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Abstract Our research project aims to integrate inferential statistics into the Hungarian secondary
school curriculum. Between 2019 and 2023, we developed and tested an experimental curriculum
incorporating simulations and Excel-based calculations. This approach addresses broader challenges in
understanding statistical inference and presents our strategies for designing an experimental seminar for
in-service teachers. The underlying principles of the curriculum are inspired by Complex Mathematics
Education, a long-term initiative rooted in the ideas of Tamés Varga. Using a pre-post-test design and
semi-structured teacher interviews, we evaluated the curriculum’s feasibility. Feedback indicates that
our revised approach and materials align well with the current Hungarian curriculum reform. Findings
across the project’s phases suggest that, with adequate technical support and sufficient practice tasks,
even complex statistical concepts can be successfully taught to beginners. This approach supports diverse
learner profiles and accommodates varying levels of prior knowledge and ability across schools. The
article presents key insights from our teacher-training efforts over three phases, involving a total of 32
educators.
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Résumé Notre projet de recherche vise a intégrer la statistique inférentielle dans le programme sco-
laire secondaire hongrois. Entre 2019 et 2023, nous avons élaboré et testé un programme expérimental
qui integre des simulations et des calculs réalisés a 1’aide d’Excel. Cette approche aborde les défis géné-
raux liés a la compréhension de 1’inférence statistique et nous permet de présenter nos stratégies pour la
conception d’un séminaire expérimental destiné aux enseignants exercant leur profession. Les principes
fondamentaux du programme s’inspirent de 1’enseignement des tdches complexes en mathématiques,
une initiative a long terme fondée sur les idées de Taméas Varga. A I'aide d’un protocole d’évaluation
fondé sur un test de style avant-apres et des entrevues semi-structurées menées aupres des enseignants,
nous avons évalué la faisabilité du programme. La rétroaction regue indique que notre approche et nos
supports pédagogiques révisés s’inscrivent parfaitement dans le cadre de la réforme en cours du pro-
gramme scolaire hongrois. Les résultats obtenus au cours des différentes phases du projet suggerent
qu’avec un soutien technique adéquat et suffisamment d’exercices pratiques, méme des concepts statis-
tiques complexes peuvent étre enseignés avec succes a des débutants. Cette approche s’adapte a des pro-
fils d’apprenants variés et sied a différents niveaux de connaissances et de compétences préalables dans
les écoles. Nous présentons dans 1’article les principales conclusions tirées de nos efforts de formation
aupres des enseignants menés sur trois phases, impliquant au total 32 d’entre eux.

Keywords Bayesian inference - Curriculum reform - Design-based teaching - Statistical hypothesis
testing - Teacher beliefs - Task systems in mathematics education

Introduction and Theoretical Background

Since 2021, Hungary has undergone a major reform of the national curriculum and final exams, with
ongoing revisions to fine-tune the changes. Amid this reform, a key question arises: How can inferential
statistics be taught feasibly? In response, we designed a curriculum and developed seminar materials
on inferential statistics aligned with the reform. To contextualise our vision, we outline the historical
development of statistics education and explore curricular design options (section “Introducing Statistical
Inference into Secondary School Curricula”). Common conceptual challenges in statistical inference, as
highlighted in the literature, help clarify our approach (section “Empirical Studies Unveiling Learner
Challenges in Inferential Statistics”). We then present the study’s goals and research questions (section
“Goal of the Study and Research Questions™).

Introducing Statistical Inference into Secondary School Curricula

Probability and statistics are vital for students’ future careers, as reflected in projected job growth rates of
35% for data scientists and 32% for statisticians (Bureau of Labor Statistics, n.d.), and broader discussions
such as Alpana (2017). Yet, statistical inference receives little attention in secondary education (Ministry
of Education of Hungary, 2021). This article explores strategies for integrating inference into the
secondary school curriculum. Globally, probability education has roots in combinatorics (Dinges &
Rost, 1982). In the 1960s, the New Math movement used probability to exemplify axiomatic structures.
By the 19705, however, New Math had faded, replaced by a “back to basics” push (Klein, 2003). Rising
interest in real-world applications led to a curricular shift from probability to descriptive statistics.
Freudenthal’s (1973) Realistic Mathematics Education (RME) may have influenced this shift. Truran
(1995) cites a pragmatic reason: descriptive statistics is considerably easier to teach. The introduction
of inference, however, generated didactic disagreement. Some (e.g. Cobb, 2007) argue that inference
can emerge entirely from data analysis, while others (e.g. Borovenik, 2011) maintain that probability is
essential for understanding statistical inference.
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Despite its importance, inference — introduced into curricula in the 1990 s — posed challenges due
to its complexity, especially when extended to hypothesis testing, p-values, and confidence intervals
(Thompson et al., 2007). These methods have also been widely debated (e.g. Hubbard & Bayarri, 2003).
Attempts to simplify instruction during the 1990 s reflected educators’ awareness of students’ difficulties
(e.g. Biehler, 1991). At the same time, interest in the Bayesian perspective grew, raising questions about
its integration and decision-theoretic aspects (Witmer et al., 1997). Yet both Bayesian and classical
inference faced curricular obstacles (Freedman, 1997; Albert, 1995). In response, alternative approaches
emerged, including simulation-based methods (Batanero et al., 2005) and contextualised scenarios that
give concepts natural — if limited — meaning. As Kang et al. (2019) note, contextual framing shapes
understanding and promotes more direct learning.

Despite differing perspectives, the importance of teaching statistical inference is widely acknowl-
edged. Yet, balancing complexity and comprehensibility remains a core challenge in curriculum devel-
opment. Our project addresses:

e Designing a feasible approach to inference.
e Revising materials based on teacher feedback.
e Identifying educators’ needs for effective instruction.

The curriculum was expanded and refined through input from teachers and students. The 2019 semi-
nar piloted the programme with four teachers. The 2022 seminar, delayed by the pandemic, involved
nine teachers and used pre-teaching questionnaires. In 2023, 19 teachers explored a parallel approach
to classical and Bayesian inference. We aim to show the curriculum board the value of including
inferential statistics.

Empirical Studies Unveiling Learner Challenges in Inferential Statistics

Understanding inferential statistics presents significant challenges for learners, as shown in multiple
studies (Batanero et al., 2020; del Mar Lopez-Martin et al., 2019; Lugo-Armenta & Pino-Fan, 2021).
Case and Jacobbe (2018) note that students often perceive “[p-values as] a tool for making decisions
about the null hypothesis or a way to quantify the strength of evidence, but lack an integrated conceptual
understanding of what the p-value represents” (Aquilonious & Brenner, 2015, p. 1).

Even with targeted instruction, difficulties persist (delMas et al., 2007). Lane-Getaz (2017) categorises
these into issues with terminology, conceptual relationships, inferential logic, and p-value interpretation
— while noting that type II errors are often ignored. Nilsson (2020) observes students’ preference
for contextual over probabilistic reasoning. Didactic literature discusses when and how context or
assumptions about the parent distribution distract students from judging sampling variability. Burrill
and Biehler (2011) emphasise “the relation between samples and the population and the essence of
deciding what to believe from how data are collected to drawing conclusions with some degree of
certainty” (p. 63), without clarifying this “degree of certainty”. They cite Harradine et al. (2011),
who focus on “understanding [the roles of] the null and alternative hypotheses™ (p. 240), referencing
Vallecillos (1999), who highlights the specific issue of misinterpreting the “significance level as simple
[unconditional] probability of the null hypothesis” (p. 2) in significance testing.

First, Burrill and Biehler (2011) misleadingly describe the correctness of decisions as a “degree of
certainty”, a notion incompatible with classical inference. In the classical framework, hypotheses do
not carry probabilities; rather, the probability refers to the long-run performance of the method when
applied repeatedly. If they intended to reference subjective credibility in a Bayesian sense, their argu-
ment would align with Bayesian inference — which they do not pursue. Second, a chain of references
attempts to explain the logic of inference, but none addresses its core conceptual difficulties in depth.
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What remains missing is a clear articulation of the key elements of inferential logic, along with
structured learning paths that support understanding while avoiding common misconceptions. Although
students may misunderstand the evidentiary role of hypothesis testing, a correct view of that role does
not ensure comprehension of conditional error probabilities. Misunderstandings — such as the fallacy
of the transposed conditional, often transferred to p-values — persist unless students grasp conditional
probabilities (Batanero et al., 2015, p. 7). Yet, such components represent only isolated fragments of
inferential logic. Concepts like type I and II errors and their interplay illustrate deeper structural rela-
tionships within the logic of inference. Most studies omit Bayesian reasoning. Our curricular reform is
driven by Rossman and Chance’s (1999) “Top Ten” recommendations. In the long term, we advocate
for a parallel introduction of classical and Bayesian inference to enhance teacher preparation (Vancso,
2009). While Bayesian methods are taught at the university level (Albert, 1997, 2002; Berry, 1997;
Hoegh, 2020; Berg & Hawila, 2021), their integration into secondary education remains largely unex-
plored. Migon and Gamerman (1999) offer a parallel framework for university education. Wickmann
(1991) provides a Bayes-only approach to inference at school level accompanied with a programme for
outsourcing the required calculations — highly innovative and ahead of the digitalisation of teaching in
the early 2000’s.

The parallel approach to inference employs both classical and Bayesian methods to address the same
problem, aiming to enhance understanding of core concepts, underlying assumptions, and methodologi-
cal limitations. We do not seek to synthesise the approaches, as this would risk conceptual incoherence.
Rather, the comparison highlights distinct inferential frameworks and their boundaries (see Borovcnik,
2021). Instead of engaging deeply with foundational controversies, we illustrate key critiques of classical
inference through selected quotations:

¢ No conditioning on observed data:

The most fundamental limitation of standard frequentist inference is that it does not
condition on the observed data. The resulting paradoxes have sparked a philosophical debate that
statistical practitioners have conveniently ignored (Wagenmakers et al., 2008, p. 181).

e (Confusion from mixed frameworks:

[...] this mixing has resulted in widespread confusion over the interpretation of [Fisherian]
p values and [Neyman-Pearson] « levels. (Hubbard & Bayarri, 2003, p. 171).

e Ignoring uncertainty in alternatives:

This type of analysis does not take into account uncertainty for the alternative value. [...]
The replication probability, which is related to power, is the probability that rejection of the null
hypothesis would be achieved (or not) if data collection were conducted a second time (Kruschke,
2010, p. 296).

The longstanding debate between classical and Bayesian inference has spotlighted issues like com-
putational demands and differing uses of conditional probability (Moore, 1997; Witmer et al., 1997).
Classical inference is conceptually complex, whereas Bayesian methods offer conceptual clarity but
computational intensity (cf. Myung et al., 2008, p. 312). Proposed solutions include Wickmann’s (1990)
Bayesian-only approach, simulation-based inference (Cobb, 2007), context-embedded strategies (Batan-
ero & Borovenik, 2016; Vancso et al., 2021), and connecting classical tests to Bayes’ theorem (Wolpers
& Gotz, 2002). Following Barnett (1999), we integrate subjective probability and employ Excel and
GeoGebra (Vancso et al., 2018), alongside simplification strategies from Gigerenzer’s work (Hoffrage
et al., 2015; Mellers & McGraw, 1999).
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Goal of the Study and Research Questions

Teacher education in Hungary is heavily theory-oriented. In probability, prospective teachers study
discrete (hypergeometric, binomial, uniform) and continuous distributions (uniform, exponential,
normal), as well as simplified versions of the Law of Large Numbers and the Central Limit Theorem
(Bernoulli’s version), typically in a two-hour lecture and seminar. Combinatorics is taught within discrete
mathematics. However, inferential statistics was introduced to mathematics-teacher education only
within the past decade. It is taught as part of advanced mathematics, covering confidence intervals and
standard tests (Gauss, -, chi-squared, F-test). Didactical aspects of probability and statistics are generally
excluded from university teacher education. Concerning didactics in general, teacher students delve into
it for four semesters, covering curriculum development, evaluation, lesson planning and didactic material
(details may be found in Dobos et al., 2001; Gordon Gyori et al., 2020; Novotna et al., 2021). In the
fifth semester, they undergo a six-month practicum at a specialised school. Collaborating with a senior
teacher, they teach 15 classes and observe 45, engaging in extensive discussions about the classroom
dynamics. They may address topics related to probability and descriptive statistics, but not inferential
statistics, as this is not yet part of the high-school curriculum.

This study investigates whether a newly developed curriculum on inferential statistics is feasible
within Hungary’s educational context, considering its institutional structure and culturally rooted teacher
beliefs. Despite the complexity of the long-term project, clear interconnections exist among stakeholders
(teacher educators, experimental teachers, in-service teachers, and students).

Our core research questions are:

1. To what extent is the suggested curriculum for teaching statistical inference acceptable and feasible
for teachers? Is the proposed curriculum — including content, task systems, media, and teaching
methods — feasible for Hungarian teachers introducing inferential statistics at the high-school
level? Can inferential statistics be taught meaningfully without a full mathematical background?
Can teachers be convinced that it is a valuable topic for the final examination?

2. Is the Bayesian way in parallel to classical inference useful to understand concepts of either side?
Does teaching Bayesian inference alongside classical methods improve conceptual understanding?
Does it help convince teachers that inference is feasible and pedagogically legitimate?

3. What additional support do teachers need for teaching statistical inference? What additional support
is required for teachers to adopt and implement the curriculum?

This study explores both teachers’ and learners’ challenges and presents principles guiding our
curriculum-design research. We focus on the impact of the material and seminars on teachers’ skills
and attitudes. Our twofold aim includes (1) a theoretical rationale — examining how introducing a new
curriculum affects teachers and students, and identifying key curriculum features that influence success;
and (2) a policy rationale — providing evidence for decision-makers and evaluating whether the cur-
riculum can be scaled across schools and contexts, based on teacher feedback and student performance.
Rather than seeking simple yes/no answers, the study examines degrees of acceptance, epistemological
alignment, and the conditions under which curriculum innovation becomes both teachable and scalable.

Design, Content, and Evolution of the Teacher Seminars
We provide background on the design of our seminars (Section “General Background of the Seminars”)

and present task systems that highlight interrelations between classical and Bayesian inference (Section
“The Parallel Approach Towards Statistical Inference”). The training initially introduced hypothesis
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testing through examples like the chi-squared test. Following teacher feedback, we incorporated more
inference problems solvable by combinatorial reasoning and extended the programme to include
Bayesian methods taught in parallel with classical approaches. This parallel structure supports a deeper
understanding of both.

General Background of the Seminars

We outline the curriculum design and its evolution across seminar phases, consistent with design-
research principles. The seminars included three segments: an introduction, core instructional content,
and technical aspects of measuring and evaluating learning outcomes. The introductory segment covered
the rationale for experimental teaching, including a brief history of statistics education in Hungary and
the introduction of hypothesis testing in schools. The final part detailed the experimental curriculum,
supplementary materials, and tools for evaluating student understanding. The central segment focused
on instructional content and methods, offering a comprehensive overview of hypothesis testing: null
and alternative hypotheses, type I and type II errors, significance levels, decision criteria using p-values
or critical values, and interpretation of decisions. We introduced examples solvable via combinatorial
methods and taught the chi-squared test for independence and goodness of fit. To broaden understanding,
we addressed all three interpretations of probability — classical, frequentist, and subjective (Carranza
& Kuzniak, 2008) — through the “medical-test paradox” (Lu, 2020), also presenting Bayesian alterna-
tives to classical methods.

Phase 1 (2019), held in Budapest, introduced statistical inference and the chi-squared goodness-of-fit
test (Fejes-T6th, 2020). Phase 2, with nine teachers, expanded to an 8-h format for deeper engagement.
It added combinatorial problems (Fejes-T6th et al., 2022) and introduced the Bayesian formula in the
context of medical diagnostics.! Rather than solving problems, teachers explored scenarios described
by the formula (Gigerenzer, 2003) and learned the interpretation of related conditional probabilities
(Falk, 1989). While we addressed Bayesian inference conceptually, no problem-solving was required.
Feedback emphasised the need for more mathematical background and time. Teachers also requested a
wider variety of tests to understand the range of inferential methods.

Phase 3 preparations began in spring 2023. Seminars in August (11 teachers in Békéscsaba, eight in
Miskolc) extended to 16 h based on previous feedback. We added more detail on classical inference,
including one- and two-sample f-tests, F-tests (Freedman et al., 2007), and ANOVA (Johnson, 1989),
aiming to enrich background knowledge not for classroom use. A Bayesian extension of the classical
coin-flipping problem was also introduced. Teachers examined philosophical differences between clas-
sical and Bayesian inference and explored prior and posterior distributions, focusing on their interpreta-
tion. The concept of a subjective prior — representing prior knowledge about the probability of Heads
— was discussed (Albert, 1995). A consistent takeaway across all phases was the importance of digital
tools. Teachers unanimously agreed that software like Excel is indispensable for teaching inference.

The Parallel Approach Towards Statistical Inference

In the third phase of the project, we extended the seminar duration to allow for broader delivery of the
envisioned curriculum, including parallel instruction in classical and Bayesian inference. We focused
on a key example where a prior distribution is defined over a few discrete values for the probability of
Heads in a coin toss. While classic problems like Lady Tasting Tea (Fisher, 1971) illustrate significance

! Hereby, we focused on accurately interpreting the posterior probability of having the disease under scrutiny when the
diagnosis is positive (which means it indicates the presence of this disease).
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testing well, they do not readily support Bayesian modelling. Instead, we used a task system based on
two coin-tossing problems to highlight core differences between classical and Bayesian approaches. We
also included a medical diagnostics scenario to illustrate parallel teaching of inference in greater detail.

Classical Solution

A coin is flipped 100 times, resulting in 63 Heads and 37 Tails. This raises the question: Is the coin fair?
The null hypothesis H;, states the coin is fair, with equal probabilities for Heads and Tails. The alterna-
tive H, negates the null: The coin is biased. We investigate two different ways to answer the question.

Utilising the Binomial Distribution to Depict the Coin’s Behaviour Under the Null Following
Fisher’s (1971) significance test, we compute the “discrepancy” between the observed result and the
null. Under the assumption that the null hypothesis holds, the sampling distribution of the number
of Heads follows a binomial distribution with p=0.50. Consequently, the probability of obtaining
63 or more Heads in 100 tosses is 0.0120 (two-tailed, see Fig. 1(a and b)).

The likelihood of obtaining such a different result from the expected outcome on the basis of the
null is very low. Thus, at the 0.05 significance level, we reject the null that the coin is fair (the p-value
is 0.012):

< 37
- 100 k| 100-k _ _2 100\ _
p= 22(:) < L )0.50 050! = ; L ) = 00120.

Goodness-of-Fit Test The chi-squared test assesses the disparity between observed frequencies (f;)
and those to be expected under the null (n p;) using a “standardised” Euclidean distance (Fig. 2(a)):

v ﬁ (h=np) _ (63-50°  (B7-507 _

6.76.
p np; 50 50

If the observed y? exceeds the critical threshold of 3.84 (Fig. 2(b)), we infer — at the 0.05 significance
level — that the coin is not fair. While the binomial model is more accessible for the school settings,
the chi-squared distribution poses greater conceptual demands. Nevertheless, the statistics are simple to
compute, and the null distribution can be effectively approximated through simulation (Batanero et al.,
2005), providing empirical estimates to the critical values shown in Fig. 2(b).

P(k) Distribution of Heads under H, Critical values for the exact test
0.10 Bin (n =100, p = 0.5) K Pk Oneralled two-taied
P(x <k) 2 xP(x <k)
36 0.0016  0.0033 0.0066

0.06
. : 0.0027  0.0060

0.08

0.04 38 0.0045 00105  0.0210
0.02 : ” h | 39 00071 00176  0.0352
0.00 —eeeess ?MI h]lh eveeeck  1_40_| 00108 00284 |_0.0569 |
30 40 50 60 70 41 0.0159 0.0443 0.0886
a b

Fig. 1 (a) Distribution of Heads under the null. (b) Critical values for the exact test
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Critical values of chi-sqared distribution
df\ o 0.001 0.01 0.05 0.10

Frequencies Heads Tails All 1 10.83 6.63 2.71
Observed 63 37 2 | 1382 9.21 5.99 4.61
Expected 50 50 | 100 3 | 1627 1134 781 6.25
a 4 18.47 13.28 9.49 7.78
5 20.52 15.09 11.07 9.24
b
Binomial distribution Multiplication Rule Bayes rule

Coin Prior(Coin) P(Head| Coin) P(X < 37| Coin) Prior(Coin) x P(X < 37| Coin) Posterior(Coin)
A 1/3 0.55 0.00022 0.00007 0.0031
B 1/3 0.50 0.00602 0.00201 0.0844
C 13 045 0.06507 0.02169 0.9125

1 - - 0.02377 1

Cond. Prob. of Data Total probability of Data

[

Fig. 2 (a) Observed vs expected frequencies. (b) Critical values of chi-squared distribution. (¢) Scheme for the cal-
culation of the posterior probability of the coins A—C from their prior and the binomial probability of the data:
Data = (X,oy < 37)

Bayesian Approach

In a Bayesian framework we consider three coins — A, B, and C — where B represents the fair coin
with a 0.50 probability for Heads. A and C differ slightly:

P(Heads|Coin A) = 0.55, P(Heads|Coin B) = 0.50, P(Heads|Coin C) = 0.45

We adopt a simpler prior than that used by Albert (1995), embedding the problem into the following
experiment: one of the three coins is randomly selected, each with a probability of 1/3, and flipped 100
times. “If we observe 37 Heads, which coin is most likely flipped?” Intuitively, Coin C seems most
plausible. “How sure can we be about this?” Initially, each coin had an equal prior probability. After
observing the outcome, the posterior probability for each coin is updated using Bayes’ rule. For Coin
B (the fair coin), we obtain (see Fig. 2(c), last column):

P(Data|Coin B) x P(Coin B) _ 0.00201
P(Data) ©0.02377

P(Coin B|Data) = = 0.0844

For the biased Coins A and C, we get:
P(Coin A|Data) = 0.0031 and P(Coin C|Data) = 0.9125

Consequently, Coin C is by far the most likely, with a posterior probability exceeding 0.91. Our
intuition is confirmed and quantified. The conclusion also aligns with the classical approach: the coin
is likely not fair. However, the Bayesian model still assigns a conditional probability of 0.0844 to the
fair coin, prompting valuable classroom discussion: The classical approach does not assign probabilities
to hypotheses (i.e. parameter values) and results in a binary decision — reject or fail to reject the null.
In contrast, the Bayesian method incorporates prior probabilities and yields a direct probability for
each hypothesis. This contrast highlights a core dilemma. The classical approach requires designating
a specific parameter value as the null, which may be problematic. The Bayesian method avoids this by
distributing credibility across possibilities but introduces subjectivity through the choice of prior. What
reconciled participants was the shared outcome: both approaches identified Coin C as most plausible.
Yet, the Bayesian solution provides more nuanced information, inviting richer interpretation.
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Methodology and Construction Principles for the Curriculum

This section outlines the core principles guiding curriculum construction and our methodology for
evaluating seminar effectiveness through structured feedback loops. We implemented the curriculum
in diverse school settings to assess its feasibility and acceptance across different contexts. Our iterative
design process consisted of the following key stages (see Fig. 3):

1. Initial pilot and iteration: The curriculum was tested in a small number of classrooms, followed by
two additional seminars involving experimental classes — forming two feedback loops.

2. Expanded pilot testing: The pilot was broadened to include more schools, beginning with teacher
seminars (Fig. 2(a)), followed by implementation by experimental teachers in classrooms (Fig. 2(b)).

3. Feedback mechanisms: We collected structured feedback from teachers (and students) throughout
all phases to inform ongoing adjustments. Teachers could seek advice during planning and teaching,
which provided valuable insights for refining the curriculum.

Following the analysis, we will develop a detailed strategy for scaling the curriculum and formulating
evidence-based policy recommendations.

Research Design and Methods

We applied a design-based research methodology (Cernusca & Ionas, 2014; Majgaard et al., 2011) to
evaluate the curriculum’s viability and effectiveness for both students and teachers. Conducted in three
phases (Table 1), the study evolved through iterative adjustments based on feedback. Evaluation focused
on teacher and student attitudes, perceptions of the curriculum, and student learning outcomes (Fig. 3).
Programme impact on skills and competencies was assessed using a pre-post summative test design.

We assessed student feasibility and acceptance through a questionnaire capturing their opinions and
attitudes toward the material. For teachers, semi-structured interviews were conducted post-training
and post-teaching in all phases and analysed narratively. Questionnaire responses were statistically
summarised. Within the research team, we reviewed statement relevance to our research questions,
focusing on feasibility, seminar communication, misunderstandings, and suggestions for improvement,
including topic extensions. Clarifications were obtained during interviews when needed. In phases 2
and 3, one full feedback cycle per phase included an evaluative teacher survey, with summary statistics
used for analysis.

To ensure representativeness, we went beyond the usual elite gymnasiums? in Budapest. Two addi-
tional cities were chosen to balance urban and rural demographics. The overarching goal was to develop
a curriculum accessible to all societal levels, acknowledging Hungary’s educational disparities. Schools
from various tiers were recruited for the experiment.

Main Principles for the Construction of the Curriculum

Our core principles build on Varga’s ideas and the earlier national curriculum reform (1960-1978),
marked by Complex Mathematics Education (CME). Varga introduced probability through task systems
and experiments that linked intuitive ideas—before formal definitions of probability—to concepts in
statistical inference. Similarly, we aim to develop a curriculum that helps students understand inference,
including Bayesian methods, despite their complexity. To this end, our curriculum and teacher training

2 Public schools in Hungary vary considerably in level, infrastructure and financial resources, and class size.
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Table 1 Data of the training

phases Characteristics Phase 1 Phase 2 Phase 3
Teachers’ seminar 2019/Dec 2022/Dec 2023/Aug
Location Budapest Budapest Békéscsaba/Miskolc
Participating teachers 4 9 19
Duration (45-min units) 4 8 16
Class delivery 2020/spring 2023/spring 2023/2024
Participating students 64 85 142
Lessons (45 min) 6-10 4-6 6-10

draw on diverse approaches in mathematics didactics, which also underpin CME (see Gosztonyi, 2023;
Varga, 1983).

1. Flexible curriculum structure: We distinguish between suggested and compulsory topics, allowing
for dynamic adjustments as students’ understanding evolves. The flexibility also extends to the
teaching methods: Teachers should be able to switch between different methods to meet the needs
of the students.

2. Dialogic teaching and learning: Grounded in Bruner’s (1961) work, our approach embraces dialogic
teaching, fostering inquiry-based learning (Artigue & Blomhgj, 2013; Mercer & Littleton, 2007). It
aligns with CME (the revived long-term project) principles, nurturing interconnected mathematical
thinking across domains (see Kiss, 2022).

3. Task systems: Our experiments are structured around task systems, guiding students towards
mathematical insights (Artigue, 2002; Stein et al., 1996). Tasks are arranged to promote
understanding and build on prior knowledge (Kieran et al., 2015). Task systems also make it
possible to pursue two of Pohler’s (2020) four principles, namely conceptual understanding before
procedures and integrative rather than additive learning. Connections between tasks form learning
paths that convey the essential features of the involved concepts.

4. Teaching by games and playful learning: To enhance engagement and conceptual understanding,
we include games in our approach (Deterding et al., 2011; Gee, 2003; Papp, 2017). Games promote
critical thinking and provide real-world contexts for mathematical concepts. Yet, it requires “a skilful
teacher [...] creating teacher-student interactions that focus on the mathematical ideas underlying
the game [...]” (Heshmati et al., 2018, p. 792).

5. Simulation for insight: Simulation is crucial for grasping complicated mathematical relationships,
particularly in probability and sampling theory (SERC portal for educators, n.d.). We use simulation
to simplify tasks and illustrate sophisticated concepts, enhancing comprehension (Batanero et al.,
2005; delMas, 2017).

6. Realistic problems: Our experiments align with Realistic Mathematics Education, emphasising
realistic, contextual problems to foster deeper understanding (Freudenthal, 1973, 1981; Gravemeijer
& Doorman, 1999). Realistic problems provoke curiosity and connect mathematics to daily life.

7. Hands-on activities: Teachers utilise hands-on activities and simulations to enhance understanding,
bridging the gap between abstract concepts and real-world applications (Clements & Battista,
1992; Van de Walle et al., 2019). These activities promote conceptual growth and provide tangible
connections to mathematical ideas.

8. Tasks connecting probability and statistical inference: In line with Varga (1972, 1975, 1983), our
tasks tightly connect probability to statistical inference, engaging students in playful discovery.
Students explore real problems, enabling comprehension and application of statistical concepts.
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In line with Maal3 and Artigue (2013), our goal was to support teachers to shift from traditional con-
tent delivery to facilitating student learning. Our approach integrates the key principles outlined above.

Results and Redesign

We analyse the results of various feedback loops from teachers and students and the ensuing redesign of
curriculum and materials. The specific impact of the parallel approach and the use of digital technology
are discussed in the light of the feedback.

General Feedback from Teachers

Feedback from phase 1 was broadly positive across all dimensions, yet some shortcomings emerged.
In response, we redesigned the seminar and revised materials following phase 2. Two recurring issues
were identified: the need for more practical examples and a clearer explanation of the mathematical
foundations underlying the methods.

To address the first, we added practice problems with detailed solutions and introduced real-life exam-
ples across diverse fields. Recognising that teachers in phase 1 had limited engagement with Bayes-
ian methods, largely due to time constraints and lack of confidence, we added a two-lesson introduc-
tion in phase 2, expanded to four lessons in phase 3. Moreover, we recommended 6 h of classroom
implementation.

Clarifying the mathematical background proved more challenging. Although methods like the chi-
squared test appear simple, their theoretical basis is complex — often beyond the reach of students and,
in some cases, teachers. Still, as emphasised by Freedman et al. (2007), understanding why methods
work is crucial, not just how to apply them. Therefore, we prioritised problems solvable using com-
binatorial reasoning, which students already possess — particularly through binomial and hypergeo-
metric distributions (Fejes-T6th et al., 2022). This grounding supports a justified use of chi-squared
tests. Tables 2 and 3 summarise teacher responses to two key questions from the final questionnaires
in phases 2 and 3.

Table 2 Positive feedback from phases 2 and 3 teachers (selection)

Describe in three sentences what was positive about the training for you!

“... anew perspective with philosophical considerations, making me contemplate subjective decisions. The loaded-die
experiment was particularly interesting.”

“I liked the multi-perspective approach to statistical thinking. This material is closer to ... students than a significant part
of the curriculum. The world is multi-coloured, even [probability] use the [0, 1] interval ..., not just O and 1; I like the
two-valued logic ...” *

“...very inspired by everything [especially] the relationship between the learning process and Bayesian statistics. ...
important that students become familiar with.”

2 ¢

“... now I understand it much better. ... possible to prepare interesting tasks and projects for students.
we] develop a variety of competencies. Useful training.”

[In Bayesian ...,

“guides thinking, prior knowledge, and scientific attitude of future biologists, engineers, ..., and facilitates understanding
of ... more serious theories. For average students, it shows a comprehensive and complete analytical examination of
everyday phenomena. ...”

*Reflecting that classical testing ends up with accepting or rejecting the null, while the Bayesian assigns a posterior
probability to the hypothesis, which is a degree of credibility. See Carranza and Kuzniak (2008) for their critique of
confusing frequentist and subjectivist probability throughout the curriculum
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Table 3 Areas to improve

Describe in three sentences what was negative about the training for you!
based on feedback from

teacher.s of phases 2 and 3 “I believe that ‘accepting this formula’ without further explanation is a problem in
(selection) Hungarian mathematics education. We have to go beyond this, ...”
“I accept that this is the formula. ... I don’t know why it applies; I have to live with
that. I feel unprepared to answer students’ questions why it really works.” ®
“... not sure I would be able to give good answers or correct children’s solutions ...
they would not accept ready-made formulas and methods without explanation.”

This resonates with thoughts we noticed when teachers ask for mathematical com-
pleteness of the argument in the presentation. This seems to provide them some safe
space for teaching in class

In response to phase 2 feedback, we added material with clearer explanations focused on points that
teachers identified as confusing. From discussions about what qualifies as valid mathematical reason-
ing — particularly scepticism about simulation being “real” mathematics — we expanded the use of
combinatorial-based probability and strengthened the link between hypothesis testing and combinatorics.
For a small group of teachers — typically those with a stronger background in pure mathematics — the
preferred resolution of these concerns would be a deeper engagement with the full formal mathematical
derivations underlying the methods. However, for most secondary school teachers, pursuing the com-
plete theoretical foundations of inferential procedures would neither be realistic within the constraints
of teacher preparation nor necessary for effective classroom implementation.

Our aim is therefore not to replace formal mathematical understanding, but to articulate a form of
justification appropriate to the secondary school level. Simulation-based reasoning, combinatorial argu-
ments, carefully structured analogies, and digital tools can provide mathematically meaningful forms
of explanation that support conceptual understanding, even when full formal proofs are beyond scope.
In this sense, the challenge is not merely technical but epistemological: broadening what is recognised
as legitimate mathematical reasoning in the context of teaching statistical inference.

Table 4 presents selected teacher perceptions on the seminar’s usefulness, using a 7-point Likert
scale. Overall, teachers found the theoretical background clear, with minimal variation between cities
(6.45-6.57). Practice problems were rated even higher in clarity (6.75-6.86) and were widely considered
interesting: Budapest (6.43), Békéscsaba (6.73), Miskolc (7.00). However, ratings for the question “Can
the practice problems be taught at the secondary school level?” were lower and more variable: Budapest
(6.14), Miskolc (6.13), Békéscsaba (5.36). This likely reflects the school types: most participants in
Budapest and Miskolc were from gymnasiums, while those in Békéscsaba taught at general high schools.

In summary, perceptions of the seminar content were consistent across teaching backgrounds. Yet,
judgements on whether the material could be effectively taught to students varied by school type, with
nearly a 1-point difference on the 7-point scale. The following tables present mean responses (M), with
SD in brackets, from key questions in the final questionnaires for phases 2 and 3.

Table 4 Teachers’ evaluation of the seminar on a 7-point Likert scale — phases 2 and 3 — M (SD)

Impact of the seminar Budapest N=7 Békéscsaba N=11 Miskolc N=8

Theory was clear 6.57 (0.49) 6.45 (0.50) 6.50 (0.50)

Practice problems were clear 6.86 (0.35) 6.82 (0.39) 6.75 (0.43)
were interesting 6.43 (0.73) 6.73 (0.45) 7.00 (0.00)
can be taught at secondary-school level 6.14 (0.64) 5.36 (1.72) 6.13 (0.60)
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The comparison across locations is not intended as an evaluative ranking but as an analytical tool
to identify context-sensitive variations in teacher attitudes and implementation conditions. Given that
large-scale adoption will necessarily occur across heterogeneous school types, understanding this vari-
ability is essential for interpreting feasibility and scalability.

Preparing Teachers to Teach the Parallel Approach

This section examines how teacher confidence in teaching Bayesian inference increased with more
comprehensive seminar coverage (Table 5). Since one goal of our approach is to deepen understanding
of classical hypothesis testing by incorporating the Bayesian view, we asked teachers what additional
support they need to teach it (Table 6). Interestingly, teachers rated their understanding of the material
higher than their ability to teach it, and even lower were their expectations for student comprehension
(Table 7). Another key factor in teaching inference is the integration of digital tools (Table 8).

Table 5 Preparedness to
teach classical and Bayesian
statistics after phase 2-3
seminar — M (SD) of

judgements

Teacher feels prepared to Budapest Békéscsaba Miskolc
teach the basics of
N=T7 N=11 N=8
Classical hypothesis testing  5.86 (0.64) 5.18 (1.11) 6.25 (0.66)
Bayesian statistics 4.17 (1.34) 5.09 (0.90) 5.75 (0.66)

Table 6 Needs for teaching (phase 2-3 selection; numbers represent similar answers; N=26)

What else do you need to feel prepared to teach...

classical hypothesis testing?

basics of Bayesian statistics?

“More practice; independent work.” (26)

“Solving practical tasks on my own, ... get routine.”

“Knowledge of [mathematical] background.” (5)

“to discuss my thoughts and experience before and during
teaching ...” (5)

“... a variety of examples from different fields could be
useful.” (8)

“time ... to go more deeply into theory, tasks and terminol-
ogy.”

“... several problems interesting to students, not requiring
too long calculations.”

“detailed lesson plans; a task repository.”

“Additional practice; sample problems.” (11)
“Lesson plans, more time.” (5)

“Theoretical background.” (5)

“Theoretical and practical deepening.”

“reach a routine ... not only understand other’s solutions

“Since I have not encountered this before, it takes some
time to accept it.”

“To be ‘kids playing’ through tasks ... was not possible in
the tight framework. Lots of homework ...”

“Better preparedness of students in probability; computer
labs.”

Table 7 Self-report on
teaching hypothesis testing on

a 7-point Likert scale — phase
3— M (SD)

Categories of understanding Békéscsaba Miskolc
N=11 N=38

I understood the material 5.91 (0.67) 6.25 (0.66)

I became able to teach statistical hypothesis testing 5.45 (1.08) 6.13 (1.05)

I think my students are capable to learn the material 4.55(1.97) 6.00 (0.71)
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Table 8 Teachers’

. Statements about Excel Budapest  Békéscsaba Miskolc
perceptions of Excel — post- N=9 N=10 N=9
test results in phase 2/3 —
mean (SD) of judgements I am experienced in Excel 4.86(1.12) 4.64(1.82) 5.50 (1.87)
Excel provided in training was understandable 6.00 (0.82) 5.73 (1.66) 6.38 (0.86)
It is a good idea to use Excel in class 5.86(1.12) 5.55(1.23) 6.38 (0.70)

Confidence to Teach Bayesian Inference Increases with Greater Coverage

As the materials evolved and seminar conditions varied — duration, structure, teacher profiles, and
class size — we interpret the differences rather than pool results. Key differences between phase 2
(Budapest) and phase 3 (Békéscsaba and Miskolc) include seminar length (8 vs. 16 h) and the depth
of Bayesian content. Phase 2 introduced the Bayesian formula within medical diagnostics, but did not
explicitly link it to hypothesis testing. In phase 3, these links were made clear: classical test problems
were reformulated and solved using Bayesian methods. Extended seminar time, additional examples,
and supporting materials enabled more thorough instruction.

Table 5 summarises feedback on preparedness to teach classical and Bayesian inference. Confidence in
teaching classical inference was highest in Miskolc (6.25), followed by Budapest (5.86) and Békéscsaba
(5.18). Confidence in teaching Bayesian inference also increased: 5.09 in Békéscsaba and 5.75 in Mis-
kolc, compared to 4.17 in Budapest. Teacher backgrounds may explain the variation. In Budapest, five of
seven respondents had prior exposure to classical hypothesis testing. Still, they struggled to connect the
Bayesian formula with statistical tests, suggesting that effective teaching of Bayesian methods requires
not only conceptual explanations, but also experience, examples, and explicit links to classical concepts.

The data suggests that sufficient time and explicit exploration of Bayesian problems (this differs
Budapest from the other two) lead the teachers to feel as confident teaching Bayesian topics as classical
inference, regardless of their level of expertise.

Additional Needs of Teachers to Feel Empowered to Teach Classical and Bayesian Inference

We illustrate the pattern of responses from the post-seminar questionnaire (Table 6).

Teacher reflections after the Bayes module (Table 6) show that strong conceptual understanding
is key to confident teaching. They stressed the need for clear, gap-free explanations and noted feeling
more confident addressing student questions in other mathematics areas. In statistics, uncertainty arises
when formulas rely on simulations rather than clear reasoning. Teachers were unsure where to find this
knowledge, e.g. books, colleagues, or other sources. The following statements affirm that including the
Bayesian approach contributes to a deeper understanding of classical methods:

I like teaching Bayes’ theorem because it brings subjectivity to the formula. If the initial condition
changes, you get a different result. It sheds light on why people make different decisions in
similar cases. They have different initial impressions, different inputs throughout their lives, and
accordingly evaluate the situation differently. The Bayes formula seeks to capture this (Teacher in
the final plenum discussion at the Miskolc seminar).

I always interpreted the classical result wrongly because I thought the confidence interval contained
the estimated parameter with the given probability, [...] I have understood at last what it really
means. [...] I really like the Bayesian method because I saw for the first time why people have
different opinions in many cases. (Pre-service teacher students from an earlier study; Vancso,
2009, p. 199)
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Different Levels of Teachers’ Confidence: Understanding, Teaching, and Belief of Students’
Understanding

We investigated teachers’ needs and perceived barriers to teaching inferential statistics, which will shape
the final curriculum. Table 7 presents three phase 3 questions (not asked in Budapest), where Békéscsaba
scores were consistently lower than Miskolc’s: understanding the material (5.91 vs. 6.25), ability to
teach the topic (5.45 vs. 6.13), and students’ perceived comprehension (4.55 vs. 6.00). These differences
likely reflect the school types: most Békéscsaba teachers taught at average high schools, while Miskolc
participants were from top gymnasiums.

Disregarding city-specific differences, the trend across categories is striking: teachers consistently
rate their own understanding of the material higher than their confidence in teaching it. Most notably,
they assess their students’ ability to grasp the content considerably lower still.

I understood the material > I am able to teach > My students are capable to learn

The systematic decrease from self-understanding to teaching confidence and further to perceived student
capability suggests that teachers may partly project their own epistemological difficulties onto their students.
Statistical inference differs from traditional school mathematics in that it relies not exclusively on deductive
closure but also on modelling, simulation, contextual reasoning, and analogy. For teachers socialised in a proof-
oriented mathematical culture, such reasoning may appear conceptually incomplete. Students, however, may
not experience these epistemological tensions in the same way and may more readily accept simulation-based
or analogy-driven explanations. Thus, the gap in perceived student capability may reflect teachers’ discipli-
nary expectations rather than actual learner limitations. When analysing student feedback (Fejes-T6th, 2025;
Fejes-Toth et al., 2022), the data show that, in general, students are capable and willing to master the topic.

Technology Enhances Statistical Teaching Competence

We introduced a method for teaching inferential statistics using software and gathered teacher feedback
on its adoption. Table 8 shows that Miskolc teachers rated the approach about one point higher on the
7-point Likert scale, likely due to the high number of informatics-trained teachers (four of eight had
computer science as a second subject). Despite varying Excel proficiency (4.64-5.50), teachers found
the seminar content accessible (5.73—6.38) and viewed Excel use in mathematics classes positively
(5.55-6.38) — ratings roughly one point above their self-assessed Excel skills.

Some teachers expressed a need for support, as they were unfamiliar with creating spreadsheets.
However, after a short introduction, they felt more confident using the materials in class. One teacher from
Miskolc remarked: “The supporting materials provided (especially Excel) are very useful even for students.
I could not have prepared them myself.” This comment, from the youngest participant, highlights a broader
issue: preservice training often fails to equip even recent graduates with software skills. Compared to other
subjects, mathematics lags behind — biology teachers, for instance, routinely use Excel in university-level
statistics. We therefore recommend incorporating software-based training into teacher education.

Following the phase 3 seminars, we distributed a questionnaire and conducted semi-structured inter-
views. Results showed that even Excel presented difficulties, leading us to expand training. A small but
notable group — often mathematically strong — remains unconvinced that teaching inference requires
omitting detailed mathematical proofs.® Engaging these teachers is vital. We propose bridging gaps

3 Teaching inference requires the use of simulation technique for illustrating essential features of the concepts (and
methods), we have to justify concepts, e.g. by analogy of other intuitive arguments, we cannot develop the full mathe-
matical interrelations. As useful as these approaches are, not all teachers acknowledge them as mathematical arguments.
Notably, teachers who are more mathematically inclined (gifted) follow such belief systems. We have to convince these
teachers so that they finally will teach inference with the same enthusiasm as other areas of mathematics. This might not
be only a Hungarian specialty.
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through meta-knowledge, analogies, simulations, and digital tools, which can support understanding
by prioritising core concepts over complex calculations.

The findings suggest the need for a structured two-level approach: (1) compulsory foundational train-
ing in educational software within initial teacher education, and (2) dedicated coursework on pedagogical
integration of digital tools for simulation-based and concept-oriented instruction. Strengthening digital
competence is not merely a technical matter but supports teachers in accepting non-proof-based reason-
ing approaches central to statistical inference.

Summary, Discussion, and Conclusions

Our research aims to open a new era in Hungarian education by incorporating inferential statistics into
secondary school curricula. We summarise our approach, which includes curriculum development,
teacher seminars, feedback iterations, and educational impact.

Research Methodology and Curriculum Development

Our curriculum aimed to make inferential statistics accessible and engaging for novice teachers through
hands-on experiments, Excel-supported simulations, and supplementary materials. Initially, four
teachers and 64 students participated, with improvements made based on feedback. Semi-structured
interviews offered qualitative insights that informed revisions. Post-implementation interviews revealed
that teachers requested more practical examples, tutorials, and longer seminars. Notably, comprehensive
texts like Freedman et al. (2007) dedicate substantial space to exercises, underscoring the value of
applied practice.

Teacher Seminars, Perceptions, and Challenges

The second seminar in 2022, attended by nine teachers, featured an expanded curriculum and improved
Excel-based simulations based on phase 1 feedback. Questionnaire evaluations offered critical insights
that guided revisions. We learned that teaching inference through a parallel classical-Bayesian path
requires time, structured materials, and detailed task discussions. The third phase (2023) focused
on analysing prior feedback to improve in-class implementation. This iterative process ensures the
curriculum evolves to meet teacher and student needs.

Teacher perceptions revealed varied levels of mathematical background. Teachers from vocational
schools in Békéscsaba and grammar schools in Budapest differed in software experience. Still, all found
the content understandable and engaging. Time constraints in phase 2 limited Bayesian coverage, with
focus on hypothesis testing. In phase 3, we devoted more time to a task system that highlights relations
between classical and Bayesian inference. Teachers affirmed the value of teaching both approaches,
given sufficient support and clear, worked-out examples. Most prefer introducing classical methods first
and adding Bayesian concepts later. Well-structured tasks are essential for clarifying both approaches.
Although few teachers had formal training in inference, their openness to teaching classical tests was
promising. Differences in familiarity with digital tools affected teachers’ readiness to use them, with
less experienced users requesting support. Simulations and hands-on activities were well received.
Future seminars will train teachers to mentor peers, promoting a cascade for widespread curriculum
adoption.
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Conclusion and Future Steps

Based on teacher feedback from interviews and seminar discussions, we now have a clearer understanding
of:

Where teachers remain unconvinced about including statistical inference.

What supplementary materials they require for instruction.

How to design Excel tools that are practical and classroom ready.

How to provide accessible background knowledge in place of overly complex mathematics.

What Do Teachers Need to Teach Statistical Inference Effectively?

Teachers can teach statistical inference, but they need support (Table 6).

e A textbook suited to the high school level and teacher education—advanced texts alone are
insufficient.
Teaching materials that present concepts in a clear, teachable format.

e A broader range of tasks from diverse contexts to demonstrate the value and applicability of statistical
methods.

What Are the Limitations of Our Current Approach?

e Increasing the diversity of task contexts.
e Providing fully worked, annotated solutions to tasks.

Research Question 1: To What Extent Is the Suggested Curriculum for Teaching Statistical
Interference Acceptable and Feasible for Teachers?

General Acceptance and Feasibility Teachers generally responded positively to statistical inference,
the experimental seminars, and the materials presented (Table 2). With sufficient time and resources,
they consider statistical inference feasible to teach, even without prior background. However, they
emphasised the need for more materials, especially varied contextual tasks.

Statistics and Mathematics in School Culture In the Hungarian context, teaching statistics without
full mathematical rigour remains difficult. Teachers request more background and fully worked, anno-
tated solutions (Table 6). Yet, current textbooks offer little support. Meta-level tools such as analogies,
simulations, and paradigmatic task systems may address this gap, as Table 3 suggests.

Convincing Teachers of Exam Suitability Teachers must be convinced not only of the topic’s value,
but also its accessibility for students. Our curriculum emphasises simulations over traditional analytic
methods, diverging from teachers’ expectations. Table 2 shows overall support; Table 3 highlights
concerns over missing mathematical justifications; Table 4 shows strong endorsement for teaching the
topic at the secondary level.
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Research Question 2: Is the Bayesian Way in Parallel to Classical Inference Useful to Understand
Concepts of Either Side?

Explicitly addressing classical hypothesis testing alongside Bayesian inference makes both approaches
more accessible to teachers. Contexts such as coin tossing and medical diagnosis effectively illustrate
key elements of hypothesis testing and their relation to Bayes’ theorem. This parallel approach enhances
conceptual understanding from both perspectives. Table 2 reflects generally positive teacher feedback
on integrating Bayesian ideas into instruction. In particular, discussions following the coin-tossing task
system significantly clarified core concepts for many teachers.

Research Question 3: What Additional Support Do Teachers Need for Teaching Statistical Inference?

Teachers emphasised the need for more detailed and explicit materials to build the confidence required
to teach statistical inference effectively (Table 6). A suitable textbook in Hungarian is lacking. They
also expressed the need for software support. Even those experienced in software valued Excel sheets
that are practical and ready for classroom use. These positive findings should be understood within the
context of Hungarian education, where teaching statistical inference requires a shift in instructional
culture away from the traditionally mathematics-centred approach.

What Implications Can Be Drawn from Our Findings?

e Teacher education must evolve. Mathematics-focused courses alone are insufficient. Probability
and statistics — especially inference — should be embedded in a supportive teaching—learning
environment. Future teacher training must also go beyond simplified statistics courses, enabling
teachers to teach interactively using digital support.

e Teacher reflections after the Bayes module (Table 6) show that strong conceptual understanding is
key to confident teaching. They stressed the need for clear, gap-free explanations and noted feeling
more confident addressing student questions in other mathematics areas. In statistics, uncertainty
arises when formulas rely on simulations rather than clear reasoning. Teachers were unsure where
to find this knowledge—books, colleagues, or other sources.

e Their feedback affirms that introducing the Bayesian perspective helps deepen understanding of
classical inference, supporting our aim to enhance teacher competence through parallel instruction.

e Teachers’ belief systems need broadening. Their views on what constitutes a valid basis for teaching
statistical inference must expand to include a wider range of conceptual approaches.

e Inference can be taught in an interdisciplinary way, progressing from real-world problems to model
construction and contextual interpretation.

e The medical-diagnostic context, explored through both classical and Bayesian lenses, supports a
deeper understanding of the concepts and their limitations.

e Task systems linking combinatorics, probability, and inference help develop coherent learning
trajectories. These systems enhance teachers’ conceptual understanding and demonstrate their
practical teaching value.

e Excel tools are most effective when integrated into teacher seminars with proper documentation,
explaining didactical purpose, required inputs, and output interpretation. This ensures they serve as
direct and practical teaching aids.

A key lesson from Varga’s reform is to introduce changes gradually, supported by teacher training.
We propose expanding training through a 30-h accredited programme, matching teachers’ capacity

@ Springer



Can. J. Sci. Math. Techn. Educ. (2026) 26:69

and learning pace. Emphasis is placed on strengthening combinatorial reasoning in hypothesis testing
and connecting classical with Bayesian inference. Although our study was conducted in Hungary,
the designed-oriented approach to curriculum development has broader relevance. Local adaptation
remains crucial due to curricular traditions and attitudes. Our findings support strong pre-service teacher
education and offer a model for improving statistics education internationally.
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