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Abstract

This study examines how statistical thinking develops in a challenge-based multivari-
ate data analysis course with fifth-semester undergraduate Data Science students using
real air quality data. Using the framework of Wild and Pfannkuch, we conducted a
qualitative longitudinal analysis of team reports developed throughout the stages of the
challenge. Results show that statistical thinking develops progressively, from context-
driven problem formulation to data-informed decisions, justified model selection, and
integrated interpretation. These findings suggest that the structured, stage-based de-
sign of the challenge can support statistical thinking as a dynamic process beyond the
procedural use of multivariate techniques, offering insights for the design of advanced
statistics courses.

Keywords: Statistical thinking, Multivariate data analysis; Challenge-based learning;
Statistics education; Educational innovation, Higher education.

1. Introduction

Wild and Pfannkuch (1999) identify statistical thinking with the complex thought processes
involved in solving real-world problems using statistics. These processes involve not only the
application of statistical techniques, but also other complex tasks such as understanding the
context of the problem, collecting and preparing the necessary data, modeling the statistical
phenomena, and interpreting the results. However, a common issue in higher education is that
students often learn to apply statistical techniques in a purely procedural manner, without de-
veloping the statistical thinking needed to interpret, question, and contextualize the results ob-
tained (Batanero, 2004).

In response to this deficiency, there has been a growing interest in Project-Based Learning
(PBL) and Challenge-Based Learning (CBL) approaches. From a PBL perspective, learning is
constructed through projects that require students to formulate questions, make methodologi-
cal decisions, and integrate procedural knowledge with conceptual understanding in order to
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address a real-world problem, thus fostering active, understanding-oriented learning (Blumen-
feld et al., 1991; Thomas, 2000). On the other hand, the CBL approach centers the learning
process around an authentic challenge that introduces uncertainty and requires iteration, re-
flection, and the progressive adjustment of proposed solutions (Johnson et al., 2009; Nichols
etal., 2016).

However, despite these pedagogical efforts, recent studies indicate that the difficulty in devel-
oping statistical thinking among undergraduate students persists, even in advanced courses
that use real-world data (Zieffler et al., 2018). Wild and Pfannkuch’s (1999) proposal for ad-
dressing this issue in statistical education was to develop structured frameworks that could
guide students through the process of completing a statistical project, enabling them to make
sense of the experience, learn from it, and transfer their insights to others. But even though
challenge- and project-based approaches are increasingly adopted in statistics and data science
education, there is still limited empirical evidence on how specific instructional designs can
support the development of statistical thinking in advanced multivariate settings.

With this context in mind, this paper considers an undergraduate course on multivariate data
analysis offered within a Data Science program at Tecnologico de Monterrey, Mexico, de-
signed under the Tec21 educational model. The course is structured around a four-stage chal-
lenge based on real environmental data, developed in collaboration with an external partner, in
which students apply multivariate statistical techniques to address a complex problem related
to air quality. The research questions guiding this study are:

e RQI1: Which components of statistical thinking, as defined in the theoretical frame-
work of Wild and Pfannkuch (1999), are evident in each stage of the challenge?

e RQ2: How does the structure and design of the challenge facilitate the emergence and
development of students’ statistical thinking across its stages?

By analyzing student artifacts produced at each stage, this study contributes to understanding
how instructional design can support the development of statistical thinking in data science
education.

The paper is organized as follows: first, the institutional and course context, along with the
design of the challenge, are presented. This is followed by the analytical framework and
methodology, where the components of statistical thinking based on Wild and Pfannkuch
(1999) are defined. The results are then reported in two parts: the components of statistical
thinking across the stages of the challenge and their emergence in students. Finally, the main
findings are discussed.
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2. Context of the study

2.1. Institutional and Course Context

This study is conducted within the Tecnologico de Monterrey’s Tec21 model, grounded in
competency-based learning through authentic, challenge-based experiences (Tecnologico de
Monterrey, 2019). In this model, learning is framed around the development of observable
competencies and demonstrated through student products that serve as evidence of reasoning.

Within this context, the course Application of Multivariate Methods (fifth semester) is struc-
tured around a central challenge that guides the learning experience throughout the five-week
academic period (20 hours per week, including 4 hours per week dedicated to the challenge,
increasing to 8 hours in the final week). The course involved 27 undergraduate students in the
Data Science program, organized into six teams of four to five students. Multivariate analysis
techniques are initially introduced individually, with dedicated space for their understanding
and application, and are then progressively integrated into the solution of the challenge. In this
sense, the challenge serves as an organizing framework for students’ decisions, analyses, and
interpretations, positioning multivariate analysis as a set of tools for making sense of complex
phenomena with real-world data.

2.2. Design of the Challenge

The challenge is implemented as a structured, four-stage experience aligned with the CRISP-
DM (Cross-Industry Standard Process for Data Mining) methodology (Chapman et al., 2000),
and is designed to address a real-world problem through the application of multivariate statis-
tical techniques. Throughout the process, students work in collaborative teams to define the
overall goal of their project, prepare and explore complex data, apply multivariate models, and
communicate their results. Student products (developed progressively across the stages) in-
clude team-based reports for each stage, culminating in a final technical report, an oral presen-
tation, and an individual reflection.

In this study, the challenge is developed in collaboration with the Sistema Integral de Moni-
toreo Ambiental (SIMA), the agency responsible for monitoring air quality in the Monterrey
Metropolitan Area. SIMA provides the problem context, real environmental datasets, and spe-
cialized feedback, acting as an external stakeholder that informs and evaluates students’ ana-
lytical work throughout the challenge. The objective is to analyze the relationships between
atmospheric pollutants and meteorological variables using data from multiple monitoring sta-
tions to identify relevant multivariate patterns and contextualize the results in relation to regu-
latory standards and environmental policies. Table 1 summarizes, for each challenge stage, the
corresponding key student outputs and the planned interactions with both the external partner
and the teaching team.
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Table 1. Challenge structure aligned with CRISP-DM and scheduled external partner interactions.
Source: Own elaboration.

Challenge stage Main purpose Key outputs External partner interactions
Stage 1. Problem Define and delimit Problem statement; Presentation of the context;
understanding the analytical analytical objective ~ problem scoping

problem
Stage 2. Data Explore and prepare  Clean dataset; Clarification of technical
understanding and the environmental descriptive analysis ~ questions regarding variables
preparation data and data
Stage 3. Modeling Apply and validate Statistical models; Feedback on progress and
and evaluation multivariate models  partial results relevance of the partial results
Stage 4. Interpret and Final report; oral Final evaluation and overall
Communication and  communicate results  presentation; feedback
interpretation individual reflection

3. Analytical Framework and Methodology

The study was conducted in a fifth-semester undergraduate multivariate analysis course in the
Data Science program, where students had prior knowledge of descriptive statistics, inference,
and modeling, as well as experience with statistical software. The analysis focused on student
artifacts produced during the challenge. One team was selected through purposeful sampling
based on the extent to which their artifacts evidenced statistical thinking and enabled recon-
struction of evolving objectives, analytical decisions, and interpretations (Table 1).

To interpret these artifacts, we adopted the framework of Wild and Pfannkuch (1999), which
conceptualizes statistical thinking through four complementary dimensions. The Investigative
Cycle (Dim 1) describes the iterative phases of inquiry following the PPDAC model (problem
formulation, planning, data management, analysis, and conclusions). The Types of Thinking
(Dim 2), encompassing core statistical reasoning and general modes such as strategic thinking.
The Interrogative Cycle (Dim 3) represents continuous questioning, critique, and refinement
across all stages of inquiry, rather than within a single phase. Finally, the Dispositions (Dim
4), refer to attitudes such as curiosity and skepticism. These dimensions provide a lens for ex-
amining statistical thinking across challenge stages.

4. Results

4.1 Components of Statistical Thinking Across Challenge Stages

This section examines how the different components of statistical thinking are emphasized
over the duration of the challenge. The analysis is organized by stage, as student work was
produced sequentially following this structure, enabling statistical thinking to be interpreted in
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relation to the specific demands of each phase. The Interrogative Cycle (Dim 3) is not treated

separately, since questioning and critique permeate all stages of the challenge rather than be-

ing confined to a single phase. An overview of this mapping is provided in Table 2.

Table 2. Components of statistical thinking emphasized across challenge stages. Source: Own

elaboration.
Challenge stage Statistical Investigative Types of thinking Dispositions
thinking focus Cycle (Dim1) (Dim2) (Dim4)
Stage 1. Problem Framing and Problem Need for data; Curiosity;
understanding delimiting a formulation; integration of imagination;
meaningful, planning statistical and openness to
analyzable contextual uncertainty
problem knowledge;
grounded in strategic
context anticipation of
multivariate
relationships
Stage 2. Making sense of  Planning; data Attention to Engagement;
Data understanding  real, imperfect exploration variation; attentiveness to
and preparation data through transnumeration; data quality;
exploration and strategic thinking; openness to
description critical reading of revising goals
data distributions
and relations
between variables
Stage 3. Modeling  Selecting, Analysis; Use of models; Skepticism;
and evaluation justifying, and evaluation application of perseverance;
evaluating techniques and logical
multivariate seeking reasoning
models explanations;
evaluation of
assumptions and
model performance
Stage 4. Integrating Interpretation; Integration of Reflective
Communication results and conclusion statistical and judgment;
and interpretation interpreting contextual accountability;
them in context knowledge; sense-making

strategic and
explanatory
reasoning when
interpreting models
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4.2 Emergence and Development of Statistical Thinking Across the Challenge

This section analyzes the emergence and development of statistical thinking across the differ-
ent stages of the challenge, with particular attention to the transitions between stages — which
are interpreted as shifts along the Investigative Cycle (Dim 1) — based on the work of a rep-
resentative team. The analysis does not focus on the technical results obtained, but rather on
changes in how students formulate the problem, make analytical decisions, and interpret mul-
tivariate results. The student artifacts produced at each stage are used as the primary sources
of evidence. Figure 1 synthesizes this progression, illustrating how statistical thinking evolves
across stages and highlighting the dominant forms of reasoning that become more visible at

each stage.
Stage 1 ‘ Stage 2 ‘ ‘ Stage 3 ‘ ‘ Stage 4
Problem Understanding - Data Understanding & ‘ Modeling & Evaluation - Communication &
Preparation _— Interpretation
Primarily context-driven Model-based reasoning
s . Increasing attention to and justified model Integrated and contextual
formulation . ; X X , X
variability and data quality selections and evaluation interpretation

Iterative cycle: questioning assumptions - contrasting alternatives- revising decisions

Figure 1. Challenge structure and progression of statistical thinking across stages, highlighting domi-
nant forms of reasoning. Source: Own elaboration.

In the transition from Stage 1 to Stage 2, the team’s statistical thinking moves from a primari-
ly context-driven problem formulation toward one increasingly informed by the data. While
Stage 1 centers on delimiting a broad problem based on contextual knowledge, Stage 2 intro-
duces new analytical constraints through direct engagement with the data, leading to greater
attention to the forms of reasoning associated with variability, data quality, and variable rele-
vance (Types of Thinking, Dim 2). For instance, the team refined its initial objective after
identifying limitations in the available variables for capturing relationships between air quality
and meteorological conditions. As a result, the team shows a disposition to reformulate its
original question in light of what the data allow (Dispositions, Dim 4), reflecting an emerging
integration of context and empirical evidence.

In the transition from Stage 2 to Stage 3, the team’s statistical thinking moves from descrip-
tive exploration toward model-oriented decision-making. The team begins to justify its model
choices in relation to their analytical objectives and the characteristics of the data, for example
when prioritizing Pillai’s trace over other multivariate test statistics due to its greater robust-
ness. This signals more reflective, model-based reasoning (Types of Thinking, Dim 2), while
their willingness to revisit procedures when results conflict with expectations reflects an
emerging disposition toward critical reflection (Dispositions, Dim 4).
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In the transition from Stage 3 to Stage 4, the team’s statistical thinking shifts from producing
model results toward an integrated, contextual interpretation. Results are connected to the en-
vironmental problem, and the team explicitly recognizes the scope and limits of its analyses,
for example, noting that the study is observational and does not warrant causal claims. This
reflects more integrative, context-sensitive reasoning (Types of Thinking, Dim 2) and a ma-
ture disposition toward critical judgment (Dispositions, Dim 4).

Overall, the analysis of the team’s work across the challenge reveals that statistical thinking
develops progressively, in relation to the demands of each stage. The team moves from an ini-
tial, context-driven problem formulation toward data-informed decisions, justified statistical
modeling, and an integrated interpretation of results in relation to the environmental problem.
This progression is supported by a design that gradually introduces situations that require stu-
dents to question assumptions, contrast alternatives, and revise prior decisions, thereby sus-
taining an iterative cycle of interrogation and critique throughout the process. Thus, the ob-
served development of statistical thinking responds both to the sequence of challenge stages
and to the opportunities for reflection they provide, illustrating how a challenge-based design
can support increasingly complex forms of statistical thinking.

5. Discussion and Conclusions

The findings suggest that students’ statistical thinking does not emerge as a competency re-
duced to the correct application of isolated techniques, but as a process progressively con-
structed throughout the challenge. As students move through the stages, their reasoning shifts
from primarily context-driven problem formulations toward decisions increasingly informed
by data, models, and their interpretive implications. This development is reflected in the re-
formulation of objectives, explicit attention to variability and data quality, justification of
methodological choices, and a more cautious interpretation of results. In this sense, statistical
thinking is better understood as a dynamic, context-sensitive form of reasoning linked to deci-
sion-making in empirical inquiry, consistent with prior work (Pfannkuch & Wild, 2004;
Wright et al., 2024).

This progression is closely linked to the design of the challenge and its sequence of stages,
which create systematic opportunities to contrast ideas with evidence, justify decisions, and
revise prior choices. Rather than responding to prescriptive instructions, students engage in
statistical thinking as a necessity when working with open problems and complex data. Col-
laboration with an external partner grounds the challenge in real-world constraints, reinforcing
the need to justify decisions and interpret results beyond purely academic criteria, in line with
recent perspectives on challenge-based learning (Helker et al., 2025).

These findings should be interpreted in light of the study’s scope. The analysis focused on a
representative team, enabling an in-depth examination of reasoning processes across stages,
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but does not support broad generalizations. From a pedagogical perspective, the study high-
lights how sequencing challenge stages and real-world data can scaffold statistical thinking in
advanced courses. Overall, challenge-based designs structured through sequenced stages can
foster increasingly sophisticated statistical thinking as an integrated, contextual, and reflective
process. Future work could extend this analysis by incorporating individual reflections, com-
paring more teams, or examining the role of interactions with external partners.
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