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An example of a rich data classification task

TALKING POINT:

160 lizards were captured from two different habitats:
disturbed (developed by humans) and
natural (no human development).

WHAT DOES RESEARCH
SUGGEST ABOUT TEACHING

Are there ways of classifying the lizards that might
help us predict whether a randomly chosen lizard has
come from a disturbed or natural habitat?

STATISTICS USING RICH
DATA SETS?
Does the lizard
weigh 5.35g
or more?

IN SUMMARY
• Rich data sets – which may be
messy, have many variables
(multivariate), a complex
structure, and a mixture of both
qualitative and quantitative
data – may support student
engagement and create
opportunities for cross-curricular
work

YES
46
lizards

NO
114
lizards

• Rich, multivariate data sets
should contain a range of
different data types to allow
the posing of interesting and
engaging questions and
problems

42 : 4

Filed as:
‘natural’

7
lizards

Does the lizard
weigh 4.35g
or more?

Filed as:
‘disturbed’
6 : 1

YES

37 : 77

NO
107
lizards

Filed as:
‘natural’

42
lizards

Filed as:
‘disturbed’
20 : 22

31 : 76

NO
65
lizards

• Using rich data shifts the focus
of statistics lessons away from
procedural fluency towards
interpretation and discussion
and so may require different
approaches to assessment

• When engaging with rich data a
problem-solving cycle approach
is recommended

Filed as:
‘disturbed’
YES

• Approaches such as exploratory
data analysis, informal
inference, and data modelling
are complementary to working
with rich data sets

• When using multivariate data,
it is important to use contexts
with which students are familiar,
access to carefully designed
software tools, and wellstructured activities

Is the lizard’s head
depth less than
4.25mm?

Filed as:
‘natural’
11 : 54

Overall misclassification rate of this model:
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The use of rich data supports a greater emphasis on statistical thinking,² allowing greater
focus on conceptual rather than procedural understanding and creating space for
more student-led lessons in line with recommendations from research.³ Data sets that
can be considered “rich” may be messy, have many variables (multivariate), a complex
structure, and a mixture of both qualitative and quantitative data. Rich data reflects more
closely the data students encounter in everyday contexts and can support motivation
and engagement.4 Using rich data creates opportunities for cross-curricular activity,
which in turn may require cross-curricular planning to fully exploit.5 Considering different
data and variable types and engaging in multivariate thinking (making inferences
about data with more than two variables) are all important from the earliest stages of
mathematics education onwards.1
IMPLICATIONS: Rich data may support engagement and motivation in statistics
learning with a greater focus on conceptual understanding
Embedding the use of rich data creates opportunities for cross-curricular work
Consideration of different data and variable types is important from the earliest stages
of education
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Early work with rich data may be supported by informal approaches such as exploratory data analysis (see Espresso 29) and drawing
several pictures of the same data.6 Other approaches supported by rich data include informal inference (making conjectures from data and
describing a level of confidence in them)7 and data modelling (using data to design rules that can be used to make predictions or solve
problems).8 Tasks involving multivariate data may appear more demanding than traditional univariate or bivariate data-based tasks, but
carefully structured task design can support students with a wide range of prior attainment in accessing teaching and learning activities.5
Making sense of multivariate data does not require learning advanced techniques;9 existing curriculum objectives can be met by, for
example, calculating averages for sub-groups generated from a categorical variable. Using rich data allows greater focus on developing
central statistical ideas, supports statistical reasoning, and promotes classroom discourse but these elements may not be well supported by
forms of assessment that focus on procedural fluency.10 Rich data enables students to engage with a broader range of statistical activities such
as classification (see infographic), and foundational concepts in data science.1
IMPLICATIONS: Approaches such as exploratory data analysis, informal inference, and data modelling complement work with rich
data sets
It is particularly important to structure tasks carefully when working with rich data
Using rich data shifts the focus of statistics lessons away from procedural fluency towards interpretation and discussion, which may require
different approaches to assessment

3

The effective exploration of rich data sets is supported by a classroom environment that includes access to technology tools, and welldesigned tasks or prompts.11 Effective technology tools for data visualisation aim to make visualisation simple and unambiguous, allow
the use of colour to highlight patterns, minimise jargon and provide useable options.12 Some tools that meet these recommendations
include TinkerPlots,13 CODAP,14 and iNZight.2 Web-based resources such as ProCivicStat and Gapminder also curate rich data, tasks, and
visualisation resources.9 Classroom activities related to exploration of rich data may be enhanced by engaging with a statistical problemsolving cycle that encompasses posing questions, processing data, creating representations and drawing inferences or conclusions.15
IMPLICATIONS: Alongside multivariate data sets, access to technology tools and carefully structured activities are important to support
student exploration of data
Software specifically designed to support exploration of rich data (such as TinkerPlots, CODAP, and iNZight) may help reduce barriers to
engagement
When exploring rich data, a problem-solving cycle approach is recommended
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The effective use of rich data sets in the classroom may be supported by the use of real-life contexts in which students already have some
experience. This can create opportunities for students to ask questions where their expectations are either confirmed or confounded.16 Data
should be interesting, relevant, and potentially controversial in order to stimulate interest, with sufficient contextual information to allow
students to act as researchers.17 Rich data sets may contain a range of different data types including qualitative and quantitative, discrete and
continuous, cardinal, ordinal, counts, and proportions. They may also contain more modern data types such as images, sounds, videos, or
words.1
IMPLICATIONS: Rich, multivariate data sets should contain a range of different data types to allow the posing of interesting and
engaging questions and problems
Data contexts with which students are familiar may support engagement and accessibility

“Collect enough data and it’s hard to know what
you’ll uncover”

“Somebody, somewhere, still had to decide which information to collect, but it’s easy to
gather that data just in case, and decide later whether it’s useful”

Fry, 2019 18(p.28)

Harkness, 2016 19(p.18)
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