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ABSTRACT

The purpose of the is study was to examine if analyzing and interpreting authentic messy
data had any effect on my students’ data literacy skills. Additionally, the study examined if case
studies were an effective means of communicating authentic data. For this project students were
given case studies that presented data using various graphs. Students were then asked to describe,
analyze and reach conclusions about the data in the case study. The non-treatment group
received case studies with clean data, while the treatment group received case studies with messy
data. The two groups were compared using pre- and post-assessment, surveys and student
interviews. The results showed that the use of messy data did not impact student data literacy
skills, but using messy may increase student ability to think of data critically. Using case studies
allowed the students to incorporate information on the subject and data collection methods into
their data-based conclusions.
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INTRODUCTION AND BACKGROUND

The purpose of this project was to examine the effectiveness of using case studies to
improve data literacy skills in students taking high school science courses. It was proposed that
the use of authentic messy data incorporated into case studies would increase student ability to
evaluate data-based arguments and form their own data-based conclusions. The data literacy
skills being assessed were those that pertained to describing and interpreting data displays. This

focus came from observing my students’ data literacy skills and conversations | had with them.

Context of Study

| work at a stem magnet school within the Boise School District, in Boise Idaho. Boise is
a metropolitan area that has experienced a 14.6% growth rate over the last 10 years and now has
a population of 335,000 people, of which nearly 22% are below the age of 18 (KTVB, 2021; US
Census, 2019). Several technology companies such as Micron, Hewlett Packard (HP), and
Clearwater Analytics are based in Boise. They chose the Boise area due to the low costs to run a
business, the lower cost of living when compared to other states and the potential work force
(Kohl, 2018). 41.6% of Boise residents have a bachelor’s degree and the Boise School District
sees 94% of its students graduate (Kohl, 2018; U.S. Census, 2019). The school I teach at,
Treasure Valley Mathematics and Science Center (TVMSC), was established 2004 with the help
of Micron and HP to serve students who accel in math and science.

TVMSC is a half-day program in which students travel to the school either in the
morning or afternoon for advance science and math courses. TVMSC is open to students
throughout the Boise District, neighboring districts and to students who home school. The

students at TVMSC are grouped into cohorts, seventh to 12, based on the math class in which
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they are enrolled. For example, most of the students in the ninth cohort take Integrate Math 111
(Algebra 2), with some exceptions every year. This year the students that comprise the 9" cohort
range in actual grade level from eighth to 10" grade, and within actual grade levels it is not
uncommon to have students that have skipped a grade. Nearly every graduating senior at
TVMSC goes onto college, with many eventually pursuing graduate degrees. With a highly
motivated student population who are typically ahead of their peers in science and math one
would think that data literacy is not a skill that the students would lack, but in recent years | have
been noticing gaps in their skill set, particularly when it comes to the evaluation of data that they
did not collect.

I have taught at TVMSC for 15 years, teaching several different classes, two of which are
Advanced Placement (AP) Biology and AP Environmental Science, both of which have students
evaluating data in order to form their own conclusions and those made by authors. Typically, the
first step in this evaluation has students describing the data set. The descriptions that my students
often give are simple and don’t address any fluctuations within the data. Students are then asked
to interpret the data display, to form conclusions involving the variables represented or evaluate
conclusions formed by others. Interpreting the data displays is made more difficult when the
descriptions are very generalized. A majority of my AP students have taken another class | teach,
Research 1, which contains a basic statistics unit, this is in addition to the statistics taught in their
math classes. Some of the students have also taken AP Statistics. The question | was left with
was “why weren’t my students accurately describing data?” Perhaps it was because they really
didn’t understand what the data was saying.

When talking with my students about data that they collect compared to data that is

presented to them, most preferred to collect their own data. When collecting their own data
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students know why variations in the data exist and for the most part attributed those variations to
the quality of the equipment they are using or that they are “amateur” scientists. These
discussions also revealed that when analyzing data that is presented to them, they are
uncomfortable with data that has a high degree of variability because they don’t know why it is
there. Both instances demonstrate a gap in their data literacy in that most data comes with
variability and that variability is not necessarily a result of error. | had been working with the
assumption that if the students could do data analysis and create displays for their data that they
would be able to evaluate data generated by others, including data with increased complexity. |
would liken this assumption to teaching students how to write a story and then expecting them to
be able to analyze Shakespeare. The result of these conversations and what students would
produce when asked to describe data had me thinking that this may be due to their lack of
experience with complex data displays. Their inexperience could be caused by students working
primarily with data that they generated, which lacks numerous data points, and with them
attributing any variability to low tech equipment or human error. Secondarily, when presented
with data generated by professional researchers it is typically “cleaned up”, with outliers and
variability lessen, this is to reinforce the scientific concept being taught and is how data is

commonly presented in educational media.

Focus Question

My focus question was, How does the use of authentic messy data sets affect student
understanding of data, as seen in their ability to read and interpret graphs? In order to
introduce messy data to my students, the strategy of using case studies was determined to be a

viable method, as it provides context for the data and increases critical thinking.
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My sub-questions include the following:

. What effect does the use of data-based case studies have on data literacy?

. How does the use of messy data affect students’ abilities to describe graphs, including the
ability to describe variation within data?
How does the use of messy data affect students’ abilities to reach data-based conclusions

and evaluate the conclusions formed by others?
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CONCEPTUAL FRAMEWORK

In order to investigate the use of case studies to present authentic messy data to improve
data literacy skills several avenues of research were done. These avenues included the topic of

data literacy, the use of case-based learning, and the complexity of authentic data sets.

The Need for Data Literacy

Data literacy, also known as statistical literacy, is the ability to analyze and evaluate data
in order to form data-based conclusions. Herried (2014) described data literacy (quantitative
reasoning) as the ability “to read and interpret data, graphs and statics” (p. 1). Forbes et al.
(2011) expands on this definition to include the ability to communicate using data. While
Weiland (2017) takes the definition one step further by adding the ability to make informed
decisions based on “statistical arguments” (p. 33). All these definitions result to two skills sets.
The first is the ability to apply statistical analysis to raw data and create appropriate displays to
communicate the data. The second skill is the ability to evaluate data and reach a data-based
conclusion.

In science the use of data is extensive as it is the evidence used in scientific arguments
(Gibson & Mourad, 2018). Students need to be able to support their research with data-based
evidence and be able to evaluate evidence presented by others (Gibson & Mourad, 2018). Using
data-based evidence in arguments is part of the Next Gen Science Standards (NGSS) Framework
(NGSS Lead States, 2013) and evaluating data-based evidence is a science practice skill seen in
AP science courses (Science Practices, n.d.). In our world the evaluation of data-based evidence
is not limited to scientific research read in journal articles or heard at conferences. People are

presented with claims every day, claims that are seemingly supported by data, and these claims
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need to be looked at critically (Vahey et al., 2012). We are currently living in a data rich
environment and this data is meant to inform, but that can only happen if the individual can
understand the data being presented, with the Covid-19 pandemic serving as an example
(Oslington, 2020). Topics such as climate change, cost of living compared to wages, polling
results, and racial inequality all serve as recent examples of issues in our society that are often
presented along with data.

The importance of being able to evaluate complex data is required in the careers that
current high school students will be pursuing along with the responsibility of becoming a fully
participating citizen in their communities. As our world becomes more data rich and companies
turn to data analysis in their decision-making processes a skill gap has developed in the
workforce (Hemo, 2020). Companies have found that employees can work to create data and
apply appropriate statistical analysis, but fall short in the ability to interpret the data (Hemo,
2020). Outside of school and the workforce, good data literacy skills make for good citizens,
who play an active role in their community (Weiland, 2017). The need for data literacy is so
great that in 2018 the Canadian government authored a report on data literacy in public service,
recognizing that data drives better decision making (Bonikowska, 2019). If students are going to
be asked to make informed decisions based off data, then students need the opportunity to
develop the data literacy skills called for, and the only way to develop those skills is to expose

students to real-world data (Weiland, 2017).
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Data Literacy and Schools

Traditionally K-12 education placed data literacy, called statistical literacy by math
educators, in the hands of a statistics course that students could take in high school, this has
changed with the introduction of the NGSS framework and Common Core State Standards
(CCSS) in math. CCSS math standards have statistics at every level of the math curriculum
starting in the sixth grade, with earlier grades having standards referred to as measurements and
data (Common Core, 2010). The NGSS emphasizes data literacy by having students collect,
analyze and evaluate data throughout their K-12 education by including it in content areas
(NGSS Lead States, 2013). The NGSS also emphasizes the ability of students to engage in
scientific arguments using evidence, including the validating of claims made by others and
supporting their own (NGSS Lead States, 2013). The College Board which develops Advance
Placement (AP) curriculum has included data literacy as part of their science practices, standards
seen in every AP science course (Science Practices, n.d.). Example standards from each of these

three entities are seen in Table 1.
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Table 1. Examples of high school common core state standards for math content (Common Core,
2010), NGSS data literacy standards (National Research Council, 2013) and AP Science Skills
(CED for AP Physics 1, AP Biology, and AP Chemistry).

Standard

NGSS HS-LS3-3. Apply concepts of statistics and probability to explain the
variation and distribution of expressed traits in a population.

HS-ESS2-2. Analyze geoscience data to make the claim that one change to
earth’s surface can create feedbacks that cause changes to other earth systems.

HS-PS2-1. Analyze data to support the claim that Newton’s second law of
motion describes the mathematical relationship among the net force on a
microscopic, its mass and its acceleration.

CCSS Math  HSS.IC.B4 Use data from a sample survey to estimate a population mean or
Content proportion; develop a margin of error through the use of simulation models
for random sampling.

HSS.IC. Al Understand statistics as a process for making inferences about
population parameters based on a random sample from that population.

HSS.IC.B6 Evaluate reports based on data

AP Science AP Physics 1 - 6.1 Students can justify claims with evidence

Practices
AP Biology 6.C Provide reasoning to justify a claim by connecting evidence
to biological theories.

AP Chemistry 6.B Support a claim with evidence from experimental data

Assessing Data Literacy

Data literacy standards, like those seen in Table 1, can be assessed using multiple choice,
constructed response items such as fill in the blank or solving a problem, and performance tasks
(Zalles, 2005). The assessment used depends on the wanted outcome of the standard. For the
examples used in Table 1, all three methods of assessment could be used for standards with the
verbs: understand, use, apply and analyze, given the assessments are properly created. For

standards with the direction to evaluate; constructed responses and performance tasks would be
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more appropriate. The AP science practice standards using language like justify and provide
reasoning are routinely assessed in the free response portion of AP exams with short answer
constructed responses.

When assessing data literacy skills, students will use three forms of reasoning:
quantitative reasoning (numerical literacy), content reasoning, and logic (Hoffman, 2016).
Students with strong content knowledge may be able to use that knowledge to overcome a lack in
quantitative reasoning (Hoffman, 2016). Noting some of examples in Table 1 again, many of the
standards are closely tied to content. This poses an issue if the goal is to develop data analysis
and interpretation skills that can be used in many different situations. In order to bolster data
literacy skills that will be needed outside of a specific content area, data literacy should be taught

with an interdisciplinary approach (Erwin, 2015; Vahey et al., 2012; Weiland, 2017).

Teaching Data Literacy

Best practices for teaching data literacy skills that pertain to the interpretation of data,
forming data-based conclusions or arguments and the evaluation of arguments made by others
include:

1. The use of context (Herreid, 2014; Kahn et al., 2015)

2. Interdisciplinary approach (Casey, 2010; Herreid et al., 2012)

3. Constructivism (McLeod, 2019)

4. Use of authentic messy data (Bowen & Bartley, 2014; Kjelvik & Shchultheis, 2019)

One method for the incorporation of these practices is the use case studies. The use of

case studies to teach or reinforce data literacy skills opens the door for an interdisciplinary
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approach and the use of complex real-life data, both of which add relevance and context to the

curriculum being taught (Erwin, 2015).

Case-Based Learning

Case-based learning is the use of real-world scenarios to provide students the opportunity
to expand their knowledge in a content area or apply it through the use of critical thinking (What
is Case-Based Learning, 2020). The real-world story in a case study enriches data being
presented and the data can enrich the story (Herreid, 2014). Think about major “stories” from our
history that mean more when data is used and the data means more when the story behind it is
understood. Stories like the battle of Gettysburg or the Holocaust. The result of this enrichment
is a deeper understanding of topics and increased active learning for all students. Case-based
learning reinforces prior learning, promotes critical thinking, and develops problems-solving
skills (Mostert, 2007). Kahn et al. (2015) discussed the benefits of case-based learning with
medical students, stating that increased analytical thinking was due to students driving the
learning during a case study, with teachers becoming guides, and that case studies provided
context for knowledge learned. The context provided in case studies can be from one discipline
but in many instances, they provide the opportunity for students to problem-solve and form

conclusions using information from more than one subject.

Case-Based Learning: An Interdisciplinary Approach

The use of statistical analysis for a scientific problem is in itself an interdisciplinary
approach, with math and science working together. Case studies allow for more disciplines to
enter the story, further enriching the data. For example, in a case study for high school students

presented in Science Stories: Using Case Studies to Teach Critical Thinking, students are tasked
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with examining the factor a toxin may have played in the Salem Witch Trials (Herreid et al.,
2012). In this case study students read about the Salem witch trials including the dynamics of the
community and they are given information about a potential toxin produced by a fungus that
grows on grains. Students then evaluate the historical medical records to determine what role if
any the toxin may have played in the mass hysteria that led to the trials. Having students work
with two different disciplines, history and science, as well as data forces students to critically
think about all aspects of the problem they are presented with. An interdisciplinary approach,
like the one seen in the example case study, is necessary in many fields of science.
Environmental science is a great example of an interdisciplinary field which brings together the
sciences of geology, biology, and physics, along with government oversight and ethics. The
integration of multiple disciplines leads to improved critical thinking and an increase in retention

of content knowledge (Casey, 2010).

Case-Based Learning and Constructivism

Case studies make use of constructivism, as students use their current knowledge base to
build new knowledge. The building of new knowledge means the learner is not a passive
participant in the process but an active one (McLeod, 2019). The current knowledge a student
brings to a case study is not limited to curriculum but also includes their personal experience.
The addition of a student’s experiences results in that student having their own interpretation to
any given case study (Cognitive Constructivism, 2021). The interdisciplinary approach and the
building of knowledge make case-based learning a vehicle for students to practice data literacy

with the student leading the learning.

Implementing Case Studies
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Case studies can be classified by difficulty and method of use (Herreid et al., 2014). In
Science Stories You Can Count On, the difficulty classification is broken down into three
contributing factors; conceptual, presentation, and analysis (Herreid et al., 2014). Conceptual
speaks to the depth of knowledge in the content area a student needs to be successful with the
case study. How the information is presented is the presentational aspect and the analytical piece
pertains to what the students have to do with the information presented. The analytical aspect can
be as simple as presenting both the problem and a solution to students with the students
evaluating the solution, to presenting students with information and having them define the
problem and then working to find a solution. The appropriate adjustment of these factors can
help to mitigate a student’s reliance on their content knowledge in order to push the development

of quantitative reasoning and data literacy skills.

Using Messy Real-World Data

The data most often seen, analyzed and interpreted by students is clean and lacking in
variation. Bowen and Bartley (2014) describe clean, or sanitized, data as unambiguous and as the
data most often presented in textbooks. They add that this lack of variation in data leads students
to believe that unless the data is perfect that the relationships between variables do not exist,
when in fact they might. The use of messy data adds an authenticity to the data and in the inquiry
it brings. Gould et al. (2022) noted that when high school students worked with messy data
provided from satellites, it led to discussions involving which data points to include in analysis
and which to ignore, including the criteria that should be used to make that decision. For the

students working with the satellite data, an observation was also made that the model they were
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using might not best fit the data they were seeing. The messy data provided an additional level of
analysis and critical thinking.

Just as Herreid classified case studies, data sets themselves can be classified. Kjelvik and
Shchultheis (2019) discuss the classification of authentic (real-life) data sets and the benefits of
using authentic data in “Getting Messy with Authentic Data.” The classification scheme has 5
features; scope, selection, curation, size, and messiness. They define messiness as “the presence
of variability, outliers, missing values and unexpected trends” (p. 4). Kjelvik and Shchultheis
explain that students must understand that variability is inherent in data. As Kjelvik and
Shchultheis point out the need for scaffolding, as students cannot jump right into a highly

complex data set.

Examining Data Literacy Skills of Students

Due to the importance of data literacy skills, the examination of student data literacy
skills and effective methods of classroom instruction have been carried out with students from all
levels, elementary through college. There are some commonalities in studies that investigate
instruction methods and student data literacy.

Established skill levels generally follow a pattern of moving from the ability to
accomplish a statistical calculation to answering a statistical question. A statistical calculation
involves reaching the single correct answer, while answering a statistical question has the student
making claims, which there may be more than one, by interpreting what the calculations means
within context (Tran & Lee, 2015). In a study working with middle school students, the move
from calculations to questions was classified in 4 phases as they pertained to the construction of

graphs: translating numbers from tables to graphs, extracting and organizing data to create tables
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and graphs, construction of different types of graphs, and finally interpreting graphs (Blagdanic
& Chinnappan, 2013).

Another commonality is the use of open-ended questions. This is seen in a variety of
ways, such as giving students a data set and then asking them to make a graph, but not
instructing them as to the type of graph to make (Oslington, 2020). When studying students’
ability to answer statistical questions, forming conclusions and supporting them, open-ended
questions are the only way to assess to their ability. Due to the nature of open-ended questions,
in which a student may answer some but not the whole of the question, partial credit is often

given when assessing the success of a strategy (Blagdanic & Chinnappan, 2013).

Data Literacy, Case Studies and Authentic Data

In conclusion, the need for data literacy extends beyond a classroom setting and beyond
the ability to perform statistical operations and the creation of graphical displays. As students
leave the classroom and become participating members of society the analysis and interpretation
of data in order to make informed decisions is a required skill set. The critical thinking and data
literacy needed for this task as well as those needed in the fields of science to evaluate evidence
may be improved through the use of case studies and real-world data. Case studies offer the
interdisciplinary approach that many of our data-based decisions as citizens require and brings
conceptualism to the learning process, which increases content knowledge. The use of authentic
messy data presents students with genuine data seen within various fields, verses data presented

in educational material or generated by the student.
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METHODOLOGY

This purpose of this study was to see if using authentic messy data effected students’
ability to describe and interpret data seen in graphs, asking the question, “How does the use of
authentic messy data sets affect a student’s understanding of data, as seen in their ability to
read and interpret graphs?” This question was broken into 3 sub-questions. A treatment was
implemented and data collected over the course of 18 weeks, data collection included:
assessments, surveys and interviews. Table 2 outlines the instruments used for each sub-research

question of the project.

Table 2. Triangulation matrix for data collection of each sub-research question.

Sub-research Questions Instruments used
1. What effect does the use of data-based case studies Pre- and post-assessments
have on data literacy? Pre- and post-Likert surveys
Focus Group
2. How does the use of authentic messy data affect Pre- and post-assessments
students’ ability to describe graphs, including the Pre- and post-Likert surveys
ability to describe variation within data sets? Focus Group
3. How does the use of authentic messy data affect Pre- and post-assessments
student’s ability to reach data-based conclusions and Pre- and post-Likert surveys
evaluate the conclusions formed by others? Focus Group

A comparison between the treatment and non-treatment group using post-assessments,
were used to see if the use of authentic messy data had any impact on data literacy, allowing for
the evaluation of messy data. In order to gain insight into how the students felt about their own
data literacy skills, Likert surveys and focus groups were used. Once again, the treatment and
non-treatment group was compared. To investigate the impact of the use of case studies, the
same pre- and post-assessments, Likert surveys, and focus group interviews were used to see if

there was skill growth within each group. The research methodology for this project received an
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exemption by Montana State University's Institutional Review Board and compliance for work

with human subjects was maintained (Appendix A).

Demographics

This project focused on my three class periods of Research 1 students at TVMSC.
Students travel to TVMSC from other schools around the Boise School District and from outside
the district. The Research 1 class contains ninth cohort students, comprised of mostly ninth
graders, with a few eighth graders in each period. Since the class is a mix of grades and home
districts, students in the class may come from middle schools (6"-8™ grade), junior highs (7!-9t"
grade), and two different types of high schools (9t"-12% or 101-12™ grade). For their science
course, most students are enrolled in Accelerated Chemistry, but a few in each class are taking
Biology. As seen with the demographics presented in Table 3, periods one and six were the most
similar with a majority of the students taking Integrated Math I11 (Algebra 2) and a couple of

students taking Integrated Math Il (Geometry).

Table 3. Research 1 student demographics.

Period 1 Period 2 Period 6

Total Students 23 25 20
Gender Distribution

e Female 8 9 8

e Male 15 19 12
Grade Distribution

e g 4 5 4

o Ot 19 20 16
Current Math Class

e Geometry (Integrated 1) 1 1 1

e Algebra 2 (Integrated I11) 22 12 19

e Pre-calculus 0 10 0

e AP Calculus AB 0 2 0

Parents and guardians were notified of the study before any treatment started to ask for

permission to include their student. While no parent or guardian removed their student from the
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study, not all students were in focus group pool. The focus groups consisted of six randomly
selected students from each group, with three females and three males. The focus groups
happened during class time, which can cause stress for some students. Some students were never
added to the pool of potential interviewees due to Individual Learning Plans (IEPs) that asked to
limit changes in their classroom routine. Additionally, if students were randomly selected to be
in the focus group but did not feel comfortable losing work time they could opt out. For these

reasons the focus group random selection pool narrowed slightly.

Treatment and Data Collection

For this project the treatment consisted of creating case studies that contained messy real-
life data, while the non-treatment group received clean real-life data (Appendix B). The entire
treatment was broken into focus periods where students worked with case studies for a period of
time that had one type of data display (graph). In total there were three focus periods: box-and-
whisker plots, scatter plots and bar graphs with error bars. Keeping in mind the need to scaffold
when working with complex data sets, students started with two display types they were most
familiar with, box-and-whisker plots and scatter plots. During the focus period students were
then given a series of case studies with the graph of focus. While working on case studies
students were allowed to converse with one another, but each student completed their own work.
Students completed a pre-assessment, a case study with clean data, and a Likert survey in which
they rated their confidence before the start of each focus period. At the end of the focus period
the students took the same Likert survey again and completed a post-assessment, once again a
case study with clean data. Open-ended questions were used on the assessments and partial credit

was given on student responses.



18
A slight switch was made with the final focus period. Since both groups were assessed
with clean data, it became apparent that perhaps any effect the authentic messy data was having
was not being seen. For the focus period on bar graphs with error bars, half of the individuals in
the treatment group and half of the individuals in non-treatment group were assessed with

authentic messy data.

Creating the Case Studies and Treatment Groups

Each case study focused on one type of graph and asked students to identify and describe
aspects of the data, to form conclusions about the data and to evaluate the author’s claim
regarding the data. As the focus of case studies was to evaluate data literacy skills and not
science concepts, none of the case studies involved topics they were currently studying, yet they
required a low level of conceptual understanding of the case study’s subject. This allowed for the
data literacy skills to be assessed while lowering the chance that a student may be relying on
their content knowledge. Case studies were created by either collecting published data from
several sources and combining it, summarizing published scholarly articles, or using published
case studies meant for students. An example of authentic messy data and the clean data version
can be seen in Figure 1, these examples are from a case on coral bleaching, a complete case

study example can be found in Appendix B.
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Figure 1. Data from Effects of future climate on coral-coral competition by Johnston et al.

(2020). Graph A is from the original published article (authentic messy data) and graph B is the
clean version.

After a case study was created or selected, the graphs were then modified to clean up the data.
For example, in some cases sections of outliers were removed or best fit lines added to scatter
plots.

The three Research 1 class periods were divided into two groups. The treatment group,
period one, received case studies with unaltered graphs. Period one was chosen due to its
demographic similarities with the other two class periods. The non-treatment group, periods two
and six, received case studies with the cleaned-up graphs to resemble graphs typically seen in

education material. Other than the graphs the case studies were identical.

Examining Sub-question 1

The analysis of data started with sub-question 1, “What effect does the use of data-based
case studies have on data literacy?” At the beginning of each focus period students completed a

Likert survey that recorded their confidence when working with the graph of that focus period
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(Appendix C). The students also completed a pre-assessment case study, which were similar in
style to those they would work with during the treatment period. When the focus period was
complete students once again took the Likert survey regarding their confidence when working
with that style of graph and they completed a post-assessment case study, once again these were
similar in style to those completed during the focus period.

The summary statistics and a paired t-test, with p<.05, was used to compare the pre- and
post-assessments within each treatment group in order to determine what effect, if any, the case
studies had on students’ abilities to describe, interpret and reach data-based conclusions. The
pre- and post-Likert confidence surveys were also analyzed using a paired t-test, p<.5. After
analysis was complete within each treatment group, the two groups were compared.

In addition to the assessments and Likert surveys, students were interviewed in a focus
group about their experiences working with the case studies. The students that were randomly
selected for the focus groups were interviewed with a pre-determined set of questions (Appendix
D). Most of the initial questions were “yes or no” or “would you rather” questions that were then
followed up with “why” and “how” questions. At the beginning of the focus group the students
were shown an example of a clean data display and its authentic messy counterpart for
comparison. During the focus group notes were taken by hand and sound from the interview was
recorded using a cell phone to reference later. After the completion of the focus groups the
answers were organized in a document and examined for themes. Answers were first organized
by the response to the initial question (“yes or no” and “would you rather”), then commonalities
within response groups were examined. During the examination some common language
appeared, such as: outliers, context, and reliability. Reasonings behind initial responses and

treatments groups were compared.
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Examining Sub-guestion 2 and 3

The results of the two treatment groups were compared in order to examine the sub-
questions: “How does the use of authentic messy data affect students’ ability to describe graphs,
including the ability to describe variation within data sets?”” and “How does the use of authentic
messy data affect students’ ability to reach data-based conclusions and evaluate the conclusions
formed by others?”

Along with assessment totals, the post-assessments were broken into two categories:
describe and interpret. The describe category contained open-ended questions that asked students
to identify or describe aspects of the display. The interpret portion asked students to form
conclusions and evaluate the conclusions formed by the author of the original data set.
Comparisons of the post-assessment data between the treatment group and non-treatment group
was made using a sample two-tailed t-test (p<.05) and 2xSE (standard error). The post-Likert
surveys were also compared using a sample two-tailed t-test, p<.05. The results from the focus

groups were compared for any similarities or differences in overall answers and themes.
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DATA ANALYSIS

The results of the data analysis indicated that the use of authentic messy data had no
impact on student data literacy skills, but that the repeated exposure to both messy and clean data
did result in increased confidence of data literacy skills. Students from both groups did say that
the use of case studies and the context it provided for the data made the evaluation of data easier.
Finally, student answers during the focus groups suggest that the use of authentic messy data

may lead students to think more critically about data analysis.

Authentic Data and Data Literacy Skills

Multiple assessments, Likert-surveys and focus groups were used to assess the sub-
questions, “How does the use of authentic messy data affect the data analysis skills of students,
including describing and comparing data sets?” and “How does the use of authentic messy data
affect student ability to reach data-based conclusions and evaluate the conclusions formed by
others?” The results of the assessments for the data displays conflicted with those of the Likert-

surveys and focus group.

Assessment Results

With box-and-whisker plots, the treatment group performed better on the post-assessment
(M = 85%, SE = 0.13) than the non-treatment group (M = 78%, SE = 0.17), when comparing
using standard error (Figure 2). The comparison using s sample t-test showed that this difference
was insignificant (p>.05). When comparing the assessment categories, describe and interpret,

there was also no significant difference (p>.05) between the treatment and non-treatment group.
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Figure 2. The pre- and post- box-and-whisker plot assessment averages for the treatment (n=18
and non-treatment group (n=35).

The focus period on scatter plots yielded results which saw the two groups performing
almost identically on the post-assessment (Figure 3), with no significant difference between the
post-assessment results of the two groups (p>.05). A comparison of data literacy skills asking
students to describe or identify aspects of the display on the post-assessment showed no
difference between the two groups (p>.05), but a comparison of the interpret skills showed that

the non-treatment group performed better (p>.05).
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Figure 3. The pre- and post- scatter plot assessment averages for the treatment (n=19) and non-
treatment group (n=42).
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The lack of gains in scatter plot and in the box-and-whisker plot assessments could be
due to prior experience with both display types before the start of the treatment period. The
experience is most likely the cause of somewhat high pre-assessment scores, creating a possible
ceiling effect. Additionally, the overall high assessment scores may have impacted any effect the
use of authentic messy data had on treatment group, resulting in insignificant differences
between the two groups.

The last display type used for assessing whether or not the use of authentic messy data
effects student data literacy skills were bar graphs with error bars. While the students had
experience prior to the treatment period with bar graphs and histograms they had little to no
experience using error bars with those displays. Along with a more unknown data display, a
different assessment strategy was used for this treatment period. Half the treatment group
assessed with authentic messy data, while the other half assessed with clean data. Within the
non-treatment group, half were assessed with authentic messy data and half with clean data. This
was done to adjust for the potential that perhaps the repeat exposure to data was affecting results
and not the use of authentic messy data. In the previous display focus periods, everyone was
assessed with clean data.

The treatment and non-treatment group, regardless of the data type on the assessment
improved from the pre- to the post-assessment. Those in the treatment group that were assessed
using clean data saw the smallest increase in assessment average, from 80% (SD = 0.14) to 83%

(SD =0.12). This slight change proved to be insignificant with a paired two-tailed t-test (p>.05).
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Figure 4. The pre- and post-assessment the focus period on error bars: treatment group assessed
with messy data (n=9), treatment group assessed with clean data (n=11), non-treatment group
assessed with messy data (n=20) and the non-treatment group assessed with clean data (n=21).

For the three other groups: treatment assessed with messy data, non-treatment assessed
with messy data, and non-treatment assessed with clean data, the increase between the pre- and
post-assessment was large enough to fall outside the range of standard error (Figure 4). The
increase in the post-assessment scores was only significant for the students who were only given
clean data, in the cases studies and on the assessments (p<.05).

A series of sample two-tailed t-tests were performed to compare the two groups and the
assessment types within each group. A comparison within the treatment group, between those
assessed with messy and those assessed with clean data resulted in no significant difference

(p>.05), when examining assessment totals and question type of describe and interpret.
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The lack of difference was also seen in the non-treatment group, for those assessed with
messy data and those assessed with clean (p>.05), when comparing the total assessment scores
and those pertaining to the ability to described the displays. A comparison of assessment scores
pertaining to the interpretation data, had those that were assessed with clean data performing
significantly (p<.05) better than those that those that assessed with messy.

A comparison between treatment and non-treatment group, also yielded insignificant
(p>.05) results in regard to total assessment scores and describe assessment scores. The non-
treatment group that assessed with clean data did outperformed the treatment group that was
assessed with clean data (p<.05).

Overall, the assessment data shows that the use of case studies and/or repeated exposure
to displays had minimal effect on data literacy skills when assessing skills related to familiar data
displays. The use of authentic messy data had no statistically significant effect on data literacy
skills regardless of familiarity. The standout group were those in the non-treatment group that
worked with and assessed with only clean data, who improved significantly in two out of three

display types.

Likert Survey Results

At the start and close of a data display focus period students were asked to complete a
Likert survey to assess their confidence in their data literacy skills. The Likert survey options of
Strongly Agree (4), Agree (3), Disagree (2), and Strongly Disagree (1), were used. The results
were used to measure whether or not the students thought that they had improved.

Each of the three focus periods saw an increase in overall student confidence in their data
literacy skills. A comparison of the post-Likert survey totals using a sample two-tailed t-test

between the treatment and non-treatment group revealed that there was no significant difference
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in their confidence levels regarding scatter plots, t(61) = -0.52, p = .61 and the use of error bars,
t(60) = -0.68, p = .50. The difference in the box-and-whisker plots post survey total did prove
significant, t(38) = -2.46, p = .02, with the non-treatment group having higher overall confidence
in their skills. While both groups grew in their confidence, the difference in confidence levels
was marginal, suggesting that the use of authentic messy data did not affect confidence, and even

may have hindered it.

Focus Group Results

Six students from each group were randomly selected to participate in a focus group at
the end of the treatment period. During the focus group they were asked questions about which
type of data was easier to evaluate. These questions were designed to see how the two groups
viewed the different types of data.

When asked which type of data, messy or clean, was easier to describe, all but two
students, both from the non-treatment group, chose clean data (Appendix D Tables 1 and 2). One
student responded that clean data “looked better,” while another stated “it is easier for the
general public.” The two students that chose messy data, said that it had more information to
work with.

When asked which type of data was easier to speculate as the cause of variation, all of the
students in the treatment group chose the messy data. Their reasoning stemmed from being able
to see the whole picture and therefore any trends that were present. Half of the students in the
non-treatment group chose clean data as easier, with one student saying that “clean data is easier
to understand”, a statement that the other two agreed with.

The last question asked the students if messy or clean was easier to form conclusions

from. For this question, all but two stated clean data, with everyone in the treatment group
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choosing clean. While the treatment group all said clean data was easier, they went on to have a
discussion about how clean data needed to be looked at critically. One student stated that the data
“might have been cleaned too much”, another said that clean data was “less reliable” and they all
agreed the messy data would lead to a more accurate conclusion. Those is the non-treatment
group that chose clean data only mentioned that it was easier to understand. Students from the
non-treatment group that chose messy data, agree with the treatment group in that there would be
more information to base a conclusion on.

Overall, there was no significant difference between the data literacy skills of students
who worked with authentic messy data and those that did not. A difference was seen during the

focus group when the treatment group discussed the reliability of clean data.

Case Studies and Data Literacy

The sub-question “What effect does the use of data-based case studies have on data
literacy?” was addressed using assessments, surveys and focus groups. Every time the students
worked with data, messy or clean, the data was presented in a case study. The case study
included background information on the topic, the question posed by the researchers, data
collection methodology and the results. The only thing that differed was the results section, with
the treatment group receiving the authentic messy data and the non-treatment group receiving
clean data. The effectiveness of using case studies on data literacy were mixed, with assessments

showing no impact, while surveys and interviews suggest that they may have had an impact.

Assessment Results

A paired two-tailed t-test was used to compare pre- and post-assessment results for each

group and for each display type. The only group that showed a significant increase between the
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pre- and post-assessment was from the non-treatment group when working with scatter plot
displays, t(41) = -2.13, p = .04, and for those that assessed with clean data involving error bars,
t(20) = 2.76, p = .01. When using gain of averages to look for growth between the pre- and post-
assessments, the gains were <0.001 for both groups on every display type. Once again, these
results may be caused by the high pre-assessment averages, at least for box-and-whisker plots

and scatter plots.

Likert Survey Results

The results of Likert surveys on confidence differed from those of the assessments. For
this evaluation the pre- and post-survey data from the two groups were combined. When a paired
two-tailed t-test was used to compare the pre- and post-Likert survey results, there were
significant increases in confidence in both groups and with all three display types (p < .05). The
gains in confidence were most notable in the areas of interpreting data, as seen in the forming of
conclusions, and evaluation of an author’s claim.

For box-and-whisker plot displays, prior to the treatment period, students were the most
confident with describing a single box plot (Strongly Agree = 53.45%, n=58). Students were
least confident in evaluating an author’s claim (Strongly Agree = 10.34%, n=58) and speculating
on variation (Strongly Agree = 8.62%, n=58). Strongly Disagree was only chosen 3 times

throughout the survey (Figure 5).
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Figure 5. Pre-treatment Likert survey for box-and-whisker plots responding to statements of “I
am confident...” (n=58).

After the treatment period the average score on the Likert survey increased from 77.68%
to 83.69 (n=58), this increase showed to be significant with a paired two-tailed t-test, t(57) = -
3.57, p <.001). Significant increases in student confidence regarding evaluating an author’s

claim (p <.001) and in speculating on variation occurred (p < .05) (Figure 6).
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Figure 6. Post-treatment Likert survey for box-and-whisker plots responding to statements of “I
am confident...” (n=58).
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The Likert surveys for scatter plot displays had similar results, once again in response to
the statement “I am confident evaluating an author’s claim...”, Strongly Agree had the lowest
percentage (19.35%, n=62). Unlike the box-and-whisker plot survey fewer students were
confident in their ability to describe the display (Strongly Agree = 25.81%, n= 62). Additionally,
only 27.42% (n= 62) of students expressed strong confidence in their ability to draw a line of

best fit and then predict values from that line (Figure 7).
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Figure 7. Pre-treatment Likert survey for scatter plots responding to statements of “I am
confident...” (n=62).

The students’ confidence significantly increased in all areas post treatment period, as the
survey average went from 79.63% to 83.93%, t(61) = -3.79, p < .01. The three areas where
students had fewest number of Strongly Agrees, all had increases. Two of the increases showed
to be significant with confidence for describing variation and drawing a best fit line increasing

significantly (p,.05), while evaluating an author’s claim was not (p > .05) (Figure 8).
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Figure 8. Post-treatment Likert survey for scatter plots responding to statements of “T am
confident...” (N=62).

Unlike the previous two displays the students had no experience within the scope of the
class with error bars, but they did have extensive experience with bars graphs. As seen in Figures
9 and 10, both classes did not respond with Strongly Agree to the confidence statements as often,
compared to the previous display types. For the statement, “I am confident in my ability in using
error bars in bar graphs” and “...drawing conclusions from bar graphs with error bars”, had more

students responding with Disagree when compared to any other Likert survey question.
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Figure 9. Treatment group’s pre-treatment Likert survey for error responding to statements of “I
am confident...” (n=24).
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Figure 10. Non-treatment group’s pre-treatment Likert survey for scatter plots responding to
statements of “I am confident...” (n=38).

The post survey resulted in overall increase for both groups (Figures 11 & 12), the
treatment group went from 14.66 to 16.7 out of 24, while the non-treatment went from 14.9 to

16.48. The increases seen were significant when compared with a paired two-tailed t-test
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(treatment p <.01 and non-treatment p < .001). This is interesting to note because the non-

treatment group did not work with error bars, yet stated that their confidence increased.
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Figure 11. Treatment group’s post-treatment Likert survey for error responding to statements of
“T am confident...” (n=24).
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Figure 12. Non-treatment group’s post-treatment Likert survey for scatter plots responding to
statements of “I am confident...” (n=38).
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Focus Group Results

This increase in confidence seen in the Likert surveys could have been a result of
repeated exposure to data displays. Although, the results of the Likert surveys were echoed by
the focus group, which were asked questions pertaining to how they felt about the case studies
and if they thought their skills had improved throughout the semester. The first question posed
was, “What were your thoughts on getting data with background information and the data
collection methods?” All the students, except one, stated that the background information was
helpful, particularly when forming conclusions (Appendix D Table 3). The additional
information, including the methods used by the researchers, “provided depth” and showed “why
something was the way it was”. Two students agreed that case study information was helpful but
stated that it wasn’t necessary for describing the displays.

The second question posed to the focus group asked the students “Compare your data
literacy skills from before the use of case studies to now.” All the students responded that their
data literacy skills had improved from the start of the treatment period (Appendix D Table 4).
Several students mentioned that the case studies aided them when looking for patterns in the
data, drawing conclusions, and understanding context. Two students mentioned that they thought

the case studies should have increased in difficulty.

Results Summary

The use of messy data within case studies did not improve the data literacy skills within
the treatment group, although those who were exposed to clean data and assessed with clean data
did see improvement in two of the three data display types. When interviewed those that worked

with messy data were the only students to discuss data critically, asking how data was cleaned
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and if it could be cleaned too much. Suggesting that the students had realized that clean displays
may not be telling the whole data story.

The use of case studies did bring about greater confidence in student data literacy skills,
but their confidence was not seen in their performance. This may be tied partially to a ceiling
effect of high pre-assessment scores on some of the display types. Student focus groups shared
that the information provide in the case studies made it easier for them to form conclusions about
the data and evaluate those formed by others. The students noted, regardless of the group they
were in, that how the data was collected and information about the population of interest

impacted how they then viewed the final results.



37

CLAIMS, EVIDENCE, REASONING

Claims From the Study

The answer to the project focus question of, “How does the use of authentic messy data
sets affect student understanding of data, as seen in their ability to read and interpret graphs?”
was mixed. The use of authentic messy data did not have a significant impact on student data
literacy skills, but it may have increased student awareness to think about data critically. While it
was not seen in the assessment results if the use of case studies increased data literacy skills, the
context that they provided was used by the students when examining the variation seen in the
data displays, which impacted the data-based conclusions they formed and the evaluation of

authors’ claims.

Use of Messy Data

Sub-questions 2 and 3 focused on the use of messy data in the improvement of student
data literacy skills. The assessment and Likert survey results for sub-question 2, “How does the
use of messy data affect students’ abilities to describe graphs, including the ability to describe
variation within data sets?”, saw no significant difference between the two treatment groups.
When comparing assessment prompts associated with describe sample t-test results had p-values
>.05. For sub-question 3, “How does the use of data affect students’ abilities to reach data-based
conclusions and evaluate the conclusions formed by others?”, no difference was also seen when
assessing prompts that had the students interpreting data and in Likert surveys.

Student growth in their data literacy skills may have been limited to a ceiling effect due

to high total pre-assessment averages, over 85%, for box-and-whisker plots and scatter plots.
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This was not the case with displays using error bars, where pre-assessment averages ranged from
66% to 84%. A distinction was seen between the two groups during the focus group interview.

The students from the treatment group who were interviewed discussed the reliability of
data. Members of the group stated that clean data, might be too clean, and asked what if
important information was removed. In a lesson discussed in a publication of the National
Science Teachers Association, students were given a large messy data set that they then had to
analyze. The author Gould et al. (2022) noted that students had discussions on which data to
keep and what not to keep for the final product, and what criteria would be used. During the
focus group the students that worked with messy data wondered the same thing about clean data,
what had been removed and how was that decided. This discussion on the reliability of the data
suggests that the students from the treatment group were taking a more critical look at the data
they had been presented with.

The discussion on reliability stemmed from how data displays were constructed and the
degree of variability that they could show. In response to sub-question 2, the focus groups
showed that authentic messy data may impact how students view variability in data. Just as
Kjelvik and Shchultheis (2019) described, the students were becoming aware that data has
inherent variation. Since their view of variability was impacted, then in response to sub-question
3, their ability to form conclusions may also have been impacted. Students in the treatment group
were reaching the same conclusions regarding the case studies that the non-treatment group were
reaching. This may mean that they were able to seen through the variation and still find the

relationships, or lack of relationships, between variables present in the data displays.

Use of Case Studies
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Case studies were used as means to present the authentic data displays, messy or clean, to
the students, and their use as a method for improving data literacy skills was examined. There
was no non-treatment group for the use of case studies, as such student feedback provided the
best insight to their effectiveness. In response to sub-question 1, “What effect does the use of
data-based case studies have on data literacy?”, case studies allowed students to make more
informed conclusions regarding data displays. The Likert surveys saw a significant increase in
student confidence in their data literacy skill for all three display types. Every student from the
focus groups, stated that the background information and methodology found in the case studies
helped them in the interpretation of data, increasing their ability to form conclusions from the
data and evaluate the conclusions formed by others. The information provided by the case
studies allowed the students to critically think about the data by seeing the data in context.

A study performed by Khan et al. (2015) found that students instructed with case-based
learning, had significantly higher post-test scores and that students reported that their ability to
analytically reason increased. In another study that used case studies in nursing education, found
that their use improved practical skills but also the students’ ability to analyze a situation (Qi et
al., 2018). In both of those studies and in my project, constructivism was at play, students were
asked to construct new knowledge using previous knowledge and experiences.

In this project students did not have previous experiences with the subjects of the case
study, for example: heavy metals found in chocolate, citizen science to predict malaria outbreaks,
ages of world cups teams, and extinct birds of New Zealand. In every case study the students had
to bring in their own experiences regarding the topics such as malaria, data collection,
experimental design or sampling. They were able to use these experiences and apply them to the

data they were seeing because the case study provide context for the data. The context gave the
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data a story (Herreid, 2014). The story provided by the case study allowed students to have a
greater understanding for variation within data, or as they said, “know why the data is the way it

2

18”.

Value of the Study and Consideration for Future Research

As member of a community, most of us, including our students, will consume more data
than we produce (Hemo, 2020). In that consumption we will be asked to come to reach our own
conclusions or we will need to evaluate the conclusions reached by others. Data literacy,
comprised of reading and analyzing graphs and viewing data critically, is the skill set needed to
come to those decisions (Weiland, 2017). The data that students will be asked to interpret during
their lifetime may not look like the nice graphs and tables that they see in their educational
materials. Exposing students to authentic messy data gives them the chance to practice a higher
level of data literacy skills they may need.

In this action research project, the impact of authentic messy data was not seen in the
assessments or surveys, but was seen in discussions with students and when watching them
interpret difficult displays. The questions posed by the treatment group regarding outliers, overall
variation in the data and questing the process used to “clean up” data, suggest that exposure to
authentic messy data did impact how they thought about the data analysis process. The
questioning of the data analysis process, which data to use and not use in displays, shows that
students were taking the first steps at viewing data critically.

The use of case studies to present data also brought about a change in how students view
data variability. Every student in the focus groups mentioned that the information provided in the

case study assisted in their ability to form conclusions about the data they were analyzing. They
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took into account the population being studied and the methods of data collection as potential
reasons for variability presented in the data displays. In conversations prior to this project
students had mentioned that individual data points within a data set that may not follow the set
trend closely could be due to error or faulty technology instead of realizing that data will
naturally have variation. The case studies provide the backdrop for the data to sit, giving it
meaning and context (Erwin, 2015).

Future studies involving authentic messy data could examine its use in a way that is more
aligned with curriculum content, method of presenting the data, and having students start with a
large messy data set and then go through the process of “cleaning” it up. A limit to this study was
the use of the Research 1 class. The class is composed of accelerated students who are enrolled
in different math classes. Additionally, as this was not a specific science class, the case studies
did not have a curriculum focus. While this allowed for the testing of data literacy skills without
the reliance of content knowledge, the importance of authentic messy data may be highlighted
when presented in the context of a curriculum. Since all the data presented was out of the context
of the class, the case studies used were limited to the most basic type. Varying case studies may
garner more interest from the students. Finally, students may better grasp the need to view data

critically if they can see how data can be altered.

Impact of Action Research on the Author

Implementing this action research project in my classroom has brought changes to how |
teach, in the form of reflecting on student performance and teaching methods. Prior to this study
my mindset regarding measuring the effectiveness of a lesson was limited to pre- and post-

assessments. Through doing this project and reading other action research projects, | find myself
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wanting to collect new types of data. While I did not do it for my project, | would like to monitor
how students interact with material, what conversations are they having during a lab or activity.
The mindset of different forms of data collection sounds fun and the comparison aspect that has
me excited. At the end of each school year, my mind turns to the upcoming year. These thoughts
always include a list of things to improve on or try. My thoughts at the end of the school year are
different. | already have in mind a new action research project and am thinking of what data |
would collect and comparisons | could make.

The project had a fun and quirky impact on my relationships with my students. The
students in my Research 1 class learn about sampling variations, control groups, summary
statistics, they are asked to create graphs, write papers, make posters, and do presentations of
their work. All of which is what | have been asked to do. Going through a project and having
them along with me made for some interesting conversations. For example, when creating the
focus groups students wanted details in how people were randomly selected, they asked
questions on how the treatment group was chosen and of course they wanted to know the results.
They would ask how this paper was going, with us all agreeing that the methodology and results
sections are the easiest to write and asking what statistical tests | was using. This project placed
me in my students’ shoes, making me more empathetic to their plights as researchers and

increasing my ability to help in their research.
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MSSE Exempt Request

Tue, Nov 30, 2021 at 8:24 AM

Dear Julie,

Thank you for your application. This email acknowledges receipt of the request for IRB Review and serves as the
Approval Letter for your research. Your new IRB Exempt Protocol # is JE113021-EX.

Study Title: Effects of Using Authentic Data in Classroom Instruction on Data Literacy Skills

As the PI, it is your responsibility to facilitate subject understanding by informing subjects of all aspects of the project,
providing an opportunity to ask questions, and describing risks and benefits of participation. Submit any new changes to
the research protocol to the IRB via Amendment Form prior to implementing.

The research described in your submission is exempt from the requirement of additional review by the Institutional
Review Board in accordance with 45 CFR 690.104(d). The specific paragraph which applies to your research is:

( 1) Research, conducted in established or commonly accepted educational settings, that specifically
involves normal educational practices that are not likely to adversely impact students' opportunity to learn
required educational content or the assessment of educators who provide instruction. This includes most
research on regular and special education instructional strategies, and research on the effectiveness of or the
comparison among instructional techniques, curricula, or classroom management methods.

[Quoted text hidden]

9 Ekhoff-Reuer JE113021-EX.pdf
458K
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Namwe

Using Citizen Science to Track Malaria
BACKGROUND

Malaria is a vector-bome disease, which causes fevers, headaches, muscle aches, vomiting and
diarrhea. Vector-bome disesses are discases that are transmitted between hosts through
organisms. The plague 1s one of the most infamous vector-bome diseases, as fleas transmatted it
between rats and people. A common vector-borne disease i Mdaho 15 West Nile Virus, which
mosquitoes spread. Like West Nile, Malaria 1s also spread through mosquitoes. Malana and the
mosquitoes that spread it is very common in Africa, where 400,000 people die each year.

Currently there are 12 professional mosquito
moaitoring stations around the country of
Rwanda. These are used to track population
sizes and types of mosquitoes i order to
prevent Malaria outbreaks through wsing
pesticades and other measures.

The 12 stations are not enough s0 one group of

scwentists in Rwanda are asking the public for

help.

Science question: Can everyday citizens capture and monitor mosquitoes in order to
predict Malaria outbreaks?

METHOD

The sctentists' plan was simple: have people in five different villages capture mosquitoes and
report how much of a nuisance they are. Using the public to truck organisms 1s not new and i1s
wsed in the US foe bird and butterfly migration. Public involvement in research like these is
called Citizen Science.

The villagers were taught how 1o create homemade traps wsing yeast and sugar, which they
placed outsxde and inside therr homes. To monitor the nuisance level, they were asked to rank
how annoying the mosquitoes were on a scale from 1 to §, with five being the most annoying.
Finally they reported any cases of Malana in their home during the research period.
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Culicidac is the general name for mosquitoes. An. gambiae is a specific type of mosquito. Averages
were found between the five villages in the study.

CONCLUSION

1. Descnibe figure 6 B (nuisance vs. An, gambiae), what type of correlation does it have?

2. Predict the nusance level when the average number of cuculidae = 6.
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3. Which could be better 10 use 10 predict the number of Malsna cases, the average number
of culicidae (total mosquitoes) or An. gambiae? Support your clamm with evidence from
the graph. Use complete sentences

4. The scientists are hoping that citizen scentists will be able to help monitor mosquitoes in
Rwinda that could be used to predict Malaria outbreaks. They claim that a citizen science
network could be helpful when other resources are not available or limited. Do you agree
with this dlaim? Can the reporting of nuisance be wsed 1o peedict Malania outbreaks and
therefore prevent them? Support your reasoning with evidence from the graphs. Use

complete sentences.
Referencen
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Name

Using Citizen Scisnce to Track Malaria
BACKGROUND|

Makinz 5 2 vector-home disesse, which canses fovers, haadaches, muscle aches, vomuting and
durhea. Vector-horne diseases are diseases that are munsmitied between hosts theoagh
orgamsms. 1 he plague is coe of the most infamoes vector-bome diseases. as fleas mansmitied 2
between rats and people. A common vecsor-homee disease i ddabo 1 West Nale Viros, which
masquitoes spread. Like West Nike, Malana 15 also speead theough mosguatoss. Malana and the
masquitoes that spread 1t = very comman in Afnca, where 3,000 people die each yzar,

1.
J

Currenedy these are 12 professional mosquito
moRaoneg stations anound the cossry of
Rwanda These are used to track popalation
sizes and types of mosquitoes in oodes oo
prevent Malana outhreaks theough using
pesticides and other measures.

The 12 stanoms are not enoegh <0 one group of

scientists i Rwanda are askng the public for

heip.

Science question: Cas everyday citizens caprure aud mouitor mosquitoes in order to
predice Malaria outbreaks?

METHOD
1 scaentists’ plam was simple: kave people in five ditferent villages capture mosquitoes and
repart how mach of 2 nusence they are, Using the public 10 track organisars is not new and &

wied = the US for hird and bumerfly migratson, Public mvolvement i research hike these i
callod Citizen Science.

e villagers were taught how 10 create homemade traps using yeast and sugar. which they
placed vexside and 1nde their homes. To moasor the nusance level, they were &sked o rank
Bom annaying the mosguasoes were on & scale from 1 1o 3. with five bamg the most seaoving,
Finally they reponied any' cases of Makana in thedr bome dunng the research penod.
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L Predict the nuisance leved when the avemge membes of cuculidos & 6

3. Which coald be better w ese 1o predict the smmber of Malaria ceses, the average number
of culicidae {10tal mosgusnes | or Az gamiiae” Suppoat your claim wah evdence from
the graph. Use complese sentences

4. 1he scwenmsts are hoping that citeen scienists will be shde to belp monitor mosquitoes in
Ruwanda than could be used 10 predict Malana outbreaks. Ehey claim that a citizen science
metwork coeld e helpfial when other resources are not available o hmited. Do you agree
with this claam? Cam the reporming of pusance be used 10 prodict Malana outbreaks and
thesefoce prevent them? Suppost your reasoning with evidence from the graphs Use

complete sentences.
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APPENDIX C

PRE- AND POST-LIKERT SURVEY EXAMPLE
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Confidence with Scatter Plots

Form description

1. | feel confident describing scatter plots. ©
(") strongly Disagree

() Disagree

() Agree

() strongly Agree

2. | feel confident describing the variation in scatter plots. *
() strongly Disagree
(O Disagree

O Agree

(O strongly Agree

3. | feel confident drawing a line-of-best for a scatter plot in order to predict
values. *

(O strongly Disagree
(O Dpisagree

O Agree

(O strongly Agree
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4. | feel confident predicting the correlation of a scatter plot. *
() strongly Disagree
(O Disagree

O Agree

() strongly Agree

5. | feel confident interpreting a scatter plot in order to make a data-based
conclusion. *

(O strongly Disagree
(O Disagree

O Agree

(O strongly Agree

6. | feel confident evaluating an author's claim (data-based conclusion) through
the examination and interpretation of data presented in scatter plots. *

(O strongly Disagree
(O Disagree

O Agree

(O strongly Agree
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APPENDIX D

FOUCS GROUP RESULTS
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Table 1. Treatment group responses to focus group questions regarding working with messy or

clean data.

Messy or Clean Data
Questions

Treatment Group Student Responses

Which type of data
display is easier to
describe?

All students responded with clean data.
One student stated that clean data is easier for the general
public

Which type of data
display is easier to
pose potential causes
of variation?

All students responded with messy data.

One stated that messy data provided a complete picture.
One student said that it was easier to see trends and that it
provided a better overview.

Which type of data
display is easier to
from conclusions
from?

All students responded with clean data.

Two students said conclusions are more accurate with messy
data.

One stated that someone might have “cleaned the data too
much” and then it might not be reliable.

Table 2. Non-treatment group responses to focus group questions regarding working with messy

or clean data.

Messy or Clean Data
Questions

Non-Treatment Group Student Responses

Which type of data
display is easier to
describe? Why?

Four of the students responded with clean data
One student said that the data looks better
One student said that the data is better organized

Two students said that messy would easier because it had
more information

Which type of data
display is easier to
pose potential causes
of variation? Why?

Three students responded with clean data

Students that responded with clean data stated that it is easier
to understand

Three responded with messy data

One student stated that they would be able to see all the
outliers and clean data didn’t show them

Which type of data
display is easier to
from conclusions
from? Why?

Two students responded with messy data

Students that responded with messy data said the there was
more information to base a conclusion on

Four students responded with clean data

Students stated that clean data was easier to see what was
happening

One student said that messy data was too squished

One student stated that with clean data trends “popped out”

Table 3. Treatment group responses to focus group questions regarding confidence with data.
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Confidence with Data

Treatment Group Student Responses

Questions
Would you rather All students responded with data collected by a researcher.
interpret data that you The students responded with that there would be “less human
_haVe collected or error”, “less variation”, and “more experience”
interpret data that Professionals would have less personal bias, that students

professional
researcher has
collected? Why?

sometimes try to make their data a certain way.

On student responded that when looking at researchers’ data
that strange values could be error or something else.

Would you rather
from conclusions
based on data that you
have collected or a
that of a professional
researcher? Why?

All students responded with data collected by a researcher.
One student said that they would have a greater understanding
of the topic and this would make their data “better”

One student said that students are bias when collecting data
for their projects.

Many students echoed the reasons stated for the interpretation
guestion.

Scenario: You have
placed data you have
collected into a scatter
plot and there is a
point fairly far from
the best fit line. What
are your thoughts
about that data point?

One student stated that it was outlier, the others being
interviewed then agreed.

One student mentioned that it may be due to natural variation
or some other form of variation, the others being interviewed
then agree.

Scenario: You have
been given a scatter
plot of a researcher’s
data and there is a
point fairly far from
the best fit line. What
are your thoughts
about that data point?

All the students responded that it may be due to natural
variation.

One student said that they would want to know how they
collected the data.

One student responded that they would question how reliable
the data is.
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Table 4. Non-treatment group responses to focus group questions regarding confidence with

data.
Confidence with Data Non-Treatment Group Student Responses
Questions
Would you rather Four students would rather use researchers’ data.
interpret data that you Twos students stated that researchers would have better
have collected or methods and materials for data collection.
interpret data that Two students said that the results would be more accurate and

professional
researcher has
collected? Why?

fewer errors
Two students would rather use their own data.

One student stated that the data would be less confusing and
the experiment would be simpler
One student stated that like to have control over the data

Would you rather
from conclusions
based on data that you
have collected or a
that of a professional
researcher? Why?

All but one student selected the researcher’s data

Several students stated that researcher data had less error and
that the data would provide a more accurate conclusion

Two students stated that researchers know the big picture
One student stated that their own data was easier to from
conclusions from because it was easier to understand

Scenario: You have
placed data you have
collected into a scatter
plot and there is a
point fairly far from
the best fit line. What
are your thoughts
about that data point?

Some of students stated that the data point might “skew” the
results.

Several students stated that it resulted from human error

All the students stated that it would be an outlier and would
ignore it

One student said it could be natural variation and should not
be discounted

Scenario: You have
been given a scatter
plot of a researcher’s
data and there is a
point fairly far from
the best fit line. What
are your thoughts
about that data point?

Most of the students stated that it would be an outlier and
would ignore it

One stated that it could be due to a technical error

One student said that it could not be an outlier

Table 5. Treatment group responses to focus group questions regarding the use of case studies.
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Using Case Studies
Questions

Treatment Group Responses

What were your
thoughts on getting
data with
background
information and the
data collection
methods?

One student said that it was helpful and they would be lost
without it.

Several students said that it made forming conclusions easier.
One student stated that it was helpful with the analysis and with
reaching conclusions.

One student stated that it wasn’t needed to analyze/interpret the
data displays, but was somewhat helpful in forming
conclusions.

One student stated that it helped them figure out why there
might be an outlier.

Compare your data
literacy skills from
before the use of
case studies to now.

All the students stated that their data literacy skills

One student said that they were able to see different types of
variations and graphs

Several stated that being able to look at many types of graphs
was helpful

Several students stated that they were better at drawing
conclusions.

One student stated that it helped to know why they were
looking at the data (the background information helped)

Table 6. Non-treatment group responses to focus group questions regarding the use of case

studies.
Using Case Studies Non-Treatment Group Responses
Questions
What were your One student stated that it was easier to interpret the data when

thoughts on getting
data with background
information and the
data collection
methods?

you knew what was going on. Many of the students agreed
One student stated that it provided more depth

One student said that they were able to understand what was
going on and “why something was the way it was”

One student said that it helped them to understand the purpose
of the graph

One student said that the background was excessive and that
it wasn’t needed

Compare your data
literacy skills from
before the use of case
studies to now.

All the students said that they had improved

Three students said that the case studies helped them to
understand the context of the data

One student stated that background information helped them
to look for patterns in data displays

Two students stated that the case studies should have
increased in difficulty
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