self-efficacy gain is much 
greater for outdoor setting participants, who started from lower levels but equalised 
with the other two settings in Phase 2.

Our findings confirm the second part of H4, as both interest and self-efficacy were 
globally higher in Phase 2. The overall increase in interest may be explained by dis‑
tant-context and complex FPs—such as a concert in a football stadium or the capac‑
ity of a furniture store—aligning better with participants’ sources of interest (Schulze 
Elfringhoff & Schukajlow, 2021) than the near-context and accessible FPs—like 
estimating people on a porch or counting blades of grass in a garden. These distant 
and complex problems might be perceived as more relevant to their lives or to soci‑
ety (Maaß et al., 2019). Future studies could examine this further by analysing task 
value across both types of experiences (Böswald & Schukajlow, 2023; Krawitz & 
Schukajlow, 2018).

Additionally, the overall increase in both interest and self-efficacy in Phase 
2 may also be explained by participants’ previous experience with accessible 
FPs, which enabled them to build more stable values for these affective variables 
(Bandura, 1997; Fryer & Shum, 2025; Usher & Pajares, 2009).

Conclusions, limitations, and future directions

Our results show that the setting shapes pre-service teachers’ performance, inter‑
est, and self-efficacy when solving real-world problems. For near-context, accessible 
Fermi problems, performance and interest are higher outdoors or with AI support 
than indoors, whereas self-efficacy is lower outdoors. In the subsequent phase, when 
solving more complex Fermi problems with AI support, only those who previously 
worked outdoors exhibit superior performance; interest differences persist, with 
lower levels among those who started indoors, while the self-efficacy of those who 
worked outdoors levels out with the rest. Taken together, these findings suggest that 
combining outdoor real‑world problem solving with AI‑supported approaches can be 
beneficial for pre‑service teachers’ own task-solving performance, interest, and self-
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efficacy. More cautiously, this combination may also be relevant for preparing them 
to implement Fermi problems in schools, provided that teacher education explicitly 
promotes responsible use and preserves autonomous decision‑making.

These conclusions should be interpreted with caution. Our sample comprised pre-
service teachers from a single Spanish university; extending the study to other insti‑
tutions would improve representativeness. The results should also be supplemented 
with qualitative work that examines which features of the setting influence solvers’ 
cognitive and affective processes, and how. Accordingly, the single‑item, per‑problem 
self‑reports of interest and self‑efficacy should be complemented with richer observa‑
tions of affective dimensions. Regarding performance, our quantitative design does not 
reveal the specific role played by AI in problem solving. Future research should adopt 
qualitative or mixed‑methods approaches (e.g., analyses of prompt–response logs) to 
study interactions with the AI system during the solution process. Finally, in line with 
recent work by Bastani et al. (2025)—which finds that requiring solvers to use AI sup‑
port can depress subsequent performance once they stop using it, compared with those 
who never used it in the first place—it would be valuable to track pre‑service teachers’ 
Fermi problem-solving performance and autonomy longitudinally.
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