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Abstract:

The widespread and growing use of analytics has highlighted the need for more data savvy students. One recently
identified aspect of data literacy is the awareness of the ambiguity. This paper outlines a method and initial results for
raising awareness of data ambiguity in a short, one lesson, active learning format suitable for business or computer
science courses. The paper also includes a summary prior research on ambiguity, data literacy taxonomies,
implications, and suggestions for further research.
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1 Introduction

In the current business environment, organizations increasingly rely on analytics (Boy et al., 2014). As a
result, data literacy is rapidly becoming a paramount educational objective (Hamilton et al., 2009) that
needs more development (Mandinach & Gummer, 2013; Julien, et al., 2018; Flywel & Jorosi, 2018;
Pothier & Condon, 2019). Data literacy skills are as important as the ability to read and write text (Borner
et al., 2019). Data literacy leads to better communication, problem-solving, and decision-making (Lee et
al., 2019; Mandinach & Gummer, 2013; Wolff, et al., 2016).

To better prepare graduates, teaching research is beginning to develop and organize taxonomies for data
literacy (Ridsdale, 2015; others). In many of these taxonomies critical thinking about data is a common
feature. However, techniques for teaching data literacy critical thinking skills necessary for business and
computer science students are inconsistent and underdeveloped. Awareness of ambiguity has only
recently been identified as a critical thinking data literacy skill.

This paper presents a way to teach this new aspect of data literacy to business or computer science
students. It proceed as follows: the relevant prior research on ambiguity is summarized, the analytics
course lesson in which ambiguity is explained and applied is discussed, a preliminary analysis on the
impact of the lesson on student awareness of ambiguity is presented, and a discussion of implications and
future research concludes the paper.

Presented elsewhere is a method to raise awareness of ambiguity in a semester long case project
suitable for an analytics course (McKinney & Ginzinger, 2022). The current paper is offered as a way to
raise awareness in one class hour in any business or computer science or analytics course.

2 Ambiguity

Ambiguity is defined as the multiple reasonable interpretations of data, the opposite of certainty.
Ambiguity exists in all data —raw data, processed data or results data. When an individual is aware of the
ambiguity in data, that individual realizes that the data can mean many things, so that no one can be
certain their interpretation is the “right one”, the most valid or the most useful.

The concept of ambiguity and its relevance for analytics is more completely described in McKinney &
Bhatia (2022) where a proposed survey used to measure awareness of ambiguity is validated. Ambiguity
is a fundamental to the human condition (Kierkegaard, 1983; Prigogine & Stengers, 1997; Gron, 2008).
Aristotle attributed the perniciousness of ambiguity to having a finite and limited set of words and
sentences while the reality that the words represent is always unlimited (Robinson, 1941). Ambiguity
permeates everyday life (Abbott, 1997; Belshaw & Higgins, 2011) and has become an essential
phenomenon in many research domains such as language (MacDonald et al., 1994), anxiety (Dibner,
1958; Caplan & Jones, 1975), economics (Shackle, 2010), decision making (Ellsberg, 1961), and machine
learning (Peysakhovich & Naecker, 2017). For example, in language, individuals reconcile grammatical,
lexical, phonological, and semantic ambiguity to create meaning and take action (MacDonald &
Pearlmutter, 1994).

In decision making literature, ambiguity is often called uncertainty and is associated with unknown
probabilities (Gilboa, 2011 p. 8). In social sciences, ambiguity as reasonable interpretation has been used
in studies in all domains of social life, action, and communication (McMahan & Evans, 2018). These
include such disparate topics such as human play (Sutton-Smith, 2009), institutional change (Mahoney &
Thelen, 2009), politics (Page, 1994), medical student selection, training (Geller et al., 1990), virtual team
commitment (Galvin & Piccoli, 2006), and sensemaking (Namvar et al., 2021).

In most applications, ambiguity is defined as polysemy or multivocality, the way a symbol, sign, work,
document or performance can have multiple possible meanings (Baldassarri, 2018). Positivists and most
social science research traditionally has viewed ambiguity as a limitation, a distortion from a model of
perfect information, a source of misunderstanding, or a possible cause of unintended consequences. But
Levine (1965, 1988) argues social scientists have avoided ambiguity and have as a result failed to realize
its constructive possibilities; and Baldassarri (2018) suggests the ambiguity of social actions is necessary
for the participation in social relations. His classic example is dating, a romantic relationship that unfolds
from the ambiguity that supports the actions and behaviors of the participants.
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Ambiguity is often related to vagueness. A vague term is one couched in general terms and not definitely
or precisely expressed (Williamson, 2002). A term is considered vague if it includes borderline cases, for
example, personhood—when does a fertilized egg become a person. Vagueness applies to terms while
ambiguity describes phenomena. The term, heap of sand, is vague as many piles of sand fall into
borderline cases. While that particular pile of sand over there is ambiguous--it could be interpreted as a
heap of sand, as an input to concrete, or a mess.

The theoretical persistence of ambiguity in analytics is explained by underdeterminism.
Underdeterminism holds that for every interpretation or theory that explains data, there are other
interpretations or rival theories that explain the data at least as well. The data literally under determines
the interpretation of it, in all cases. In contrast, data that fully determines the interpretation would be like a
key field a database table, the key field determines all the other fields in the record. Underdeterminism
was first applied to phenomena by John Stuart Mill in A System of Logic (1843), and later to all knowledge
claims by Quine (1951) in one of the most remarkable developments in epistemology in the 20th century
(Stanford, 2017).

The ubiquity of ambiguity is also revealed by the frequent and common use of induction. Most analytics
produce results, an analysis on a sample. An interpretation of results often requires the viewer to apply
the results of the sample to a population, and multiple reasonable populations are available. For example,
when examining a declining sales set of data, does this mean is a problem to be solved, or because these
sales totals declined less than sales in the general economy the company has no problem.

Finally, ambiguity can be attributed due to the variety in experiences of the viewers. Different viewers
bring different knowledge and experience to the interpretation of a result. When interpretations occur,
individuals include their knowledge and experience to provide what is missing; to provide a comparisons
for the data, and to provide opportunities. To return to the sales example, a sales manager might interpret
the decline to a change in compensation given to sales agents while a supply chain manager might
interpret it as evidence that her brilliant suggestion a year ago should have been listened to.

The most frequently studied behavioral construct that involves ambiguity is the tolerance of ambiguity
(TA), also called uncertainty avoidance by Hofstede (1983). Tolerance for ambiguity is a behavioral
reaction that describes the relationship that individuals have with ambiguous signs or events. Individuals
view these stimuli in a neutral and welcome way or as a threat. Intolerance of ambiguity may be defined
as the tendency to interpret ambiguous situations as sources of threat; tolerance of ambiguity as the
tendency to perceive ambiguous situations as desirable.

Tolerance of ambiguity is a stable, long-term attitude or personality trait that leads to a reaction to a
context. However, awareness of ambiguity in data is a skill that can be taught and practiced. In addition,
awareness of ambiguity applies to data; whereas tolerance of ambiguity is often about situations an
individual finds themselves in or anticipates being in. Data is not personal, and little risk is involved.

21 Ambiguity in Data

For this study, data includes raw data, processed data, or results data. In short, any sign that is created to
represent something else.

In many analytics settings, there is clearly a best or most favored answer. There is little or no relevant
ambiguity about the data that shows the average score on an exam, or the distances between
warehouses. The calculation is correct, and there is only one answer that minimizes interwarehouse
distance. However, many analytical problems do not have a single best answer. In most business
settings, ambiguity, or potential for multiple interpretations (or meanings) is a significant issue. For
example, the costs of goods sold (COGS) data is ambiguous. One method of calculating COGS shows
that costs have increased 5% per year for the past 3 years; but there are many other ways a cost could
have been reasonably calculated and defended. In addition to method differences, interpretation
differences also exist.

While modeling uncertainty and unknown probabilities have been the topic of considerable recent
analytics research (Hirshleifer & Riles, 1992; Taleb, 2007), ambiguity as multiple interpretations of results
in analytics has had little prior work.

Awareness of ambiguity is a skill, it is the ability to perceive multiple reasonable interpretations of data, is
the opposite of certainty. When an individual is aware of the ambiguity in data, that individual realizes that
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the data can mean many things, no one can be certain their interpretation is the “right one”, the most valid,
or the most useful.

2.2 Data Literacy

Awareness of ambiguity should be a component of critical thinking within data literacy. Data literacy,
popularized by Gilster (1997) is the ability to read data, to understand and use data effectively (Mandinach
& Gummer, 2013). More specifically, data literacy, or applying data critically, is the ability to select, clean,
analyze, visualize, critique, and interpret data as well as communicate stories from data (Mandinach &
Gummer, 2013; Wolff et al., 2016). The term information literacy is similar, but distinct; information literacy
includes the skill of noticing missing information.

While data literacy is essential, it is lacking in professionals and students (Hamilton et al., 2009;
Mandinach, 2009), and needs more research (Mandinach & Gummer, 2013; Julien, et al., 2018; Flywel &
Jorosi, 2018; Pothier & Condon, 2019). Schools are still poorly preparing graduates (Ridsdale, 2015),
and businesses are recognizing that investments in technology are less essential than investments in skill
training (Winterberry Group, 2018; Bean & Davenport, 2019; Pothier & Condon, 2019).

To better prepare graduates, teaching research is beginning to organize taxonomies for data literacy
(Carlson et al., 2015; Ridsdale, 2015; Calzada et al., 2017). In many of these taxonomies critical thinking
about data is a common feature. However, data literacy critical thinking resources necessary for training
is inconsistent and underdeveloped (Ridsdale, 2015; Pothier & Condon, 2019).

2.3 Motivation for study

One critical thinking skill, awareness of ambiguity, is essential for all business and computer science
students. Without the awareness that data and results are always somewhat ambiguous, naive
professionals and students will assume data has definitive answers or single best interpretations and
overconfidence in their particular interpretation. This often leads to assumptions that data proves a
particular result, that alternative explanations of results are unnecessary at best and wrong at worst, and
that the data speaks for itself. Without an awareness of ambiguity, students may believe professional
analysts produce the right answer to analytics business problems, rather than results that are then
interpreted and debated by other professionals.

While the impact of ambiguity is significant, little research has addressed its impact on analytics
education. Most generally, awareness of ambiguity would be a critical thinking skill. Several educational
models include critical thinking as a skill within data literacy (Ridsdale, 2015), but none identify awareness
of ambiguity as an element within either critical thinking or data literacy.

McKinney and Bhatia (2022) reports on the validity of the awareness of ambiguity survey used here to
measure student awareness, and provides a more extensive review of ambiguity and its role in analytics.
McKinney & Ginzinger (2022), reports on a semester-long case study being developed to raise awareness
of ambiguity specifically for an analytics course.

3 Method

This lesson has been taught in a wide variety of programs and classes to undergraduates and graduate
students. The results section reports on data collected from students in an analytics course in the first two
semesters. In both semesters one group of students were undergrads in their final semester, and the
other were students in a course for a one year Masters of Accountancy program, for a total of four
sections.

In the course, the teacher makes distinctions between raw data, processed data, and results data and
explains to students ambiguity is present in all. However, most of the exercises and discussions
presented here are not specific to one type of data, they apply to all three.

This lesson relies on active learning. Active learning involves students in an activity that leads them to
reflect on the ideas of the activity and how to employ them in their own lives (Bonwell & Eisen, 1991,
Michael, 2006). It emphasizes taking an active part in learning as opposed to passively listening to a
lecture and is a proven effective pedagogy (Tharayil et al., 2018). There are many different approaches to
active learning in higher education (Johnson, 1991); the exercise presented here is an example of
collaborative learning (De Hei, Strijbos, & Admiraal, 2015), and self-regulated learning (Pintrich, 1995).
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This lesson on the ambiguity of data supports two learning objectives. First, for students to be able to
recognize that there are multiple valid interpretations of all sets of data. Second, for students to be able to
explain skills needed by analysts to interpret ambiguous data. These objectives were included in the
syllabus.

The class lesson has two phases. First, the teacher attempts to persuade students that ambiguity is
common in the data of their life, this phase takes 25 to 30 minutes. Then the teacher leads a discussion
on skills necessary for analysts in such an environment which requires about 20 minutes.

3.1 Phasel.

To persuade students about the ubiquity of ambiguity the class begins with a series of questions and
follow up discussion. Students are shown a picture of the top row of yellow and red tiles as shown in
Figure 1. They are asked to determine the next color in the sequence. When a student nominates red or
yellow, they are asked why, so that other students can hear the reasonable interpretation of the tile data.
Next they are shown each of the other sequences in Figure 1. After a couple of these, some students
begin to nominate unusual, but reasonable conclusions, such as, the next color is neither red or yellow, or
perhaps both. These unusual, but reasonable responses are appreciated by both instructors and
students.

Figure 1. Color Tile Sequences

N

In the next exercise the teacher asks students to identify the signs (the data) that accompany the activity
of dating. The teacher suggests that each individual in a potentially romantic situation is providing signs to
the other. Students nominate different signs, and enjoy considering the common malady that each partner
has interpreted the sign a different way.

Next the instructor introduces the concept of polysemy, that words can have many distinct meanings. The
teacher asks them to estimate the number of uses of common terms such as brake, put, stand, and get.
They typically respond in a range from 10 to 30. Then the teacher reveals these words can be used in
over 250 different ways, and include slides with examples of some of these uses.

The teacher then refers the students to puns, and the need for words to have multiple interpretations for
puns to work. The instructor asks them to find a pun on the internet, or via their voice assistant, share it
with the class, and suggest the term or phrase that has multiple interpretations.

The teacher shows the students a slide with pictures of objects as shown in Figure 2. They are asked
which animal, the cat or moth should follow the first three—the dog, bird, and fish sequence. Both the cat
and moth are often suggested and defended reasonably. The teacher then suggests that another
reasonable interpretation of this data is may occur to Spanish speaking students who might label the five
as perra, pajaro, pascado, gata, and polilla; and defend the moth as the next animal as it begins with “p” in
Spanish. This highlights the role of experience in interpretation; each individual in the class has different

experiences which lead to different reasonable interpretations.
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Which animal comes next?

Figure 2. Animal Sequence

Next, the teacher displays a simple visualization as shown in Figure 3, explain that the data comes from a
firm in the region, and ask for interpretations of the visualization. After a variety of responses the teacher
adds four or five of their own to demonstrate the variety of possible interpretations. The teacher suggests
that all visualizations are similar, that each has many reasonable interpretations.

Sales

12

Sales in millions of dollars

2018 2019 2020 2021 2022

Figure 3. Business Data Visualization

During this discussion of the viz, the teacher emphasizes how the experience of the individual can impact
interpretation. The instructor asks students to imagine they are a professional in their favorite hobby or
pastime—a setting for which they have considerable knowledge and experience. The teacher suggests to
them that in their highly experienced domain, they will be able to nominate many interpretations. For
example, the viz used in the class shows sales data, and the teacher asks the students to imagine how
professionals attending a meeting might discuss the sales data—some will interpret the data with a supply
chain explanation, others marketing, others personnel changes, and still others with decision making
explanations. Further, the instructor suggests it is reasonable to assume that most of us underestimate
the variety of different experiences people will apply to an interpretation.

Finally the teacher provides a short explanation of underdeterminism and induction for theoretical support.
The instructor explains underdeterminism and provide them some financial data on a company’s annual
report. The teacher asks them to consider if they generated an interpretation of the data, how likely is that
interpretation the best one, or would an individual working for a million years, or a million other analysts
generate a better interpretation.

The instructor then reminds them of the principles of induction. The teacher asks them how many pennies
must an individual pull out of a bag of coins to conclude it is a bag of pennies? In life, individuals conclude
a thing fits a category after a number of trials, individuals sample then generalize to a population. The
teacher does not discourage or disparage induction, as it clearly works most of the time, and individuals
rely on it perhaps hundreds of times a day. The instructor then suggests to the students that different
individuals generalize the results of a sample to different populations based on their experiences, and that
most individuals underestimate how many different populations other individuals might generalize to.
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3.2 Phase?2

Next the teacher shifts to a discussion of what professional skills would be helpful in an environment
where all data are known to be ambiguous. The instructor contrasts this environment with a mathematical
environment where there is a single best interpretation.

In the first two semesters using this lesson, students created the list in Figure 4.
a) desire to learn on your own
b) productive skepticism
C) curiosity
d) openness to contrary feedback
e) sensitivity to different experience of individuals
f) anticipate and rule out alternative explanations
g) nominate and discuss criteria for evaluating the various reasonable interpretations
h) creativity
i) humility
Figure 4. Skills needed for ambiguous data nominated by students

The teacher then leads a discussion of which of these skills identified in phase 2 they lack. The teacher
suggests that although each student is limited in their ability to know their own limitations, they are the
best judge of their own shortcomings. The teacher requires that they turn in a self-assessment of their
skills at that point in time, along with a description of how the student plans to improve. This self-
assessment is returned at the end of the semester and students are asked to reflect on their
improvements. The teacher also suggests students maintain a place to record notes about their
experiences as evidence of skill improvement.

4 Results

To assess whether these exercises were effective, the survey instrument developed to assess awareness
of ambiguity in visualizations (McKinney & Bhatia, 2022) was used and the results compared the students
who received this lesson with students not in the class. The scale ranges from 0 to 31 based on 6
questions. This survey was given to both students in the class and a group of over 300 students at the
university who were not in the course and did not experience this lesson. Students not in the class
averaged 19.2. The differences are shown in Table 1 and are significant (alpha < .05).

Table 1. Students in class compared to those not in class

Student Group Awareness of Ambiguity Survey Score
After Lesson

Not in the Course 19.2

In Class (Spring 2021) 225

In Class (Fall 2021) 24.2

Student survey results after the lesson were compared to their score before the lesson. The students took
the survey twice, once two weeks before the lesson on ambiguity and once a month later, two weeks after
the lesson on ambiguity. Students were not rewarded for participation in the survey. With a 70%
participation rate for each survey and approximately 100 students in each semester, only 58 and 61
matched pairs of student records are available from the spring and fall semesters respectively. The initial
results shown in Table 2 are statistically significant for each semester using a .01 level of significance.
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Table 2. Students Increasing or Decreasing Scores on Awareness of Ambiguity on Pre and Post Survey

Semester Increase Decrease Same Score Total
SPRING 2021 1 -- --

Number of Students 47 6 5 58
FALL 2021 -- --

Number of Students 54 4 3 61

In addition to the matched pair analysis, the overall averages on the survey by the students before and
after the lesson were compared. During the spring 2021 semester, students had the option of attending
class or taking it remotely synchronously. Table 3 shows the Spring students in 3 groups—students who
attended the class in person, those who participated and watched synchronously, and those who did
neither. All students in the Fall semester were in class.

Table 3. Student Awareness of Ambiguity Before and After Lesson

Semester Number of Students Awareness of| Awareness of| Change
Ambiguity Before Ambiguity After
SPRING 2021
Absent 16 19.6 21.6 2.0
Zoom 25 20.2 21.8 1.6
In Classroom 17 19.8 24.6 4.8*
Total 58 19.9 225 2.6
FALL 2021
In Classroom 61 19.3 24.2 4.9*

* Note: < .01 significance

As shown in Table 3, the set of exercises described earlier led to a significant change in Awareness of
Ambiguity for the students who attended class in the spring semester. For those 17 students, their
awareness increased to 24.6, a significant difference of 4.8 from 19.8 before the exercises. For students
not in class, the zoom or absent students, the increase in Awareness of Ambiguity were 1.6 and 2.0
respectively. Those students were assigned a reading about ambiguity in visualizations, but no
assignment on the reading nor responses to questions was required.

Finally the impact of the lesson was assessed using an end of course assigned project. This assignment,
called a journal, asked students to reflect on the key lessons over the entire course, and apply these
lessons to their own lives at work and away from work. The journal was written three weeks after the
ambiguity lesson/exercises. The assignment was ambiguous by design and was not created for this
research. Students were not rewarded for identifying particular topics, but rather if they could construct
course long themes and apply lessons to their lives.

Using a text mining tool, the frequency of use of the term “ambiguity” was counted for groups of students,
and the results are summarized in Table 4. The top row of Table 4 shows data from the previous
semester, a control group, when the ambiguity exercises were not an essential topic in the course. The
same teacher and same journal instructions were used in both classes.
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Table 4. Word counts of Ambiguity and other Terms This Semester and Previous Semester

Semester Rank of Ambiguity in Most Common|Percentage of Words that are Ambiguity
Words
SPRING 2020 (no lesson) 4gth .30%
SPRING 2021
Absent 39t .51%
Zoom 42nd 46%
In Classroom 33 .52%
Total 3gth .50%
FALL 2021 32nd .53%

These results imply that ambiguity had become an important construct to students during the semester.
Compared to the most recent previous version of the class, the use of the term grew from .30% to .50%
and .53%. The students who attended the class seemed again to be the most affected.

5 Discussion

This study attempted to raise student awareness of data ambiguity. Initial results were encouraging as a
significant number of students increased their awareness of ambiguity. Further, those who attended the
class and participated in the ambiguity exercises displayed a significant gain in their awareness of
ambiguity in a data visualization compared to students in the same course who did not actively participate
in the ambiguity exercise. Also, these active students displayed a greater awareness of ambiguity when
describing their impressions of the important lessons of the course compared to students who did not
actively engage and to students in the most recent ambiguity-free version of the course. Although these
effects were statistically significant, the entire lesson was completed in 45 to 50 minutes of class time.

While this particular set of exercises was used, alternative exercises and exercise domains based on
instructor experiences and knowledge may be just as effective. The key criteria are that students
recognize no authoritative solution exists in the data in the exercise domain, that the collection of
exercises vary widely to suggest ambiguity is present in all forms of data, and the exercises involve
commonly occurring experiences in the lives of students.

Helping students become more aware of ambiguity should become an essential critical thinking skill in
data literacy. Without an awareness of ambiguity, many students fail to appreciate the variety of
interpretations of a set of data. Without the awareness that data is always ambiguous, students might
assume data has absolute answers or a single conclusive interpretation and be overconfident that their
particular interpretation is the one answer. Without ambiguity awareness, student might hold the naive
view that data proves results, that alternative explanations are not needed, and that the data can speak
for itself.

Being able to perceive ambiguity alters expectations of analysts. Instead of assuming the false dichotomy
that results are either truth or false and conducting an analysis to find the one true answer, students can
view the analytics process as uncovering a variety of alternative interpretations and explanations, seeking
to establish the criteria on which the interpretations should be assessed, and participating in the
collaboration that discusses alternatives. In a lesson after the ambiguity lesson the teacher explains that
ambiguity does not need to result in relativism, that all interpretations are equal. The teacher explains that
the role of decision makers is to nominate criteria (McKinney and Yoos, 2019) for decisions and chose
among alternatives.

When viewed as developing answers rather than “the” answer, a different configuration of desirable skills
for students becomes evident. As nominated by the students, these skills include curiosity, imagination,
communication, independent learning, skepticism, openness to contrary feedback, sensitivity to different
experiences of individuals, and ability to nominate and discuss criteria for evaluating interpretations.
Many of these skills have long been the goals of a liberal education, so using them in an analytics course
reinforces and applies skills developed elsewhere.
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In an age of Al, an awareness of ambiguity of data helps students realize the limitations of Al and the role
of human interpretation. Al algorithms will continue to improve and support the continued explosion in
data and analytics; however, the final step of interpretation of results for novel analysis, or an analysis
done for the first time by a firm will require human interpretation. Student analysts should be prepared to
recognize where the human element will always be required. Students can recognize that although
ambiguity can be off-putting, it creates positive possibilities.

At the end of the discussion students are asked to notice that the discussion has presented them with
data in the form of words. These words, the discussion, is clearly ambiguous, different students in the
room will interpret the skills discussion in different ways. This recursion of ambiguity typically surprises
students, which allows us to suggest to them that they are still not as aware of ambiguity as they might
think.

Some students interpret this discussion as a promotion of relativism; however teachers attempt to convey
that ambiguity does not lead to relativism, rather to learning how to inform in ambiguity with criteria. While
many interpretations are always reasonable, some are more useful, simple, and predictive to name a few
criteria. In a previous report, McKinney & Yoos (2016), suggested ways for students to flourish in
ambiguity by informing themselves (McKinney & Yoos, 2019) by using criteria.

5.1 Suggestions for Future Work and Limitations

While this lesson has been taught to other faculty, and in many other student settings, the current work
only reports on the impact on students in two semesters. Clearly a next step would be to test these
ambiguity awareness exercises on other groups of students. Further, this study used an ambiguity survey
that measures the awareness of ambiguity in a visualization. Other studies should also endeavor to
assess if students become more aware of the ambiguity in a variety of datasets. For example, students
aware of ambiguity may still believe that data that has been processed will be less ambiguous than raw
data. Finally, it is unclear if this awareness of ambiguity is lasting or short term.

In conclusion, this study attempted to raise student awareness of data ambiguity. This paper suggests
this skill be added to the growing list of critical thinking skills for data literacy.
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Appendix: Summary of Ambiguity Awareness Survey

The awareness of ambiguity survey in its complete form can be found in McKinney and Bhatia (2022).
Below are the three example questions that form the basis of the instrument. For question 1 a
visualization of sales totals over the span of 5 years is presented. The other questions are answers
strongly agree to strongly disagree.

1. In visualization 1, how many reasonable interpretations can you identify?
lor2

About 5
About 10
About 15
About 20
More than 25

2. When | create a data visualization at work, | expect others to interpret my visualization differently than me.
3. When | look at a data visualization, | try to see if there are several good ideas.

0o o0 o
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