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Session Description 
Computer programming has been promoted in teaching and learning materials to support data science at the high 
school level. However, minimal research exists about the design of tasks that support the introduction of students and 
teachers to the use of code-driven tools for statistical modelling. Using a design-based research approach, four 
structured tasks were developed for teaching statistical modelling at the same time as introducing the programming 
language R. These tasks were implemented with high school statistics teachers and a task design framework for 
introducing code-driven tools was produced by using retrospective analysis on the four tasks to identify, evaluate, and 
refine key design principles and processes. The task design framework developed from this research explicates 
important features of the tasks used in the research, including extending the familiar into the unfamiliar, using the 
informal before the formal, and carefully targeting, sequencing and connecting specific human-computer interactions 
for statistical modelling. 

Proposal 
The advent of data science has led to statistics education researchers re-thinking their ideas about tasks and tools for 
teaching and learning. A common thread to discussions about data science education is that students need to integrate 
both statistical and computational thinking to learn from data (e.g., De Veaux et al., 2017), which necessitates students 
developing at least some coding (computer programming) skills (e.g., Gould, 2010). Using code-driven tools 
facilitates the use of digital data sources and algorithmic modelling, however, careful considerations are needed to 
ensure that the development of statistical concepts, thinking, and reasoning are still well supported when learners use 
such tools. The use of tools is paired with tasks, and the task used will influence the nature of the learning that takes 
place (Doerr & Pratt, 2008). Within statistics education, research focused on task design has not specifically explored 
computer programming as the main computational tool (e.g., Ben-Zvi et al., 2017). Hence, the purpose of this research 
was to explicate design principles for the construction of statistical modelling tasks that introduce code-driven tools 
by developing a task design framework. The research questions is: What design principles could guide the construction 
of statistical modelling tasks that introduce code-driven tools?  

Research approach 
From a pragmatic interpretive perspective (e.g., Creswell & Poth, 2016), an exploratory study was conducted over 
five years using a design-based research approach (e.g., Bakker & van Eerde, 2014). The analysis of practical teaching 
issues and construction of new learning tasks was informed by both existing design principles and technological 
innovations (e.g., Edelson, 2002). The participants in the research were twelve teachers from New Zealand (nine 
female and three male) with experience teaching the national statistics curriculum for the last two years of high school. 
The high school statistics teachers were positioned as learners for the research. Four new tasks were constructed (e.g., 
Fergusson & Pfannkuch, 2022a; Fergusson & Pfannkuch, 2022b; Fergusson & Pfannkuch, 2024) that were aligned to 
the national curriculum for statistics at the Grade 11 or 12 level. The curriculum focus was statistical modelling from 
a data science perspective. The tasks extended the following curriculum topics: numeric data distributions, probability 
simulations, simple linear regression, randomisation (permutation) tests. All the tasks introduced the programming 
language R (R Core Team, 2020). Retrospective analysis was used on the four tasks to identify, evaluate, and refine 
key design principles and processes, and to develop the Introducing Code-Driven Tools through Statistical Modelling 
(ICDTSM) task design framework. 

The ICDTSM task design framework 
The ICDTSM task design framework is summarised in Figure 1.  
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Figure 1: The ICDTSM task design framework 

 
The three core aspects of the ICDTSM task design framework are: learning foci (Table 1), design principles 

(Table 2), and design considerations (Table 3). To use the design framework to construct a task sequence that 
introduces a code-driven tool for statistical modelling, the task designer needs to decide what data technologies and 
statistical modelling approach will be used and determine the learning goal(s) (Table 1). 

 
Table 1: Learning foci for the ICDTSM task design framework 

Learning focus Task designer action 
Data technologies (L1) Select data contexts that involve data technologies 
Statistical modelling approach (L2) 
 

Identify key statistical modelling actions, representations, and 
associated language 

Learning goal(s) for task sequence (L3) Set learning goals that require students to create computational 
products 

 
These learning foci (L1 to L3) are reviewed and refined during the design of the task sequence and finalised 

at the end of the construction process. The design principles (P1 to P6) are used to inform decisions about features of 
the learning task sequence in terms of what learners will be asked or encouraged to do, and the chronological order of 
these actions or experiences (Table 2). 

 
Table 2: Design principles for the ICDTSM task design framework 

Design principle Task design features (what students are asked to do) 
Immerse in data (P1) Participate in activities that promote engagement with the data 

context and data technologies 
Familiarise with key statistical modelling 
actions (P2) 

Carry out statistical modelling activities without using code 

Describe computational aspects of 
statistical modelling process (P3) 

Use words to describe key computational aspects of statistical 
modelling actions 

Match statistical modelling actions to code 
chunks (P4) 

Read and match lines/chunks of code with statistical modelling 
actions 

Adapt code chunks with slight 
modifications (P5) 

Identify aspects of code to change, in order to carry out statistical 
modelling actions 



 
 

Explore “what if?” changes to code (P6) Modify at least one aspect of provided code to produce new or 
unexpected outputs 

 
 Task sequences can be designed using separate phases for each design principle, or several design principles 
may be used within the same phase. Alongside the design principles, the construction of the task sequence is 
simultaneously guided by four design considerations (C1 to C4) that inform broader decisions (Table 3). 
 

Table 3: Design considerations for the ICDTSM task design framework 
Design consideration Task designer action 
Introduction of new knowledge (C1) Consider when and how much new knowledge is being introduced 

within each phase of the task sequence 
Data used (C2) Use one general data context and either one data source that 

provides different variables or subsets, or closely related data 
sources 

Tools used (C3) Connect actions and representations when learners move between 
different computational tools 

Level of computational transparency (C4) Select or develop features of computational tools by considering 
how obvious the computations performed by the tool are to learners 

 
 With respect to computational tools, the immerse (P1) component of the task sequence can utilise any tool, 
the familiarise (P2) and describe (P3) components should utilise unplugged or GUI-driven tools, and the match (P4), 
adapt (P5), and explore (P6) components should utilise code-driven tools. 

Discussion 
Two core threads of the ICDTSM task design framework (Figure 1) are: (1) extend the familiar into the unfamiliar 
(e.g., Biehler & Schulte, 2017), by using learners’ familiarity with statistical modelling approaches as a basis for 
introducing new contextual and practical computational ideas and; (2) use the informal before the formal (e.g., 
Gravemeijer, 2004), for example, when introducing algorithmic models or coding approaches. The use of data 
technology contexts appeared to stimulate thinking about new computational approaches (cf. Hicks & Irizarry, 2018), 
and structuring a task sequence towards an end goal of creating a statistical model as a computational product appeared 
to help teachers appreciate both the purpose and utility of their learning (cf. Ainley et al., 2006). The ICDTSM task 
design framework also explicates the need carefully target, sequence and connect specific human-computer 
interactions for statistical modelling, including: creating adaptable code chunks that represent each modelling action; 
identifying the modelling actions or steps that could transfer across computational tools; and connecting each 
modelling action across the different computational tools used in the task sequence, both visually and textually. This 
research contributes to a greater understanding of how data science tasks could be designed to support learners to 
simultaneously develop conceptual-based and tool-based understanding (cf. Artigue, 2002). 
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