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Abstract
This paper describes elementary students’ awareness and representation of the aggregate properties and
variability of data sets when engaged in predictive reasoning. In a design study, 46 third-graders interpreted a
table of historical temperature data to predict and represent future monthly maximum temperatures. The task
enabled students to interpret numbers in context and apply their understanding of inherent natural variation to
create a generalized data set. Student predictions, representations, and written and verbal descriptions were
analyzed using two frameworks – Awareness of Mathematical Pattern and Structure (AMPS), and Data Lenses.
While 54% of students used the variability of the given data table to predict temperatures that were within the
historical range for each month, only 20% described the table by focusing on aggregate properties. Student
representations varied from highly structured line and bar graphs to idiosyncratic drawings on weather-related
themes. In total, 83% of student representations were either idiosyncratic or direct copies of the data table. These
findings suggest a progression in students’ predictive reasoning, with an awareness of range and seasonal patterns
emerging before a multifaceted aggregate view.
Key words: predictive reasoning, data lenses, elementary students, data representations, statistical reasoning,
Awareness of Pattern and Structure
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1 Introduction
Prediction is an everyday statistical activity where individuals draw upon past experiences and incomplete
information to estimate, plan, or draw conclusions. Effective predictive reasoning requires an understanding of
data values, variability, distribution, representation and modelling, sampling, inference, and probability (see
Franklin et al., 2007). Extensive studies on elementary students’ predictive capacities have demonstrated that even
young children may understand the likelihood of chance (Biehler & Pratt, 2012; Burrill & Biehler, 2011; Falk,
Yudilevich-Assouline & Elstein, 2012). However, most studies to date focus on activities which rely upon
students’ deterministic understanding of ratios and chance (e.g., stochastics; Abrahamson, 2012). As we show
below, these skills are necessary but not sufficient.
Outside of formal statistical analysis, everyday predictions happen when chance occurrences are overlaid in
a context of larger, underlying causal variation. In these situations, both the data context (Ben-Zvi & AridorBerger, 2016) and the specific knowledge base of the individuals making the predictions (Hourigan & Leavy,
2015) influence predictive success. Watson (2006) describes one of the aims of statistics education as supporting
students to make predictions that have a high probability of being correct. Real world experiences, however,
involve uncertainty. Multiple alternatives are often reasonable. By asking students to interpret data from familiar
sources, they are exposed to some of the big ideas in statistics such as variability, range and aggregate properties
of data sets (Makar & Rubin, 2017).
Multiple studies over recent decades have provided abundant evidence of the value of providing opportunities
for students to engage in informal statistical reasoning from the earliest years of schooling (for example, Aridor
& Ben-Zvi, 2017; Doerr, Delmas, & Makar, 2017; English, 2013; Lehrer & English, 2018; Makar, 2014; 2016;
Makar & Rubin, 2017). English (2013) argues that providing opportunities for elementary school students to make
informal inferences in uncertain situations will ensure a solid learning foundation for formal statistical
understanding in later years. Even for students who will never continue to formal statistical education, skills for
understanding and interpreting statistical information are necessary when making informed decisions in the
modern world. The pedagogical aims proposed by Makar and Rubin (2017), “are to develop coherence in their
statistical ideas, give them earlier access to the power of statistical inference, and make connections between
statistics and familiar contexts” (p. 273). Thus, the elementary schooling years provide an opportunity to lay
foundations for students to become critical consumers of data, with robust understanding of frequently
encountered concepts such as variability and probability (Hourigan & Leavy, 2015).
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In this explorative study on predictive reasoning, 46 third-grade students observed and interpreted variability
when making predictions from a table of data of monthly temperature records. This task therefore required
probabilistic thinking (Abrahamson, 2012), informal inferential statistical reasoning (Makar, 2014) and meaningmaking through data representation (Mulligan, 2015). Of interest were:
1.

The features identified by the student as relevant for their own temperature predictions, and

2.

How these features supported their emerging understanding of variation and aggregation.

2 Theoretical perspectives
2.1 Statistical learning environment
Statistical learning does not happen in isolation, but is dependent upon both the learning environments (Cobb,
1999) and the students’ understanding of the context (Ben-Zvi & Aridor-Berger, 2016). Eichler and Vogel (2012)
also argue that a student’s statistical understanding does not increase systematically in complexity in a staircase
like way: rather, it ebbs and flows with new ideas added and old ones eliminated. Thus, students may demonstrate
multiple and potentially contradictory understandings when describing their predictive processes. By providing
regular opportunities for students to represent their understanding in divergent ways, including through writing,
drawing (Mulligan, 2015), and explanations of their thinking (Abrahamson, 2012), development can be both
scaffolded and mapped.
2.2 Designing tasks for understanding predictive reasoning
Predictive reasoning requires one to understand and account for variability, in appropriate contexts (Burrill &
Biehler, 2011; Franklin et al., 2007). Thus, tasks which challenge students’ predictive reasoning capacities need
to include elements of random variation as well as underlying causal forces. Students must then detect information
in a “noisy” environment: makings decisions about what to discard and what to include (English, 2010; Konold
& Pollatsek, 2002). In the learning stages, students will often either overemphasize determinism and ignore
chance, or overemphasize chance and overlook the possibility of making reliable predictions (Lehrer and Schauble
(2017).
While tasks to challenge students’ predictive reasoning should include elements of random variation and
underlying causal factors, they also should provide contexts rich with relevant, relatable content for the students
in question. By using data sets from aquatic wildlife, children’s shoe sizes, plant growth, and sporting events, for
example, studies have demonstrated students’ generalizing of statistical concepts (Hourigan & Leavy, 2015;
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Lehrer & Schauble, 2017; Makar, 2016; Mulligan, 2015). Other examples of context-rich activities include the
variability in flight length of student-created paper rockets (Petrosino, Lehrer, & Schauble, 2003), and selecting
swimming teams from national champions (English, 2010).
The possibilities of using complex and “messy” data sources for classroom investigations is becoming well
established. Yet the way in which students use predictive reasoning strategies to complete missing values in data
sets is less well understood. A small number of researchers have focused on ‘inherent variation’, requiring students
to predict unknown values from variable data (English, 2012; Kinnear & Clark, 2014). While these researchers
successfully demonstrate the ability of students as young as six to make viable predictions, the data tables used in
each case were purpose-built and contained very small data sets. Thus, we do not know how well these skills
extend to more complex data sets. To provide richer examples of variability, the examination of natural
phenomena such as weather, tides, and lifecycle data should also be considered. To support this possibility, we
have recently shown that highly-able second graders can make realistic predictions of seasonal temperatures from
temperature tables and have developed an early awareness of range, maximums, minimums, outliers and means
(Oslington, 2018). This pilot study was limited by its sample of 10 students, thus supporting the larger-scale focus
in the current study.
2.3 Measuring and describing students’ statistical understanding
Multiple efforts have been made to measure students’ statistical reasoning over the past thirty years. These include
variations of the Structure of Observed Learning Outcomes (SOLO) model (e.g., Watson, Collis, Callingham, &
Moritz, 1995), tiers or levels of statistical reasoning (Leavy, 2008), reasoning rubrics (Jones et al., 2000), and
Rasch models (Watson, Callingham, & English, 2017). The pilot study upon which this larger study is based used
Leavy’s (2008) levels of statistical reasoning (Oslington, 2018). While each of these models has merit, none were
specifically designed to measure predictive reasoning, and thus cannot capture the complexity of students’
predictive development.
To ensure a fine-grained analysis of students’ predictive reasoning skills in the current study, two existing
frameworks have been adapted. The first, Awareness of Mathematical Pattern and Structure (AMPS), maps the
sophistication with which students recognize common mathematical features and patterns in new information
(Mulligan & Mitchelmore, 2009). The second, a “data lens” approach, is a descriptive framework reflecting the
features of the data which are noticed by the student (Konold, Higgins, Russell, & Khalil, 2015).
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2.3.1 The development of AMPS
Like other measures of student statistical understanding (e.g., Jones et al., 2000; Watson & Kelly, 2005) AMPS
uses a multilevel hierarchy (Mulligan & Mitchelmore, 2009; Mulligan, Oslington, & English, 2020). This is
because students’ thinking also tends to be heirarchical. Before realising that data sets have aggregate properties
for example, students typically view each data value independently. It is only as a student recognizes the inherent
structure within a set that they can appreciate the meta-properties of the data. Using students’ data modelling in
real-life investigations therefore captures students’ observation, structuring, organization, analysis, and
representation of data sets (Mulligan & Mitchelmore, 2009). At each of five levels the student’s understanding of
statistical concepts is used to inform the construction of their data representation as follows:
1.

Pre-structural: The student focus on features of interest that are largely irrelevant to the underlying
mathematical concepts.

2.

Emergent: The student recognizes some relevant features although these lack organization.

3.

Partial structural: The student recognizes some key features of the structure, though their response is
incomplete or inaccurate.

4.

Structural: The student correctly represents the given structure.

5.

Advanced structural: The student can generalize from the structure.

AMPS is sufficiently flexible to apply to a range of mathematical constructs, and in the current study is used
to capture students’ awareness and representations of variability and seasonal patterns.
2.3.2 Using “data lenses” approach
Konold et al. (2015) describe statistical understanding as a “loose hierarchy”, moving from a focus on
observations unrelated to the data value towards a rich and multifacted concept of data including variabilty, modal
clumps, range in data value and aggregate properties. They represent these fundamentally different ways in which
students perceive data as four distinct “lenses” (English 2012; Konold et al., 2015). The four data lenses are as
follows:
1.

Pointer: The student makes no clear distinction between the data and the event: rather the data “points”
to the event in which the data was collected. There is no clear perceptual unit.

2.

Case value: The student focuses on an individual data point or points only, and does not consider the
broader pattern. The individual data point is the perceputal unit.

3.

Classifer: The student focuses upon similiaries between observations (e.g., by identifying a modal
clump). There is a group perceputal unit.
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4.

Aggregate: The student interprets the data set holistically, identifying properties of aggregation as well
as variation between individual data points. The perceptual unit is the entire set.

The data lenses approach was used in the current study to analyse students’ written and verbal reflections on
their data predictions and representation processes.
2.4 The present study
As described above, the present study tested students’ awareness and representations of variability and seasonal
patterns in multiple ways. Students were asked to intepret a table of recent temperature data and use their
interpretations to predict future maximum temperatures. We then drew upon both AMPS and the data lens
approach to measure students’ predictive reasoning. This dual approach allowed us to measure both the
sophistication of students’ representations (AMPS), and their reasoning about data when making predictions (data
lens analysis). However, it also allowed us to compare different aspects of development. Lakoff and Nunez (2000)
explain that “most of our everyday mathematical understanding takes place without us being able to explain
exactly what we understood and how we understood it” (p. 28). For the relatively young students in this study,
who had an average age of just 8.5 years, the “doing” and “thinking about” aspects of temperature prediction may
also develop asynchronously—with some students’ being unable to explain how or why they made predictions
even when those predictions are accurate.

3 Methodology
3.1 Participants
Participants consisted of an entire cohort of 46 third-grade students (7y 8mo – 8y 10mo) from an independent
school in metropolitan Sydney, Australia (20 female, 26 male). Students’ families generally had a high “index of
community socio-economic advantage” (ICSEA) scores with 71% of families above the Australian average. All
students had some prior exposure to statistical concepts, including reading bar graphs, making pictographs and
using tally marks.
3.2 Research design
This study formed part of a longitudinal design study observing the emergence of statistical reasoning in students
in the first to fourth grades (Oslington, 2018; Oslington, Mulligan, & Van Bergen, 2018). The lessons described
here occurred at the commencement of the Australian school year (January 2018) and were the first of a three-
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cycle iteration (Bakker, 2018) on predictive reasoning. Ethical consent was obtained from students for collection
of work samples and digital recordings.
3.3 Task design
The temperature prediction task was designed to test students’ ability to identify and project a ‘signal’ in the data,
despite variability (English, 2012). The key measurement (temperature) represented a familiar experience that all
students could relate to. Aligning this familiar concept with the complex notion of natural variation provided a
rich context in which students could express their understanding of variation and aggregation. Students first
constructed representations, with the intention that these artefacts would become part of the meaning-making
process of student learning (English, 2013; Mulligan, 2015). Then, an individual task-based clinical interview
served both as an assessment of student understanding and an opportunity for the students to learn further by
talking about their representations and predictive strategies.
3.4 Lesson structure
Students were withdrawn from class in groups of 9 to 12 with each student participating in a single 90-minute
lesson. The lessons were conducted over five consecutive days, and each group followed the same lesson
sequence. The lesson sequence involved orienting students to the task (preparation), three predictive activities
(selecting values, writing observations, creating a representation), and an individual task-based interview.
3.4.1 Preparation
1.

Students were introduced to a two-way temperature table (Fig. 1) sourced from the Australian Bureau of
Meteorology [AMB] (Australian Government, 2018). Students were reminded of strategies for reading
a two-way table and given opportunities to practice locating specific values and identifying the highest
and lowest values in a selected year or month.

2.

Students were reminded of the concepts of “maximum” and “monthly” in the context of the temperature
table. Each student was verbally assessed by the researcher (first author) until satisfied the student could
understand the predictive task.

8

Fig. 1 Highest monthly temperatures for Sydney, Australia 2010-2016 (Australian Government, 2018)
3.4.2 Predictive reasoning tasks
Students then followed the instructions below to complete three written tasks:
1.

Use the table in Figure 1 to complete the missing 2017 temperatures.

2.

Respond to the written prompt “Write down anything you notice about the numbers”.

3.

Construct a representation following the written prompt “Show how the numbers might look on a graph”.
Students were provided with blank paper, coloured drawing materials and an eraser.

3.4.3 Interviews
When the representations were at or near completion, students participated in a short task-based interview where
they responded to the questions tell me about your graph, did you notice anything special about the numbers? and
how did you choose your numbers for 2017? Interviews were recorded using a hand-held iPad and conducted by
the first author in an adjacent room to the classroom, away from other students.

3.5 Data analysis
The 46 sets of temperature predictions, representations, accompanying written explanations and interview
transcripts were coded by the first author and double coded by an independent research assistant. Students’
temperature predictions and representations were coded using the AMPS structure, and written and verbal
responses were coded using the data lens approach. The two coders reached 98%, 95%, 91% and 93% level of
agreement respectively. Discrepancies were resolved through discussion and were reviewed by a third
independent coder.

3.5.1 Use of structural levels to interpret student temperature prediction
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Students’ monthly temperature predictions for 2017 were coded using AMPS for two structural features (see Table
1). The first feature, awareness of range measured how successfully the student interpreted the variability in the
table vertically by making predictions that fell with the values in the columns (i.e., the range of previously recorded
temperatures). The second feature, awareness of seasonal patterns, measured how successfully the student
interpreted the table horizontally by identifying temperature changes throughout the year (i.e., the relationship of
each monthly prediction to the values adjacent to it and overall). Each set of predictions was plotted by the first
author on an Excel graph also containing historical temperature data for maximums recorded for Sydney between
1851-2017 (Australian Government, 2018). This allowed us to see how the predictions made by each student
compared with previously recorded temperatures. Given that Figure 1 contained only six consecutive years of
maximum temperatures, it was considered reasonable that a student prediction might fall slightly above or below
the range provided. However, it was expected that a structural or advanced structural prediction would fall within
the range of historical temperatures.
Level of
Structure
Advanced
structural

Awareness of range
(reading table columns)
All 12 monthly temperature predictions
located within the range of historical
temperatures.

Awareness of seasonal patterns
(reading table rows)
Smooth curve, peak in Jan or Feb with distinct
winter dip with minimum in June.
All adjacent months consistent with directional
trend or of equal value.

Structural

Ten or 11 monthly temperature
predictions located within range of
historical temperatures.

Distinct seasonal dip, coldest month June, July or
August, and 9 to 11 months showing appropriate
directional trend.

Partial

Five to nine temperature predictions
located within the range of historical
temperatures.

Some evidence of seasonal dip, with lowest month
between April and October, and at least six
predicted temperatures consistent with appropriate
directional trend.

Emergent

Three or four temperatures predictions
within the range of historical
temperatures.

Some directionality of slope when predicted
temperatures are joined.

Pre-structural

Idiosyncratic values, direct copying of Shape of joined adjacent temperatures unrelated to
table values or no response.
table of temperatures.
Table 1 Coding descriptors for student predictions for awareness of range and seasonal patterns by structural
levels
3.5.2 Use of structural levels to interpret student representations
Student representations were also coded for levels of structure using AMPS (Table 2). Structural and advanced
structural representations were characterized by students’ meaningful interpretation of the data. Partial
representations indicated that students manipulated but did not extract data. For emergent responses students
copied but did not manipulate data, while in pre-structural representations the students did not interact with the
values in the data table.
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Level of
Structure
Advanced
structural

Descriptions

Examples

Extracted meaningful information from the
data table, and presented showing
continuity between months, seasons or
years.

•
•
•
•
•

Structural

Extracted meaningful information from the
data table and presented in table or
graphical form.

Partial

Manipulated existing data without
condensing or refining.

•

Emergent

Demonstrated that the numbers in the data
table were significant enough to reproduce,
though no demonstration of using them for
interpretative purposes.

•

Prestructural

Line graph showing multiple years of
maximum temperatures or of highest
months
Scatter plot showing multiple years
Line graph single year
Bar graph single year
Table ranking months in descending order
of temperature
Moved the time series to the x axis which
is a preliminary step towards creating a
graph.
Copy of data table

• Table with invented numbers
• Table with no numbers
• Seasonal pictures/calendars
• Drawings of weather
Table 2 Coding scheme for student representations of Sydney maximum monthly temperatures
No demonstrated interaction with the
numbers in the data table.

3.5.3 Use of data lenses to interpret student responses
Student’s written (predictive reasoning task 2) and verbal explanations (through interview) were both coded using
the four-level data lenses approach (Table 3). Of interest was the students’ descriptions of data. Students using an
aggregate data lens described a systematic use of the features of the temperature table, including ranges. Thus,
the perceptual unit was the entire data set with both aggregate and variant properties. These students recognized
that the temperature table represented yearly trends linked to seasons, and that variability between months was
more important than variability within months. Students using a classifier data lens made general comments,
including that winter months being cooler than summer months and that similar temperatures were grouped in
months. These responses focused on a specific attribute as the perceptual unit. Students viewing data through a
case value data lens used individual data values as the perceptual unit, for example noticing instances of repeated
numbers, or that all numbers were above 20°C. Responses classified as using pointer data lens lacked a perceptual
data unit. The responses included invented patterns, idiosyncratic comments, or references to temperature
unrelated to the data table such as “last summer it was hot”.

Lenses
Aggregate

Description (Konold et al., 2015)
Data set is perceived as a unity with
emergent properties such as shape and
center.
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Example
The temperatures are hot at the beginning of the year
and have a wider range in values. They become
cooler as winter approaches, and the spread is
smaller. The spread becomes larger again as the
temperatures warm up for spring and summer.

Classifier

Gives information about the frequency
of cases with a particular attribute.

All the values in June are in the 20s.

Case value

Provide information about the values
of some attribute for each individual
case.

There are two 32s in a row.

Pointer

Refer to the larger event from which I went on holidays in January and it was very hot.
the data came.
Table 3 Data lenses used by students when interpreting temperature table

4 Results
4.1 Structural levels observed in student temperature predictions and representations
The percentage of students’ predictions showing an awareness of range, an awareness of seasonal patterns, and
their representations of their predictions (Figure 2) was captured at each structural level. Students’ awareness of
range was the least challenging of the tasks, with more than half the students (54%) predicting sets of temperatures
at advanced structural (24%) or structural (30%) levels. Approximately one quarter of students made predictions
at the partial level (24%), showing some awareness of variation but also making predictions outside the range of
values presented to them in Figure 1 (and, indeed, the historical data set). Finally, the remainder of students made
predictions at the emergent (11%) and pre-structural levels (11%) thus showing little or no awareness of the
relevance of the temperature data presented to them.

Fig. 2 Students’ awareness of range, awareness of seasonal patterns, and representations by structural level (N =
46)
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Fig. 3 Three student prediction exemplars plotted on Excel graph to support coding of structure

Students’ awareness of seasonal patterns indicated the degree to which the student showed continuity
between predictions. Structured temperature predictions had an obvious dip in the middle months of the year,
reflecting the Sydney winter. Although this task proved more difficult for the students, still almost half (48%)
made predictions that were coded as structural (26%) or advanced structural (22%). When plotted by the
researcher (first author), the advanced structural responses (22%) showed a smooth curve, peaking in January or
February and dipping to a minimum value in June. To achieve this continuity, students needed to read the stimulus
table horizontally as well as vertically. Partial responses (17%) indicated a mid-year dip, suggesting some
awareness of the timing of winter, yet typically also containing several other dips. Only half of the predicted
temperatures showed directional continuity by descending in the first half of the year and rising in the second.
Emergent (15%) and pre-structural (20%) responses showed little or no directional continuity, with the prestructural responses unrelated to the stimulus table. Illustrative predictions by three students are shown in Figure
3, plotted by the researcher on a single Excel graph of Sydney historical temperatures.
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Level of
structure
(AMPS)
Advanced
Structural

Types of
representation

Number
(n=46)

Line graph

3

Structural

Bar graph – single
year
Table extracting
data

1

Partial

Table axes turned

3

Emergent

Table copied

18

Pre-structural

Table with
invented numbers
Table with no
numbers
Seasonal pictures
Drawings

11

Example

1

5
2
2

Table 4 Student representations of a table of Sydney maximum monthly temperatures coded according to five
levels of Awareness of Mathematical Pattern and Structure (AMPS)
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Interestingly, student representations showed a lower level of structure than did their temperature predictions
for awareness of range and seasonal patterns (see Table 4 for examples). Although asked to “show how the
numbers might look on a graph”, only five students (11%) were able to extract and represent any meaningful
information from their temperature table. Of these five structured responses (7% structural, 4% advanced
structural), there were three line graphs, one column graph, and a two-way table ordering the months from hottest
to coldest. Students with partial responses (7%) also made early attempts at graphing: for example, by placing the
years from left to right along the x-axis and writing the temperatures for each month above. 1 In these examples,
students started by identifying a time series (years) and appropriately spacing it along a base line. Yet when they
started to fill the y-axis, they could not determine if it should be months or temperatures. Ewan 2 (8y 2mo), while
interviewed, explained the dilemma: “I was going to do a bar graph and write the little lines in, but I can’t because
I have to include all the months. So, I changed it and put all the months on the side and the temperatures as well”.
Without being able to discard, manipulate, or extract any of the information, 37% of the students resorted to
copying the table with various levels of accuracy (emergent responses). These students knew that the numbers in
the table were important but were not able to form new categories or generalize. Almost half of the students (46%)
did not represent the temperature values at all (pre-structural responses). Some copied the structure of a table,
including invented numbers or empty grids. Others drew calendars, or made weather maps or stations. The
consistent theme in pre-structural representations was that the features selected by the students in their
representations were not the temperatures shown in Figure. 1.

4.2 Use of data lenses to interpret student responses
Students’ written and verbal descriptions of their choice of temperature predictions were analyzed using the data
lens approach. Because the task-based interview deliberately probed for understanding, it was expected that
students’ verbal reasoning might show more complexity than their unprompted written observations. In fact, while
this was the case for students using case value and classifier lenses, students viewing through the pointer and the
aggregate lenses used a similar lens in their verbal and written responses (see Figure 4). To better illustrate how

As part of the next cycle of the design study, the same students were given a similar task 12 months later. This
‘turning of the axes” was also observed in five students, although not the same individuals as in this study. In
the third and final cycle when the students were about to start fifth grade, there were no examples of this type of
representation.
2
Pseudonyms used for all students.
1
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different aspects of students’ predictive reasoning aligned across AMPS levels and data lenses, each data lens is
discussed below through a case study of a “typical lens user”.

Fig. 4 Data lenses used by students to describe their verbal and written observations
4.2.1 Using an aggregate data lens for interpreting temperatures
Students describing data through an aggregate lens all predicted temperatures that were coded as structural or
advanced structural. Aggregate lens responses were longer and more explicit than other responses and reflected
multiple relevant features of the data table. These included seasonal trends, unusual features, general properties
and variation within the set. For example, Joseph (8y, 9mo) had advanced structural awareness of range, seasonal
patterns, and representation (Fig. 5), with the latter depicting a generalized representation of all Sydney maximum
monthly temperatures, rather than a single selected year. Structure was seen in the labelled axes and equal spacing
was used. The y axis scale was confined to 15–49 o C. Each dot represented one ‘real’ value selected intentionally
from the temperature table.
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Fig. 5 Graph by Joseph (8y, 9mo) representing the temperature changes in Sydney temperature (from Fig. 1)
In his verbal interview, Joseph explained that the colder values are clustered towards the cooler temperatures,
and values became more spread out during the hotter months. Noticing a variation of range in different months is
a sophisticated observation requiring an aggregate understanding of the temperature table. Like other students
viewing data through an aggregate lens, Joseph reflected explicitly upon relevant characteristics of the temperature
table including change and variation. For example, in his written response, Joseph commented that within a year,
temperatures changed by two or three degrees each month, and that a hot start to the year was generally reflected
in higher than usual temperatures for subsequent months. When asked how he selected his predictions, Joseph
described a systematic process, which included selecting temperatures similar to other values for each month, but
also ensuring temperatures dropped each month until the middle of winter and rose again more slowly as spring
moved towards summer.

4.2.2 Using a classifier data lens for understanding temperatures
Students using a classifier lens viewed the perceptual unit as a specific attribute, rather than interpreting the
temperature table holistically. Usually the attribute described was a month of the year. A common feature of
students’ responses viewed through this lens was the lack of connection between the predicted values and seasonal
variation. For example, Hattie’s (8y, 2mo) awareness of range was structural, with ten of her predictions within
the historical data set. When explaining how she selected her predictions she “…did numbers with the most
amount of tens; then for my ones [digit] I just picked a number.” This was a common strategy for students using
a classifier lens and reflects their focus on the column structure. For awareness of seasonality, Hattie’s response
was partial: although her predictions showed a winter dip, her March temperature was 12oC higher than her
February temperature. April and May were also excessively high.
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Fig. 6 Representation by Hattie (8y, 2mo) of Sydney maximum monthly temperatures

As seen in Figure 6, Hattie’s representation was an accurate copy of the temperature table from 2010–2016,
with the hottest and coldest temperature for each year highlighted. Hattie also included her own predictions for
2017 in the table. Note however that Hattie is inconsistent when using her “looking at the tens” strategy and
applied it for only six of the 12 months. At interview Hattie stated: “The cold numbers were in the middle of the
year, and the hot ones are on the left and right.” However, she could not explain why this pattern might exist.
Using the month as a perceptual unit, students like Hattie were therefore able to produce structured or even highly
structured temperature predictions, despite not demonstrating an understanding of the aggregate properties of the
temperature table.

4.2.3 Using a case value data lens for interpreting temperatures
Students viewing data through the case value lens focused on individual data points without integrating these into
yearly or monthly trends. In written responses, this was the most common lens (17 students, 37%), although four
students displayed more sophisticated reasoning when interviewed. With the perceptual unit being the individual
data point, students either pointed out special temperatures of interest, or made very general comments about the
numbers. For example, Sophia’s (7y 11mo) written observations of the data table included a list of individual
observations, such as “Jan 2013 had the highest temperature. June and July 2012 had the same temperature.” Her
representation consisted of a copy of the temperature table (emergent) with some colour coding for temperature
differences. When asked how she selected her numbers, Sophia reported two strategies, both reliant on the data
table. Firstly, she used the numbers already in the table. Because Sophia had not yet realized the significance of
the column structure, her choices were selected from various points in the table, thus her predictions were coded
as partial for range and as pre-structural for seasonality. For example, her prediction for June (with a range of 2023) was 46oC, copied from January 2013. Secondly, she searched for “missing” numbers in a column. This strategy
did provide some predictions close to ABM temperatures, but the missing-number strategy resulted in nonseasonal predictions of 23oC and 42oC for February and August respectively. Students viewing data through the
case value lens did use the data table to help make their predictions, but without the specific strategies articulated
by the students who viewed through aggregate or classifier lenses.
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4.2.4 Using a pointer data lens for interpreting temperatures
A key feature of pointer lens responses was that the temperature table was not able to support their predictions in
any systematic or organized way. Twenty eight percent of students described data through a pointer lens in their
written response, rising to 30% when interviewed. This compares with only 11% and 20% of students coded as
pre-structural for awareness of range and of seasonality respectively (Figure 2). Thus, some students were able to
make structured predictions despite using a pointer lens when writing or talking about their predictions. James’
(8y 2mo) predictions, for example, were coded structural for awareness of range and partial for seasonality.
Despite this, James described his data selection strategies as “randomly” and “part of a pattern”. James’ written
and verbal descriptions suggested he had confused random variation for predictive patterns e.g., “in one column
near the end a pattern started which went 37, random number, 37, random number, 37….”. James’s representation
consisted of a table with drawings and was coded pre-structural. This too aligns with a pointer lens. For James,
the activity ‘pointed to’ his understanding of weather, and so his representation was a pictogram of the likelihood
of specific illustrated weather events (Figure 7) and the dates on which they might occur.

Fig. 7 Representation by student viewing data through a pointer lens: pictogram by James (8y 2mo)
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4.2.5 Comparison of data lenses and structural level when predicting from a data table
As shown in the examples above, there appears to be an association between the type of lens used by the student
when describing their data selection strategies and the level of structure identified in their predictions. Those
describing data using an aggregate lens all produced structural or advanced structural predictions (Table 5). This
relationship was less obvious with the other lenses, particularly with the case value lens, where advanced
structural, right down to pre-structural data predictions were made by students viewing through this lens. Table 5
demonstrates an overall trend linking higher levels of structure with more sophisticated types/categories of lenses.
However, students were more likely to make structured predictions than to describe this process using a more
sophisticated lens, suggesting that accuracy in prediction may develop prior to the reasoning about how the
prediction was made. This is consistent with students like James described above, making predictions with at least
some level of structure while not yet being able to describe the decision-making process. A full analysis of all
individual students measured across all sources of data is beyond the scope of this paper.

Data Lenses
Classifier
Case value
5
2
4
4
2
4
2
1

Level of Structure
Aggregate
Advanced structural
5
Structural
3
Partial
Emergent
Pre-structural
Table 5 Students use of data lens by structure.

Pointer
2
6
2
4

5 Discussion
This study extends existing research by proposing a descriptive framework for observing predictive reasoning in
elementary grade students and by using this framework to map different developmental aspects of reasoning. The
first research question considered the features identified by the student as relevant for their data prediction. Not
all students could identify a predictive strategy, instead describing idiosyncratic or random numbers. Others used
the data table like a puzzle, seeking secret codes or finding missing numbers. However, many students observed
and interpreted multiple features of the data table. In particular, students with highly structured predictions used
specific features of the data table such as observing the range for each month and controlling the difference
between months. Some focused on the highest or the lowest numbers in the table and used this to guide their
predictions, at times resulting in extremely high (80oC) or extremely low (-5oC) predictions, while others were
better able to determine the “signal” amongst the noise.
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The emerging picture was one where the data table formed an important resource for supporting student
understanding, although applied in inconsistent and at times distracting ways. Bakker and Derry (2011) describe
how understanding of complex concepts, including those that support predictive reasoning, is not a linear process.
Instead, concepts are fine-tuned over time through repeated exposures. This occurs “whether or not the concept
user is explicitly aware of the judgements and actions involved” (p. 12). In some students’ use of the data table,
we see this instability. James, for example, was able create realistic temperature predictions without being able to
justify how or why. This case aligns with Makar’s (2016) description of first-grade students who were able to
organize small data cards sufficiently well to respond to descriptive and inferential questions. However, they were
not yet able to explain why arranging them in such a way was useful for organizing data. Hattie could describe a
viable strategy (considering the tens values in each month) when predicting temperatures, yet her predictions
demonstrated that she did not apply this strategy consistently. Sophia knew the temperature table was important
and so copied it. However, she approached the table as a ‘find-a-word’ puzzle and searched for missing data
pieces, hoping to find the correct answer.
The second research question asked how the features identified by the students supported their emerging
understanding of variation and aggregation. James, Hattie, and Sophia all demonstrated some level of structural
thinking and awareness, but with inconsistency across task. This would suggest that the features they noticed were
not ones that helped them identify the temperature table as one set. For other students, whose predictions and
representations were consistently at a pre-structural level, the data table was not viewed as a resource at all but as
an idea. Thus, when asked to represent the data themselves, they drew a weather station, a fan, or the four seasons.
The concepts of aggregation and variation were not accessible to these students at this point. It was only students
like Joseph, viewing through an aggregate data lens and drawing on multiple data properties, that used the data
table to make advanced structural predictions. Here, the reasoning extended beyond the stimulus material to a
related hypothetical set (Makar & Rubin, 2009). Thus, there is evidence that at least some students of this age
were able to look beyond the chance variation and recognize aggregate properties inherent in a data table.
A second type of feature observed in students when predicting was their context knowledge along with
personal experiences. Where students drew on their knowledge of Sydney seasons, this typically supported
structured predictions. However, not all students had accurate knowledge to draw on. Some believed that the year
started cold and became hotter until December, but others described the coldest days in December. Still others did
not know when the seasons were. Awareness of global warming was described by several students. This
influenced students towards extreme predictions, and to inaccurately interpret every year in the temperature table
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as hotter than the proceeding one. In a similar way, autobiographical memory favoured these types of overgeneralization errors. Students would use a specific experience (e.g., weather at a birthday party) to describe an
entire month, or remember a holiday, recalling the weather from the holiday location rather than from Sydney.
Some students could confidently ‘remember’ details about temperature, despite lack of evidence in the data.
Overall, therefore, personal and context knowledge did not support an understanding of aggregation and variation
unless integrated with an aggregate view of the data set.
One important component of the current study was students’ written and verbal explanations. Exposure to
complex problems, followed by supporting the reasoning through dialogue, provides students with the opportunity
to reflect upon the problem and on norms that are assumed by more experienced statistics users. In the current
study, students were afforded the opportunity to consider variation and aggregation. Such scaffolding can prompt
conceptual breakthroughs (Kazak, Wegerif, & Fujita, 2015). In the case of Hattie, who did not consistently apply
a viable data selection strategy, her strategy may have emerged from the dialogue itself and not the task.

6

Implications for further research
This study provides a “snapshot” of the range and quality of predictive responses in a group of third-grade

students. Participants were also limited to a single school with relatively high socio-economic status. Thus, it is
important that future research be extended to examine predictive reasoning in the early childhood and elementary
school years in other cohorts. Future longitudinal studies could extend the current work by considering how
students move from one level of predictive reasoning to another as they get older, while future design studies
could consider designing optimal teaching strategies and tasks to support students’ predictive reasoning. By
creating open-ended opportunities for deep learning and encouraging the student to represent and explain their
thinking, for example, students may be encouraged to view data as an aggregate (Ben-Zvi, Gravemeijer, & Ainley,
2018). The systematic and long-term evaluation of such classroom initiatives would in turn highlight how best to
incorporate predictive tasks, such as those described here into the elementary classroom. Finally, by using a
contextually rich iterative cycle, additional relevant research questions are also likely to emerge (Doerr et al.,
2017; Makar & Rubin, 2009). Locating a predictive task in such a cycle provides the opportunity for authentic
student inquiry, exploration and development (see Oslington, 2018).
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7 Conclusions
Statistical literacy is a core skill required in the current data rich environment. Like other mathematical skills,
functional statistical literacy evolves via a general developmental process. Significant variation is observed
between students of similar ages (Watson et al., 2017). This study provided an opportunity to describe a wide
range of developing concepts, such as distribution, aggregation, variation, and range, with evidence of individual
differences within the cohort and asynchronicity across task types. Lifting our expectations of the statistical
capacities of young people and providing opportunities for the younger students to be active participants in data
interpretation is critical. Likewise, developing policies at curriculum level, and supporting elementary teachers in
their own statistical understanding may also greatly benefit classroom practice.
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