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Abstract

This dissertation explores the nature of analyzing and interpreting data in 6-12 science education, focusing on how it’s taught and how it can be improved to meet the demands of the 21st century. It examines instructional practices, challenges, and curriculum content to provide a comprehensive understanding of data literacy in secondary science education. It is structured as an introduction chapter, three research chapters, and a conclusion chapter, each addressing different aspects of data literacy. The second chapter investigates how 6-12 science teachers define and teach data analysis and interpretation. This study uses focus groups to gather insights into teachers' approaches and influencing contextual factors. It also examines the alignment of their practices with a synthesized model of best practices for data literacy in science education. The third chapter identifies the obstacles teachers face in teaching data literacy, such as insufficient training, lack of resources, and curriculum limitations. This investigation uses the same focus group methodology as Chapter 2 but with a different focus on perceived teacher challenges and their impact on instructional practices. The fourth chapter evaluates a 7th-grade unit from an open-source science curriculum to assess how it incorporates data literacy. The methodology involves a detailed content analysis of the curriculum materials, focusing on the types of data used, the data analysis methods taught, and their alignment with modern data practices. This approach allows for a thorough examination of the curriculum's strengths and weaknesses in promoting data literacy. The dissertation concludes with a fifth chapter that synthesizes the findings across the three studies and offers recommendations for improving data literacy instruction in 6-12 science education. This dissertation highlights the need for a comprehensive and integrated approach to teaching data literacy. It offers valuable insights and actionable recommendations for educators, curriculum developers, and policymakers to enhance science education and better equip students with data-driven skills.
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[bookmark: _tftk96s2ncf5][bookmark: _o8b4e4d3tit6][bookmark: _Toc172905995][bookmark: _Toc173162979][bookmark: _Toc173164959]Chapter 1. Introduction
[bookmark: _Toc173162980][bookmark: _Toc173164960]1.1 Rationale

The terms data and data literacy lack a universally accepted 21st-century definition (Gebre, 2020, p.1081).  Modern iterations generally involve critically thinking about data, working with and understanding messy and big data, and considering data ethics and storage. However, since there is no consensus on a definition, this will be explored further in the literature review. However, the literature does indicate that the conventional definition- making sense of data, data collection, analysis, and interpretation, is narrow and limited, particularly evident in many standards-aligned science curricula (Bowen & Bartley, 2020). In A Framework for K-12 Science Education, the authors emphasize the importance of organizing raw data into visualizations yet fall short of explicitly detailing the process of cleaning raw data and defining a full data cycle (National Research Council, 2012). Science and Engineering Practice 4 -Analyzing and Interpreting Data (SEP 4) (Lead States, 2013), a practice within the Next Generation Science Standards, focuses on basic skill competencies in working with data. However, it lacks specificity regarding data size, the full data cycle, and visualization types. While SEP 4 emphasizes representing data to reveal patterns and relationships and communicating findings effectively, the specifics of achieving this remain unclear. Current standards for teaching, analyzing and interpreting data do not fully represent how working scientists work with data (Bowen & Bartley, 2020; Pangrazios & Sefton-Green, 2019; Wolff et al., 2019). The Next Generation Science Standards encourage the utilization of all Science and Engineering Practices collectively to achieve the overarching goal of "sense-making" in science (Kang et al., 2019; NGSS Lead States, 2013; Schwarz et al., 2017).
Existing research has investigated teachers' instructional strategies to engage students with data (Banilower et al., 2018) and educators' data sources/tools (Rosenberg et al., 2022). However, both studies heavily rely on extensive participant survey responses and may miss contextual factors that influence teacher practice. Capturing these factors through only survey methodologies can pose a challenge (Banilower et al., 2018). The Banilower et al. (2018) study explored teachers' beliefs, professional development, adherence to state standards, and usage of instructional materials related to NGSS practices. However, the study fell short of providing detailed insights into the nuances of teacher engagement with these practices. While addressing whether teachers engaged with these practices, the study failed to illuminate the manner and the specific tools through which such engagement occurs. Rosenberg et al.’s (2022) study extended foundational research by focusing on the sources and tools employed by teachers in handling data, establishing connections with data handling embraced by scientists, and exploring their translation into science education. Encompassing elementary, middle, and high school teachers, this study shed light on various aspects of analyzing and interpreting data, including data types, resources, and tools. 
In this dissertation, I will build upon these studies, examining these areas in more detail by exploring teacher insights within the context of smaller participant focus groups and curriculum analysis. I will highlight how data literacy is currently used in 6-12 science education, providing insights directly from practicing educators about the specifics of working with data in 6-12 science classrooms. 
[bookmark: _Toc172905997][bookmark: _Toc173162981][bookmark: _Toc173164961]1.1.1 Statement of Problem
There has been very little research directly focused on Science and Engineering Practice 4 (SEP4) resulting in a lack of attention that other practices have received. What literature is out there about SEP 4 s only mentions it briefly along with other practices in a larger volume (Schwarz et al., 2017). In contrast, modeling (Campbell et al., 2010; Hernandez et al., 2013; Lehrer & Schauble, 2004; Passmore & Stewart, 2002; Schwarz et al., 2009) and argumentation (Berland & McNeill, 2010; Grooms et al., 2015; Manz, 2015; Rowland et al., 2017) are well represented in the literature. Science and Engineering Practice 4 mainly emphasizes basic skills and competencies and lacks specific guidance on the instructional methods for teaching this practice (Lead States, 2013). Most of the literature involving analyzing and interpreting data is based on basic skills competencies rather than comprehensive data literacy (Bowen & Bartley, 2020). Thus, current standards for teaching, analyzing and interpreting data do not fully represent how working scientists work with data (Bowen & Bartley, 2020; Pangrazios & Sefton-Green, 2019; Wolff et al., 2019). Without a standardized and comprehensive framework for teaching, analyzing, and interpreting data, textbook and curriculum publishers can interpret the concepts of analyzing and interpreting data in any manner they choose, resulting in varying levels of data engagement across different curricula (Morris et al., 2015). This dissertation suggests that a comprehensive revision of standards for data literacy in K-12 science education, oriented towards the contemporary demands and applications of data in the 21st century, is needed to help teachers provide students with the scientific skills they need for the future.
[bookmark: _Toc172905998][bookmark: _Toc173162982][bookmark: _Toc173164962]1.1.2 Purpose of Study

[bookmark: _6klfgyms8bh4][bookmark: _t1edez6mfeua]My research addresses the abovementioned challenges by focusing on teacher perspectives and curriculum analysis. Chapters 2 and 3 examine contextual factors influencing teachers' approaches and challenges in analyzing and interpreting data with students in a classroom setting. The goal is to center teachers' perspectives. In Chapter 4, the study conducts a detailed analysis of a science curriculum to assess how it presents working with data and its alignment with contemporary practical working with data. This seeks to identify opportunities for curricular enhancement. This dissertation investigates the nature of analyzing and interpreting data in 6-12 science education, delving into teachers' perspectives and how a curriculum delivers analyzing and interpreting data.
[bookmark: _Toc172905999][bookmark: _Toc173162983][bookmark: _Toc173164963]1.1.2 Significance of Study
[bookmark: _jaeai9jr7ect]This research aims to contribute to the existing literature on data literacy in secondary science education by examining how analyzing and interpreting data manifest in teacher instructional practice and curriculum design. The existing research landscape in data literacy within the context of 6-12 science education is limited, leaving room for a greater body of work. The studies specific to teacher practice and analyzing and interpreting data conducted by Banilower et al. (2018) and Rosenberg et al. (2022) have made valuable contributions, but there are opportunities and needs to expand this topic. Their work provided a broad-scope view of analyzing and interpreting data but lacked detailed insights into data instruction within the science classroom, particularly in the context of science education. Also, the existing research focused on data within curricula is limited. Morris et al. (2015) examined data activities across 70 textbooks, explicitly assessing the availability and rigor of data activities within instructional materials. Their findings revealed that while half of the activities included data, very few presented opportunities for students to engage with data, and instructional support was rarely provided. However, their work lacked information on how students might engage with data in the classroom. Chapter 4 centers on analyzing a single unit within a curriculum to add a more in-depth examination of these data activities. This approach situates these activities within the contemporary landscape of working with data in educational settings. 
My research seeks to bridge the gap in more detailed knowledge of practices by adopting a distinctive approach centered around the teacher's voice. By utilizing focus groups, I aim to delve deeply into the perspectives and instructional practices of 6-12 science teachers regarding data literacy. This shift to focus group methodology places teachers at the forefront, allowing their experiences and insights to guide the research process. Unlike the existing studies that offer a general idea of how often they include SEP4 in their practice and the types of tools they use, my research hopes to capture a more detailed view of classroom practices, adding examples specific to working with data in their classrooms and increasing our understanding of how data literacy is taught in 6-12 science education. This study aims to provide valuable insights and a new perspective on analyzing and interpreting data, highlighted in the following sections.
In Chapters 2 and 3, the research expands on prior work by Banilower et al. (2018) and Rosenberg et al. (2022), by focusing on 6-12 science teachers' personal practices and approaches in analyzing and interpreting data in their classrooms. Chapter 2 investigates explicitly how these teachers approach data practices, addressing a gap in existing research that often surveys large participant pools without delving into contextual factors within science education classrooms. This study also diverges from previous approaches by utilizing focus groups, providing a platform for in-depth discussions, and amplifying teachers' voices to foster a more personal understanding of data practices. The research investigates how teachers integrate data literacy into instructional practices by deliberately opting for a small participant pool and employing a qualitative methodology.  
Chapter 3 explores obstacles teachers face in teaching SEP4. This chapter also builds upon the foundation of Banilower et al. (2018) and Rosenberg et al. (2022). However, it focuses on teachers' challenges implementing data analysis and interpretation within their classrooms. Both chapters 2 and 3 aim to discern the current educational landscape and potential future directions in teaching data literacy by employing a conceptual framework that integrates beliefs, practices, and contextual factors. The works also employ a synthesized model outlining best practices for teaching data literacy to guide recommendations for change.
Chapter 4 investigates the nature of data and how data analysis is integrated into the 7th-grade OpenSciEd curriculum. By assessing the curriculum through the perspective of Science and Engineering Practice 4 and synthesizing best practices for teaching data, the study contributes to curriculum evaluation literature, addressing the gap in comprehensive data literacy practices in curricula as identified by Morris et al. (2015). This study focused on how the OpenSciEd curriculum aligns with SEP 4 standards and modern data practices in science education classrooms. It builds upon the previous chapters, recognizing that teachers predominantly rely on curriculum as a primary or secondary source in their teaching (Morris et al., 2015; Stern & Roseman, 2004). This work hopes to heighten awareness of the importance of analyzing and interpreting data within 6-12 science education, providing a model for evaluating curriculum against updated data literacy methods. science education, which reflects the practices of scientists working with data in the field.
[bookmark: _Toc172906000][bookmark: _Toc173162984][bookmark: _Toc173164964]1.2 Literature Review
The literature review section will examine the literature on data literacy, NGSS Science and Engineering Practice 4, existing frameworks for teaching data literacy, educational context, and teacher practices, and the conceptual framework guiding this study. The literature on data literacy, Science and Engineering Practice 4, and teaching frameworks is essential for contextualizing this study within science education, forming the foundational understanding of data literacy in secondary science education. 
[bookmark: _2585pmgscvve][bookmark: _Toc172906001][bookmark: _Toc173162985][bookmark: _Toc173164965]1.2.1 What is Data Literacy?
Data literacy holds significant relevance in 21st-century education. Given the proliferation of Big Data and its integration into daily life, students must cultivate proficiency in data literacy to become well-informed citizens (D’Ignazio & Bhargava, 2015). Data literacy generally refers to the ability to collect, analyze, and interpret data (Bowen & Bartley, 2020; NGSS Lead States, 2013; Skrikant, 2017). Modern data literacy involves working with messy data (Bowen & Bartley, 2020; D’Ignazio, 2022; Kjelvik & Schultheis, 2019; Rosenberg et al., 2020; Schultheis & Kjelvik, 2020), working with authentic data (D’Ignazio, 2022; D’Ignazio & Bhargava, 2015; Grimshaw, 2015), understanding security and storage of data (Maybee & Zilinski, 2015), and identifying data’s potential and limitations (D’Ignazio, 2022; D’Ignazio & Bhargava, 2015) among other aspects. While there is agreement on the importance of teaching about data in the classroom, a standardized framework is yet to be established (Pangrazios & Sefton-Green, 2019; Wolff et al., 2019). Nevertheless, existing frameworks and models within the literature indicate commonalities that merit consideration in developing a standardized framework. 
In recognizing the need to emphasize the study of data collection and analysis, data literacy is included in the Program for International Learner Assessment (PISA) 2024 Strategic Informatics (PISA 2024 Strategic Vision and Direction for Science, 2020). In today's data-driven world, data literacy skills are increasingly vital, as they allow individuals to access, analyze, and comprehend data, which has become more pervasive and influential in our daily lives over the past three decades (Wolff et al., 2019; Pangrazios & Sefton-Green, 2019). Proficiency in data literacy entails understanding data collection, visualization, analysis, interpretation, and ethical considerations regarding data usage. With the rise of data-driven policies impacting various areas such as social policy, marketing, and social justice, along with the lack of individual control over personal data, the need for a pedagogical framework for data literacy has become more urgent (Pangrazios & Sefton-Green, 2019; Wolff et al., 2019). 
In science education, working with data aligns with the nature of science. Data is incorporated into the Next Generation Science Standards (NGSS) as Practice 4: Analyzing and Interpreting Data (NGSS Lead States, 2013). Practice 4 emphasizes the connection between data and scientific investigations in comprehending phenomena. Data literacy entails using appropriate quantitative and analytical tools to analyze, interpret, and communicate findings derived from data (Gibson & Mourad, 2018). It resides at the intersection of quantitative reasoning and data science, rooted in authentic contexts (Kjelvik & Schultheis, 2019). This viewpoint emphasizes using real and meaningful data sets for teaching data literacy, moving beyond contrived data solely for graph interpretation. 
Data literacy in science education includes both skill-based competencies and contextual experiences. It involves the ability to critically analyze and interpret data from various perspectives, recognizing that data can be a multifaceted source of information with cultural, political, social, and ethical dimensions (Bhargava et al., 2016). Data literacy should go beyond basic skills and graphing, aligning with 21st-century needs to empower learners (Bhargava et al., 2016). Understanding data literacy is a complex undertaking. Researchers have proposed different conceptualizations of data literacy, with a shared understanding that it encompasses multiple concepts rather than being limited to basic competencies (Wolff et al., 2019). One widely used way of defining data literacy is through skill competencies (Gebre, 2022). These skills aim to equip learners with the ability to work with and analyze data. In data science education, D'Iganzio and Bhargava (2015) define data literacy as the desire and ability to engage constructively in society through and with data. In information and library science, the definition expands to include critical assessment, management, and ethical use of data (Koltay, 2016a; Koltay, 2016b; Prado & Marzal, 2013). Another approach, rooted in research on math education, involves integrating data literacy into an inquiry process, particularly concerning data-driven decision-making. This perspective emphasizes that learners should investigate real-world issues, utilize data for evidence-based thinking, employ appropriate data, tools, and representations, develop and evaluate data-based inferences and explanations, and effectively communicate solutions in their data literacy curriculum (Vahey et al., 2012). These perspectives go beyond basic skills and comprehensively conceptualize data literacy in K -12 education. Data literacy extends beyond specific disciplines and is interdisciplinary (Vahey et al., 2012). The significance of data literacy is evident in its potential to enhance the economic impact of data, facilitate problem-solving, and empower individuals to hold governments accountable (Bhargava et al., 2016). These listed societal needs highlight the need to reconsider how data literacy is taught in science education as it is necessary to be an informed citizen.
[bookmark: _orfn1pchu5d3][bookmark: _Toc172906002][bookmark: _Toc173162986][bookmark: _Toc173164966]1.2.2 21st Century Data Terms Defined
[bookmark: _3utkxwwpny0r]In this section, I will discuss prominent terms in contemporary literature on data literacy. I aim to define and examine these terms within the framework of 21st-century data applications to make a case for establishing connections to their relevance within the context of 6-12 science education.
[bookmark: _ycnfn1cv3uiq]1.2.2.1 Big Data. The term big data emerged in the early 2000s to define the volume, velocity, and variety of data gathered (Bhargava et al., 2015). Big data is used to describe amounts of data that are so vast that traditional methods cannot be used to store, analyze, or interpret. Big data has become ubiquitous in modern life, with datasets expanding to billions, necessitating advanced technological tools for practical analysis. Its pervasiveness extends across societal and professional domains, encompassing data from routine activities such as grocery store transactions and social media interactions. The complexity of big data necessitates literacy in understanding and managing data, as students now require an awareness of the real-world implications embedded in big data.
As Bhargava et al. (2015) defined, big data emphasizes its multifaceted nature as an ecosystem shaped by the interplay of three fundamental components, commonly called the three Cs of big data. The three Cs encapsulate big data as big data crumbs, capacities, and communities. Each component contributes distinctively to the ecosystem of big data. 
The big data ecosystem is founded on three key components: digital crumbs, big data capacities, and big data communities. Digital crumbs are fragments of data generated by digital devices, forming expansive datasets. Big data capacities refer to the tools and techniques needed to process and analyze these datasets, including data visualization and machine learning. Big data communities encompass all stakeholders involved in generating, analyzing, and using big data. Understanding these components is essential for effectively navigating and utilizing big data.
 Data are found in traditional and nontraditional sources, i.e., social media, emails, and texts. With big data, we need new tools and technology to help manage it. Society, businesses, and science need ways to deal with it in real-time. Technological innovation allows scientists to collect massive amounts of information (Rosenberg et al., 2022). One example is iNaturalist, which has more than 140,000,000 observations accessible through any web browser or smartphone (Garner & Rosenberg, 2023; Rosenberg et al., 2022). However, this is not an isolated example. Big data is found across science and engineering disciplines (Rosenberg et al., 2022). Given the rapid accumulation of information and the necessity for quick decision-making, it is vital to swiftly assess the quality and trends in the data, which can shift rapidly. The idea of big data is far removed from our K-12 classrooms, where traditionally, learners work with datasets they gather through small investigations and labs or preset cleaned data sets (Bowen & Bartley, 2020; Rosenberg et al., 2020). There is a place for those in K-12 science classrooms. Learners need to know and understand the vastness that data has become and how it dictates their lives in many ways.
 The importance of data literacy is on the rise due to the scientific community's and society's increasing dependence on extensive data sets (Kjelvik & Schultheis, 2019; Schultheis & Kjelvik, 2020). Given the strong interconnection between science and data, we have a unique chance to incorporate data into K-12 science education, enriching learners' access to this valuable resource (Kjelvik & Schultheis, 2019; Schultheis & Kjelvik, 2020). 
[bookmark: _z69cgzepcuop][bookmark: _gatmqlvmd9do]1.2.2.2 Authentic Data and Messy Data. Contemporary literature addressing data literacy within K-12 science education emphasizes the significance of authentic and messy data. This section aims to clarify and establish definitions for these data types and subsequently explore their relevance to science education at primary and secondary science education. 
Authentic data is collected from real-life phenomena (Grimshaw, 2015; Kjelvik & Schultheis, 2019; Schultheis & Kjelvik, 2020). It automatically makes data relevant and provides a real-world connection to learners (Grimshaw, 2015). Scientists rely on a variety of authentic data, including data they collect, data obtained from collaborators, and data stored in online repositories where they may not have direct connections to the data collectors or sensors (Kjelvik & Schultheis, 2019; Schultheis & Kjelvik, 2020). These data sources can be classified into two categories: primary data collected by the researchers and secondary data acquired from external sources (Kjelvik & Schultheis, 2019). Similarly, learners can access a wide range of authentic data in the classroom, such as data generated through their inquiry projects, searches conducted in online databases, figures and tables presented in textbooks, or scientific publications (Kjelvik & Schultheis, 2019).
Utilizing authentic data experiences enhances the quality of course projects. Grimshaw’s (2015) work found that when working with authentic data, students can gain a sense of empowerment as they formulate questions and actively seek relevant data instead of relying on pre-curated datasets from repositories or other sources for their analyses (Grimshaw, 2015). Authentic data holds significance in working with data, as relying on curated datasets impedes students from engaging with data in a more comprehensive manner (Grimshaw, 2015). In addition, working with authentic data improves data literacy in students (Kjelvik & Schultheis, 2019).
Messy data is disorganized, has errors, and requires preprocess cleaning (D’Ignazio, 2022; Kjelvik & Schultheis, 2019; Schultheis & Kjelvik, 2020). Authentic data can be messy, but not always. Authentic data generally refers to data from a real-world context, and messy data refers to the state of the data (Kjelvik & Schultheis, 2019). Scientists in the field work with both types and should be included in science education. Messy data sets can exhibit variability, encompassing natural variations resulting from possible systematic errors and the precision of data collection methods (Kjelvik & Schultheis, 2019; Schultheis & Kjelvik, 2020). These data sets may also be incomplete or have missing values. The unique qualities of messy data offer distinct learning opportunities not readily available in other classroom activities, such as interpreting textbook figures or polished graphs from published studies (Bowen & Bartley, 2014; D’Ignazio, 2022; Kjelvik & Schultheis, 2019; Schultheis & Kjelvik, 2020). Instructors can leverage messy data sets to foster critical thinking skills during data exploration, presenting authentic student opportunities (Bowen & Bartley, 2014; D’Ignazio, 2022; Kjelvik & Schultheis, 2019). Students must develop the capacity to interpret data relationships that are less than perfect, as this more closely aligns with the nuanced nature of scientific data analysis (Bowen & Bartley, 2014; Rosenberg et al., 2020).
[bookmark: _Toc172906003][bookmark: _Toc173162987][bookmark: _Toc173164967]1.2.3 Science and Engineering Practice 4 in the Context of 21st-Century Use of Data
This section will examine Science and Engineering Practice 4 and explore its alignment with 21st-century approaches to working with data. The aim is to assess whether students' engagement with data aligns with the practices employed by scientists. A Framework for K-12 Science Education: Practices, Crosscutting Concepts, and Core Ideas (National Research Council, 2012), the foundation for Next Generation Science Standards, identifies performance expectation goals at each grade band with Science and Engineering Practice 4 (SEP4) analyzing and interpreting data (Table 1.1). This section of the framework outlines what students in each grade band should accomplish in reference to SEP 4. Elementary is included here because the framework is set up as each band, laying the foundation for the next. By the twelfth grade, students should be able to systematically analyze data to identify significant patterns or assess data consistency with initial hypotheses. They should recognize instances where data conflicts with expectations and can revise initial models accordingly. The presentation of collected data is emphasized, requiring students to convey patterns and relationships effectively for communication with others. Proficiency in utilizing spreadsheets, databases, tables, charts, graphs, statistics, mathematics, and information and computer technology should be used for collating, summarizing, and displaying data, especially in exploring relationships between variables, including input and output.
[bookmark: _Toc173165978]Table 1.1 K-12 Science Education Goals (National Research Council, 2012)
	Grade Band
	Performance Expectation Goals

	Elementary
	Recognize the importance of recording observations and sharing them with others.
Collect categorical and numerical data.
Present data in tables or graphs.
Introduce computer and digital tools when feasible.
In engineering tasks, recognize that data serves the purpose of validating or improving a design. 

	Middle 
	Learn standard techniques for displaying, analyzing, and interpreting data (various graph types, identifying outliers, and averaging to mitigate measurement errors).
Explain the rationale behind these techniques. 
In engineering tasks, recognize that data serves the purpose of validating or improving a design. 


	High School
	Master additional techniques for displaying and analyzing data (x-y scatter plots, cross-tabulations.
Recognize the need to explore multiple data display methods to identify significant features.
Use mathematics and statistics to work with a greater diversity of data samples.
Use computers or digital tools for analysis.
In engineering tasks, recognize that data serves the purpose of validating or improving a design. 













Additionally, students should demonstrate the ability to evaluate the strength of conclusions drawn from data using grade-level mathematical and statistical techniques, recognize patterns indicating relationships worthy of further investigation, and differentiate between causal and correlational relationships. Students are encouraged to collect data from physical models and analyze design performance under various conditions, highlighting practical applications. The table below outlines the performance expectation goals for each grade level, representing the knowledge and skill building in each grade band concerning SEP 4. 
[bookmark: _niy6hcaytlfx]1.2.3.1 How the NGSS Incorporates Data-Related Practices. This section will address how the NGSS (Next Generation Science Standards) incorporate data-related practices primarily on SEP 4: Analyzing and Interpreting Data. This section aims to identify problems within the standards, highlight literature that addresses them, and provide an evaluation with current lesson examples. In selecting lesson examples, my approach is like that of a typical classroom teacher, who uses the internet to find content aligned with the specified standard. The evaluation of these lessons serves the purpose of highlighting the lack of specificity within the standards. Furthermore, it emphasizes the pragmatic reality that teachers who do not always have a provided curriculum (Stern & Roseman, 2004), who deliver hundreds of lessons a year, frequently resort to online resources as supplementary aids. It prompts consideration of the prevalence of such accessible online lessons, albeit not officially endorsed by NGSS, but widely utilized by teachers in their instructional practices as many teachers do not have access to a provided curriculum and must seek their own resources (Morris et al, 2015). 
 Examining an instance of a performance indicator concerning the SEP4 practice, consider the example- "MS-PS1-2 - Analyze and interpret data on properties of substances before and after the substances interact to determine if a chemical reaction has occurred (Lead States, 2013)." Aligned with SEP 4, this performance indicator entails analyzing and interpreting data to identify similarities and differences in findings. A clarification statement included with this standard specifies permissible substances for experimentation, including burning sugar or steel wool, fat reacting with sodium hydroxide, and mixing zinc with hydrogen chloride. The associated Disciplinary Core Ideas (DCIs) cover the structure and properties of matter, emphasizing the identification of substances based on characteristic properties and chemical reactions, highlighting the regrouping of atoms in distinct molecules during a chemical process. A corresponding NGSS-aligned assignment (MS-PS1-2 — the Wonder of Science, 2021) exhibits alignment with the standard, offering comprehensive tables, pictures, and observation data, emphasizing fundamental data analysis skills. It is important to note that all data within this lesson has prerecorded and cleaned data, and its purpose is for students to analyze and interpret it for claims and evidence. 
Consider another example: "MS-LS2-1 - Analyze and interpret data to provide evidence for the effects of resource availability on organisms and populations of organisms in an ecosystem (Lead States, 2013)." Accompanied by a clarification statement in this standard, highlighting cause-and-effect relationships between resource availability, organismal growth, and population dynamics, this performance indicator aligns with SEP 4's focus on analyzing and interpreting data to provide evidence of phenomena. Pertinent DCIs address interdependent relationships in ecosystems, emphasizing dependencies on environmental interactions and competition among organisms for limited resources. An NGSS-aligned assignment (MS-LS2-1 — the Wonder of Science, 2022) sourced from the same website and author mirrors the prior example, featuring pre-made tables and graphs for students to analyze and interpret, showing a consistent representation of SEP 4 in 6-12 science education. While not inherently problematic, this uniformity may not fully capture the diverse applications of data in the contemporary era. Again, this lesson is prerecorded and cleaned, and its purpose is for students to analyze and interpret it for claims and evidence. 
These examples highlight a primary issue with SEP 4: its emphasis on basic skill competencies, such as reading and interpreting graphs, rather than fostering a comprehensive understanding of data in the 21st century. While Practice 4 recognizes the importance of analyzing data and introduces tools like tables, graphs, data visualization, and statistical analysis, it falls short in addressing critical aspects of data analysis. As pointed out by Gebre (2022) and Bowen & Bartley (2014, 2020), current iterations of data literacy in curriculum lack discussions on understanding data's purpose, potential manipulation or bias in real-world applications, and fail to differentiate between quantitative and qualitative data, leaving out their respective purposes and analysis methods. The two examples above indicate that the data is already cleaned, organized, and presented linearly. Research methodologies are not delineated or explained. This practice presents data deterministically and lacks a probabilistic perspective (Bowen & Bartley, 2014; Bowen & Bartley, 2020; Dimopoulos & Karamanidou, 2013). Although NGSS Appendix F states that students will learn the difference between quantitative and qualitative data in elementary grades, it does not specify what should be taught (Lead States, 2013). One aspect to consider is that, particularly in the context of 6-8 education, science educators are more inclined to possess preservice training focused on education rather than science (Devetak & Vogrinc, 2013; Stern & Roseman, 2004). Consequently, they may have limited background knowledge in specific science skills, such as analyzing and interpreting data, and may require curated curriculum materials to enhance their own comprehension and instructional capabilities in imparting this skill (Devetak & Vogrinc, 2013; Morris et al., 2015). The absence of explicit guidance and specificity within the Science and Engineering Practices may hinder teachers from effectively conveying this knowledge in the classroom.
Furthermore, another significant problem arises as SEP 4 inadequately covers the concept of "big data." While it involves working with graphical displays or large data sets, the definition of what qualifies as a "large set" remains subjective and unclear. This ambiguity leads to a discrepancy between the datasets encountered in curricula (e.g., interpreting 100 data points as a large set) and the massive datasets prevalent in actual 21st-century applications, potentially indicating a lack of trust in learners' ability to handle complex data (Rosenberg et al., 2022). In the two examples above, the data sets, though large, are presented in already cleaned and organized formats, which lessens the impact of what large data means. These lessons do not allow students to work with computers or digital tools to analyze data.
Additionally, SEP 4 lacks guidance on discriminating between tools used in data analysis. SEP 4 includes basic skill competencies related to data literacy, such as distinguishing causal and correlational relationships and using data as evidence, which the lesson examples cover. Although SEP 4 does mention utilizing concepts of statistics and probability, it fails to guide when and why learners should use specific tools or software for data analysis. The example lessons do not provide opportunities for students to use tools. 
Lastly, SEP 4 falls short in providing explicit links to real-world applications. Real-world context is considered an important strategy when teaching data literacy skills (Bhargava et al., 2015; D'Ignazio & Bhargava, 2015; Gebre, 2022; Lee et al., 2021; Rosenberg et al., 2020; Schwarz et al., 2017). While it mentions considering limitations and errors, it lacks specificity in connecting these concepts to real-world scenarios, diminishing the practical applicability of the skills taught within the framework.
SEP 4 predominantly emphasizes the basic skills competencies associated with data manipulation. However, it fails to establish a comprehensive framework for fostering a thorough understanding of data. Data representation appears definite and absolute, lacking perspectives that encourage learners to scrutinize data critically and assess its validity. SEP 4 overlooks the broader and deeper dimensions of data literacy, which should ideally be regarded with the same significance as traditional reading literacy (Bhargava et al., 2015). Since the emergence of Big Data, the importance of citizens' capacity to critically analyze and question data has become necessary, as (Radinsky & Tabak, 2022) highlighted. Citizens need to discern whether data is employed manipulatively to evoke emotional responses (Radinsky & Tabak, 2022). A more comprehensive data literacy framework is necessary for K-12 science education to transcend basic skill competencies, encompassing the ability to engage with data discerning and critically.
[bookmark: _Toc167873357]1.2.3.1 Critiques and Opportunities within SEP4. The NSTA (National Science Teachers Association) book, Helping Students Make Sense of the World Using Next-Generation Science and Engineering Practices, recognizes the central role of Practice 4 in Science and Engineering activities (Schwarz et al., 2017). The book emphasizes key aspects of utilizing Science and Engineering Practice 4 for effective data engagement. Emphasizing the purpose of working with data to solve problems, the book advocates for employing tools such as Venn Diagrams, GIS images, and mathematical thinking. It stresses the interconnectedness of Practice 4 with other scientific practices and highlights the importance of collaboration in this context. The book validates the significance of analyzing observations as a legitimate form of data and encourages working with relevant data, emphasizing the value of local and community resources. However, it broadly defines data as facts, statistics, observations, or information from natural and built environments (Schwartz et al., 2017). This literature discusses the diversity of data sources and types. However, it does not fully address the need for critical data literacy skills in the modern world or explicitly provides specific strategies for analyzing and interpreting data. 	Research critiques how data is worked with in science classrooms. Often, the data students collect or work with are sanitized versions of work already done (Bowen & Bartley, 2014; 2020). Students are not working with data like scientists do in the field; they are replicating investigations or working with cleaned data sets and not getting the entire experience with the data cycle. This type of data is helpful for students to understand already known relationships but does little to prepare students for how scientists work with data in the real world (Bowen & Bartley, 2020; Dimopoulos & Karamanidou, 2013). Additionally, the representation 
implies that data is viewed as absolute or deterministic without delving into conceptualizing scientific outcomes more probabilistically. There is a disparity between scientific reasoning within the classroom and practical applications in the field. A figure that illustrates the potential impact of this disparity on students' perception of scientific investigations and their findings can be found in Appendix A.
[bookmark: _m1j0ir9itjo5]	In summary, NGSS Practice 4 primarily focuses on basic data analysis skills but lacks the depth and breadth required for comprehensive data literacy in the 21st century. Real-world data demands a more critical understanding of data's purpose, potential biases, and the ability to navigate and question data effectively. The current NGSS practices do not fully meet these requirements, emphasizing the need for a broader and more critical approach to data literacy education.
[bookmark: _5kc8a127byth][bookmark: _Toc172906004][bookmark: _Toc173162988][bookmark: _Toc173164968]1.3 Conceptual Framework
[bookmark: _Toc167873358][bookmark: _iios3ypoeqfo]My conceptual framework comprises three interconnected components: educational context, context and teacher practice, and a synthesized model of best practices for teaching data literacy (SBPM). Each element serves a distinct purpose in my research. First, the context component allows for examining the contextual influences teachers encounter when teaching data literacy. The second component, context, and practices, allows for understanding how contextual factors impact practice. The third component of the framework involves a synthesized model called the Synthesized Best Practices for Teaching Data Literacy Model (SBPM). This model, derived from current literature, outlines best practices for teaching data literacy. It serves as a foundational lens, providing a clear perspective on what teaching data literacy should entail in line with current data literacy literature. The interconnectedness of these three components, detailed in Appendix B, allows for a comprehensive exploration of the factors influencing the teaching of data literacy in science education classrooms. In the following sections, I will review the literature relevant to the three components of my conceptual framework and explain how the component fits within my research.
[bookmark: _Toc172906005][bookmark: _Toc173162989][bookmark: _Toc173164969]1.3.1 Context in Education
[bookmark: _uwo2n8clqgkr]In education, contexts are intricate interacting systems influenced by various factors that impact the learning process (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000; Luft et al., 2022). These factors include the educational environment, adherence to state standards, and teachers' and students' backgrounds (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000). While listing all contextual influences proves impractical due to their vast and diverse nature, identifying common contextual factors in studies can contribute to a more comprehensive theoretical framework for practitioners (Cobb et al., 2003). The contextualization of data in science education necessitates the consideration of multiple variables, such as teachers' perceptions of data importance, resource availability, curriculum employed, and the broader teaching environment (Tabak, 2004). Research design should incorporate exogenous, referring to instructional materials and activity structures, and endogenous, involving existing materials and practices (Tabak, 2004). Broad theories often fall short in practical use within science education, as they may overlook specific contextual factors, emphasizing the need to identify commonalities across diverse contexts for more universal and practical understanding (Anderson & Shattuck, 2012; Berliner, 2002; Rosenberg & Koehler, 2015). 
Within the scope of my research, the design encompasses an exploration of teacher discourse regarding data in their classrooms, an assessment of the accessibility and obstacles encountered in implementing data activities, and a critical examination of how the OpenSciEd curriculum presents data. Conducting research with a focus on contextual influences is pragmatic and beneficial for educational purposes, as it enhances validity and applicability to teachers (Anderson & Shattuck, 2012; Jones & Carter, 2007). The recognition of the significance of context in this research is essential. Identifying themes among these various contexts will contribute to a clearer understanding of teachers' approaches to analyzing and interpreting data and their challenges, potentially highlighting the need for further exploration in this area of study.
[bookmark: _44iruu5dhbvr]By engaging in discourse within focus groups, I intend to uncover the contextual factors influencing teachers' beliefs and subsequent actions in thinking about and incorporating analyzing and interpreting data in their classrooms in Chapter 2. For Chapter 3, I will use this approach to recognize the accessibility and obstacles teachers encounter when implementing the practices of analyzing and interpreting data. For Chapter 4, I will analyze a curriculum to understand its role as a contextual influence on instruction and teacher practice. Specifically, I will examine how the curriculum presents data and aligns with best practices for teaching data literacy.
[bookmark: _Toc172906006][bookmark: _Toc173162990][bookmark: _Toc173164970]1.3.2 Context and Teaching Practice
 In science education, understanding the impact of contextual factors on teaching practices is crucial for fostering effective instructional strategies. This section highlights the interaction of various elements within educational environments and their influence on teacher practice. Factors such as adherence to state standards, the backgrounds of teachers and students, and the availability of instructional materials shape the educational landscape (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000; Luft et al., 2022). These factors can either enhance or hinder a teacher's ability to deliver effective instruction.
1.3.2.1 Teacher Self-Efficacy and Experience. Teacher self-efficacy is a significant influence, where teachers' confidence in their abilities directly affects their instructional practices (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022). A strong sense of self-efficacy, supported by robust content knowledge often acquired through hands-on training, is vital for positive outcomes. Furthermore, professional development is important, with effective programs markedly improving how teachers implement classroom instruction (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022). Additionally, both administrative support and collegial interactions are pivotal, facilitating the adoption of innovative teaching methods and the exchange of best practices.
The impact of teaching experience varies, with seasoned educators sometimes resisting new teaching methods. However, accumulated knowledge can also enrich a teacher's effectiveness (Thibaut et al., 2018b; Wright & Waxman, 2022). It is difficult for seasoned teachers to shift from more traditional ways of teaching to reform-based practices (Dong et al., 2018; Wright & Waxman, 2022). Resource constraints, particularly time and access to materials, emerge as significant barriers, restricting the ability to implement desired instructional methods and engage in professional development (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022).
1.3.2.2 District Standards and Contextual Factors. A school-level focus on content- and instruction-focused professional development results in high-quality teaching practices (Dong et al., 2018; Thibaut et al., 2017; Wright & Waxman, 2022). Time for planning, collaboration, and funding are contextual factors that impact practice most (Wright & Waxman, 2022; Dong et al., 2018). Ensuring adequate human, social, and physical resources and time available is crucial (Wright & Waxman, 2022). Teachers must be emotionally and pedagogically engaged (Dong et al., 2018). Insufficient access to training, curriculum, and resources negatively impacts the translation of concepts into teacher practice (Dong et al., 2018). Teachers know what can help improve their practice but often cannot implement these improvements due to unchanging contextual factors (Lumpe et al., 2000). Hands-on experience increases the translation into practice (Thibaut et al., 2017).
Curriculum affects teacher practice, and teachers will alter instructional practices for better or worse based on contextual factors (Dong et al., 2018; Rubie-Davies et al., 2011). Addressing these contextual factors is essential for developing supportive educational environments that enhance teaching practices and improve educational outcomes in science education. This approach acknowledges the complexity of educational contexts and highlights the need for a multi-faceted support system. Studying the context of practice is essential because teachers with the same background and training could teach vastly differently based on factors such as resources, time, and curricula (Fletcher & Luft, 2011). 
Addressing these contextual factors is essential for developing supportive educational environments that enhance teaching practices and improve educational outcomes in science education. This approach acknowledges the complexity of educational contexts and highlights the need for a multi-faceted support system. Studying the context of practice is essential because teachers with the same background and training could teach vastly differently based on factors such as resources, time, and curricula (Fletcher & Luft, 2011).
[bookmark: _7c2jhr3chkua][bookmark: _Toc172906007][bookmark: _Toc173162991][bookmark: _Toc173164971]1.3.3 Synthesizing Frameworks for Best Practices
This section will describe my methods for synthesizing best practices for data literacy. Given the scarcity of frameworks designed explicitly for 6-12 science education, I sought adaptable frameworks. One such framework, Open Inquiry (Bowen & Bartley, 2014), caters specifically to K-12 science education, while Data Informed Learning (Maybee & Zilinski, 2015) pertains to science education in higher education. The Foundational Pillars of Data Literacy (D’Ignazio & Bhargava, 2015) and Workflow through Data Science Tutorial (Srikant & Aggarwal, 2017), designed for data science education, were also included in my selection. I draw upon these four frameworks to determine the best practices for teaching data literacy in 6-12 science education. These frameworks serve as guiding principles for instructing data literacy in the classroom and contribute significantly to the ongoing discourse within data literacy education research. By offering diverse perspectives on the practical analysis and interpretation of data, they align with contemporary practices in working with data.
1.3.3.1 The Frameworks. This section will explore four frameworks for teaching data literacy. These frameworks provide valuable insights into the importance of data literacy in education and its relevance in various contexts, including science education. They are instrumental in helping us identify what is essential to teach when it comes to analyzing and interpreting data.
Open inquiry (2014) provides a basic framework for allowing students to work with data in a more relevant way, with the full data cycle, and supports a shift in thinking from deterministic to probabilistic thinking in K-12 science education (Bowen & Bartley, 2014; 2020, Dimopoulos & Karamanidou, 2013). Bowen and Bartley (2014) define open inquiry (Appendix C) as investigating a problem that is ill-defined, allowing for student modification, allowing students to experience uncertainty and ambiguity, starting at the current knowledge state of the student, and is used to locate conceptual foundations (start where they are), allows materials and discursive practices and resources to be shared and developed within a community of learners, and allows for newcomers to draw on others' experiences and expertise (p. 6). Engaging in an investigation involving an ill-defined problem will enable students to modify the project as they progress. This approach encourages students to grapple with uncertainties and ambiguities when drawing conclusions, fostering a deeper understanding of the subject. By starting with the student's current knowledge in each project, the learning experience becomes more personalized and relevant.
Furthermore, such investigations can create a collaborative learning environment, allowing for the sharing of materials, discursive practices, and resources within a community of learners (Bowen & Bartley, 2014). This collaborative setting offers newcomers the chance to draw on the expertise of others and utilize any available resource that could enhance their learning, promoting a dynamic and interactive learning process (Bowen & Bartley, 2014). This inquiry better reflects how scientists work in the field, supporting data used in real-world contexts and higher-order thinking skills in K-12 education (Fontichiaro & Johnston, 2020). In Figure 4, the levels of inquiry are shown in relation to problems, procedures, and conclusions. Science textbooks and curricula generally stay around the inquiry levels of 0-1, occasionally reaching 3, while scientists work typically in a 3 (Bowen & Bartley, 2014). Bowen and Bartley’s model (2014) illustrates a need for a more comprehensive approach to working with data in K-12 science that reflects the nature of science in the field.
D'Ignazio and Bhargava's (2015) Foundational Pillars of Data Literacy framework challenges the conventional view of data literacy and focuses on empowering citizens and communities through data literacy (Raffaghelli et al., 2020). The first pillar emphasizes agility and adaptability, focusing on cultivating adaptive capacities and resilience. This approach prioritizes the development of skills rather than fixating on specific platforms and technologies, recognizing the inevitability of technological evolution.
The second pillar envisions building upon essential features across all subcategories of literacy, conceiving literacy as a continuum rather than isolated domains. The third pillar involves empowering individuals to navigate their current ecosystems and societies in ways that are personally significant to them. The fourth pillar advocates for providing diverse pathways to accommodate individuals with varying data literacy needs and capacities, acknowledging the complexity of the overarching system. The four pillars advocate for shifting from rigid technical competencies toward a holistic understanding of data literacy as essential for 21st-century life. Their framework emphasizes the significance of data literacy in fostering societal inclusion and citizenship and recognizing the relevance of data to learners' lives (D'Ignazio, 2022; Raffaghelli et al., 2020).
Maybee and Zielinski's (2015) Data-Informed Learning Principles framework (Appendix C.2) stresses the importance of building upon learners' prior experiences when teaching data literacy. They emphasize integrating new ways of using data into disciplinary core subjects so that learning leads to students developing new understandings of the subject being studied. This framework highlights the necessity of context in data-informed learning, reinforcing that data literacy should not be taught in isolation but incorporated into all learning contexts (Koltay, 2016b; Raffaghelli, 2020).
This approach aligns with the concept of relevance, particularly in science education. Teaching data literacy through the lens of students' personal experiences and communities can engage students and deepen their understanding of the data cycle. While this framework initially aims at higher education, it can be adapted to K-12 science education.
Srikant and Aggarwal's (2017) Workflow through Data Science Tutorial framework is particularly relevant to middle-grade science education, as it directly involves K-12 learners in the data collection process and emphasizes the need for relatable data (Appendix C.2). Their framework promotes the full data cycle, relatable data sets (e.g., about themselves), and hands-on data collection and entry (Miao et al., 2022). By reducing problem complexity, this approach ensures learners can comfortably engage with data to solve real-world, contextual problems related to their experiences.
This framework is a strong foundation for building data literacy in science education (Wolff et al., 2019). It demonstrates that learners can be motivated and engaged with relatable and meaningful data. While this framework originated from a specific study on data literacy, it can be adapted for use in various contexts where data is a valuable learning resource.
In summary, these four frameworks provide valuable insights into the multifaceted nature of data literacy and its relevance in education. They highlight the importance of working with relevant data and integrating data literacy into learning contexts, particularly in science education. These frameworks offer flexible approaches that can be adapted to suit various educational levels and settings, ultimately empowering learners to navigate the data-driven world effectively.
[bookmark: _p3kts3tck8hq]1.3.3.2 Synthesizing Best Practices for Teaching Data Literacy. I conducted an in-depth examination of the commonalities among these frameworks, synthesizing a modified version that comprehensively incorporates their shared aspects (Appendix D). This synthesized model enables a comparative analysis between the existing and ideal conceptualizations of teaching data literacy. This synthesized model aligns with what the literature on data literacy says is necessary for teaching data literacy.
In contrast to the initial two components of the conceptual framework, which focus on examining teacher practice and contextual factors within their practices, this component delineates a best practices model for data literacy in 6-12 science education based on current research. This synthesized framework will serve as the deductive codes for analysis for in Chapters 2 and 4, allowing for the comparison of existing practices with the synthesized best practices from the literature, thereby providing an evaluation of the alignment between current practices and an idealized framework for teaching data literacy in science education.
[bookmark: _k8h0bzebccbs][bookmark: _Toc172906008][bookmark: _Toc173162992][bookmark: _Toc173164972]1.4 Positionality

As a researcher, I acknowledge that my background, experiences, and beliefs shape my approaches to these studies (Cain et al., 2023). I am a white Appalachian woman who has taught middle-grade science for 17 years in low-socioeconomic schools. My perspectives are influenced by my upbringing and my experience as a teacher. My interest in this research comes from my background and interest in making science education accessible for all students.  
My educational background includes a bachelor’s degree in Human Learning K-8 and a Master's in Curriculum and Instruction. These experiences have provided me with a strong background in pedagogical skills. My teaching experience in diverse classroom settings has highlighted the disparities in science educational resources and opportunities, particularly in low-income areas. 
In my paradigmatic beliefs, I lean toward critical realism (Gorski, 2013) and interpretivism (Alharahsheh1 & Pius, 2020). I deeply believe that we are constantly influenced by contextual factors that shift minute by minute and day by day. Understanding participants' stories is crucial to identifying the reasons behind their choices and responses. Therefore, it is essential to engage directly with participants, as survey methodologies alone do not provide the depth of understanding necessary for informed research.
I also embrace interpretivism, recognizing that the researcher interprets all data in a way unique to their perspective and interactions with participants. This process creates a shared reality and mutual understanding. Through discourse with participants, the researcher and participants become partners in the research journey.
Recognizing that my positionality may introduce biases in interpreting data, especially in interpreting approaches and challenges that teachers face in teaching data literacy in 6-12 science education, I am committed to transparency and accountability in my research. I also acknowledge that my knowledge and experience help me interpret data because, due to my background, I know what to look for. To mitigate biases, I have engaged in reflexive practices throughout this process, including journaling to reflect on my positionality. By explicitly stating my positionality, I aim to foster trust and reliability in my research.
[bookmark: _Toc172906009][bookmark: _Toc173162993][bookmark: _Toc173164973]1.5 Introduction to the Three Papers

This section will describe the three papers within this dissertation and their purpose. My research tells a story through these papers, and in Figure 1.2, I created a chart showing how they connect. Chapter 2 examines teachers’ approaches to teaching analyzing and interpreting data in their practice. I want to determine how the participants define data literacy and what approaches do teachers use to teach data analysis and interpretation. Additionally, how do these approaches align with recognized best practices in the field, such as Practice 4: Analyzing and Interpreting Data (National Research Council, 2012) and the Synthesized Best Practices Model (SBPM)? Chapter 3 focuses on the obstacles teachers face in teaching, analyzing, and interpreting data. I want to identify the contextual factors that impede effective data literacy teaching practices in 6-12 science education classrooms. Chapter 4 focuses on data in a science curriculum. It is an analysis of the OpenSciEd 7th-grade curriculum. This chapter focuses on a curriculum, which is a major contextual factor that influences teacher practice. It evaluates how the curriculum presents data to students in addition to how it matches the best practices model. I want to determine what characterizes the nature of the data used by students in the OpenSciEd 7th-grade curriculum, including the types of data, visualizations, the size of the datasets, sources of data, and variable types. Also, I want to determine how analyzing and interpreting data is incorporated within the OpenSciEd curriculum at the seventh-grade level. This includes the methods of data analysis students participate in and how this analysis aligns with modern data practices in the 21st century. The three chapters will provide a comprehensive look at how data literacy is contextualized in science education and guide future research.
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[bookmark: _Toc173166095]Figure 1.1 The Three Papers


[bookmark: _hxqv5wiee624][bookmark: _Toc172906010][bookmark: _Toc173162994][bookmark: _Toc173164974]Chapter 2. 6-12 Science Teacher Approaches to Teaching Analyzing and Interpreting Data
[bookmark: _Toc172906011][bookmark: _Toc173162995][bookmark: _Toc173164975]2.1 Introduction
In education, the terms "data" and "data literacy" still lack a universally accepted definition suitable for the 21st century, with existing definitions often described as narrow and limited to basic aspects like data collection, analysis, and interpretation (Gebre, 2020). A Framework for K-12 Science Education (National Research Council, 2012) emphasizes data organization into visualizations but fails to provide details on aspects such as cleaning raw data and defining a full data cycle (Bowen & Bartley, 2014). This limitation has carried through to the Next Generation Science Standards (Lead States, 2013). Furthermore, the Next Generation Science Standards (NGSS) Science and Engineering Practice 4 (SEP 4)-Analyzing and Interpreting Data focuses primarily on basic skill competencies, lacking specificity in data size, the full data cycle, and types of visualizations. This practice emphasizes data representation to reveal patterns and relationships and effectively communicate findings (Lead States, 2013; Schwarz et al., 2017), yet it falls short of providing explicit guidelines for integrating data literacy into a modern relevant educational framework (Bowen & Bartley, 2020; Kang et al., 2019).
Despite the critical role of SEP 4 within NGSS, research on its implementation in educational contexts remains sparse. Existing literature reveals that teacher engagement in data analysis and interpretation is limited, with studies like Banilower (2018) and Rosenberg et al. (2022) indicating that while teachers often employ traditional methods such as paper and pen for organizing data through tables, charts, and graphs, there is a general lack of comprehensive insights into the practices they use and the challenges they face. Approximately 11% of NGSS Performance Expectations involve data-related tasks (Kastens, 2014), yet teachers struggle to implement it due to unclear instructional guidance (Morris et al., 2015; Stern & Roseman, 2004). Furthermore, while educators frequently use student-collected data (Rosenberg et al., 2022), there is a noticeable decline in engagement as the complexity of these tasks increases (Banilower, 2018) showing a need for further research into data-handling practices in 6-12 science education. This study seeks to bridge this gap by exploring how teachers teach data analysis and interpretation and determining whether these methods align with SBPM. This research study directly examines what teachers report about their practice rather than relying on survey data. It accounts for diverse factors that can influence teacher practices and instructional methodologies (Fischer et al., 2018; Lumpe et al., 2000), by allowing teachers to speak about their own experiences of how they implement data analysis and interpretation in various educational contexts, such as time and training. This study aims to provide insights into the approaches teachers use in teaching SEP 4 and possibly create a foundation for best practices in effective data literacy instruction in classrooms.
[bookmark: _Toc172906012][bookmark: _Toc173162996][bookmark: _Toc173164976]2.2 Literature Review
[bookmark: _Toc172906013][bookmark: _Toc173162997][bookmark: _Toc173164977]	2.2.1 What is Data Literacy?

The definitions of data literacy within science education are evolving as the capacity to collect, analyze, and interpret data in society changes. This section explores the evolving definitions of data literacy within science education, emphasizing the necessity for a modernized interpretation that aligns with the complexities of the 21st-century data landscape. Current scholarly works highlight various facets of data literacy, including the ability to handle messy and authentic data, to understand data security and storage, and to recognize data's potential and limitations (Bowen & Bartley, 2020; D'Ignazio, 2022; Kjelvik & Schultheis, 2019; Rosenberg et al., 2020; Schultheis & Kjelvik, 2020; Maybee & Zilinski, 2015; D'Ignazio & Bhargava, 2015; Grimshaw, 2015). Despite the widespread acknowledgment of its importance in classrooms, a framework for teaching data literacy remains underdeveloped (Pangrazios & Sefton-Green, 2019; Wolff et al., 2019). This section explores the evolving definitions of data literacy within science education.
Data literacy is crucial in contemporary education due to data's pervasive influence across various sectors and its central role in STEM workforce development (Wolff et al., 2019). Data literacy is also essential for making informed decisions in an increasingly complex world (Wolff et al., 2019; Pangrazios & Sefton-Green, 2019). Within science education, data literacy intersects with scientific inquiry as encapsulated in Practice 4 of the Next Generation Science Standards (NGSS): Analyzing and Interpreting Data (NGSS Lead States, 2013). However, current implementations in educational settings do not fully capture the breadth of skills required to navigate and utilize data effectively.
Scholars across various fields have proposed richer, more comprehensive conceptualizations of data literacy. These include not only basic skills such as visualization creation and interpretation but also extend to critical assessment, ethical data usage, and the ability to engage with data constructively in societal contexts (D'Ignazio & Bhargava, 2015; Koltay, 2016a; Koltay, 2016b; Prado & Marzal, 2013; Gebre, 2022). This broader view incorporates using data for evidence-based decision-making, employing appropriate tools, and effectively communicating solutions, highlighting the interdisciplinary nature of data literacy that transcends traditional subject boundaries like mathematics (Vahey et al., 2012).
Ultimately, data literacy should be conceptualized as encompassing technical competencies and the critical analysis and interpretation of data from diverse perspectives—cultural, political, historical, social, emotional, critical, and ethical—acknowledging that data is more than mere numbers but a powerful tool that can drive social change and impact historical narratives (Bhargava et al., 2016).  The ability to access and work with data is power (D’Ignazio & Bhargava, 2015). As such, defining data literacy in a more comprehensive way in science education is vital for empowering students to navigate and leverage data meaningfully in the 21st century.
[bookmark: _Toc172906014][bookmark: _Toc173162998][bookmark: _Toc173164978]2.2.3 An Examination of NGSS Practice 4- Analyzing and Interpreting Data
The NGSS sets comprehensive performance expectations across grade levels for Science and Engineering Practice 4 (SEP 4) - Analyzing and Interpreting Data (Lead States, 2013). This framework progressively builds data analysis skills from elementary through high school, detailing what students should achieve at each grade band, and is based on A Framework for K-12 Science Education (National Research Council, 2012). Starting in grades K-2, students begin by collecting, recording, and sharing observations through various methods such as pictures, drawings, and writings, using these to describe patterns and relationships to address scientific questions. By grades 3-5, they employ quantitative methods for data collection and start representing data in graphical displays like bar graphs and pie charts to analyze and interpret phenomena.
As students advance to grades 6-8, the focus shifts to more formal quantitative analyses, distinguishing between correlation and causation and using basic statistical techniques to enhance precision and accuracy. By high school, they engage in detailed statistical analysis using advanced tools and models to make scientific claims and evaluate the impact of new data on existing models. This framework emphasizes proficiency in utilizing digital tools and various data representation methods, including spreadsheets, databases, and graphical displays, to convey data effectively.
However, despite this structured approach, SEP 4 faces challenges that hinder comprehensive data literacy education. It primarily focuses on basic skills, failing to expose students to the complexities of big data, messy data, and authentic data sets, which could foster a more profound understanding of data's real-world applications and nuances (Bhargava et al., 2015). The current standards often neglect essential aspects such as exploring data's purpose, potential manipulation, and the differentiation between quantitative and qualitative data. This oversight contributes to a deterministic view of data presentation and lacks a probabilistic perspective (Bowen & Bartley, 2014). Consequently, there is a pressing need for a more holistic data literacy framework that transcends basic skill competencies and fosters critical thinking and discernment in data analysis. This enhanced approach, as advocated by D'Ignazio, should equip students with the skills to critically question and evaluate data, aligning with the evolving demands of a data-driven world. Doing so ensures that education in data analysis remains grounded in current standards and practices as outlined by the NGSS Lead States (2012), effectively preparing students for the complexities of modern data environments.
[bookmark: _Toc172906015][bookmark: _Toc173162999][bookmark: _Toc173164979]2.2.4 Data Literacy and SEP 4
This section highlights two key scholarly works exploring data analysis and interpretation as delineated in Science and Engineering Practice 4 (SEP 4) of the Next Generation Science Standards (NGSS). The goal is to deepen the understanding of how SEP 4 is represented in educational resources and to critique existing pedagogical methodologies.
Schwarz et al. (2017) emphasized the critical role of SEP 4 in Science and Engineering, particularly how it integrates with other practices and the importance of collaboration. This work discussed key elements essential for effective data engagement, such as using Venn Diagrams, GIS images, and mathematical thinking. However, while the book acknowledged the use of varied data sources and the importance of contextually relevant information, it is noted that the discussion does not extensively cover critical data literacy skills or offer detailed strategies for data analysis and interpretation.
On the other hand, Bowen and Bartley (2014) provided a focused examination of data literacy within SEP 4, offering specific strategies for educators to foster a deeper and more critical engagement with data. Their critique centered on the conventional teaching approaches in science classrooms, which often involve sanitized or replicated data, thereby limiting students' exposure to the full data cycle experienced by field scientists. They argued that this practice does not adequately prepare students for engaging with authentic scientific data and tends to portray data in a deterministic rather than probabilistic manner. This discrepancy underscores a significant gap between classroom learning and real-world scientific practices, impacting students' understanding of scientific investigations.
Together, these works demonstrate a need for a shift towards more probabilistic thinking in science education. This review contextualizes the instructional resources for SEP 4 and highlights the need for pedagogical advancements that embrace the complexities of real-world data engagement.
[bookmark: _Toc172906016][bookmark: _Toc173163000][bookmark: _Toc173164980]2.2.5 Four Frameworks for Teaching Data Literacy 
This section synthesizes four influential frameworks that shape contemporary approaches to teaching data literacy within science education, emphasizing relevance and empowerment for learners across various educational contexts. The Open Inquiry approach, advocated by Bowen & Bartley (2014, 2020) and Dimopoulos & Karamanidou (2013), promotes a shift from deterministic to probabilistic thinking in science education by engaging students with the full data cycle—collection, analysis, and interpretation. This framework encourages investigation into ill-defined problems, fostering personalized learning and collaboration within a community of learners. The Four Core Pillars of Data Literacy, as outlined by D'Ignazio & Bhargava (2015) and Raffaghelli et al. (2020), redefine data literacy to include agility and adaptability, focusing on empowering individuals to navigate their social ecosystems effectively. This framework emphasizes developing adaptable skills that transcend specific technologies and fosters a holistic understanding of data literacy as essential for societal inclusion and active citizenship. The Data-Informed Learning framework by Maybee & Zielinski (2015) and further discussed by Koltay (2016b) and Raffaghelli (2020), integrates data literacy within disciplinary subjects by building on learners' prior experiences, making it contextually relevant and a part of everyday learning. Lastly, the Workflow Through Data Science Tutorial Design by Srikant & Aggarwal (2017), supported by Miao et al. (2022), involves middle-grade students directly in the data cycle with relatable data sets, emphasizing hands-on collection and practical application. Together, these frameworks advocate for a shift in educational paradigms where data literacy is not only about technical skills but also about engaging learners in ways that are meaningful to their personal lives and community involvement, thus establishing data literacy as a critical component of modern science education and necessary for developing informed, capable citizens in a data-driven world.
[bookmark: _Toc172906017][bookmark: _Toc173163001][bookmark: _Toc173164981]2.2.6 The Role of Textbooks in Science Education
Textbooks play a significant role in science education, serving as the primary or secondary instructional resource (Morris et al., 2015) and are a key aspect of curricula (Stern & Roseman, 2004). They provide essential information and pedagogical guidance, especially in K-8 settings where teachers often have backgrounds in education rather than science (Stern & Roseman, 2004). Using textbooks that include textual and pictorial content enhances teaching and learning experiences (Stern & Roseman, 2004). However, how textbooks are written can influence perceptions of science, often presenting it as absolute and leading to misconceptions (Bowen & Bartley, 2014; Lee, 2010). 
Textbooks are generally seen as synonymous with curricula, meaning they provide content and shape the instructional framework and pedagogical approaches teachers use in their classrooms. This synonymy emphasizes the importance of high-quality textbooks in ensuring effective science education. When assessing science textbooks, content alignment with scientific principles is crucial, along with effective instructional support that considers students' prior knowledge (Devetak & Vogrinc, 2013; Stern & Roseman, 2004). 
Textbook authors have significant autonomy, resulting in diversity among textbooks and curricula (Devetak & Vogrinc, 2013). Therefore, critically examining these resources is essential, as teachers rely heavily on them to shape their teaching practices.
[bookmark: _Toc172906018][bookmark: _Toc173163002][bookmark: _Toc173164982]2.3 Conceptual Framework

[bookmark: _Toc172906019][bookmark: _Toc173163003][bookmark: _Toc173164983]2.3.1 The Role of Contextual Factors in Teacher Practice
[bookmark: _u1iwbx4bz9iu]In science education, understanding the impact of contextual factors on teaching practices is crucial for fostering effective instructional strategies. This section highlights the interaction of various elements within educational environments and their influence on teacher effectiveness. Contextual factors are important to my research design because they can influence teacher practice in analyzing and interpreting data.  A teacher may want to include more comprehensive data activities but can’t be due to time or resource availability. However, contextual factors are so vast it is not possible to name them all (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000).  This section discusses the research on contextual factors and hoe they influence teacher practice (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000; Luft et al., 2022). These factors provide a lens through which my research is designed and can either enhance or hinder a teacher's ability to deliver effective instruction.
Teacher self-efficacy is a significant influence, where teachers' confidence in their abilities in a specific area directly affects their instructional practices (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022). A strong sense of self-efficacy related to teaching about data literacy, supported by robust content knowledge often acquired through professional development, is vital for positive outcomes (Bandura et al., 1999). Indeed, effective professional development has been shown to improve how teachers implement classroom instruction markedly (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022). Additionally, both administrative support and collegial interactions are crucial, facilitating the adoption of innovative teaching methods and the exchange of best practices.
The impact of teaching experience varies, with extended tenure sometimes fostering resistance to new teaching methods, but accumulated knowledge can also enrich a teacher's effectiveness (Thibaut et al., 2018b; Wright & Waxman, 2022). Resource constraints, particularly time and access to materials, also emerge as significant barriers, restricting the ability to implement desired instructional methods and engage in professional development (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022).
Addressing these contextual factors is essential for developing supportive educational environments that enhance teaching practices and improve educational outcomes in science education. This approach acknowledges the complexity of educational contexts and underscores the need for a multi-faceted support system.
[bookmark: _Toc172906020]

[bookmark: _Toc173163004][bookmark: _Toc173164984]2.3.2 Synthesizing Best Practices for Teaching Data Literacy 
For this study, I decided to synthesize frameworks because there is no commonly used framework for teaching data literacy in science. I wanted to have a modern framework that focused on data literacy, as opposed to SEP 4, to compare the approaches to determine if teachers are teaching in a way that is reflective of more comprehensive 21st century ways of working with data. I chose to examine four frameworks, three from data science and one from science education, that came from different grade bands, elementary to higher education, to identify best practices and determine how they could be adapted for science education. I examined the commonalities among the data literacy frameworks reviewed in section 2.2.5 of the literature review, synthesizing a modified version incorporating their shared concepts. Appendix D illustrates the model's components and which frameworks match each. The frameworks in the literature did not use the same terminology, but I identified themes within them to construct this model. This synthesized model enables a comparative analysis between the existing and ideal conceptualizations of teaching data literacy. By analyzing these frameworks, I identified commonalities and integrated them into a unified model. The synthesized best practices model (SBPM) aligns with the distinctive needs and requirements of teaching data literacy within the 6-12 science education. In contrast to the first part of the conceptual framework, which focuses on examining contextual factors within their practices, this aspect identifies a best practices model for data literacy in 6-12 science education based on current research. The insights derived from this synthesis will serve as a foundational basis for comparative analysis to answer research question 3b, allowing for the comparison of existing practices with the envisioned practices, thereby providing an evaluation of the alignment between current practices and the idealized framework for teaching data literacy in science education.
[bookmark: _Toc172906021][bookmark: _Toc173163005][bookmark: _Toc173164985]2.4 The Study

[bookmark: _Toc172906022][bookmark: _Toc173163006][bookmark: _Toc173164986]2.4.1 Research Design
The first objective of this study is to identify the approaches that 6-12 science teachers take in analyzing and interpreting data to determine what teachers are doing concerning data literacy in their classrooms. The goal is to identify practices in their teaching methodologies and contextual factors that aid in these approaches, such as curriculum and resources. Then, these will be used to determine how their approaches align with the goals outlined in A Framework of K-12 Science Education (National Research Council, 2012) and compare these with the best practices using the Synthesized Best Practices Model (SBPM), as identified in Appendix D, for teaching data literacy. I chose these goals over the Next Generation Science Standards (NGSS) (Lead States, 2013) because they accommodate the varied grade levels of the participating teachers, offering a comprehensive assessment of how their data literacy approaches align with foundational science standards. Through these objectives, the study aims to contribute to a deeper understanding of how data literacy is taught in secondary science education. 
This investigation utilizes a general qualitative methodology (Ezzy, 2002; Silverman, 1999), adhering to the methodological principles delineated by Creswell and Báez (2020) and guided by the design framework proposed by Hazzan and Nutov (2014). The selected methodology uses inductive and deductive coding. Inductive coding is well-suited for this study as it involves the identification of codes and categories directly from the data without relying on preconceived frameworks or theories (Thomas, 2006). This coding approach resonates effectively with the objectives of the current investigation, facilitating a comprehensive exploration of teacher practices (Thomas, 2006). By amplifying the voices of teachers, this method enables a thorough examination of their instructional approaches concerning data analysis and interpretation, thereby affording the flexibility to uncover emergent themes that may be pertinent to the research question. Deductive codes derived from the SBPM were used to compare teacher responses to best practices for teaching data literacy. This approach was chosen to determine how their methods align with recognized effective teaching strategies and to identify if they are already implementing practices deemed effective by research.
I chose focus groups as the most suitable method for data collection in this study, and several vital rationales underpin this decision (Arksey & Knight, 1999). Firstly, the focus group method facilitated participant comfort during discussions, creating a conducive environment for open dialogue (Arksey & Knight, 1999; Rabiee, 2004). A sense of camaraderie within the cohort was created by discussing the grade levels everyone taught and sharing brief insights into respective content areas. As a fellow teacher, I actively participated in this dialogue, sharing my experiences to underscore my role as a teacher and researcher, promoting mutual understanding among participants (Wilkinson, 1998). Using groups was indispensable for cultivating diverse discourse surrounding analyzing and interpreting data (Arksey & Knight, 1999; Rabiee, 2004; Wilkinson, 1998). This methodology facilitated the incorporation of insights from educators with diverse backgrounds while also enabling the exploration of group dynamics. Consequently, participants could leverage each other's experiences, identify commonalities, and contribute to a more enriched dataset than individual interviews. Additionally, focus groups can effectively gather insights, opinions, and interpretations within a social context, specifically within the classroom (Busetto et al., 2020; Wilkinson, 1998), which is ideal for this study. This approach aligned with the study's goals of promoting participant comfort, fostering diverse perspectives, and identifying commonalities of experience and the social context of the participants. The focus group followed a semi-structured format (Busetto et al., 2020; Creswell & Báez, 2020; Wilkinson, 1998) with the following prompting questions-
· How do you define data literacy?
· Can you describe how you use SEP 4 in your classroom?
· Can you tell me how comfortable you feel using data in your classroom?
· Can you give me an example of a lesson or activity you did that included working with data?
I chose this interview style because it closely relates to oral history types of interviews, aiming for participants to speak about their own experiences and practice in their own words (Arksey & Knight, 1999). These questions guided the discussion without imposing constraints, fostering an open and expansive discourse. While I couldn't be sure teachers would consistently adhere to the designated topic, I was prepared to use prompts and questions to guide the discussion. I remained open to the possibility of the research taking an alternative approach to exploring what teachers deemed significant within this topic (Busetto et al., 2020; Roulston, 2013; Wilkinson, 1998).
The second objective of this study involved a comparative analysis where these pedagogical approaches are evaluated against established best practices in the field. Specifically, this comparison focused on how these teaching methods align with the practice’s six goals outlined in A Framework for K-12 Science Education (National Research Council, 2012) and the Synthesized Best Practices Model (SBPM). This objective aims to understand teaching practices for analyzing and interpreting data comprehensively. To address the alignment with the goals and best practices, I juxtaposed the data derived from the inductive coding phase with the deductive codes outlined in the SBPM. This comparative analysis highlighted how teachers' practices aligned with established goals and best practices and offered insights into potential areas for further research to enhance the relevance of data literacy instruction in the 21st-century educational landscape. Using inductive and deductive coding methodologies provided a comprehensive perspective, allowing for an examination of alignment with predefined practices while also permitting the exploration of novel insights emerging from teacher narratives.
The findings of this study are presented through a thematic analysis of the focus group narratives, addressing the following central research questions:
1.  How do the participants define data literacy?
2. What approaches do teachers use to teach data analysis and interpretation?
3. How do these approaches align with recognized best practices in the field?
	a: Practice 4: Analyzing and Interpreting Data (National Research Council, 2012)
	b: Synthesized Best Practices Model (SBPM)
This analysis sought to contribute to the academic discourse by providing concrete examples of pedagogical practices in data analysis and interpretation and how they compare to established best practices.
2.4.1.1. Participants. This study was approved by the university's review ethics board. It involved seven science educators recruited through a hybrid Convenience-Purposeful sampling strategy (Creswell & Báez, 2020). The recruitment utilized a survey distributed to 6-12 grade educators across six East Tennessee school districts and various online Facebook groups. The survey focused on educators’ familiarity with data literacy and Science and Engineering Practice 4. Interested participants indicated their willingness to join a 1-hour focus group by providing contact details at the end of the survey. The participant demographics can be seen in Appendix E. 
The recruitment utilized a survey distributed across six school districts and various online Facebook groups, focusing on educators’ familiarity with data literacy and Science and Engineering Practice 4. Interested participants indicated their willingness to join a 1-hour focus group by providing contact details at the end of the survey. Six of the participants taught in public schools and one in a private school.  Four of the participants were middle grades teachers and three were high school. The participant demographics can be seen in Appendix E. 
[bookmark: _Toc172906023][bookmark: _Toc173163007][bookmark: _Toc173164987]2.5. Data Collection and Analysis
The primary data source for this analysis was a series of semi-structured focus groups of participants teaching science in one or more grades 6-12. I sought to allow participants to share their experiences and clarify their specific approaches to teaching, analyzing, and interpreting data. The broad and open-ended questions allowed teachers to construct their understanding of this and share their experiences. It also allowed teachers to build off each other's answers to get a complete picture of how they teach and an opportunity to identify support and commonalities with the other participants.
Based on availability, participants were grouped into small focus groups of 2-3 to foster in-depth discussions. Focus group sessions were held via Zoom, recorded (audio and visual),, and captioned to create transcripts for analysis, ensuring broad accessibility and facilitating diverse geographical participation. In each focus group, at least two participants were present, except for the final session, which only one attended.
I designed the focus group to start broadly and become progressively more specific. I began with the broad question, "How do you define data literacy?" and then asked about their approaches to teaching, analyzing, and interpreting data. I conducted the focus groups. It is important to note that I have had previous interactions with four of the participants through their jobs as an educator. These interactions were professional and included professional development and professional organization meetings. It is also important to note that the author has 17 years of science teaching in middle grades. This experience influenced the questions for the interview in addition to the inductive coding for the analysis. I conducted three focus groups on Zoom, then transcribed and cleaned the transcripts (1 hour each).  
[bookmark: _Toc172906024][bookmark: _Toc173163008][bookmark: _Toc173164988]2.5.1 Data Analysis
For RQ 1: How do the participants define data literacy? I separated the responses, from each teacher to this question and put them into the codebook. The codebook with examples can be found in Appendix G. I highlighted text that was common across all the responses. From there, I identified standard terms and concepts from their answers. This synthesized definition will answer this research question.
For RQ 2: What approaches do teachers use to teach data analysis and interpretation? I performed a thematic analysis using inductive coding to explore the answer. This analytical approach was consistent with my background knowledge and expertise as a science educator, indicating that my personal experiences influenced my data interpretation (Boyatzis, 1998; Harper & Thompson, 2011). For analysis, I reviewed the recordings of each focus group session, cleaned the transcripts, and cross-referenced the transcripts to ensure an accurate representation of participants' responses (Boyatzis, 1998). The process (Appendix F), I reviewed the video along with the transcription and engaged in the observation and documentation of nonverbal cues displayed by the participants. Initially, these cues were incorporated into the transcript and distinguished by highlighting them in orange to signify their nonverbal nature. The cue analysis was necessary for discerning nonverbal indicators of agreement or dissatisfaction. For instance, an individual might have refrained from agreeing verbally but could convey concurrence by nodding.
Following this, I analyzed the transcripts over several iterations (Boyatzis, 1998; Harper & Thompson, 2011) to identify teachers' approaches to teaching, analyzing, and interpreting data. During multiple iterations of the transcript review, I highlighted pertinent elements (inductive coding) in the transcript document related to the strategies employed in teaching data literacy. Subsequently, I categorized similar items by assigning distinct colors. I highlighted with different colors to quickly identify critical passages during subsequent analysis.
The first round of coding generated 19 unique codes from the three focus group transcripts. During the second and third rounds of coding, the codes were refined into six codes. These codes were added to the codebook with examples from the participants' responses. The codebook with examples can be found in Appendix G. Analysis of these codes revealed that the most prevalent codes included relevance, basic skills, data activities, curated experiences, data literacy, and technology. From here, I identified the patterns that occurred among participant responses and used this to identify three major themes (Boyatzis, 1998; Harper & Thompson, 2011). The themes and their definitions are listed in Appendix I.
For research question 3a, the codes and responses derived from the analysis of the first and second research question were utilized. These were compared against the goals outlined in the A Framework for K-12 Science Education (National Research Council, 2012). This comparison aimed to assess the alignment of participants' practices with the goals. The goals were placed in a separate tab in the codebook spreadsheet, and examples of the codes from research question 2 were compared against the goals to determine if they aligned. The codebook with examples can be found in Appendix G. These alignments were used to answer question 3a.
For research question 3b, the codes and responses from the analysis of the second research question were used to compare against the Synthesized Best Practices Model (SBPM). This comparison was conducted to identify alignments of teacher responses. These were outlined in a separate tab in the codebook spreadsheet. The codebook with examples can be found in Appendix G.  This step was done to determine how the participants' methodologies align with the best practices in the model. It resulted in identifying connections to best practices from the literature. These alignments were used to answer research question 3b. 
By comparing the responses to goals provided by the Framework for K-12 Science Education and the SBPM, I can comprehensively understand how current practices measure up to standard and best practices models in the field.
[bookmark: _Toc172906025][bookmark: _Toc173163009][bookmark: _Toc173164989]2.6 Findings 
[bookmark: _Toc172906026][bookmark: _Toc173163010][bookmark: _Toc173164990]2.6.1 RQ 1-Data Literacy Defined
This section addresses the response to RQ 1 to identify how teachers define data literacy. The first question posed to each participant was, "How do you define data literacy?” setting the stage for exploring how these definitions frame their instructional approaches. This exploration facilitates positioning their responses in context and examining the alignment between the teachers' approaches and their definitions of data literacy.
 The general consensus of their definitions was the ability to make sense of, analyze, and interpret data. Kelly indicated that being able to read data and making sense of it was necessary by stating:
They can look at any set of data, graph or otherwise, and make sense of it to further their thinking about some topic that I'm trying to explore with them. Data literacy, I guess, would be them feeling comfortable looking at a data table graph making sense of it, and understanding what they're looking at.
This indicates that making sense of data is an essential aspect of data literacy. Jes, a middle school STEM teacher, mirrored this by also stating that being able to read data and make sense of it. “Data literacy, I would say, means being able to read data, analyze data, understand and comprehend data is being literate.”
These responses align with the definitions provided by the teachers and collectively highlight the necessity for students to interpret and understand data effectively. These definitions frame the teachers' views on data analysis and interpretation, emphasizing the aspects they consider essential for their students' education.
[bookmark: _Toc172906027][bookmark: _Toc173163011][bookmark: _Toc173164991]2.6.2. RQ 2- Approaches Used in Teaching Analyzing and Interpreting Data
This section discusses the themes that emerged from the data to address research question 2. Specifically, it outlines teachers' various approaches to teaching data analysis and interpretation.
2.6.2.1 Community-Based Activities and Relevance. A substantial portion of the participants actively engage community resources to enhance the analysis and interpretation of data within their practice. Participants reported that the integration of local resources significantly increased student engagement and interest, thereby enhancing the relevance of the activities. For instance, Jes, a middle school STEM teacher, observed:
The kids are definitely more engaged, obviously, when it is local. Any time I have a unit that talks about something that I feel like can be applied to East Tennessee. I try to change the context to East Tennessee.
A majority (five out of seven) of the participants noted that they deliberately connect data-related activities to their local community contexts, thereby enriching the learning experience. Molly, a 6th-grade science teacher in Idaho who employs the GeoInquiry process, articulated how local contexts influenced her students' inquiry. “The kids' question was, how is climate change affecting the biodiversity of our area where we live, and we were finding data on climate change and Idaho.”
Additionally, two participants highlighted their collaborations with local organizations to further enrich their teaching and provide students with access to expert knowledge. Dora, a sixth-grade teacher in East Tennessee, shared her experience integrating community resources into her curriculum. “We're doing the trout in the classroom, and you know, the guys (from the Little River Watershed Association) just live right there in the community, and that's been a really big help.” Similarly, Jes described her partnership with local university scientists to enhance her environmental science curriculum. “I've got UT coming out to help us with water quality tests. We're going to look at Macro-invertebrates, and we're going to tie that into a big, essential question.”
Two participants highlighted the use of specific local data in their teaching strategies. Val, a high school STEM teacher, integrates local GIS (Geographic Information System) data into her curriculum to ground students' learning in real-world data and connect it to broader, conceptual projects such as urban planning and Mars colonization:
One thing that I do like to do is integrate local data that's already there. So, we take deep dives into KGIS (Geographic Information System), looking at the topography and where lines are drawn for different school zones. I teach them how to look up information about their homes and properties. This year is a new curriculum that we developed ourselves. We are doing urban planning in the fall, and then we will segue into planning Mars colonization in the spring. So, they go from planning a city on Earth to planning a city on Mars.
Kelly, a high school Biology teacher, also integrates local GIS data into her analyzing and interpreting data activities focused on urban planning:
We've done urban planning experiments, where they build something for our city or our school. They have to make sure that their data supports their research and portray that in their final presentation, which is like a science fair presentation.
These findings demonstrate that integrating local and community resources into educational activities significantly enhances student engagement and the relevance of data analysis and interpretation tasks. The teachers indicated utilizing local data and collaborating with community organizations to contextualize their teaching and make the learning experience more tangible and meaningful for students. Examples include adapting curriculum content to reflect local environmental issues and partnering with local experts to bring real-world expertise into the classroom. They believed this approach deepens students' understanding and helps them connect more profoundly with the material by linking it to familiar, local contexts. Overall, according to the teachers, using community resources in teaching data-related activities greatly increased student interest and engagement.
2.6.2.2 Basic Skills and Curated Experiences. The findings revealed that educators emphasized basic data skills and curated experiences (heavily scaffolded activities) in their pedagogical approaches to teaching data analysis and interpretation. Participants unanimously recognized the importance of foundational skills in data handling, such as graphing, finding, and collecting data, with a predominant focus (five out of seven participants) on graph analysis and interpretation.
Val, a high school STEM teacher, highlighted the routine use of pre-designed data sets to help students develop proficiency in data manipulation. “We're doing a lot of charts and graph analysis and map analysis and then bringing all those together.” Molly, a middle school science teacher, discussed the importance of familiarizing students with various graphical representations to enhance their understanding and analytical skills:
I like to give them various forms of data that are already out there and visualized so that they can see, for example, the data in map format, the data in bar graph format, or the data in a number like a dot plot or a scatter plot.
Kelly, a high school Biology teacher, also mentioned the integration of graph analysis in her curriculum, especially to make sense of ecological or climate change data. “We're doing a lot of chart and graph analysis and map analysis and then combining all those to make sense of them in some sort of ecological or climate change way.” Fay, a middle school science teacher, expressed a gradual approach to integrating data visualization skills. “I will occasionally give them charts to read or interpret on class work, homework, or quizzes. I have not yet had them make one from a lab, but it's time to do that.” She indicated that while using pre-made data sets for interpretation based on classroom activities, she recognizes the need to advance students' skills by having them create visual representations from their collected data.
These findings demonstrate that educators prioritize foundational data skills and structured learning experiences in data analysis and interpretation. All participants emphasized the necessity for students to acquire basic competencies in aspects of data such as graphing, finding, and collecting data, particularly in graph analysis. Educators use pre-designed data sets to facilitate skill development in data handling. 
2.6.2.3 Integration of Technology in Teaching Data. The use of technology in data gathering and analysis was a prevalent theme among the participants. The majority (five out of seven) reported incorporating technology into their data activities. Notably, three educators utilized the iNaturalist application, leveraging its features for species identification in student projects. It is essential to acknowledge that within this context, iNaturalist was primarily used to apply its built-in graphic and table representations to present findings rather than for direct engagement with raw data.
Furthermore, two participants employed local ArcGIS data as a resource, utilizing these pre-collected datasets to enrich and support student projects. This approach highlights the educational value of integrating geospatial technology to enhance students' analytical skills and project-based learning experiences. Conversely, two participants indicated they did not use digital platforms for their data activities, suggesting diverse methods and resources educators use to teach data literacy. This variation highlights the pedagogical approaches to equip students with data handling and interpretation skills and knowledge.
[bookmark: _Toc172906028][bookmark: _Toc173163012][bookmark: _Toc173164992]2.6.3 RQ 2- How the Approaches Align with Recognized Best Practices
This section presents responses to research questions 3a and 3b. The discussion will outline the alignment of teachers' approaches with the goals established in the Framework for K-12 Science Education (National Research Council, 2012) and their alignment with the best practices identified in the Synthesized Best Practices Model (SBPM). This analysis shows how these approaches align at two levels- the established standards-based goals for teaching data analysis and interpretation and the ideal best practices for instruction.
2.6.3.1. Comparative Analysis of Participant Responses Relative to Grade 12 Goals for Analyzing and Interpreting Data. This section presents a comparative analysis of participant responses against the grade 12 goals for analyzing and interpreting data, as specified in A Framework for K-12 Science Education (National Research Council, 2012). The study reveals that while the six data literacy goals—from systematic data analysis to technological tools—are generally reflected in the educators' teaching methods, suggesting alignment with the framework's objectives, not all educators explicitly addressed each goal. This variability might stem from differences in the grade levels and subjects they teach. Moreover, these goals are benchmarks for students to achieve by the end of grade 12, indicating they are expected to be met throughout K-12 science education.
These findings explore the practical application of critical data literacy practices defined in the A Framework for K-12 Science Education (National Research Council, 2012). The educators involved in this study utilized various strategies to engage students with data across multiple contexts. I detail how each educator incorporated specific practices to enhance students' data literacy skills.
In exploring various approaches for teaching data literacy, teachers demonstrated diverse techniques to engage students that connect to the goals from the framework. Kelly has students systematically analyze data by integrating ecological and climate change themes into her instruction by having students conduct thorough analyses of charts, graphs, and maps. She articulates the process as combining various data visualizations to highlight ecological or climate-related phenomena, thereby helping students make connections between disparate data sets. Similarly, Molly emphasizes the importance of collecting a broad range of data types, including data from the internet, expert interviews, and field data, fostering a comprehensive approach to data gathering and analysis.
Despite the extensive use of digital and graphical tools, the educators' data analysis and interpretation approaches did not use physical models. Also, statistical methods were absent from teacher responses. There were no specific mentions of using statistical methods in the teaching of analyzing and interpreting data. This absence highlights a potential gap in employing models or statistical methods in analyzing and interpreting data, which could further enhance and help students become more proficient at working with data.
Val employs technology extensively in her teaching, particularly advocating the use of spreadsheets in urban studies. She focuses on teaching students to organize data meticulously, which aids in precise analysis and interpretation. This method prepares students to handle 'tidy data,' enhancing their ability to work efficiently with complex datasets. Jes further enriches this technological integration by teaching students to visualize data in multiple formats. She encourages them to view pre-visualized data to grasp different representations such as maps, bar graphs, and dot plots, which is crucial for evaluating the strength and relevance of the data. 
Moreover, Molly engages her students in identifying significant patterns in data by linking classroom activities to real-world issues, such as the impact of climate change on local biodiversity. This approach deepens students' understanding of data analysis and contextualizes their learning within pressing global challenges.
These findings suggest that teachers effectively align their data literacy instruction with most goals outlined in the established framework for teaching, analyzing, and interpreting data. Not all goals were addressed in the teachers' responses; however, it is important to note that these goals are set for achievement by the 12th grade. Therefore, it is understandable that not every one of the six goals would be addressed by each teacher. Additionally, while they did not explicitly state their use of this framework, their teaching methods are likely influenced by standards derived from it. Overall, teachers' approach corresponded well with most of the framework's expectations, indicating a coherent integration of these goals into classroom practices among this group.
2.6.3.2 Connection to the SBPM. This analysis used deductive coding to examine how teachers' approaches aligned with the SBPM, focusing on experiences with ambiguity, engagement in the full data cycle, relevance, scaffolding, and collaboration in data literacy education.
Experience with Ambiguity. The teachers discussed incorporating data activities lacking predefined outcomes to foster critical thinking and problem-solving skills. Molly uses the Geo-Inquiry Process, emphasizing its open-ended nature: 
If you're looking at the data that's collected in tree rings about CO2 storage, and you look back in time about how much is stored in those tree rings, like 100 years ago, even go all the way back to see the Industrial Revolution, and how much is stored. So, there's just a whole different kind of data to read. You really have to learn how to break it apart. Even I was like not 100% sure how to read it. So, we had to do a lot of research to figure that out and contact some experts who could help us.
Jes highlights the importance of interpreting ambiguous data in real-world contexts. “Sometimes, the data doesn't give us a clear answer, and we have to figure out what it's trying to tell us, which is a real challenge for the kids but very real-world.” Val integrates prototype design, where students determine how their data supports their projects: 
Prototypes look like lots of different things. They have to portray their data somehow, the data that supports it, in some kind of data that they have come up with in the process of building their prototype.
Overall, these findings indicate an emphasis student-centered learning, where educators leverage the inherent uncertainty of real-world data and design challenges to foster a learning environment rich in critical thinking and practical application. This approach prepares students to deal with ambiguity and encourages them to apply their knowledge innovatively and effectively.
Engaging Students in the Full Data Cycle. Several teachers discussed and emphasized aspects of using the full data cycle with students. Kelly emphasized starting with data collection to teach comprehensive data handling. “We engage the students from the start—collecting and processing, and then they have to present their findings, which teaches them the full cycle of data handling.” Jes described how students develop and follow their own inquiry investigations: 
I have my eighth graders do some kind of inquiry where they have to gather their own data. They have to come up with their own simple, testable question and need it to be based on observable data. They have to collect it and then they have to organize it in some way that makes sense of what they're trying to achieve. They have to create some kind of graph.
Molly used the GeoInquiry process to emphasize diverse data sources and visualization techniques: 
The kids collect various forms of data—from the Internet, by interviewing experts, and by actual field collection. Over time, we end up with all this information, and then we have to figure out a way to visualize it. I like to give them various forms of data that's already out there that's already visualized so that they can see, for example, data in a map format, a bar graph, a dot plot, or a scatter plot. This helps them decide how they want to visualize their data for their project.
These responses demonstrate that some educators are committed to providing experiences that allow students to engage in the full data cycle. This approach seems to enhance their analytical skills and foster a deeper understanding of data's practical implications and applications in real-world contexts.
The Role of Relevance in Teaching Data Literacy. Relevance is noted as important in enhancing student engagement, as stated by several participants. Jes discussed using community-specific data. “We use data that directly impacts our community, which makes the students really care about the results.” Val and Molly discussed how local data can increase engagement and inspire deeper investigations, with Val noting. “They really are interested in that local data at KGIS (Geographic Information System).” Molly goes into detail on how relevant local data increases student engagement and motivation:
The kids are just so fascinated, and the kids who don't like to read will still read an article because they're so interested in the topic or they don't like to do math. They'll still gather data and put it into a graph, even though it's just because they're really interested in something that has to do with their home or something close to them.
These insights demonstrate that integrating local and authentic data makes learning more relevant and enhances student engagement by linking educational content with real-world applications. Overall, the teachers' strategies emphasize the profound impact of relevance in data literacy education, fostering a more engaging and meaningful learning experience for students.
Scaffolding Data Literacy Activities. Many of the teachers discussed different types of scaffolding and how it is essential for aligning activities with students' proficiency levels. They design incrementally challenging tasks to build students' capabilities. Kelly details how she scaffolds instruction. “Each step of our data projects is designed to build on the last, ensuring all students are progressing within their capabilities.” Molly and Val focus on setting clear parameters for data collection and deconstructing complex visualizations to enhance understanding. Molly notes on setting clear parameters:
I'm the one who helps them decide how it's going to be collected. We definitely have to set up the table or set up the parameters of what they're collecting. Then, once that's set up, you do an example, let's do it together kind of thing. After that, we just kind of let them go with it.
Val addressed the need to deconstruct complex data visualizations into simpler data sets to enhance student's understanding of how data is transformed into graphical representations. This reverse-engineering approach aids in comprehending data flow and visualization:
Let's take this graph and let's get the data out of it and put it back into a spreadsheet and see where it came from. I think maybe I need to deconstruct some graphs and see if we can take it back to the data and see how that looks.
Fay takes a more structured approach to scaffolding data activities, indicating that she believes it is time to take it a step further by including authentic data and larger sets:
So, I will give them charts occasionally to read or interpret on class work, homework, or on a quiz. I have not yet had them make one from a lab, but it's time to do that. Typically, we don't have a whole heap of data points, but we need to do that in graph data because that's a key skill. They need to know.
These findings highlight that several educators implement structured scaffolding strategies to teach data literacy, effectively building upon students' existing skills within their ideal learning zone. Four participants detailed their systematic scaffolding methods, involving sequentially ordered tasks that build on each other to ensure individual student progression. They emphasized key techniques such as setting clear parameters for data collection, providing tangible examples, and simplifying complex data visualizations to enhance understanding. These approaches can not only aid in developing data literacy skills but also boost students' independence in handling data.
Collaboration. Several participants indicated that collaboration is important for deepening understanding and engagement. Kelly states the importance of group discussions. “Collaboration is key in our projects; they need to talk through their data interpretations and analyses to reach a consensus.” Molly describes fieldwork that fosters collective data analysis: 
I take my kids out to the field, and then all the kids are working on a different area of wherever we are. And then we could just take all of that data and collectively put it together in one space.
Additionally, Molly discusses how structured group discussions play a crucial role in enhancing students' communication skills. “The students work in groups to discuss their data findings, which helps them learn from each other and improve their communication skills.” These three participants indicate that collaboration is important in teaching data literacy. It enables students to work together effectively, think critically, and communicate their findings clearly.
These connections to the SBPM illustrate that some of the educators' methods align with best practices in data literacy education. They highlight the importance of handling ambiguity, engaging students throughout the data cycle, and enhancing learning through relevant, scaffolded, and collaborative activities. These strategies prepare students to manage complexity and apply their skills innovatively in real-world situations.
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In examining how teachers define data literacy and their approaches to teaching data analysis and interpretation, a broad consensus exists on the definition—examining and making sense of data. This aligns with descriptions in academic frameworks and literature on data analysis in science education (National Research Council, 2012; Schwarz et al., 2017). However, the varied teaching approaches suggest a broader and more interpretative nature to the practice, consistent with the literature calling for a detailed framework for teaching data analysis and interpretation (Pangrazios & Sefton-Green, 2019; Wolff et al., 2019).
The study's findings highlight the similarities in teaching data literacy within 6-12 science education, reflecting the dynamic and contextual nature of educational practices (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000; Luft et al., 2022). Teachers tailor their approaches to meet broader educational goals, the contextual factors in which they are influenced, and the specific needs of their students. The context significantly influences instructional methods, with community-centered activities enhancing relevance and engagement (Schwarz et al., 2017). This experiential learning approach uses local resources to make abstract data concepts tangible and relatable (Smith et al., 2019).
Basic data skills and curated experiences are crucial. All of the teachers emphasized basic competencies in data handling, such as graphing, finding, and collecting data, with a focus on graph analysis and interpretation (Bowen & Bartley, 2014; D'Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017). Scaffolding is widely used to support learning, but the removal of supports to foster autonomy in data work is often overlooked.
Exposing students to diverse data visualizations broadens their analytical skills and prepares them for complex scientific data (Bowen & Bartley, 2014). Several of the teachers indicated that this was an important strategy in teaching about data. Integrating technology is critical for improving learning outcomes, enabling students to engage effectively with various stages of the data cycle (National Research Council, 2012; Rosenberg et al., 2022). Teachers indicated this by describing the tools they use, like iNaturalist and ArcGIS, to support data analysis and enhance learning experiences. However, not all of the teachers used digital platforms and chose pen-and-paper activities instead.
[bookmark: _Toc172906030][bookmark: _Toc173163014][bookmark: _Toc173164994]2.7.1 Connection to Framework (2012)

Responses to research question 3 show that many teachers align their practices with some of the data analysis and interpretation objectives for grade 12 outlined in A Framework for K-12 Science Education (National Research Council, 2012). However, some goals, such as using physical models or statistical methods, are not addressed.  
Teachers incorporate essential data literacy practices in various ways, including systematic data analysis and comprehensive data collection. They use technological tools for data organization and visualization, engaging students with real-world data to contextualize their learning within global challenges. This diversity of pedagogical strategies demonstrates the need for flexible frameworks to accommodate varying levels of technological integration and cater to diverse learning environments (Rosenberg et al., 2022).
[bookmark: _Toc172906031][bookmark: _Toc173163015][bookmark: _Toc173164995]2.7.2 Connection to the SBPM
The teachers' approaches in data literacy education focus on experiences with ambiguity, engagement in the full data cycle, relevance, scaffolding, and collaboration. Some incorporated activities with no predefined outcomes to foster critical thinking and problem-solving, using processes like Geo-Inquiry and prototype design to interpret ambiguous data, highlighting its importance in real-world contexts (Bowen & Bartley, 2014; D'Ignazio & Bhargava, 2015).
The teachers engaged students in the full data cycle, from collection to visualization, often through inquiry-based learning where students develop and follow their investigations (Bowen & Bartley, 2014). They emphasized relevance by linking data activities with real-world applications, using community-specific data to enhance engagement and motivation (Bowen & Bartley, 2014; D'Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017).
Scaffolding is identified as essential, with teachers designing sequential tasks that build on each other, aligning activities with students' proficiency levels (Bowen & Bartley, 2014; D'Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017). This approach ensures optimal learning by making new knowledge accessible with appropriate support (Bowen & Bartley, 2014).
Collaboration is identified as crucial for deepening understanding and engagement. Teachers used collaborative projects and group discussions to enhance communication skills and promote shared learning experiences (Bowen & Bartley, 2014; D'Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). This fosters teamwork and cultivates vital social skills, supporting research that values cooperative learning (Johnson & Johnson, 2005).
Integrating technology is highlighted as critical for improving learning outcomes. Tools like iNaturalist and ArcGIS facilitate comprehensive engagement with the data cycle, helping manage logistical challenges and enhance interaction with complex data sets (National Research Council, 2012; Rosenberg et al., 2022). This suggests an amendment needs to be made to the Synthesized Best Practices Model (SBPM) to emphasize technology, aligning with its role in teaching data analysis and interpretation. Currently, the SBPM does not emphasize technology. Yet, it is a prominent goal within the Framework (National Research Council, 2012), and teachers have highlighted its role in their approaches to teaching data analysis and interpretation. Accordingly, integrating technology into the SBPM will make it more relevant to teaching and analyzing data. The update is reflected in Appendix D.
These findings show that educators' methods align with best practices in data literacy education, emphasizing handling ambiguity, engaging students throughout the data cycle, and enhancing learning through relevant, scaffolded, and collaborative activities. These strategies prepare students to manage complexity and apply their skills innovatively in real-world situations.
It is vital to continue exploring innovative ways to integrate emerging technological tools to enhance data visualization and analysis capabilities. Updating curricula and providing ongoing training for teachers will be essential to maintaining alignment with industry developments and academic standards.
[bookmark: _Toc172906032][bookmark: _Toc173163016][bookmark: _Toc173164996]2.7.3 Conclusion and Limitations
This study faces several limitations that could influence the validity and applicability of its findings. Firstly, the relatively small sample size and potential selection bias may limit the generalizability of the results, as the participants may not represent a diverse range of educational settings or teaching practices. Participants may have chosen to participate in the study because they already possess a keen interest in analyzing and interpreting data. 
Additionally, relying on self-reported data from educators could introduce biases, as participants may present their practices in an overly favorable light or not recall all details accurately. Another significant limitation is the absence of direct evaluation of student outcomes; without this data, it is challenging to ascertain the impact of the described teaching strategies on students' data literacy and academic performance. Addressing these limitations in future research could provide a more comprehensive understanding of the efficacy and applicability of data literacy teaching practices.
In conclusion, this study illuminates how secondary science educators approach data literacy in their practices, emphasizing the practical understanding, analysis, and communication of data. The integration of local resources, the strategic use of scaffolding, and the fostering of collaborative environments underscore data literacy's practical and innovative applications. They believed these practices deepened their students' understanding and prepared them to apply their knowledge across various contexts. Future educational strategies should enhance these components to ensure that data literacy education remains responsive and relevant to academic and industry standards. Emphasis should be placed on relevance by incorporating local resources into teaching data literacy. Collaboration should continue to be a foundational element, and scaffolding should be designed to gradually remove supports, allowing students to develop independence. Each grade level should build a strong foundation for the next, ensuring continuity in skill development.
What was missing in these approaches was a higher level of experiencing ambiguity and enabling students to work more independently with data. Providing opportunities for students to engage with ambiguous data and develop comfort and competence in comprehensive data handling is crucial for their growth and readiness to tackle complex real-world problems. 


[bookmark: _Toc172906033][bookmark: _Toc173163017][bookmark: _Toc173164997]Chapter 3. Exploring Data Literacy Challenges in Secondary Science Education
[bookmark: _jsj8hcjvxqi0][bookmark: _5ycwsfq5aiqt]
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In K-12 science education, Science and Engineering Practice 4 (SEP 4), which focuses on analyzing and interpreting data, has received relatively less research attention compared to other practices such as modeling (Lehrer & Schauble, 2004; Passmore & Stewart, 2002; Schwarz et al., 2009) and argumentation (Berland & McNeill, 2010; Grooms et al., 2015). This study explores the challenges teachers face in teaching, analyzing and interpreting data. The Next Generation Science Standards (NGSS) (Lead States, 2013) emphasize SEP 4's role in science education but lacks specific instructional methods, focusing mainly on basic skills and competencies (Bowen & Bartley, 2020). 
In addition, current standards-based models for teaching, analyzing and interpreting data do not always adequately reflect the practical ways working scientists engage with data (Bowen & Bartley, 2020), leading to variations in implementation and a significant gap in the standardization of curriculum and textbook development (Morris et al., 2015; Pangrazios & Sefton-Green, 2019). Previous studies by Banilower et al. (2018) and Rosenberg et al. (2022) have provided insights into how much teachers engage with SEP 4 and the resources they utilize. However, these studies fall short of thoroughly exploring the specific actions, methodologies, and challenges teachers face in this domain. Data analysis and interpretation comprise about 11% of NGSS Performance Expectations, underscoring their importance across all STEM education levels and subjects (Kastens, 2014). Yet, the lack of clear instructional guidance remains challenging for educators, necessitating a deeper investigation into how data literacy is taught and implemented in classrooms. This study builds on existing literature by using focus groups to collect detailed information from teachers about the challenges they face when teaching data analysis and interpretation. Through this research, I aim to provide insights into the contextual factors, such as time, resources, and training, that prevent teachers from effectively teaching, analyzing, and interpreting data. The findings can guide the development of effective supports for integrating data literacy into curriculum and professional development, ensuring that educational practices are aligned with the demands of 21st-century data.
[bookmark: _Toc172906035][bookmark: _Toc173163019][bookmark: _Toc173164999]3.2 Literature Review
This literature review examines the theoretical and empirical research on data analysis and interpretation in science education, focusing on Science and Engineering Practice 4 (SEP 4) as outlined in the Next Generation Science Standards (NGSS). It explores current conceptualizations of these practices within science education and evaluates data literacy as represented in scholarly literature. The review aims to provide a comprehensive overview of how analyzing and interpreting data is conceptualized, highlighting gaps in our understanding of big, authentic, and messy data and identifying areas needing further investigation to enhance data analysis capabilities in science education.
[bookmark: _Toc172906036][bookmark: _Toc173163020][bookmark: _Toc173165000]3.2.1 What is Data Literacy?
Redefining data literacy within a 21st-century science education is crucial. As data becomes increasingly integrated into everyday life, students need to develop the proficiency necessary to navigate this data-rich environment effectively (D'Ignazio & Bhargava, 2015). Modern working with data involves handling messy data, working with authentic datasets, understanding data security and storage, and recognizing data's potential and limitations (Bowen & Bartley, 2020; D'Ignazio, 2022; Kjelvik & Schultheis, 2019; Rosenberg et al., 2020; Schultheis & Kjelvik, 2020) and yet these are not a focus of Science and Engineering Practice 4. It is essential to include the integration of real-world, complex data scenarios in classrooms to mirror the authentic challenges faced in scientific and professional domains, enhancing the educational relevance and application of data literacy (Maybee & Zilinski, 2015; D'Ignazio & Bhargava, 2015; Grimshaw, 2015).
The evolving nature of data use in society necessitates a modern, standardized framework for teaching data literacy in K-12 education, preparing students for data-driven decision-making (Pangrazios & Sefton-Green, 2019; Wolff et al., 2019). Although NGSS provides a basic framework for teaching, analyzing, and interpreting data (NGSS Lead States, 2013), it lacks detail on advanced data handling techniques such as data cleaning and the full data cycle (Bowen & Bartley, 2020). Integrating data should be highlighted because of its vital role in scientific inquiry and broad educational practices (National Research Council, 2012; Schwarz et al., 2017). This integration calls for an expansive approach beyond fundamental skills, encompassing critical evaluation, ethical considerations, and diverse applications (Bowen & Bartley, 2020; D'Ignazio, 2022).
[bookmark: _Toc172906037][bookmark: _Toc173163021][bookmark: _Toc173165001]3.2.3 An Examination of NGSS Practice 4- Analyzing and Interpreting Data
The NGSS sets performance expectations across grade levels for Science and Engineering Practice 4 (SEP 4) - Analyzing and Interpreting Data (NGSS Lead States, 2013). This framework progressively builds data analysis skills from elementary through high school, detailing what students should achieve at each grade band, and is based on A Framework for K-12 Science Education (National Research Council, 2012). Starting in grades K-2, students begin by collecting, recording, and sharing observations through various methods such as pictures, drawings, and writings, using these to describe patterns and relationships to address scientific questions. By grades 3-5, they employ quantitative methods for data collection and start representing data in graphical displays like bar graphs and pie charts to analyze and interpret phenomena (Lead States, 2012).
As students advance to grades 6-8, the focus shifts to more formal quantitative analyses, distinguishing between correlation and causation and using basic statistical techniques to enhance precision and accuracy. By high school, they engage in detailed statistical analysis using advanced tools and models to make scientific claims and evaluate the impact of new data on existing models. This curriculum emphasizes proficiency in utilizing digital tools and various data representation methods, including spreadsheets, databases, and graphical displays, to convey data effectively (Lead States, 2012).
However, despite this structured approach, SEP 4 faces challenges that hinder comprehensive data literacy education. It primarily focuses on basic skills, failing to expose students to the complexities of big data, messy data, and authentic data sets, which could foster a more profound understanding of data's real-world applications (Bhargava et al., 2015). The current standards often overlook vital aspects of working with data, such as exploring the purpose of data, its potential manipulation, and the differences between quantitative and qualitative data. This oversight contributes to a deterministic view of data presentation and lacks a probabilistic perspective (Bowen & Bartley, 2014). Consequently, there is a pressing need for a more holistic data literacy framework that transcends basic skill competencies and fosters critical thinking and discernment in data analysis. This enhanced approach, as advocated by D'Ignazio (2022), should equip students with the skills to critically question and evaluate data, aligning with the evolving demands of a data-driven world. Doing so ensures that education in data analysis remains grounded in current standards and practices as outlined by the NGSS Lead States (2012), effectively preparing students for the complexities of modern data environments
[bookmark: _Toc172906038][bookmark: _Toc173163022][bookmark: _Toc173165002]3.2.4 Data Literacy and SEP 4
This section highlights two key scholarly works exploring data analysis and interpretation as delineated in Science and Engineering Practice 4 (SEP 4) of the Next Generation Science Standards (NGSS). The goal is to deepen the understanding of how SEP 4 is represented in the literature and to critique existing pedagogical methodologies.
Schwarz et al. (2017) emphasized the critical role of SEP 4 in Science and Engineering, particularly how it integrates with other practices and the importance of collaboration. This work discussed key elements essential for effective data engagement, such as using Venn Diagrams, GIS images, and mathematical thinking. However, while the book acknowledged the use of varied data sources and the importance of contextually relevant information, did not extensively cover critical data literacy skills or offer detailed strategies for comprehensive data analysis and interpretation.
On the other hand, Bowen and Bartley (2014) provided a focused examination of data literacy within SEP 4, offering specific strategies for educators to foster a deeper and more critical engagement with data. Their critique of SEP 4 centers on the conventional teaching approaches in science classrooms, which often involve sanitized or replicated data, thereby limiting students' exposure to the full data cycle experienced by field scientists. They argued that this practice does not adequately prepare students for engaging with authentic scientific data and tends to portray data in a deterministic rather than probabilistic manner. This discrepancy shows a significant gap between classroom learning and real-world scientific practices, impacting students' understanding of scientific investigations.
Together, these works advocated for a shift towards more probabilistic thinking in science education, aligning teaching practices with modern data analysis approaches. This review contextualizes the instructional resources for SEP 4 and highlights the need for pedagogical advancements that embrace the complexities of real-world data engagement.
[bookmark: _Toc172906039][bookmark: _Toc173163023][bookmark: _Toc173165003]3.2.5 Four Frameworks for Teaching Data Literacy 
This literature review synthesizes four frameworks that shape contemporary approaches to teaching data literacy, emphasizing relevance and empowerment for learners across various educational contexts. The frameworks represent how data literacy should be taught. The Open Inquiry approach, advocated by Bowen & Bartley (2014, 2020) and supported by Dimopoulos & Karamanidou (2013), promotes a shift from deterministic to probabilistic thinking in K-12 education by engaging students with the full data cycle—collection, analysis, and interpretation. This framework encourages investigation into ill-defined problems, fostering personalized learning and collaboration within a community of learners. The Four Core Pillars of Data Literacy, as outlined by D'Ignazio & Bhargava (2015) and supported by Raffaghelli et al. (2020), redefine data literacy to include agility and adaptability, focusing on empowering individuals to navigate their social ecosystems effectively. This framework emphasizes developing adaptable skills that transcend specific technologies and fosters a holistic understanding of data literacy as essential for societal inclusion and active citizenship. The Data-Informed Learning framework by Maybee & Zielinski (2015) and further discussed by Koltay (2016b) and Raffaghelli (2020), integrates data literacy within disciplinary subjects by building on learners' prior experiences, making it contextually relevant and a part of everyday learning. Lastly, the Workflow Through Data Science Tutorial Design by Srikant & Aggarwal (2017), supported by Miao et al. (2022), involves middle-grade students working directly with the data cycle with relatable data sets, emphasizing hands-on collection and practical application. Together, these frameworks advocate for a shift in educational paradigms where data literacy is not only about technical skills but also about engaging learners in ways that are meaningful to their personal lives and community involvement, thus establishing data literacy as a critical component of modern science education and necessary for developing informed, capable citizens in a data-driven world.
In conclusion, while the literature provides a foundational understanding of data literacy within the context of 21st-century science education, notable gaps persist. These include a lack of detailed strategies for teaching advanced data handling techniques such as data cleaning and managing the full data cycle. Additionally, the literature falls short in addressing the integration of ethical considerations and diverse contextual applications into data literacy education. Current educational frameworks, such as the NGSS (Lead States, 2013), provide a basic structure but do not offer sufficient guidance on handling real-world, messy data or fostering critical evaluation of data sources. This oversight limits students' capacity to engage effectively with authentic datasets and to develop a nuanced understanding of the role of data in scientific inquiry and decision-making. Addressing these gaps is crucial for developing more comprehensive data literacy education that covers technical skills and emphasizes critical thinking, ethical reasoning, and adaptability across various educational and real-life contexts.
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[bookmark: _Toc172906041][bookmark: _Toc173163025][bookmark: _Toc173165005]3.3.1 The Role of Contextual Factors in Teacher Practice
In science education, understanding the impact of contextual factors on teaching practices is crucial for fostering effective instructional strategies. This section highlights the interaction of various elements within educational environments and their influence on teacher practice. Factors such as adherence to state standards, the backgrounds of teachers and students, and the available instructional materials shape the educational landscape (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000; Luft et al., 2022). These factors can either enhance or hinder a teacher's ability to deliver effective instruction.
Teacher self-efficacy is a significant influence (Bandura et al., 1999), where teachers' confidence in their abilities directly affects their instructional practices (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022). A strong sense of self-efficacy, supported by robust content knowledge often acquired through hands-on training, is vital for positive outcomes. Furthermore, the importance of professional development is underscored, with effective programs markedly improving how teachers implement classroom instruction (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022). Additionally, both administrative support and collegial interactions are pivotal, facilitating the adoption of innovative teaching methods and the exchange of best practices (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022).
The impact of teaching experience varies, with extended tenure sometimes fostering resistance to new teaching methods. However, accumulated knowledge can also enrich a teacher's effectiveness (Thibaut et al., 2018b; Wright & Waxman, 2022).
Resource constraints, particularly time and access to materials, also emerge as significant barriers, restricting the ability to implement desired instructional methods and engage in professional development (Dong et al., 2018; Thibaut et al., 2018b; Wright & Waxman, 2022).	Addressing these contextual factors is essential for developing supportive educational environments that enhance teaching practices and improve educational outcomes in science education. This approach acknowledges the complexity of educational contexts and emphasizes the need for a multi-faceted support system.

[bookmark: _Toc172906042][bookmark: _Toc173163026][bookmark: _Toc173165006]3.4 The Study
[bookmark: _Toc172906043][bookmark: _Toc173163027][bookmark: _Toc173165007] 3.4.1 Research Design
This study identifies challenges and obstacles teachers face in teaching, analyzing, and interpreting data. The goal is to determine what factors inhibit their ability to teach data literacy in a relevant and meaningful way. This study aims to contribute to a deeper understanding of teachers' challenges to aid in future research to identify supports for teaching data literacy. This study employs the same data sources and research design presented in Chapter 2. However, it shifts the focus to exploring challenges and obstacles in teaching analyzing, and interpreting data.
This study utilized broad qualitative research methodologies (Ezzy, 2002; Silverman, 1999) to investigate teachers' challenges in their practice regarding analyzing and interpreting data. Although previous research, such as surveys by Banilower et al. (2018) on teacher practice with SEP 4 and Rosenberg et al. (2022) on tool utilization, has shed light on various aspects of teaching practices, there remains a gap in the literature regarding a comprehensive examination of the specific challenges teachers face. To bridge this gap, the qualitative approach employed in this study was instrumental in facilitating a thorough exploration of these challenges, enabling a deeper understanding of teachers' obstacles.
I chose focus groups as the most suitable method for data collection in this study, and several key rationales underpin this decision (Arksey & Knight, 1999). Firstly, the focus group method facilitated participant comfort during discussions, creating a conducive environment for open dialogue (Arksey & Knight, 1999; Rabiee, 2004). To foster a sense of camaraderie within the cohort, the initial phase involved a discussion on the grade levels we instruct and brief insights into our respective content areas. I actively participated in this dialogue, sharing my experiences to emphasize my role as a teacher and researcher, promoting mutual understanding among participants (Wilkinson, 1998). Focus groups were used to cultivate diverse discourse surrounding the challenges faced in teaching, analyzing and interpreting data (Arksey & Knight, 1999; Rabiee, 2004; Wilkinson, 1998). This methodology facilitated the incorporation of insights from educators with diverse backgrounds while also enabling the exploration of group dynamics. Consequently, participants could leverage each other's experiences, identify commonalities, and contribute to a more enriched dataset than individual interviews. Additionally, focus groups effectively gathered insights, opinions, and interpretations within a social context, specifically within the classroom (Busetto et al., 2020; Wilkinson, 1998).
This approach aligns with the study's goals of promoting participant comfort, fostering diverse perspectives, and identifying commonalities of experience and the social context of the participants. The focus group followed a semi-structured format (Busetto et al., 2020; Creswell & Báez, 2020; Wilkinson, 1998) with the following prompting questions-
· Can you describe how you use SEP 4 in your classroom?
· What obstacles do you face in teaching data in your classroom?
· Can you give me an example of a time when you didn't feel like you could effectively teach working with data?
· Can you tell me how comfortable you feel using data in your classroom?
 This interview style was chosen because it closely relates to oral history types of interviews, as the goal was for the participants to speak about their own experiences and practice in their own words (Arksey & Knight, 1999). These questions guided the discussion without imposing constraints, fostering an open and expansive discourse. Although I couldn't be sure teachers would consistently adhere to the designated topic, I was prepared to use prompts and questions to guide the discussion. I remained open to the possibility of the research taking an alternative approach to exploring what teachers deem significant within this topic (Busetto et al., 2020; Roulston, 2013; Wilkinson, 1998). I articulated the results of this research through a detailed thematic analysis of the narratives obtained from the focus groups. This analysis addresses the central research question:
What contextual factors impede effective data literacy teacher practice in 6-12 science education classrooms?  
 By analyzing the data gathered, this study aims to enrich the academic discourse by providing concrete, real-world examples of pedagogical challenges in teaching data analysis and interpretation.
[bookmark: _Toc172906044][bookmark: _Toc173163028][bookmark: _Toc173165008]3.4.2 Participants 
My university's review ethics board approved this study. Seven science educators were recruited through a hybrid Convenience-Purposeful sampling strategy (Creswell & Báez, 2020). The participant demographics can be seen in Appendix E. Based on availability, participants were grouped into small focus groups of 2-3, with no group exceeding five members to foster more intimate discussions. Recruitment targeted 6-12 grade educators from East Tennessee school districts and online teaching forums. 
	The recruitment utilized a survey distributed across six school districts and various online Facebook groups, focusing on educators’ familiarity with data literacy and Science and Engineering Practice 4. Interested participants indicated their willingness to join a 1-hour focus group by providing contact details at the end of the survey.
[bookmark: _Toc172906045]

[bookmark: _Toc173163029][bookmark: _Toc173165009]3.5 Data Collection and Analysis
The primary data source for this analysis was the transcripts from a series of semi-structured focus groups of participants teaching science in one or more grades 6-12. This source was also used in Chapter 2, albeit with a focus on different questions and responses. I sought to enable participants to share their experiences and articulate their specific challenges and obstacles while teaching data analysis and interpretation. The questions were broad and open-ended, allowing teachers to construct their own understanding of what this means and share their experiences. It also allowed teachers to build off each other's answers to get a full picture of how they teach and an opportunity for them to identify support and commonalities with the other participants.  The author conducted the focus groups. It is important to note that the author had previous interactions with four of the participants through their job as an educator.  These interactions were of a professional nature including professional developments and professional organization meetings.  It is also important to note that the author has 15 years of science teaching in middle grades.  This experience influenced the questions for the interview in addition to the inductive coding for the analysis. I conducted three focus groups on Zoom, then transcribed and cleaned the transcripts (1 hour each). 	
[bookmark: _Toc172906046][bookmark: _Toc173163030][bookmark: _Toc173165010]3.5.1 Data Analysis 
 	 I conducted a thematic analysis utilizing inductive coding to scrutinize the data. This approach aligned with my background knowledge and expertise as a science educator, which means my personal experiences could influence my data interpretation (Boyatzis, 1998; Harper & Thompson, 2011). For analysis, I reviewed the recordings of each focus group session, cleaned the transcripts, and cross-referenced the transcripts to ensure an accurate representation of participants' responses (Boyatzis, 1998). I reviewed the video along with the transcription and engaged in the observation and documentation of nonverbal cues displayed by the participants. Initially, these cues were incorporated into the transcript and distinguished by highlighting them in orange to signify their nonverbal nature. Acknowledging nonverbal cues was necessary for discerning nonverbal indicators of agreement or dissatisfaction. For instance, an individual might have refrained from agreeing verbally but could convey concurrence by nodding.
	I systematically analyzed the transcripts (Boyatzis, 1998; Harper & Thompson, 2011) to identify teachers' challenges. My analysis process is outlined in Appendix F. During multiple iterations of the transcript review, I highlighted pertinent elements (inductive coding) in the transcript document related to the strategies employed in teaching data literacy. Subsequently, I categorized similar items by assigning distinct colors. I highlighted the key passages in different colors to identify them quickly during the subsequent analysis.
The first round of coding generated 15 unique codes across the three focus group transcripts. During the second and third rounds of coding, the codes were refined into ten codes. These codes and examples can be found in Appendix H. Analysis revealed that the most prevalent codes included professional and preservice learning, resources, curriculum, student experience with data, technology, standards, district policies, time, teacher agency, and student engagement. From here, I identified the patterns among participant responses and used this to identify five major themes- insufficient training, curriculum, time, resource availability, and student prior knowledge and engagement, as defined in Appendix I. 
[bookmark: _Toc172906047][bookmark: _Toc173163031][bookmark: _Toc173165011]3.6 Findings
	In this section, the findings are delineated and illustrated through selected responses from educators, illustrating the key outcomes of the study.
[bookmark: _Toc172906048]
[bookmark: _Toc173163032][bookmark: _Toc173165012]3.6.1 Insufficient Training
Three participants highlighted a significant deficiency in data literacy training across educational levels, emphasizing the need for collaborative efforts to enhance teaching effectiveness in analyzing and interpreting data. Kelly, a high school biology teacher, noted her personal challenges in mastering data literacy, which were not addressed during her formal education:
Data literacy is something that I did not receive in school. Not even in just preservice training but, in my education. I didn't go to a public school. I still don't feel like data literacy was something that I was very proficient at. I think I had to work pretty hard and with colleagues to master that in a way that I could teach it to students.
 Her account highlights the widespread absence of focused data literacy training, even at the college level. She remarked:
Even in college, I don't remember a focus on it. There was no 'Here's some data now work with it, you know, extrapolate.' Now, I'm trying to actually do it with freshman in high school, I don't remember getting that in college.
Jes expressed a desire for interdisciplinary collaboration to strengthen data literacy instruction but was skeptical about its feasibility: 
It would be awesome to get with the math teachers and science teachers of that grade level and come up with a really good collaboration. I don't see that happening a lot where I'm at. 
She also pointed out the limited focus on creating data within training sessions, indicating that most training involved pre-made data, which did not sufficiently prepare teachers for guiding students in data creation. Val indicated she wished she and her colleagues were able to observe other teachers and how they teach certain skills to strengthen her skills that she didn’t get from preservice training or professional development:
If we had more time to observe other teachers. I would like to be able to observe how they teach spreadsheet development. I wish that I had a mentor teacher who could do that on a very simple level.
Molly revealed that her only exposure to data training was in math classes, highlighting a fragmented approach to data literacy that often omits its application in science education. She pursued further professional development on her initiative, driven by her passion for science: “I think what I've developed over time has been through various trainings and programs that I participated in because I just love science.” She stated that most of her learning on analyzing and interpreting data was independently:
Just my own learning and science is what background I got (on analyzing and interpreting data) when I was before I became a teacher. I think what I've developed over time has been through various trainings and programs that I participated in because I just love science. I've sought out trainings that have to do with that. 
The findings from the study highlight a significant gap in data literacy training across educational levels, as reflected in the experiences of several participants. Many of these teachers, including those who have pursued specialized training, reported a lack of focused instruction on data literacy during their formal education, extending even into their college years. This deficiency forced these teachers to seek professional development opportunities independently or work collaboratively with peers to develop the necessary skills to teach data analysis effectively. These teachers frequently mentioned wanting more interdisciplinary collaboration and structured mentorship programs to enhance their data literacy education. However, the feasibility of such initiatives remains uncertain in many of their schools. Overall, these findings note the absence of comprehensive data literacy training in their teacher education programs, highlighting the need for systemic changes to integrate data skills into the preservice training programs, thereby enhancing the overall quality of teaching and learning in this crucial area.
[bookmark: _Toc172906049][bookmark: _Toc173163033][bookmark: _Toc173165013]3.6.2 Curriculum
The discussion about the curriculum highlighted several challenges faced by teachers, particularly in terms of accessibility and effectiveness. This study encompasses participants from diverse educational contexts, including districts, content areas, and grade levels. Such variability may influence their access to and implementation of the curriculum, affecting the teaching and learning processes. This variation illustrates the disparities between schools within a district, region, state, or country and highlights how these differences can impact educational practices and outcomes. Teachers such as Kelly, a high school Biology teacher, Jes, a middle school STEM teacher, and Dora, a middle school science teacher—all working in public schools—were required to develop their curricula as they were not provided one. Kelly found an open source "storylines" curriculum to guide her classes, while Jes and Dora crafted their curriculum from scratch.
On the other hand, educators like Anna, who teaches Biology and Chemistry at a private school, and Fay, Molly, and Val, science and STEM teachers at public middle and high schools, respectively, were provided with curricula. However, these curricula did not meet their expectations or fully address their teaching needs. They noted that they were insufficient, especially in effectively teaching and integrating data analysis.
Fay expressed her dissatisfaction with the textbook provided, criticizing its structure and integration of content: “I've been doing stuff in a way that throws the whole textbook out of order just because I wanted to keep stuff relevant. There is nothing specific to analyzing and interpreting data within the text.”
Molly echoed these sentiments, pointing out the random and unsupported inclusion of data analysis in the curriculum:
It’s just random information charts and graphs based on questions, but not in any particular subject area. In science, you just kind of stumble upon it. It's not in our curriculum. It's not like there's a specific unit on data in science, which you know it should be.
Val discussed the challenges with a data-specific curriculum that was not aligned with her teaching needs: “I'm doing the pilot for Data Educator. Which is a platform that we're piloting, and I'm not finding it very useful.” Val felt the curriculum was too detached from her topics, so she started from scratch to make data lessons relevant and useful. Kelly pointed out another gap in the curriculum related to instructional support for teaching data: 
It's missing how to design a lesson and ways to think about inquiry and collecting data. What does that look like? I don't know. We have to figure that out because that’s not typically a science feature of how the curriculum should be taught.
The discussion about the curriculum in educational settings revealed significant challenges related to its accessibility and effectiveness, particularly in data analysis. Several teachers had to develop their own curricula because they were not provided one. In contrast, others who received official curricula found them insufficient and misaligned with their teaching needs. Common criticisms included the lack of specific content for effectively teaching and integrating data analysis, the random and unsupported inclusion of data-related materials, and a general disconnect between the curriculum content and practical teaching requirements. These issues highlight a pressing need for curricula that are adaptable to the evolving educational demands of data literacy.
[bookmark: _Toc172906050][bookmark: _Toc173163034][bookmark: _Toc173165014]3.6.3 Time
 	Time constraints were a recurring theme in teachers' discussions, particularly in integrating data analysis into their curriculum. They indicated that time constraints are often compounded by factors such as state testing mandates and limited collaboration time, which restrict the depth and quality of data analysis activities in the classroom. 
Jes noted that due to time constraints imposed by state testing, she could only collaborate with other teachers on in-depth data projects at the end of the school year: “When we're done with testing, it’s like here we have extra time. We'll throw it at the very end when the kids are super wild.”
Anna shared her struggles with time while teaching AP biology. She described her experiences with the curriculum, which included in-depth labs for collecting and analyzing data: 
When I was teaching AP biology, they (curriculum) would have a lot of very in-depth labs that involved collecting lots of data and analyzing it deeply. A lot of my struggles came when time just wasn't allowing for it. It would be great if we could have just slowed down and sat on that for days. 
This reflects how time limitations prevented her from delving deeper into data analysis, which she felt was crucial for her students' learning.
	Molly also highlighted the time challenge, especially when covering all required content. She discussed the difficulties of integrating additional elements like data analysis into an already packed curriculum. Molly remarked, indicating the tendency to overlook non-mandated content due to time pressures: 
I think a lot of teachers, anytime that you're told to weave something in, especially elementary because all teachers have so much to get done. It's like, 'Oh, I guess that's expendable because they didn't bother putting that into its own unit. You know what I mean, or it's not already woven in for me. So that means I don't have to do it really. 
Kelly emphasized the benefits of cross-curricular work to strengthen students' skills but pointed out that planning time was a significant barrier: “It's a lot harder for us because we just don't have the time to interact with planning.” This suggests that more time spent planning could enhance the effectiveness of cross-curricular integration.
Echoing Kelly's thoughts, Molly, a 6th-grade teacher who teaches all content areas, noted that integrating subjects was a practical approach to managing time constraints: 
I have to do science in math. I have to do social studies during math, and I have to do reading during social studies. Otherwise, there's just not enough time to get it all to fit in, so you just have to start doing a lot of crossovers. 
This strategy reflects her method of ensuring comprehensive coverage of all subjects by blending them together due to time constraints.
	Time constraints consistently emerged as a challenge in discussions among teachers, particularly in integrating data analysis within their curriculums. These constraints, often exacerbated by state testing mandates and limited collaboration time, significantly restrict the depth and quality of data analysis activities in the classroom. Teachers noted that these time limitations necessitate a more surface-level engagement with data analysis, which is crucial for student learning. Many responded by integrating subjects to efficiently cover required content, highlighting a need for more flexible and supportive scheduling practices to enhance educational quality and enable effective teaching methodologies.
[bookmark: _Toc172906051][bookmark: _Toc173163035][bookmark: _Toc173165015]3.6.4 Resource Availability
This theme relates to the curriculum, highlighting that teachers often need to develop their activities because of deficiencies in the existing curriculum or the complete absence of one. Specifically, one teacher emphasized the need for equipment, a common requirement in science education. The science teachers often required specific equipment to conduct investigations and collect data. The lack of equipment can, in turn, create a lack of resources for working with data.  
Val discussed using the tools available to her to analyze and interpret data. She was frustrated that they have access to Google Spreadsheets, but it does not always do what they need to do to graph and visualize data: “I don't feel like I know what tools are out there to help me get them there.” Kelly discussed that there were some resources through her district, but it wasn’t clear how to access them unless you knew they were there: “The district has some resources out there. It's not available unless you're looking for it. It's not easily available.”
Molly talked about finding experts to help her and her students understand how to read tree ring data.  She indicated that it took several steps and reaching out to her own built network to find assistance in reading the tree rings: “I was not 100% sure how to read it. I had to do a lot of research to figure that out and contact some experts who could help us with that.” She continued to say that she does this often when she encounters types of scientific data that she is unclear on how to read:
I'm on my own, so I will just reach out, depending on the project. I'll reach out to people I know in or not in the district. People that I know within my network that I've created over the past few years that are that are environmental educators. Then they put me in touch with the specific people.
She expressed a sense of isolation, indicating that when she needs resources, she lacks the necessary support from her school or district to obtain them.
	Anna indicated that having equipment for her various courses is a struggle. There are concepts that she would like to teach through inquiry and allow students to gather authentic data, but she often does not have the equipment necessary to do this and include it: 
We have labs that are given to us in our curriculum, but it's not always very feasible. If it's something like chemistry, you must have a lot of lab equipment.  We are a private school, but it doesn't mean we have many resources. It’s a slow build of getting all the resources that we need and maintaining what we have. 
The findings reveal a significant challenge in teaching data analysis and interpretation due to a lack of adequate and accessible resources. Teachers frequently struggle with insufficient instructional tools and scientific equipment and experts, hampering their ability to engage students in data-centric educational activities effectively. Within each focus group, teachers collectively decided to compile a shared document containing resources, highlighting a proactive, collaborative effort to enhance accessibility to materials that could assist in teaching data analysis and interpretation. Additionally, relying on personal networks for expert guidance underscores a broader issue of institutional support deficiencies. These challenges emphasize the need for enhanced support systems to improve resource accessibility and strengthen data literacy education in science classrooms
[bookmark: _Toc172906052][bookmark: _Toc173163036][bookmark: _Toc173165016]3.6.5 Student Prior Knowledge and Engagement
 The findings on student engagement and motivation revealed educators' multifaceted challenges in fostering student interest and proficiency in data analysis and interpretation. A recurring theme across the discussions was the struggle with student motivation, as exemplified by Dora: “Sometimes I get work back that's not what it could be. It’s just the easy way to put something down, to have it be done.” The issue of engaging students was particularly pronounced in transitioning grade levels. For example, Dora noted a significant disinterest among incoming sixth graders, attributing it partially to their preference for video games over academic content: “We've struggled with that with our incoming sixth graders this year. It's almost like if it's not video games, why should I listen when I can sneak and play my favorite game?”
The difficulty in engaging students was related to their interests and their foundational skills in interpreting and working with data. Teachers noted a general lack of readiness to handle data-driven assignments, especially among younger students and those transitioning into high school. Molly expressed frustration over students' inability to understand basic graphical representations: “You could put a pie chart out there, and they wouldn't be able to tell you what it really means.”
Another critical issue discussed was the inconsistency in how data analysis is taught across different grades, which affects the sequential development of these skills. As Molly pointed out: “It's really just kind of random what you get, what the kids get. It's almost always coming through a math curriculum.”
Additionally, there's a noticeable lack of experience with practical data handling, such as setting up spreadsheets and using data visualization tools effectively. This gap is evident in teachers’ efforts to guide students step-by-step through processes that should ideally be more intuitive by their grade level. Val shared: “Many of them are sophomores, and they probably made a spreadsheet last year in a few classes, but they really don't know how to start from data and set up their own spreadsheet.”
The findings on student engagement and motivation highlighted significant challenges educators face in stimulating student interest and developing proficiency in data analysis and interpretation. Educators reported a pervasive issue with motivating students, especially during grade-level transitions. For instance, a marked disinterest was observed among incoming sixth graders, often preferring video games to academic content. This lack of engagement was a matter of interest and reflected inadequate foundational skills necessary for data-driven tasks. Many students showed difficulties with basic data concepts, such as interpreting graphical representations.
Furthermore, inconsistent teaching of data analysis across different grades led to uneven development of these crucial skills. Teachers also noted a general lack of practical experience among students in handling data, such as setting up and utilizing spreadsheets effectively, which often left students unprepared for more advanced data manipulation tasks. These issues collectively suggest the need for more structured and consistent approaches to teaching data literacy across educational levels.
[bookmark: _Toc172906053][bookmark: _Toc173163037][bookmark: _Toc173165017]3.6.6 Summary of Findings
The findings, such as insufficient training, curriculum challenges, time constraints, resource availability, and student engagement, depict a multifaceted struggle to integrate data literacy into science education effectively. The study reveals significant gaps in training, with teachers frequently lacking proper instruction in data literacy during their formal education, leading them to seek additional professional development independently. Curriculum issues are also prominent, as some educators are forced to create their teaching materials due to the unavailability or inadequacy of provided resources, highlighting a disconnection between curriculum content and practical teaching needs. Time constraints further complicate these issues, with strict scheduling and state mandates limiting the depth of data analysis activities possible within the classroom. Additionally, resource limitations are a critical barrier, with many teachers lacking the necessary tools and equipment to conduct thorough scientific investigations, forcing reliance on personal networks and finding their own solutions. Finally, a key challenge is student engagement and prior knowledge, where teachers struggle to motivate students and build on inconsistent foundational skills in data handling across educational levels. These findings highlight the urgent need for systemic enhancements in educational frameworks to foster a more robust integration of data literacy, emphasizing the development of resources, teacher training, and curriculum design to support effective data literacy education.
[bookmark: _Toc172906054][bookmark: _Toc173163038][bookmark: _Toc173165018]3.7 Discussion and Conclusions
This study builds upon Banilower's (2018) and Rosenberg's (2022) work by allowing teachers to share their experiences with analyzing and interpreting data, providing a deeper understanding of their challenges in integrating this into their practice. Despite the limited sample size, the insights into contextual factors such as time, training, curriculum, and resources—which have long been studied as influences on teacher practice (Cobb et al., 2003; Jones & Carter, 2007; Lumpe et al., 2000; Luft et al., 2022)—are significant. Specifically, teachers voiced how these factors impact their ability to analyze and interpret data, raising questions about whether these challenges affect all science and engineering practices equally or if data analysis is simply not prioritized. Challenges in teaching, analyzing and interpreting data is an area for further investigation.
The discussion around preservice and in-service training was particularly prominent among the teachers in the focus groups. Interestingly, those reporting inadequate training came from diverse educational backgrounds. For example, Kelly, a high school biology teacher with an undergraduate degree in biology, expressed surprise at her lack of data literacy training, stating, "Data literacy is something that I did not receive in school." She discussed this gap across her educational journey, from high school to her teaching licensure program.
Similarly, Molly, whose licensure covers all K-8 subjects, noted that her understanding of data primarily came from her math courses in her education program and that even with a master’s in economics, she felt unprepared for working with data. These experiences suggest a broader issue beyond just teaching within 6-12 science education; there could be deficiencies across various degree programs. It will not translate into their practice if teachers lack the foundational knowledge to teach a subject effectively (Dong et al., 2018). Additionally, teachers like Val, Kelly, and Jes expressed a desire for more collaboration with colleagues to enhance their skills in analyzing and interpreting data. This finding is corroborated by existing research, which emphasizes the importance of peer support and collaboration as vital components of professional growth for teachers (Thibaut et al., 2018b). These findings suggest a significant need for improved training and support in data literacy, both at the educational and district levels, to better equip teachers for implementing these essential skills in their classrooms.
Curriculum accessibility and quality emerged as significant issues in the findings. All teachers reported the need to either create their curriculum due to its unavailability or modify existing curricula because of their inadequacy. Fay and Molly expressed frustration with textbooks and other resources that do not adequately integrate data analysis and interpretation, necessitating developing or procuring alternative materials. This situation aligns with findings from research on curriculum specific to data analysis and interpretation. Science textbooks often lack abstract or data-centered representations, typically featuring numerous illustrations that do not align with scientific principles (Lee, 2010). This inadequacy increases teachers' workload and adversely affects the quality of education they can provide. Teachers, especially those at the K-8 level, depend on curriculum materials for content knowledge, which significantly influences science instruction (Stern & Roseman, 2004; Morris et al., 2015). Therefore, the absence of a robust curriculum or the presence of an inadequate one presents a substantial obstacle. Given that 46% of teachers rely on these materials as their primary instructional resource (Morris et al., 2015), the quality of curricula can either facilitate or hinder effective teaching of data analysis and interpretation.
Time constraints further exacerbate these challenges. Lack of time is a major contextual factor that impacts teacher practice (Luft et al., 2022; Thibaut et al., 2017, 2018a; Wright & Waxman, 2022). Anna’s inability to fully engage in analyzing and interpreting data due to time constraints highlights a broader issue where practical limitations often diminish curricular ambitions. Educators like Kelly and Molly have suggested that more efficient planning and integration across subjects could help mitigate some of these time-related challenges. Jes expressed frustration that more in-depth data activities had to be pushed to the end of the year after testing for students to participate. These time-related constraints confirm findings from previous studies and identify the need for our education system to streamline processes to ensure teachers have sufficient time for planning and collaboration. Moreover, understanding the specific impacts of time constraints on various teaching activities could guide policymakers and educational leaders in creating more supportive frameworks for teachers. These insights would be valuable in refining educational strategies and improving the overall efficacy of instruction, particularly in data-intensive subjects
Resource limitations represent a significant barrier within the education system. Kelly's struggles to access district resources and Anna's difficulties due to inadequate lab equipment in science classes exemplify how insufficient resources impede effective teaching and learning. While these resource issues are often connected to curricular needs, they extend beyond curriculum requirements, as demonstrated by Anna's specific need for science equipment. The scarcity of resources restricts teachers' ability to deliver content effectively, impacting both what they can teach and how they teach it (Dong et al., 2018; Thibaut et al., 2017, 2018a; Wright & Waxman, 2022). Furthermore, Molly's reliance on her personal network to access necessary expertise highlights another challenge—educators are forced to find support the education system should ideally provide independently. This situation underscores the need for systemic improvements to ensure educators have the resources and support necessary for effective teaching.
Furthermore, persistent challenges include engaging students and ensuring they possess the necessary foundational skills for data analysis. Dora’s observations about student motivation and Molly’s comments on the lack of basic data interpretation skills among students point to a need for a more consistent and engaging approach to teaching data literacy from an early age.
These findings indicate a need for systemic improvements across training, curriculum development, and resource allocation to better support teachers in integrating data literacy skills into their classrooms. Enhanced support structures and reevaluating educational priorities are essential to address the identified gaps and ensure students receive data analysis and interpretation skills that lay the foundation for more effective and engaging data literacy education from an early age.
[bookmark: _Toc172906055][bookmark: _Toc173163039][bookmark: _Toc173165019]3.7.1 Limitations 
The small sample size could significantly affect the generalizability of the results. With fewer participants, asserting that the findings represent a broad range of experiences and viewpoints is difficult. This limitation is significant when considering the diversity of educational environments and teaching methodologies across different schools and districts.
Additionally, this study relies heavily on self-reported data from educators. While self-reports are a valuable source of information, they are susceptible to certain biases. Participants may consciously or unconsciously present their practices in a more favorable light or may not recall past events and practices with complete accuracy. This reliance on subjective accounts could lead to overestimating the effectiveness of certain practices or missing nuances that only more objective methods could uncover.
These limitations suggest that while the findings provide valuable insights, future research could incorporate a larger, more diverse sample to extend the findings or focus on teachers within one district.




[bookmark: _Toc172906056][bookmark: _Toc173163040][bookmark: _Toc173165020] Chapter 4. The Nature of Data Literacy in a Middle Grades Science Curriculum Unit

[bookmark: _Toc172906057][bookmark: _Toc173163041][bookmark: _Toc173165021]4.1 Introduction
Working with data is a fundamental part of science (Bowen & Bartley, 2014; Gebre, 2022; NGSS Lead States, 2013). Its importance is noted by being one of the eight science and engineering practices in the Next Generation Science Standards (NGSS) (Lead States, 2013). However, compared to other science and engineering practices, such as modeling (Lehrer & Schauble, 2004; Passmore & Stewart, 2002; Schwarz et al., 2009) and argumentation (Berland & McNeill, 2010; Grooms et al., 2015; Manz, 2015; Rowland et al., 2017), there is less guidance on the specifics of Science and Engineering Practice 4: Analyzing and Interpreting Data. What is generally available are materials for involving students in analyzing and interpreting data in conjunction with the other practices or guides linking them (NGSS Lead States, 2013; Duschl & Bybee, 2014; Schwarz et al., 2017). What is missing is the specifics of working with data in more contemporary ways.  
Data collection is considered a large part of science and science education. However, there can be a comprehensive and varying difference in how students work with data versus scientists (Bowen & Bartley, 2020). A Framework for K-12 Science Education outlines the goals for the practice of analyzing and interpreting data (2012). It states that students should work with raw data, as scientists do, and organize and categorize it (National Research Council, 2012, p. 61–63). The performance expectations guide the specifics of the content. However, they fall short in several ways, including describing a) what raw data is, b) what forms it can take, d) what digital tools could be used to organize it, and d) what size the data sets should be. These specifics are often left to the teacher or the curriculum (Devetak & Vogrinc, 2013). This poses a challenge as, in the absence of clear guidance, the instruction of this concept may vary significantly, and the depth at which it will be taught remains uncertain. 
Curricula serve as a potential guiding force within a multifaceted system of influences upon instruction (Banilower et al., 2018). Textbooks are a prevalent part of a curriculum that provides opportunities to support students in science instruction (Altan & Cagiltay, 2022; Bryce, 2013; Devetak & Vogrinc, 2013; Lee, 2010; Morris et al., 2015). In addition, they provide support to teachers in the teaching of science education. This implies they have a substantial capacity to influence content and pedagogy (Bryce, 2013; Devetak & Vogrinc, 2013; Stern & Roseman, 2004). The teaching of science is not merely reciting facts but should focus on teaching students to understand the nature of science (Dimopoulos & Karamanidou, 2013; Lee, 2010; Morris et al., 2015; Stern & Roseman, 2004). The most recent iteration of science standards identifies the importance of inquiry-based learning, focusing on the nature of science used by scientists in the field (Dimopoulos & Karamanidou, 2013; Morris et al., 2015). Science textbooks have traditionally presented a sanitized and deterministic portrayal of science, diverging from the inherent nature of science within scientific disciplines (Bowen & Bartley, 2014; Dimopoulos & Karamanidou, 2013). Utilizing data in the real world differs significantly from sanitized depictions found in curricula. Scientists often confront raw, messy data from the outset of research, requiring thorough cleaning and interpretation to derive meaning from it (Schultheis & Kjelvik, 2020).
There are few studies specifically addressing data activities in science curricula and those that have looked more broadly at data activities in curriculum. Morris et al. (2015) conducted a comprehensive analysis of data activities across 20 textbooks, focusing on their integration into chapter content, the methods used by students to record data, the complexity of mathematical analyses applied, the use of data to support phenomena, and their role in making predictions. However, their study did not align these findings with the Next Generation Science Standards (NGSS) Science and Engineering Practice 4 (Lead States, 2013), nor did it delve into comprehensive and specific aspects of data handling. In contrast, our study developed deductive codes rooted in both Practice 4 and insights from teacher experiences. We examined the types of data, research methods, variables, and how students engaged with the data cycle. Furthermore, we extended our analysis by comparing our findings with a best practices model for teaching data in science classrooms, offering a more refined approach to the pedagogical integration of data activities in curricula.
Our work is intended to address this gap by evaluating the alignment of a prominent middle-grade curriculum with the NGSS framework and contemporary approaches to working with and comprehending data in the 21st century. Our rationale is that curricula is a contextual factor that influences teacher practice and student learning. By analyzing a single grade level, we can take an in-depth look at how it is being presented within a curriculum and how that aligns with NGSS standards and best practices to identify what works and what needs work concerning data literacy in science education curricula. 
[bookmark: _Toc172906058][bookmark: _Toc173163042][bookmark: _Toc173165022]4.2 Literature Review
[bookmark: _uwn48woou2t5][bookmark: _Toc172906059][bookmark: _Toc173163043][bookmark: _Toc173165023]4.2.1 Discussing Data Literacy in Science and Engineering Practice 4
The existing literature on Science and Engineering Practice 4 (analyzing and interpreting data) is limited. This section aims to spotlight two scholarly works that specifically delve into the analysis and interpretation of data within the framework of the Next Generation Science Standards (NGSS) that we used to situate better our understanding of teaching resources for analyzing and interpreting data. Through this review, we seek to illuminate the representations of analyzing and interpreting data in the literature that address instructional methodologies and critique pedagogical approaches. 
 Schwarz et al.'s (2017) edited book identifies the pivotal role of Practice 4 in Science and Engineering activities. This resource emphasizes key elements for effective data engagement and defines data analysis, advocating for tools like Venn Diagrams, GIS images, and mathematical thinking. It highlights the interconnectedness of Practice 4 with other scientific practices, emphasizing collaboration. The book acknowledges the importance of analyzing observations and working with relevant, contextually pertinent information. While it supports collaboration and relevant data, it broadly defines data as facts, statistics, observations, or information from natural and built environments (Schwarz et al., 2017). Although it discusses diverse data sources, it falls short of explicitly addressing critical data literacy skills or providing specific analysis and interpretation strategies. While it does offer more specifics on working with data, it still comes across as broad and doesn't delve deeply into modern data iterations.
Bowen and Bartley’s (2014) book on data literacy specifically addresses analyzing and interpreting data. This resource offers targeted strategies for educators to guide students toward a deeper and more critical engagement with data, aligning with scientists' analytical and interpretive approaches. In addition, it offers critiques of how data is taught in science classrooms and provides examples and strategies for helping students make sense of data in a way that is more aligned with current data literacy practices. Typically, students interact with sanitized or replicated data, lacking the comprehensive experience of the full data cycle employed by field scientists (Bowen & Bartley, 2014, 2020). While such data aids in understanding established relationships, it falls short of preparing students for authentic scientific data practices (Bowen & Bartley, 2020; Dimopoulos & Karamanidou, 2013).
Moreover, data representation as absolute or deterministic in the classroom diverges from the more probabilistic nature of scientific outcomes in practical applications, revealing a disparity between classroom reasoning and field applications. The figure in Appendix A illustrates the potential impact of this contrast on students' perceptions of scientific investigations and their findings. This work contributes to pedagogical foundations that encourage students to approach science more probabilistically by providing a model aligned with modern data practices.
In summary, analyzing and interpreting data primarily focuses on basic data analysis skills but lacks the depth and breadth required for comprehensive data literacy in the 21st century. Real-world data demands a more critical understanding of data's purpose, potential biases, and the ability to navigate and question data effectively. The current NGSS practices do not fully meet these requirements, emphasizing the need for a broader and more critical approach to data literacy in science education.
[bookmark: _Toc172906060][bookmark: _Toc173163044][bookmark: _Toc173165024]4.2.2 Current Models for Teaching Data Literacy
This section will explore four current frameworks for teaching data literacy. These four frameworks were chosen because they focus on data literacy across different grade levels and subjects. They were selected because there is limited work specifically related to data in science education. These frameworks provide valuable insights into the importance of data literacy in education and its relevance in various contexts, including science education. They are instrumental in helping us understand the significance of working with relevant data and its implications for empowering learners. They provide valuable insights into the multifaceted nature of data literacy and its relevance in education. They highlight the importance of working with relevant data and integrating data literacy into learning contexts, particularly in science education. These frameworks offer flexible approaches that can be adapted to suit various educational levels and settings, ultimately empowering learners to navigate the data-driven world effectively. 
[bookmark: _i2rgrqlj8dmk]Open inquiry (2014) provides a basic framework for allowing students to work with data in a more relevant way, with the full data cycle- collection, analysis, and interpretation, and supports a shift in thinking from deterministic to probabilistic thinking in K-12 science education (Bowen & Bartley, 2014, 2020; Dimopoulos & Karamanidou, 2013). Bowen and Bartley (2014) define open inquiry as investigating a problem that is ill-defined, allowing for student modification, allowing students to experience uncertainty and ambiguity, starting at the current knowledge state of the student, and is used to locate conceptual foundations (start where they are), allows materials and discursive practices and resources to be shared and developed within a community of learners, and allows for newcomers to draw on others' experiences and expertise (p. 6). Engaging in an investigation involving an ill-defined problem will enable students to modify the project as they progress. This approach encourages students to grapple with uncertainties and ambiguities when drawing conclusions, fostering a deeper understanding of the subject. By starting with the student's current knowledge in each project, the learning experience becomes more personalized and relevant.
Furthermore, such investigations create a collaborative learning environment, allowing for sharing materials, discursive practices, and resources within a community of learners. This collaborative setting offers newcomers the chance to draw on the expertise of others and utilize any available resource that could enhance their learning, promoting a dynamic and interactive learning process (Bowen & Bartley, 2014). Levels of inquiry can be described as a scale ranging from 0 to 3, where zero represents a level in which problems, procedures, and conclusions are explicitly provided to students. In contrast, level 3 provides an environment in which students can explore issues, devise procedures, and formulate conclusions independently (Bowen & Bartley, 2014). The conceptualization of open inquiry provides a scaffolded instructional framework to facilitate students toward working a level 3 inquiry, fostering deeper engagement and autonomy with investigations. This inquiry, aligned with the practices of scientists in real-world contexts, contributes to enhancing data literacy and developing higher-order thinking skills in K-12 education (Fontichiaro & Johnston, 2020). It highlights the significance of mirroring scientific practices in the educational framework to foster a deeper understanding of data literacy. Science textbooks and curricula generally stay around the inquiry levels of 0-1, occasionally reaching 3, while scientists work typically in a 3 (Bowen & Bartley, 2014). This illustrates a need for a more comprehensive approach to working with data in K-12 science that reflects the nature of science in the field.
 	 D'Ignazio and Bhargava's (2015) framework challenges the conventional view of data literacy as mainly basic skill competencies, the ability to read, interpret, and communicate data effectively. The first pillar emphasizes agility and adaptability, cultivating adaptive capacities and resilience. This approach prioritizes the development of skills rather than fixating on specific platforms and technologies, recognizing the inevitability of technological evolution. The second pillar is envisioned as building upon essential features across all subcategories of literacy, conceiving literacy as a continuum rather than isolated domains. The third pillar involves empowering individuals to navigate their current ecosystems and societies in ways that are personally significant to them. Data literacy has the potential to empower citizens and communities (D'Ignazio & Bhargava, 2015; Raffaghelli et al., 2020). The fourth pillar advocates for providing diverse pathways to accommodate individuals with varying data literacy needs and capacities, acknowledging the complexity of the overarching system. The four pillars advocate for shifting from rigid technical competencies toward a holistic understanding of data literacy as essential for 21st-century life and not just for careers in STEM. Their framework emphasizes the significance of data literacy in fostering societal inclusion and citizenship and recognizing the relevance of data to learners' lives (D'Ignazio, 2022; Raffaghelli et al., 2020).
Maybee and Zielinski's (2015) framework stresses the importance of building upon learners' prior experiences when teaching data literacy. They emphasize that new ways of using data should be integrated into disciplinary core subjects and that learning should result in students developing new understandings of the subject being studied. This framework highlights the necessity of context in data-informed learning, reinforcing that data literacy should not be taught in isolation but incorporated into all learning contexts (Koltay, 2016b; Raffaghelli, 2020).
This approach aligns with the concept of relevance, particularly in science education. Relevance has been stated as an essential aspect of teaching science, specifically in analyzing and interpreting data (Schwarz et al., 2017). Teaching data literacy through the lens of students' personal experiences and communities can engage students and deepen their understanding of the data cycle. While this framework initially aims at higher education, it can be adapted in K-12 contexts.
Srikant and Aggarwal's (2017) framework is particularly relevant to middle-grade science education, as it directly involves K-12 learners in the data collection process and emphasizes the need for relatable data. Their framework (Appendix C) promotes the full data cycle- data acquisition and collection, data processing and cleaning, analysis, data visualization and communication, relatable data sets (e.g., about themselves), and hands-on data collection and entry (Miao et al., 2022). Scaffolding the instruction ensures learners can comfortably engage with data to solve real-world, contextual problems related to their experiences. This framework is a strong foundation for building data literacy in science education (Wolff et al., 2019). It demonstrates that learners can be motivated and engaged with relatable and meaningful data. While this framework originated from a specific study on data literacy, it can be adapted for use in various contexts where data is a valuable learning resource.
[bookmark: _9r60imkd5jje][bookmark: _Toc172906061][bookmark: _Toc173163045][bookmark: _Toc173165025]4.2.3 The Role and Impact of Science Textbooks
Textbooks are crucial as curricular tools in science education, serving as the primary instructional resource for 46% of educators and a secondary resource for another 40% (Morris et al., 2015). These materials significantly influence science instruction by providing vital information and pedagogical guidance, which is particularly important in K-8 settings where science teachers may not have specialized in science subjects during their training (Stern & Roseman, 2004).
The complexity of science content, which includes intricate vocabulary, language, and the need for visual integration, demonstrates the importance of textbooks (Devetak & Vogrinc, 2013). Effective textbooks incorporate textual and pictorial content, enhancing teaching and learning experiences (Stern & Roseman, 2004). However, the deterministic writing style of many textbooks may present science as an absolute field, which deviates from the principles of scientific inquiry and can lead to misconceptions among students and teachers (Bowen & Bartley, 2014; Lee, 2010).
Morris et al. (2015) analyzed 20 textbooks encompassing 731 activities, revealing that only about half of these activities engaged students with data. The analysis identified six categories for meaningful engagement with data but found that few activities provided meaningful opportunities for this type of engagement, and instructional support was often lacking (Morris et al., 2015).
When evaluating a science textbook, it's essential to consider content alignment with scientific principles, pictorial components' substance and educational value, and the clarity of instructional support. These factors ensure that textbooks serve their intended educational purposes and support effective learning (Devetak & Vogrinc, 2013; Stern & Roseman, 2004). Moreover, textbooks should be critically examined as they significantly shape teachers' approaches in their classrooms (Devetak & Vogrinc, 2013).
[bookmark: _Toc172906062][bookmark: _Toc173163046][bookmark: _Toc173165026]4.3 Conceptual Framework
[bookmark: _x0glxbv7l8x7][bookmark: _Toc172906063][bookmark: _Toc173163047][bookmark: _Toc173165027]4.3.1 Synthesizing Best Practices for Teaching Data Literacy in 6-12 Science 
We synthesized information from the four frameworks mentioned in the previous section into a singular framework titled Synthesized Best Practice Model (SBPM) for Teaching Data Literacy in 6-12 Science Education. We sought adaptable frameworks and identified four distinct ones: Open Inquiry (Bowen & Bartley, 2014), Data Informed Learning (Maybee & Zilinski, 2015), Foundational Pillars of Data Literacy (D'Ignazio & Bhargava, 2015), and Workflow through Data Science Tutorial (Srikant & Aggarwal, 2017). These frameworks, addressing various educational levels and content areas, were analyzed for their applicability to 6-12 science education to determine best practices for teaching data literacy. Through an in-depth examination, we synthesized a model incorporating commonalities among the four frameworks, allowing for comparative analysis between existing and ideal conceptualizations of data literacy education. The connections are identified in Appendix D. This synthesized model is tailored to meet the unique needs of teaching data literacy within the 6-12 science education. This model envisions a framework based on current research, serving as a foundation for comparative analysis in this curriculum. It facilitates evaluating the alignment between existing practices and the idealized framework for teaching data literacy in science education.
[bookmark: _u32nfn2avayf][bookmark: _Toc172906064][bookmark: _Toc173163048][bookmark: _Toc173165028]4.3.2 OpenSciEd Curriculum

OpenSciEd, an open-source science curriculum tailored for grades 6-12, is a significant contextual factor with the potential to impact data instruction profoundly. This curriculum employs a storyline structure that integrates research-driven principles emphasizing student coherence, epistemic agency, and meaningful science (McNeill & Reiser, 2018; Reiser et al., 2021). Aligned with Next Generation Science Standards (NGSS), it emphasizes merging scientific practices and concepts within each lesson, thereby nurturing collaborative knowledge-building (McNeill & Reiser, 2018). Noteworthy for its student-centered, phenomena-driven learning experiences, OpenSciEd's unique attributes encompass accessibility, adaptability, and peer-reviewed certification (McElhaney et al., 2022). Its logic model emphasizes alignment with state and district policies and strives for enhancements in student engagement, application of scientific practices, and equitable outcomes (Edelson et al., 2021).
Incorporating diverse stakeholder collaboration, NGSS practices, and open-source accessibility, OpenSciEd is a prime example of high-quality, reform-oriented science education content. Despite uncertainties regarding its widespread utilization, partnerships with states, educators, and educational entities illustrate its expanding reach and potential impact on science education (OpenSciEd, 2023). Furthermore, collaborations with data literacy platforms like Tuva underscore efforts to enrich curriculum content with authentic data sets and tools (OpenSciEd, 2023).
The OpenSciEd curriculum exhibits characteristics akin to a textbook by incorporating textual and visual components to enrich the learning experience. In our literature review, we found it pertinent to consider it as a textbook, particularly concerning the utilization of Science and Engineering Practice 4, where data is frequently conveyed through the visual elements in textbooks. In its digital format, distinct from traditional textbooks, the virtual version shares similar elements, offering a basis for assessing the data components within the curriculum. It is key to note that printed versions are available for this curriculum. However, our focus is on the accessible digital format. Our focus in this analysis is directed solely towards the materials engaged with by students, excluding the teacher support text.
[bookmark: _Toc172906065][bookmark: _Toc173163049][bookmark: _Toc173165029]4.4 Purpose and Research Questions
[bookmark: _y5q8r3w793a7]This study aims to conduct an in-depth examination of the nature of data within the OpenSciEd 7th-grade science curriculum. The study includes analyzing the types of data, data visualizations, data sizes, and data variables presented. Additionally, the study will explore the types of data analysis used and how students are expected to engage with the data. Furthermore, the curriculum's alignment with the Next Generation Science Standards (NGSS) and the synthesized best practices model will be evaluated to determine its effectiveness in teaching data literacy. This research will address two central questions about data practices in OpenSciEd:
RQ 1: What characterizes the nature of the data used by students in the OpenSciEd 7th-grade curriculum?
· RQ 1a: What types of data are included?
· RQ 1b: What types of visualizations are included?
· RQ 1c: What is the size of the data sets?
· RQ 1d: What are the sources of data?
· RQ 1e: What are the variable types?
RQ 2: How is analyzing and interpreting data incorporated within the OpenSciEd curriculum at the seventh-grade level?
· RQ 2a: What methods of data analysis are students participating in?
· RQ 2b: How does this data analysis align with modern working with data in the 21st century?	
[bookmark: _Toc172906066][bookmark: _Toc173163050][bookmark: _Toc173165030]4.5 The Study
[bookmark: _fmnetvpsz2kk]The primary objective of this study is to examine the curriculum as a contextual factor influencing data literacy instruction in science education classrooms. Specifically, the research will thoroughly analyze the data practices embedded in the 7th-grade curriculum from OpenSciEd. This section will explain the methodology, data source, and analysis
[bookmark: _fcbm71z3fm3c][bookmark: _Toc172906067][bookmark: _Toc173163051][bookmark: _Toc173165031]4.5.1 Research Design
We used qualitative content analysis to analyze the 7th-grade science curriculum from OpenSciEd. Qualitative content analysis is a versatile method to explore how concepts manifest within extensive document sets (Gläser‐Zikuda et al., 2020; Grbich, 2012). This method will permit interpretation of textual or visual content by applying coding techniques to discern recurring themes (Grbich, 2012; Purwani et al., 2017). In this analysis, we used deductive coding to analyze the curriculum (Grbich, 2012) and answer RQ 1 and RQ 2a. This approach aligns with the study's objective of evaluating how the curriculum presents the nature of data. To address RQ 2b, we compared the analysis from RQ 1 and 2a to the synthesized model of best practices for teaching data literacy (SBPM) (Appendix D) to determine how the curriculum aligns with the best practices defined in the literature.
[bookmark: _Toc172906068]

[bookmark: _Toc173163052][bookmark: _Toc173165032]4.5.2 Data Source
The data source for this analysis is the 120 lessons in the 7th-grade curriculum from OpenSciEd. It was selected because it is accessible to every educator and aligns with NGSS (Edelson et al., 2021). This curriculum offers all text materials digitally at no cost to educators. In addition, it meets the expectations of the criteria through Ed Reports and the NGSS Design Badge. Ed Reports and NGSS provide educator-led reviews of K -12 math, ELA, and science curricula based on alignment with standards and usability (Ed Reports, 2023, NGSS Design Badge | Next Generation Science Standards, 2024.). We selected the 7th-grade level for analysis, recognizing a research gap in the literature concerning middle grades. This grade band is particularly significant as studies indicate a decline in STEM interest during this period (Genareo et al., 2016). We used the Elements document (which lists the SEPs and what lessons they are in) provided in each curriculum unit to determine which lessons to analyze.
[bookmark: _Toc172906069][bookmark: _Toc173163053][bookmark: _Toc173165033]4.5.3 Coding Frame
We devised the deductive coding (Creswell & Báez, 2020; Xu & Zammit, 2020) structure for this study's qualitative analysis by merging insights from science education, our own teaching experience in K-12 science education and higher education, and data-focused research. We scrutinized the analysis and interpretation of data, leveraging the viewpoints of seasoned educators and data researchers to broaden our understanding of the practice's principles. Moreover, the best practices aligned with each code to ensure consistent support. The table in Appendix H describes each code.
[bookmark: _Toc172906070][bookmark: _Toc173163054][bookmark: _Toc173165034]4.6 Data Analysis and Inter-Rater Agreement
To identify instances of data utilization across the six units, we utilized the OpenSciEd Elements for NGSS, a document identifying lessons within each unit that incorporate Science and Engineering Practices (SEPs). The analysis focused exclusively on lessons listed in the Elements of NGSS document that explicitly involved student interaction with data within all the Science and Engineering Practices. We opted for a comprehensive examination of all instances where data was incorporated to ensure thorough coverage within this curriculum. Nonetheless, while the primary emphasis lies on analyzing and interpreting data in this study, it is noteworthy that NGSS is recognized for incorporating scientific practices. Omitted from the study were self-assessments and teacher rubrics, aligning with the emphasis on understanding how students engage with data.
Two coders established inter-rater reliability. The initial coder refers to the author, and the subsequent coder denotes a research assistant affiliated with the Rosenberg lab. The initial and subsequent coder coded the first two units separately and then analyzed them concurrently to determine interrater reliability. For the remainder of the study, the initial and subsequent coded two units separately and met to determine interrater reliability for the remaining data.
To conduct a systematic analysis of the curriculum, our initial step involved a detailed review of the "Elements of Next Generation Science Standards (NGSS)" document provided within the curriculum resources. This document guided our selection of specific lessons for further examination. Each lesson was analyzed to identify instances where the predefined codes from our codebook were demonstrated. These codes were then documented alongside the corresponding practice, lesson title, and document in the codebook for clarity and reference.
	The curriculum is hosted on an open-source platform in Google Drive, structured in a non-traditional format where each lesson component, such as slides, handouts, and teacher guides, is stored in separate files. This necessitated extensive cross-referencing between multiple files to verify the presence of specific codes within the lessons. Additionally, due to the scaffolded nature of the curriculum, it was imperative to review several preceding and subsequent lessons to determine the continuity and presence of these codes accurately. Observations and notes regarding these cross-references and the scaffolded integration of the curriculum were systematically recorded in a designated notes section at the end of each coded entry in the codebook. This approach ensured a comprehensive analysis of how well the curriculum aligns with the NGSS elements and facilitated a deeper understanding of its pedagogical structure.
Upon completing the coding process within the codebook, we proceed with the data analysis phase. We utilize the chart function in Google Sheets and the Common Online Data Analysis Platform (CODAP) to analyze the coded data. These tools were selected because of our commitment to open-source resources, as both Google Sheets and CODAP are freely accessible and provide the necessary functionalities for our analysis. In our code book, we listed each lesson that included data from the elements of the NGSS document. We created headers for each code and marked the corresponding box if a lesson included one of our codes. If a lesson did not include a code, we left the box blank. 
After coding the entire curriculum, we used Google Sheets to perform a frequency count of the occurrences of each code. The frequency counts were then transferred to a separate spreadsheet, where we utilized the chart function to create bar graphs for analysis. Examples of these bar graphs can be found in Appendix L. This approach aligns with our resource constraints and supports our aim to maintain transparency and accessibility in our research methodology.
To address research question 2b, we utilized a deductive approach by aligning the codes from our codebook with the SBPM. This alignment evaluated how closely the curriculum adheres to established best practices in the literature. Additionally, we conducted a comparative analysis between the definitions of these codes and the definitions of best practices to identify any discrepancies or variations.
	The correlations established through this alignment are detailed in Appendix J. Using our initial analysis derived from the deductive codes, we could interpret the curriculum through the lens of the best practices model. This approach enabled a structured examination of the curriculum's integration with recommended educational practices.
[bookmark: _Toc172906071][bookmark: _Toc173163055][bookmark: _Toc173165035]4.7 Findings
[bookmark: _Toc172906072][bookmark: _Toc173163056][bookmark: _Toc173165036]4.7.1 RQ1- The Nature of Data Used by Students in the 7th-grade Curriculum
Several intriguing findings emerged from the curriculum analysis. The occurrences of each code for RQ 1 can be found in Appendix K. Students were observed working with raw data sets 50 times. However, these data sets were relatively small and collected by the students themselves (Figure L.1, Appendix L). Furthermore, the student can organize their data into pre-made blank tables 44 times, indicating a lack of opportunity to explore data organization or clean the self-collected raw data (Figure L.2, Appendix L). Throughout the activities, scaffolding was provided to support students in various aspects of the process. For example, the tables were pre created for students to fill in activities involving data collection.
Another significant finding was that students could interact with primary data sources 45 times, which were presented in tidy and curated sets within preexisting or mostly filled-out tables. While students can engage with raw data and technically participate in the full data cycle, it became apparent that these activities did not fully mirror the authentic process experienced by scientists, and the data sets were mostly small, involved curated tables, and did not require data cleaning. Although this scaffolding is beneficial, there should be occasions for students to decide how to clean and organize the data independently.
Moreover, it was noteworthy that digital tools were utilized only twice, specifically through online tools. Only one activity in the curriculum aligned with statistical and probabilistic data analysis methods. In this instance, the students did not perform the statistical calculations themselves; instead, a digital tool conducted the analysis on their behalf.
	In summary, our analysis of the curriculum highlighted several key findings. While students can engage with raw and curated data sets, independent data cleaning and organization opportunities were absent. Scaffolding was evident throughout, yet the curriculum fell short of mirroring authentic scientific practices. Limited use of digital tools further emphasizes the need for enhancements in data literacy instruction.
[bookmark: _Toc172906073][bookmark: _Toc173163057][bookmark: _Toc173165037]4.7.2 RQ 2A-Types of Analysis

 In our investigation into how students engage with data, we closely examined the types of analysis they employed within various activities (Figure L.3, Appendix L). This examination revealed that students utilized quantitative analysis methods, which occurred 25 times throughout the curriculum. For example, one activity involved measuring the change in mass of a crushed bath bomb in a closed bottle. Students can record both initial and final mass measurements, along with the release of gas, enabling a comprehensive understanding of the experimental outcomes. Qualitative data collection was observed 34 times. Students typically recorded their observations without engaging in further qualitative analysis. The qualitative data was collected, but qualitative analysis methods were not emphasized and only used to support the quantitative analysis.  For instance, during an activity where students dropped a bath bomb into water, their focus was on visually observing the experiment. However, subsequent quantitative measurements were conducted to support and validate their qualitative observations.
[bookmark: _Toc172906074]
[bookmark: _Toc173163058][bookmark: _Toc173165038]4.7.3 RQ 2B- Frequency of Student Data Practices
  	In examining the integration of various research skills within the curriculum, a distinct frequency pattern emerges across the activities of collecting, organizing, analyzing, and interpreting data. For this analysis, we assessed how often students engaged in these tasks individually and in combination throughout the lessons.
Our analysis included 120 lessons that incorporated data practices. The "Analyzing" data activities were the most frequent, occurring 98 times, highlighting its dominance within the curriculum. This was followed by "Interpreting" data, observed 83 times, "Collecting" data 49 times, and "Organizing" data 32 times. These frequencies suggest a curriculum focusing primarily on analyzing and interpreting data, which is critical for developing students' higher-order thinking and data literacy skills.
The most common task combination within lessons was analyzing and interpreting data, appearing in 44 instances. This frequent combination underscores the curriculum's strong emphasis on equipping students to examine data and critically derive meaningful conclusions.
Additionally, 26 lessons involved a comprehensive approach that spanned collecting, organizing, analyzing, and interpreting data within the same lesson. This approach promotes a holistic understanding of the entire data cycle. Lessons focusing specifically on data analysis were noted 15 times, emphasizing a specialized focus on this aspect of data handling.
Engaging students in collecting, analyzing, and interpreting data, excluding the organizing component, was observed in 10 instances, emphasizing the dynamic aspects of data handling.  Data collection only tasks occurred in 7 instances, likely serving as introductory activities to data management. Collecting and organizing data, which may represent more foundational or introductory lessons, was noted in 4 instances. The occurrences of each code for RQ 2 can be found in Appendix K.
This analysis highlights the curriculum's emphasis on analytical and interpretive skills and indicates areas for potential enhancement in the comprehensive integration of data handling experiences.
[bookmark: _Toc172906075][bookmark: _Toc173163059][bookmark: _Toc173165039]4.7.4 RQ 2B How does this data analysis align with the SBPM?
The comparative analysis of the findings with the Synthesized Best Practices Model (SBPM) shed light on several key experiences with data within the examined curriculum. Firstly, the ability to navigate ambiguity, crucial for effective data analysis, is somewhat limited. While students have some opportunities to create their own ways of organizing data, most experiences involve already created tables for organization and many curated data sets for analysis. The inclusion of student-collected raw data sets allows for some level of decision-making and ambiguity, albeit within a structured framework. Furthermore, the curriculum provides opportunities for students to engage in the full data cycle with 26 instances observed. It is important to note that these instances predominantly involve small data sets. 
The concept of relevance within the curriculum is primarily tied to the data students collect rather than broader community-based or open-inquiry approaches. While students may engage in activities where they list what they know, community relevance is not explicitly integrated into the curriculum.
Regarding the experiential practice, students predominantly engage with "messy" data collected by themselves rather than raw data sourced externally. It does emphasize a hands-on approach to data analysis. However, this limits their experience working with either curated or small student-collected raw data sets. Moreover, the curriculum provides sufficient scaffolding for students' data analysis by offering opportunities to work with data ranging from pre-existing curated data sets to activities involving created blank tables. The structured progression in scaffolding throughout the curriculum, including instances where students are tasked with creating their own tables, facilitates a deeper understanding of data analysis processes.
Finally, the curriculum provides opportunities for collaboration through group work and class discussions, enhancing students' learning experiences and fostering a collaborative learning environment. Overall, while there are areas for improvement, the curriculum effectively supports students' engagement with basic skill competency for data literacy. However, it is lacking in higher-order data skills, specifically working with large raw data sets and visualizing and communicating data and findings. The curriculum does a thorough job of scaffolding. It also does a great job of collaboration as the entire curriculum is set up for student discourse.
[bookmark: _Toc172906076][bookmark: _Toc173163060][bookmark: _Toc173165040]4.8 Discussion and Conclusions
The findings from this study reveal several critical insights into the nature of data usage, analysis types, and data handling practices within a 7th-grade science curriculum. The curriculum emphasizes foundational skills in data literacy, which aligns with the literature indicating that basic skills are how data literacy is generally defined (Gebre, 2022; Wolff et al., 2019). However, this emphasis also highlights significant areas for improvement, particularly in providing students with more advanced ways of working with data, a skill essential in modern data handling (Bowen & Bartley, 2014, 2020; D'Ignazio & Bhargava, 2015).
	Students frequently engaged with raw data sets and were tasked with organizing their data into pre-made tables, demonstrating an effort to provide hands-on experience. However, these data sets were small and self-collected, limiting exposure to larger, more complex datasets that better reflect authentic scientific inquiry—using pre-made tables restricted opportunities for students to independently clean and organize data, which are critical skills in data literacy (Bowen & Bartley, 2014, 2020).
The curriculum incorporated both quantitative and qualitative analysis methods, with a stronger emphasis on quantitative analysis. While students collected qualitative data, it was primarily used to support quantitative findings, suggesting an imbalance that might not fully develop students' abilities to conduct and appreciate qualitative research. The limited use of digital tools and statistical methods further shows a gap in the curriculum, as these tools are essential for modern data analysis (Rosenberg et al., 2022). Using statistical methods and digital tools is vital to modern data work (Rosenberg et al., 2020, 2022).
The curriculum provided numerous opportunities for analyzing and interpreting data, as evident from the frequency of these activities. However, the lesser emphasis on collecting and organizing data indicates a potential misalignment with comprehensive data handling practices. This focus on basic skills, rather than a more comprehensive approach to working with data, is consistent with findings in the literature (Bowen & Bartley, 2014, 2020; D'Ignazio & Bhargava, 2015). Although analyzing and interpreting data were common activities, a more balanced integration of all aspects of data handling could provide a more holistic learning experience. The structured progression and scaffolding within the curriculum are beneficial, yet there is a need for more opportunities that encourage independent data handling and critical thinking. Scaffolding is essential, but support must eventually be removed to allow students to work more independently and complexly with data (Bowen & Bartley, 2014, 2020).
While the curriculum shows some alignment with modern data practices, particularly in scaffolding and collaborative work, it falls short in offering experiences that fully reflect the ambiguity and complexity of actual scientific data, an essential aspect of the nature of science (Bowen & Bartley, 2014, 2020). The limited use of large raw datasets and digital tools for analysis suggests that students are not adequately prepared for higher-order data skills. The predominant use of pen and paper for data work, as noted in the literature (Rosenberg et al., 2022), does not meet the expectations of modern data practices where datasets are often too large for manual handling (Rosenberg et al., 2020, 2022; Schultheis & Kjelvik, 2020). It is crucial to expose students to working with data in ways that are comparable to handling modern large datasets (Bowen & Bartley, 2014; D'Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). Furthermore, the curriculum's relevance is primarily tied to student-collected data rather than broader community-based or open-inquiry approaches. This limitation could restrict students' understanding of data literacy's more comprehensive applications and implications. Without more extensive opportunities to experience the full data cycle, students cannot understand data in all its aspects (Bowen & Bartley, 2014; D'Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017).
In conclusion, while the 7th-grade science curriculum provides a solid foundation for developing basic data literacy skills. However, it needs substantial improvements to fully prepare students for the complexities of data analysis in the 21st century. Critical areas for improvement include expanding data sets and complexity by introducing more extensive and complex datasets that mirror real-world scientific data, thereby helping students develop more advanced data-handling skills. Encouraging independent data cleaning and organization will foster critical thinking and practical skills essential for data literacy. Balancing quantitative and qualitative analysis methods will offer a more comprehensive understanding of data interpretation. Integrating modern tools and techniques, such as digital and statistical methods, into the curriculum will align student experiences with current data analysis practices. Lastly, enhancing relevance through community-based and open-inquiry approaches will make data literacy more engaging and pertinent for students. The curriculum can better equip students with the skills and knowledge necessary to navigate and excel in a data-driven world by addressing these areas.
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A comprehensive review of the entire curriculum and its alignment with the K-12 Framework for Science Education and the synthesized best practices model (SBPM) would offer a holistic view of how the curriculum addresses the goals set out in the framework over various grade spans. This would help identify how each grade level builds the foundation for the next. Comparing each level against the synthesized best practices model would also be beneficial, revealing how well the curriculum aligns with current best practices for teaching data literacy. Additionally, examining other curricula using the same methods would allow comparisons to see how different curricula align with the goals and best practices for teaching data analysis and interpretation. Furthermore, researching a teacher using a specific curriculum to see how it translates into their practice and its benefits and challenges would provide practical insights. Working towards designing a curriculum based on the SBPM and studying how it is implemented would be valuable in making science education curricula more aligned with best practices in the literature.
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Conducting an analysis of an open-source curriculum has limitations. In this study, we analyze one grade level of the curriculum (7th grade). By digging deep into one grade, we had the opportunity to construct a comprehensive and in-depth understanding of how a curriculum presents data literacy activities in one grade level. 
While NGSS is an authoritative national standard for science teacher preparation (Bybee, 2014), we know that being directed only by NGSS limits us to focus on states that adopted NGSS or utilized the framework for their standards. This is important because different standards are available, and standards in different states may vary. For example, not all states adopted NGSS. States that do not use or develop their own standards based on NGSS may have different data practices. Future research may address this limitation by integrating several standards into the analysis. 
Finally, it is noteworthy that there is a gap between theory and practice. Curriculum analysis can only reflect the quality of the curriculum from the theoretical perspective, which can provide insights for teachers when selecting instructional resources (Pinfield et al., 2020). However, teachers may adjust the content in the classroom (Fan & Kaeley, 1998; Lepik et al., 2015). Different teachers have different teaching styles and philosophies, which also impact the effectiveness of instruction (Qi et al., 2018; Toyama & Yamazaki, 2020; Giles et al., 2006). In addition, there are other factors impacting education, such as demographic and content factors. In this study, we solely investigated the curriculum. 
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Chapter 5. Overall Findings, Conclusions, and Implications
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This dissertation comprises three studies that examined the practice of analyzing and interpreting data within grades 6-12 science education. Chapter 2 focused on teachers' approaches to teaching, analyzing and interpreting data, Chapter 3 focused on their challenges, and Chapter 4 evaluates a 7th-grade curriculum's approach to data literacy. The first study (Chapter 2) delved into teachers' specific strategies to teach data analysis and interpretation while taking contextual factors such as grade level and content into account (Lumpe et al., 2000; Thibaut et al., 2017, 2018b), contrasting with existing literature that primarily relies on survey data that specifies whether aspects of the practice are used or not (Banilower et al., 2018) or what tools are used to complete data activities (Rosenberg et al., 2022). This study provided a detailed look at educators' approaches to teaching, analyzing and interpreting data, highlighting the importance of community-based activities and relevance in teaching data literacy. Teachers often linked data activities to local phenomena and datasets, encouraging students to collect authentic local data and align with the literature, emphasizing the importance of relevance in engaging students with data (Schwarz et al., 2017).
Participants also stressed the necessity of teaching basic skills and supporting learning through scaffolded experiences, which are widely recognized as crucial in educational literature (Bowen & Bartley, 2014, 2020; D'Ignazio & Bhargava, 2015; National Research Council,2012). The responses indicated that teaching and enhancing fundamental skills through curated experiences were key components of their instructional strategies.
In this study, I also evaluated how teachers' responses aligned with the objectives set by A Framework for K-12 Science Education (National Research Council, 2012), focusing on the established goals for science education by the end of 12th grade. The findings indicated that the teachers in the focus groups successfully met several goals, such as systematically analyzing data, identifying patterns, and utilizing computer technologies. However, there was a notable absence of physical models in their data-handling approaches. This partial meeting of goals is understandable, given that the six goals are expected to be met by 12th grade, and the participating teachers represent a wide range of grades from 6th to 12th.
Additionally, I compared their responses to a Synthesized Best Practices Model for Data Literacy (SBPM). To some extent, the participants' responses aligned with all the practices outlined in the SBPM. They allowed students to experience ambiguity by creating their investigations and data collection activities. They also facilitated engagement with the full data cycle, albeit with high levels of scaffolding and using smaller datasets. The most significant connections were observed with Relevance, Scaffolding, and Collaboration practices. The teachers frequently discussed strategies for making data literacy instruction more relevant and engaging by utilizing local data and community resources. They emphasized the importance of structured scaffolding in setting up data experiences and noted how students collaborated on data projects, further enhancing the learning process. 
A significant finding from comparing teacher practices to the SPBM was the role of technology in analyzing and interpreting data. The participants noted the necessity of technology in various aspects of data literacy, from collection to organization and visualization, affirming its importance as outlined in the Framework for K-12 Science Education (National Research Council, 2012). However, the SBPM (Appendix D) did not prominently feature technology but was implicit within the practices. This has led to the inclusion of a section on technology use in SBPM (Appendix D), a significant contribution supported by both the Framework for K-12 Science Education (National Research Council, 2012) and empirical data from this research.
	Chapter 2 of this dissertation enhances the existing literature by detailing the methods a sample of teachers use to teach data analysis and interpretation. It examines how these methods align with the established Framework for K-12 Science Education (National Research Council, 2012) and SBPM. The findings identified that relevance and community-based learning are prominent and interconnected in the teachers' approaches to teaching data analysis and interpretation. This study addressed a gap in the literature by offering specific examples of how teachers implement these practices in their classrooms, thereby providing insights into the practical application of data literacy in science education.
Despite its small sample size, the study's diversity in participant demographics —including different geographical locations, school types, grade levels, and educational backgrounds—offers a valuable foundational perspective on teachers' varied approaches to teaching data analysis and interpretation (Dong et al., 2018; Thibaut et al., 2017, 2018a, 2018b; Wright & Waxman, 2022). This diversity suggests that the findings could provide a foundational view of instructional practices in data literacy across different educational contexts.
Chapter 3 focused on the challenges teachers encounter in these endeavors. Given that both chapters 2 and 3 derive from the same transcript data, it is natural to observe some thematic crossover between them. As teachers discussed their methods, they frequently discussed the challenges intertwined with their approaches, illuminating gaps in the existing literature regarding teachers' difficulties in teaching data analysis and interpretation.
The participants' responses revealed a noteworthy deficiency in training related to data literacy education. Despite varied educational backgrounds, including one participant with an undergraduate degree in biology—a core STEM area—there was a consensus about the lack of targeted instruction on data during their schooling.  The study indicated that both preservice training and ongoing professional development significantly influence how data analysis and interpretation are taught in grades 6-12 for these teachers. This is supported by the literature in that teachers' educational backgrounds impact how they integrate concepts into their practice (Dong et al., 2018; Thibaut et al., 2017, 2018a, 2018b; Wright & Waxman, 2022). The lack of formal education in this area led participants to seek out learning opportunities independently (Chapter 2), whether through collaboration with colleagues or personal research, showing they recognize the importance of data literacy.	
Resource constraints and time limitations were highlighted as major challenges, aligning with literature identifying these as significant contextual factors impacting teacher practice (Luft et al., 2022; Thibaut et al., 2017, 2018a; Wright & Waxman, 2022). Teachers cited inadequate access to data teaching materials and lab equipment for data-related investigations. The lack of lab equipment is a significant issue in science education because specific equipment is often necessary for gathering data in investigations in courses such as Chemistry. Without this equipment, the ability to collect data for various investigations is limited. Additionally, working with data involves numerous tools, leaving teachers unsure of where to start. This concern is valid, given the vast array of methods for collecting and analyzing data today. Navigating these tools is challenging, especially for teachers without strong training and background in data handling.
The teachers faced two time-related challenges. Firstly, they lacked sufficient time to work comprehensively with data, which limited their ability to delve into modern data practices. Secondly, they did not have enough time to collaborate or plan data activities despite recognizing the importance of such collaboration for their professional growth. This finding reflects broader findings in educational research, which emphasize that teachers often lack the necessary time to engage deeply in their instructional practices (Thibaut et al., 2017; Wright & Waxman, 2022).
Teachers reported significant challenges in engaging students with data-related activities, observing a general lack of interest and motivation in learning about data. This finding aligns with the observations in Chapter 2, where teachers incorporated community-based activities to enhance relevance and engagement for students to increase student engagement. Despite these efforts, the present analysis reveals that the issue of student disengagement was noted. Teachers consistently identified this lack of interest as a significant barrier, suggesting that while community-based activities may offer some benefits, additional strategies are needed to address the widespread disinterest in data literacy. This finding highlights the importance of developing more effective approaches to make science education more appealing and relevant to students.
Curriculum limitations further compounded these challenges. Varied access to curricula was reported, with some teachers having to create their own due to the absence of provided materials. In contrast, others who had curricula provided found the curricula inadequate for effectively teaching data analysis and interpretation. This issue is critical as existing literature notes that science textbooks often present data in generic formats that do not align with scientific principles (Devetak & Vogrinc, 2013; Lee, 2010), a significant concern given that textbooks are a primary resource for 46% of science teachers (Morris et al., 2015). The inadequacy of curricular materials poses a substantial hurdle for teachers in effectively teaching, analyzing, and interpreting data.
Chapter 3's findings on curriculum challenges align well with the focus of Chapter 4, which examines how a science curriculum, specifically for 7th grade using the OpenSciEd open-source curriculum, addresses the teaching of analyzing and interpreting data. This chapter assesses how the curriculum presents analyzing and interpreting data, its alignment with NGSS practices, and its alignment with the Synthesized Best Practices Model (SBPM). The analysis reveals that while the 7th-grade curriculum provides numerous opportunities for students to engage with data, these predominantly involve small, student-collected data sets or tidy, curated data sets. This finding aligns with existing literature, indicating that teachers frequently engage students in data activities involving small data sets and extensively utilize curated data sets (Rosenberg et al., 2022). A significant gap identified is the limited opportunities for students to use digital tools and engage in statistical methods. This gap contrasts the goals outlined in a Framework for K-12 Science Education (National Research Council, 2012) and the Next Generation Science Standards (Lead States, 2013), emphasizing the importance of utilizing digital tools and statistical methods to analyze and interpret data. The curriculum often provides pre-created tables, reducing chances for students to manage and organize data independently. It is important to note that almost all data-related activities are primarily conducted using worksheets. Scaffolding is consistently present, but there is minimal progression toward removing these supports to allow students to navigate the full data cycle independently. Scaffolding is essential, but it needs to be facilitated in a way that strips away support for students to be more independent (Bowen & Bartley, 2014).
The comparative analysis with the SBPM shows that the curriculum allows students to experience some ambiguity albeit within a structured context that frequently relies on predefined tables and curated data sets. It promotes involvement in the full data cycle in 26 instances out of 120 lessons, though these typically involve small data sets and lack substantial integration of relevance beyond that they collect the data. The curriculum effectively supports experiential learning with "messy" student-collected data and fosters collaboration through group work and discussions. However, it falls short of developing advanced data skills such as handling large, raw datasets, utilizing statistical methods, using digital tools, and effectively visualizing and communicating findings. While it excels in nurturing basic data literacy and collaborative skills, there is room for enhancement in facilitating more comprehensive data analysis experiences.
This dissertation provides valuable insights into the teaching of data analysis and interpretation in grades 6-12 science education, emphasizing three key findings. First, teachers often use local phenomena and community-based activities to make data literacy relevant and engaging for students. This approach effectively teaches basic data skills through scaffolded experiences, crucial for student understanding. Second, teachers face significant challenges, including inadequate formal training, lack of resources, and difficulty engaging students. Many teachers feel unprepared for their educational backgrounds and must seek additional learning opportunities independently. Resource constraints and time limitations further hinder their ability to teach data literacy effectively. Third, the 7th-grade OpenSciEd curriculum provides some opportunities for data engagement but falls short in integrating advanced data skills, digital tools, and statistical methods. Most data-related activities rely on worksheets and pre-created tables, limiting students' ability to handle data independently. This finding indicates a need for curricula that better support comprehensive data literacy. This dissertation highlights the importance of making data literacy education relevant and engaging, improving teacher training and resources, and refining curricula to include advanced data skills and digital tools. These steps are essential to prepare students for a data-driven future and ensure they can effectively analyze and interpret data.
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The synthesis of these three studies highlights some of the contextual factors that influence the teaching of analyzing and interpreting data, highlighting three central themes- relevance, training, and curriculum. First, relevance is consistently identified by the participants as crucial in data literacy education. Participants noted in Chapter 2 that incorporating community and local resources into the curriculum enhances relevance and boosts student engagement and motivation. This also aligns with the SBPM, indicating that teachers are using this as a best practice in getting students interested in working with data.  This finding also aligns with literature emphasizing the importance of making science content relevant to students' lives and communities (Schwarz et al., 2017), mainly when teaching complex skills like data analysis. However, it is important to note that textbooks and curricula are generically written because publishers aim to maximize profits by appealing to a broad audience, making it difficult for educators to find a curriculum that fits with the need for relevance by using local resources (D. Sobel, 2005). 
Chapter 3 highlights findings that, like other challenges teachers face, are uniquely specific to working with data. These challenges arise from the distinctive nature of science education, which often requires specialized tools and resources. For instance, Anna discussed the difficulty of conducting data analysis in Chemistry due to a lack of necessary equipment. Investigations—and thus hands-on working with data—are impossible without the proper equipment.
Teachers reported feeling unprepared for their formal education and professional development to effectively teach data analysis and interpretation. In response, many sought out additional resources and learning opportunities independently. However, they faced obstacles such as a lack of accessible quality resources, limited knowledge of available tools, and insufficient time to collaborate with colleagues on best practices in data literacy education. Teachers need to feel confident in their practice (Dong et al., 2018; Thibaut et al., 2018a; Wright & Waxman, 2022) and have first-hand experience with content (Thibaut et al., 2017, 2018a, 2018b) to successfully integrate concepts into their practice. These findings suggest that teachers do not have the experience or background to feel prepared to include analyzing and interpreting data fully into their practice. 
Additionally, time constraints present a significant challenge. Time issues are twofold: firstly, teachers lack sufficient time to plan or collaborate, which impacts their ability to enhance their data-handling skills. Without adequate preservice training or targeted professional development, teachers often turn to their peers for assistance, yet still find themselves lacking support. Secondly, there is not enough time within the curriculum to teach data skills in the depth required to reflect modern scientific practices. Teachers expressed a desire to delve deeper into data work, but standards and pacing constraints prevent them from doing so. Higher-level data work is particularly time-consuming, especially for students lacking foundational data skills. This indicates the need for early introduction and clear definition of necessary data skills at each grade level to enable students to progressively engage with data more comprehensively.
Curricular limitations play a significant role in these challenges. While curricula like OpenSciEd include data activities, they often lack comprehensive coverage of necessary skills such as using digital tools, statistical methods, and a thorough engagement with the full data cycle. This gap indicates that existing curricular materials fail to provide the necessary depth and breadth for effective data literacy instruction, aligning with the literature on curriculum and data literacy (Lee, 2010; Morris et al., 2015). In relation to the SBPM, it effectively incorporates scaffolding and collaboration. However, it does not adequately address the practices of experiencing ambiguity, engaging with the full data cycle, and providing comprehensive experiences with data. Additionally, these curriculum inadequacies can influence teachers' practices in analyzing and interpreting data (Devetak & Vogrinc, 2013; Morris et al., 2015), highlighting the importance of improving curricula to compensate for teacher education gaps.
 Given that analyzing and interpreting data is one of the eight key practices outlined by the NGSS, these findings emphasize the importance of focusing on this practice and its integration with other SEP practices in research. Its significance may have been overlooked or diminished in favor of different practices that have been more extensively researched, such as argumentation (Berland & McNeill, 2010; Grooms et al., 2015; Manz, 2015; Rowland et al., 2017) and modeling (Lehrer & Schauble, 2004; Passmore & Stewart, 2002; Schwarz et al., 2009This research indicates there are key issues specifically related to data. One major concern is the lack of comprehensive training on how to work with data effectively. This gap is reflected in curricula that fail to provide extensive, unscaffolded data practice. Moreover, the time required to engage with data thoroughly is often insufficient in schools, where teachers must cover numerous standards. Working with data is a fundamental aspect of science and should be more prominently featured in training, resources, and curricula. The inclusion of the SBPM alignment in these studies offers a valuable guide for incorporating more rigorous data activities in 6-12 science education and identifying where teachers and curricula are already excelling in these practices. Including these practices in this research can serve as a guide for future research and provide a foundational framework for teaching data literacy in 6-12 science education.
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The implications of this study highlight several key areas where improvements in data literacy education can be made. First, leveraging community resources to teach data analysis and interpretation can significantly enhance student engagement and the practical applicability of these skills. Preparing students for a data-driven future necessitates that science education prioritizes data literacy as an essential competence. This requires improvements in preservice and professional development programs and the integration of more comprehensive data literacy into curricula. Teachers need access to high-quality resources and continuous professional development opportunities to stay current with the latest tools and techniques. Additionally, the tasks required of teachers need to be reassessed to prioritize collaboration and align standards with the necessary pacing for effective instruction throughout the school year.
	Using community resources to teach data analysis and interpretation can be an excellent way to make activities relevant and engaging for students. By incorporating data analysis activities connected to real-world problems and local community issues, educational practices can enhance student engagement and the applicability of data literacy skills. To prepare students for a data-driven future, education systems must ensure that data literacy is desirable and essential across many sectors. By equipping students with robust data handling and critical thinking skills, educators can prepare them to meet the challenges of an increasingly complex world.
	Enhancing preservice education and professional development for teachers is crucial to equip them with better strategies and comprehensive skills for teaching, analyzing, and interpreting data effectively. In addition to providing the ability to use digital tools and statistical methods, these programs should help teachers feel more comfortable with their abilities and, in turn, more effectively teach these skills. Educational institutions should develop targeted training programs focused on data literacy to address significant gaps in preservice and in-service teacher education. These programs should emphasize the theoretical and practical aspects of teaching data analysis and interpretation. School districts and educational leaders should provide regular workshops, seminars, and collaboration opportunities to support teachers in this area.
Curricula should enhance the presentation of data analysis and interpretation and establish clear connections to more advanced data handling methods. Comprehensive data literacy integration should be a priority, ensuring students learn to handle data and understand its relevance to real-world scientific inquiry. There is a pressing need to incorporate more advanced data handling skills, such as large datasets and more sophisticated statistical methods, to prepare students for higher education and careers in data-driven fields. Curricula should include digital tools to enhance data analysis and interpretation skills, reflecting current technological advancements and anticipating future data processing and visualization trends.
Teachers need access to high-quality, modern, data-centric resources. Local, state, and federal policymakers should ensure that schools have the necessary technological and material resources to teach data literacy effectively. Schools should foster an environment that promotes collaboration not only among students but also among teachers. Sharing best practices, data literacy project ideas, and resources within a community of educators can enhance teaching strategies and outcomes.
	Lastly, teachers often lack time to teach data literacy appropriately. This indicates a need to reassess educational requirements to prioritize peer collaboration and possibly refocus standards to align with the pacing necessary for the school year. This approach would allow teachers to teach practices more comprehensively, emphasizing depth of critical skills over a broad but shallow coverage of content.
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This dissertation effectively highlights areas for future research, offering clear directions for deeper exploration of data literacy in grades 6-12 science education. First, the sample sizes in Chapters 2 and 3 were small and limited; future research should address this by examining larger sample sizes. A larger sample size would provide more diverse responses, offering a broader perspective on teachers' approaches and challenges in teaching data analysis and interpretation. It will allow me to determine if these themes hold up over a larger sample. Ideally, this would involve more focus groups, each limited to 2-5 participants, to maintain intimacy and promote conversation.
Another approach would be to focus on a specific school or district, allowing for a more detailed examination of the contextual factors affecting that district. This could provide specific insights into how data analysis is viewed and approached in a centralized area and the challenges faced, yielding targeted local improvement strategies. Additionally, conducting focus groups with K-12 and higher education teachers would reveal similarities and differences in approaches and challenges across different grade levels.
Given the prominence of community-based resources and relevance in the approaches studied, future research should investigate how teachers incorporate place-based principles into teaching data analysis and interpretation. A study focusing directly on this could provide insights into how these principles can be widely used in teaching data literacy.
For the curriculum study in Chapter 4, a comprehensive review of the entire curriculum and its alignment with the K-12 Framework for Science Education (National Research Council, 2012) and the synthesized best practices model would offer a holistic view of how the curriculum addresses the goals set out in the framework over various grade spans. This would help identify how each grade level builds the foundation for the next. Comparing each level against the SBPM would also be beneficial, revealing how well the curriculum aligns with current best practices for teaching data literacy. 
Additionally, examining other curricula using the same methods would allow comparisons to see how different curricula align with the goals and best practices for teaching data analysis and interpretation. Furthermore, researching a teacher using a specific curriculum to see how it translates into their practice and its benefits and challenges would provide practical insights.
In summary, future research should focus on increasing sample sizes, examining specific schools or districts, exploring place-based principles, and conducting comprehensive curriculum reviews. These steps will provide extensive insights and practical strategies for improving data literacy education.
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Figure A.1 Flow Chart Demonstrating Deterministic vs Probabilistic Thinking in Science Education (Bowen & Bartley, 2020)
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[bookmark: _Hlk173394054]Figure B.1 Conceptual Framework Model
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Table C.1 Levels of Science Inquiry (Bowen & Bartley, 2014, p. 7)
	Level of Inquiry
	Problems
	Procedures
	Conclusions

	0
	given
	given
	given

	1
	given
	given
	open

	2
	given
	open
	open

	3
	open
	open
	open


































Table C.2 Data-Informed Learning Principles (Maybee & Zilinski, 2015)
	Principles
	Course Example

	New ways of using data must be built on students' prior experiences.
	In an accounting course, the instructor may have students reflect on their experiences of balancing a checkbook and then relate that to a journal or general ledger.

	Learning to use data should coincide with learning about a disciplinary subject.
	A nuclear engineering course might apply the concepts of authority, quality, and accuracy to data repositories by looking up evaluated nuclear reaction data in two different databases and comparing the results.

	Learning should result in students becoming aware of new ways of using data and developing new understandings of the studied subject.
	A computer programming course may have students swap documented computer code with another team and rerun the script to see if they can replicate the process, having them learn about using and managing data within the context of programming.



























Table C.3 Workflow Through Data Science Tutorial Design (Srikant & Aggarwal, 2017)
	Design Elements
	Defined

	Full Data Cycle
	Students should have hands-on exposure to the Full data cycle- collection, entry, visualizations, feature engineering, model building, model testing, and data permissions.

	Relatable Data Sets
	Students should be able to relate to and be interested in the data set.

	Full Data Cycle
	Students should be exposed to the collection and entry process. This provides greater ownership and enhancement of the activity. Avoid using prebuilt data sets.

	Binary Variables
	Keep data sets simple with no more than 3-4 variables.

	Balanced Data Set
	Make sure each independent variable is equally represented. Aim for 2 unique data points for the n independent variables.
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[bookmark: _Hlk173394265]Table D.1 Synthesized Model of Best Practices for Teaching Data Literacy in 6-12 Science Education
	 Best Practices
	Explained

	Experience Ambiguity
	Students encounter situations characterized by uncertainty and ambiguity, wherein they engage in activities that lack predefined pathways leading to specific outcomes (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015).

	Full Data Cycle
	Students are engaged with aspects of the full data cycle- data acquisition and collection, data processing and cleaning, analyzing, and data visualization and communication (Avoiding curated “tidy” data) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017)

	Relevance
	Data activities are relevant to students. (Utilizing authentic data sets) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017).

	Experience
	The data activities provide students opportunities to engage with and cultivate their experiences with data (Utilizing Messy data) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). 

	Scaffolding
	Teachers design data-related activities that are scaffolded, taking into consideration the current proficiency levels of students and ensuring that these activities are situated within the learners' zone of proximal development (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017).

	Collaboration
	Data activities provide opportunities for peer collaboration and discourse (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). 








Table D.2 Updated SBPM for Teaching Data Literacy in 6-12 Science Education

	 Best Practices
	Explained

	Experience Ambiguity
	Students encounter situations characterized by uncertainty and ambiguity, wherein they engage in activities that lack predefined pathways leading to specific outcomes (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015).

	Full Data Cycle
	Students are engaged with aspects of the full data cycle- data acquisition and collection, data processing and cleaning, analyzing, and data visualization and communication (Avoiding curated “tidy” data) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017)

	Relevance
	Data activities are relevant to students. (Utilizing authentic data sets) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017).

	Experience
	The data activities provide students with opportunities to engage with and cultivate their experiences with data (Utilizing Messy data) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). 

	Scaffolding
	Teachers design data-related activities that are scaffolded, taking into consideration the current proficiency levels of students and ensuring that these activities are situated within the learners' zone of proximal development (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017).

	Technology
	Technology should be utilized, where feasible (National Research Council, 2012), to provide students with experience using tools that facilitate working with data, including large datasets (Rosenberg et al., 2022). This approach is essential to mirror the methods employed by scientists and engineers in handling data, making the educational experience more relevant and practical.

	Collaboration
	Data activities provide opportunities for peer collaboration and discourse (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). 
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Table E.1 Teacher Participants, Demographics, Focus Group Attendance

	Participant Pseudonym 
	Gender
	Race
	Primary Roles
	School
	Focus Group Attended

	Molly
	Female
	White
	Middle grade science
	Public
	November 2023

	Kelly
	Female
	White
	High school science
	Public
	November 2023

	Val
	Female
	White
	High school STEM
	Magnet Public
	November 2023

	Jes
	Female
	White
	Middle grade STEM
	Public
	April 
2024

	Fay
	Female
	African American
	Middle grade science
	Public
	April 
2024

	Dora
	Female
	White
	Middle grade science
	Public
	April 
2024

	Anna
	Female
	White
	High school science
	Private
	May
2024
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Figure F.1 Modified Thematic Analysis Process for RQ 2 and 3 (Boyatzis, 1998)
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Table G.1 Inductive Codebook Chapter 2

	Code
	Description
	Examples

	Basic Skills
	Data Entry, basic calculations, being able to read and interpret basic visualizations and data, being able to identify basic errors in data.
	“We're doing a lot of charts and graph analysis, map analysis and then kind of bringing all those together.”
“But mostly we're doing a lot of charts and graph analysis and map analysis, and then kind of bringing all those together to make sense of them.”

	Activities in Teaching Data
	Data activities that teachers do.
	“And I think something that I've done just started doing more and more in the past couple of years is the storylines for NGSS science.”
“We will do labs where there's lots of analysis questions, where they are trying to connect what they saw to what we've been learning. So, for instance, just because it's fresh on my mind in chemistry. About a month ago we were talking about different types of reactions and then they were actually seeing chemical reactions."

	Scaffolded Experiences
	Ways teachers scaffold data activities.
	“I think at this point in the semester, we're gonna go a little more cookie cutter, and I give them the tables especially."
“We either collect it (data) ourselves or I'm finding a resource that has it pre-made."

	Relevance
	The activities teachers use to get students engaged in data activities. 
	“The kids are definitely more engaged, obviously, when it is local.”
“One thing that I do like to do is integrating local data that's already there.”

	Data Literacy
	How teachers define data literacy.
	“Data literacy, I guess, would be them feeling comfortable looking at data table graph and making sense of it and understanding what they're looking at.”
“Being able to read data in some kind of graph or chart and then use that data to make some kind of decision”

	Technology
	Technology that teachers use in data activities.
	“We take deep dives into KGIS and looking at the topography and looking at where lines are drawn for different school zones.”
“They count the species (using iNaturalist).”





Table G.2 Deductive Codebook Chapter 2 Alignment with Framework (2012) Goals

	Code
	Description
	Examples

	Systematically Analyze Data
	Analyze data Systematically, either to look for salient patterns or to test whether data is consistent with initial hypothesis.
	"But mostly we're doing a lot of charts and graph analysis map analysis, and then kind of bringing all those together to make sense of them in some sort of like ecological, or. you know, kind of climate change sort of way."

	Data in Conflict
	Recognize when data are in conflict with expectations and consider what revisions in the initial model are needed.

	“Prototypes look like lots of different things, and that's one of the things that we got to. Some are a plan. Some are a program, and some are a thing. We have some people (students) making things, you know, they have to make sure that they have data that supports their research. They have to find data that supports the need for that (prototype).”



	Technology and Data Practices
	Use spreadsheets, databases, tables, charts, graphs, statistics, mathematics, and information and computer technology to collate, summarize, and display data and to explore relationships between variables, especially those representing input and output.

	“Teaching them about tidy data and how to separate out data in their spreadsheet. We're doing a lot of charts and graph analysis, map analysis and then kind of bringing all those together.”

	Strength of Conclusions
	 Evaluate the strength of a conclusion that can be inferred from any data set, using appropriate grade-level mathematical and statistical techniques.

	“I'd like to give them various forms of data that's already out there that's already visualized so that they can see here's the data in a map format, here's the data in a bar graph, here's it in a number like a dot plot or a scatter plot.”

	Recognize Patterns
	Recognize patterns in data that suggest relationships worth investigating further. Distinguish between causal and correlational relationships.

	"We're doing a lot of charts and graph analysis, map analysis and then kind of bringing all those together."

	Collect from Physical Models
	Collect data from physical models and analyze the performance of a design under a range of conditions.
	







Table G.3 Deductive Codebook Chapter 2 Alignment with SBPM

	Code
	Description
	Example

	Experience Ambiguity
	Students encounter situations characterized by uncertainty and ambiguity, wherein they engage in activities that lack predefined pathways leading to specific outcomes (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015). 

	"Sometimes the data doesn't give us a clear answer, and we have to figure out what it's trying to tell us, which is a real challenge for the kids but very real-world." 
"When we look at data from our experiments, it's not always straightforward; it's about interpreting what these numbers could mean in the broader context of our study."

	Full Data Cycle
	Students are engaged with aspects of the full data cycle- data acquisition and collection, data processing and cleaning, analyzing, and data visualization and communication (Avoiding curated “tidy” data) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017).
	“I have my eighth graders do some kind of inquiry where they have to gather their own data. They have to come up with their own simple, testable question and needs to be based on observable data. They have to collect it and then they have to organize it. They have to organize it in some way that that makes sense what they're trying to get. They have to create some kind of graph.”

	Relevance
	Data activities are relevant to students. (Utilizing authentic data sets) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). 

	"But if it has something to do with something happening locally, locally like they're way more interested.”
“We've done urban planning experiments. We've taken city walks. They are now building something for our city or our school.”

	Experience
	The data activities provide students opportunities to engage with and cultivate their experiences with data (Utilizing Messy data) (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017).
	"We use a variety of data sources, not just the clean and easy ones, to show students what they'll actually face outside the classroom."
“We focus on a lot of my classes. This, what is this: legit? Can you vet this data? And is it really necessary for what you're trying to back up?”








	Table G.3 Continued

	
	

	Code
	Description
	Example

	Scaffolding
	Teachers design data-related activities that are scaffolded, taking into consideration the current proficiency levels of students and ensuring that these activities are situated within the learners' zone of proximal development (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Srikant & Aggarwal, 2017). 

	"I start with simpler data sets and gradually introduce more complex ones as their skills improve."
“I think maybe I need to deconstruct some graphs and see if we can take it back to the data and see how that looks.”

	Collaboration
	Data activities provide opportunities for peer collaboration and discourse (Bowen & Bartley, 2014; D’Ignazio & Bhargava, 2015; Maybee & Zilinski, 2015; Srikant & Aggarwal, 2017). 

	“I take my kids out to the field. And then I have all the kids are working on a different area of wherever we are. And then we could just take all of that data and collectively put it together in one space.”
"Collaboration is key in our projects; they need to talk through their data interpretations and analyses to reach a consensus."
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[bookmark: _Hlk173394553]Table H.1 Inductive Codebook Chapter 3 

	Code
	Description
	Example

	Professional and Preservice Learning
	Any learning that is specific to working with data.
	“Even in college, you know, I don't remember a focus on it you know. Here's some data now work with it.”
“I think the only training that I would receive with data would have been in a math class. It wouldn't even really be in any science methods class.”

	Resources
	The availability of resources in teaching working with data.
	“I don't feel like I know what tools are out there to help me get them there.”
“You have to have a lot of lab equipment and we are a private school, but it doesn't mean that we have large amounts of resources.”


	Curriculum
	What is available or not available to teachers in their provided curriculum?
	“It's (data) just kind of random information charts and graphs based on questions, but not in with any particular subject area.”
“It's (district resources) not available unless you're looking for it.”

	Student Prior Knowledge
	The previous learning or mastery of skills that students possess to do grade level appropriate work with data. 
	“I think that was my first thought (student prior experience) was like, when you put a graph up. Not that they can make sense of it. Just do you understand? Do you understand what this graph is? Do you understand the title? Do you understand what the y axis you understand what the X axis is? They don't come in and ninth grade with that either.”
“You could put a put a pie chart out there, and they wouldn't be able to tell you what it really means or like how to break down percentages. They’re not coming in with any of that."


	Table H.1 Continued

	
	

	Code
	Description
	Example

	Technology/Tools
	Availability of tools, digital or not, to do data activities.
	“We have a little school set at class set of iPads that we borrow from our school, and we'll take those with us to the park and we'll take photos with them, and then the photos will save that geolocation. Then when we come back into Wi-fi, we can upload it to INaturalist. But I feel like I still get more data collected from kids when I do the paper pencil version.”
“I've pulled back in the last couple of years of how much I'm using (Google Suite) and I'm actually giving them a hard copy.”

	Standards
	That standards teachers must follow to teach data in science education. 
	“I, personally don't have a whole lot of knowledge of how it (data) is supposed to be taught within NGSS.”
“I think the science engineering practices are a little elusive.”

	Time
	When time impacts the ability to teach about data or collaboration and planning.
	“I have to do science in math. I have to do social studies during math. And I have to do reading during social studies, you know, like I have to. Otherwise, there's just not enough time to get it all to fit in, so that you just have to start doing a lot of crossover.”
“If we don't get through all this, then you know, these kids have paid 90 something dollars for an exam that they don't get to use as college credits. So, between having the resource but not having the time and just having students that want to find the quickest answer.”









	Table H.1 Continued

	
	

	Code
	Description
	Example

	School/District Policies
	The policies, procedures and supports that impact teaching about data.
	“What department would it (teaching about data) fall under? When I'm thinking about secondary schools like t, is this a science department problem? Is this a math department problem like, who's in charge of making sure that that information is being taught. It's a gray area.”

	Teacher Agency
	Teacher feels comfortable and confident in the teaching of data practices.
	“I think that's probably why I do it (teach about data). I like I it. I make it a priority, but not every teacher's going to be like that.”  
“I’d just like to see, step by step, how to do it. I would like something that says, Oh, so now you have data. Now, what? What? How do? How do you walk your students through those steps to make it useful. I need that kind of instruction. I wish that I had a mentor teacher who could do that on a very simple level.”

	Student Engagement
	The ways in which students are or are not engaged in data activities.
	“I get I get work back that's not what it could be. You know it’ll be like two words instead of a paragraph or something, you know, not like what you think they could do if they really tried but just the easy way to put something down, to have to be done.”
“There are just times where it's difficult to come up with creative ways that engage them and make them get into to reading a text or do something like that.”
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Table I.1 Themes from RQ #2

	Theme
	Defined

	Community-Based Activities and Relevance
	Teachers use community-based activities to make the lessons more relevant for students.

	Basic Skills and Curated Experiences
	Basic skills with data, such as reading and interpreting graphs and providing students with curated data sets and experiences to scaffold this learning.

	Integration of Technology in Teaching Data
	Technology is used to support data activities, such as iNaturalist, to support data activities.
































Table I.2 Themes Defined

	Theme
	Defined

	Insufficient Training
	Lack of preservice or in-service professional development training in analyzing and interpreting data.

	Curriculum
	Teachers either did not have a curriculum, or it was inadequate for their needs.

	Time
	Lack of time to collaborate with colleagues or plan.

	Resource Availability
	Lack of resources to teach analyzing and interpreting data, whether it is equipment, lessons, data, or knowing where to find them.

	Student Prior Knowledge and Engagement
	Students lack the foundational knowledge of analyzing and interpreting data and their lack of motivation to participate in data activities. 
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Table J.1 RQ 1 Codes and Definitions for Content Analysis

	RQ 1: What characterizes the nature of the data utilized by students in the OpenSciEd 7th-grade curriculum?

	Code
	Definition
	Research Question
	 Best Practices Alignment

	Data Visualization: Graphs, Tables, Maps, Infographics, Other
	Graphs: This includes, but is not limited to, line, pie, bars, histograms, and scatter plots. Tables: This is any table that includes organized data. Maps: This includes any map type. Infographic: This is any visualization that includes the transfer of data information to the reader.
	RQ 1B
	Full Data Cycle, Relevance, Experience, Scaffolding

	Visualization Type: Already-Created, Student Creates, Created Blank, Other
	Already Created: The visualization is complete and provided by the developers. Student Created: This is where students create the visualization from existing or collected data. Created Blank: The visualization is empty and ready for students to add data.
	RQ 1B

	Full Data Cycle, Scaffolding, Experience, Collaboration

	Type of Data: Raw, Primary Source, Made Up, Simulation-Based, Sensor-Based, Other
	Raw: Data in its original form, generally in a spreadsheet, and has not been cleaned. Primary Source: This is data cited from a primary source; this also includes student-gathered data such as a science article. Made up: Data that is not from research but is created to simulate actual data collected in order for students to work with it. Simulation-Based: Data from a computer-based model or simulation. Sensor Based: Data from probe ware such as Vernier.
	RQ 1A

	Full Data Cycle, Relevance, Experience, Collaboration

	Student collected: Yes, No, Other
	Yes: Students are asked to collect data
No: The data are not collected by students
	RQ 1D

	Full Data Cycle, Relevance, Collaboration

	Size of data set: Small, Medium, Large, Other
	Small: The table contains fewer than 20 rows, 2 columns; or less than 40 cells in total.
Medium: The table contains 20-100 rows and 2-4 columns, or 40-400 cells in total.
Large: The table contains more than 100 rows and 5 columns, or more than 401 cells in total.
Other: Other: The size of the data set is ambiguous, such as an infographic. 
	RQ 1C
	Scaffolding, Experience










Table J.2 RQ 2 Codes and Definitions for Content Analysis

	RQ 2- How is data analysis incorporated within the OpenSciEd curriculum at the seventh-grade level?

	Code
	Definition
	Research Question
	 Best Practices Alignment

	How is it used by students? Do they need to: Collect, Organize, Analyze, Interpret, Other
	Collect: Students are responsible for an investigation where they collect the data. Organize: Students take raw data and "clean" it up by putting it in tables, graphs, maps, etc. Analyze: Students look for patterns in data. Interpret: Students connect patterns to phenomena.
	RQ 2A
	Full Data Cycle, Relevance

	What is the variable type? Nominal, Ordinal, Interval-Ratio
	Nominal: Collected from two unrelated independent variables. (Compare cats and dogs or eye color, gender, etc.) Ordinal: collected from independent variables that are related but not in a way that it is measured (Small, medium, large. Medium is not 2 X larger than small, other examples: undergraduate, graduate) Interval- Ratio Data: independent variables that are direct measures (Distance from 15-20 is the same as 25-30)
	RQ 2A
	Full Data Cycle, Scaffolding, Experience

	Research method: Quantitative, Qualitative, Both, Other
	Qualitative (Nominal, Ordinal): students collect qualitative data such as color, observations, etc. Quantitative (Interval-Ratio): Students collect numerical data. Both: Students do both Quantitative and Qualitative in the same activity. Other: the type of research method is unclear.
	RQ 2A
	Full Data Cycle, Experience
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Table K.1 Occurrence of Each Code for RQ 1

	RQ 1: What characterizes the nature of the data utilized by students in the OpenSciEd 7th-grade curriculum?

	Code
	Definition
	Research Question
	 Occurrences of Code


	Data Visualization: Graphs, Tables, Maps, Infographics, Other
	Graphs: This includes, but is not limited to, line, pie, bars, histograms, and scatter plots. Tables: This is any table that includes organized data. Maps: This includes any map type. Infographic: This is any visualization that includes the transfer of data information to the reader.
	RQ 1B
	Tables- 74
Graphs-30
Infographics-6
Other-6
Maps- 5

	Visualization Type: Already-Created, Student Creates, Created Blank, Other
	Already Created: The visualization is complete and provided by the developers. Student Created: This is where students create the visualization from existing or collected data. Created Blank: The visualization is empty and ready for students to add data.
	RQ 1B

	Already Created-64
Created Blank- 44
Student Creates- 10
Other- 2


	Type of Data: Raw, Primary Source, Made Up, Simulation-Based, Sensor-Based, Other
	Raw: Data in its original form, generally in a spreadsheet, and has not been cleaned. Primary Source: This is data cited from a primary source; this also includes student-gathered data such as a science article. Made up: Data that is not from research but is created to simulate actual data collected in order for students to work with it. Simulation-Based: Data from a computer-based model or simulation. Sensor Based: Data from probe ware such as Vernier.
	RQ 1A

	Raw-50
Primary Source- 45
Made-up-5
Simulation-Based-2
Sensor- Based-0
Other-1


	Student collected: Yes, No, Other
	Yes: Students are asked to collect data
No: The data are not collected by students
	RQ 1D

	Yes-48
No-69

	Size of data set: Small, Medium, Large, Other
	Small: The table contains fewer than 20 rows, 2 columns; or less than 40 cells in total.
Medium: The table contains 20-100 rows and 2-4 columns, or 40-400 cells in total.
Large: The table contains more than 100 rows and 5 columns, or more than 401 cells in total.
Other: The size of the data set is ambiguous, such as an infographic. 
	RQ 1C
	Small- 54
Medium- 34
Large-1
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	RQ 2- How is data analysis incorporated within the OpenSciEd curriculum at the seventh-grade level?

	Code
	Definition
	Research Question
	Occurrences of Code

	How is it used by students? Do they need to: Collect, Organize, Analyze, Interpret, Other
	Collect: Students are responsible for an investigation where they collect the data. Organize: Students take raw data and "clean" it up by putting it in tables, graphs, maps, etc. Analyze: Students look for patterns in data. Interpret: Students connect patterns to phenomena.
	RQ 2A
	(Combinations of tasks)
Collect, Organize, Analyze, Interpret- 26
Analyze, Interpret-44
Analyze-16
Collect, Analyze, Interpret-10
Collect - 7
Collect, Organize-4
Collect, Organize, Analyze-2
Interpret-3

	What is the variable type? Nominal, Ordinal, Interval-Ratio
	Nominal: Collected from two unrelated independent variables. (Compare cats and dogs or eye color, gender, etc.) Ordinal: collected from independent variables that are related but not in a way that it is measured (Small, medium, large. Medium is not 2 X larger than small, other examples: undergraduate, graduate) Interval- Ratio Data: independent variables that are direct measures (Distance from 15-20 is the same as 25-30)
	RQ 2A
	Nominal-36
Ordinal-23
Interval-Ratio-8


	Research method: Quantitative, Qualitative, Both, Other
	Qualitative (Nominal, Ordinal): students collect qualitative data such as color, observations, etc. Quantitative (Interval-Ratio): Students collect numerical data. Both: Students do both Quantitative and Qualitative in the same activity. Other: the type of research method is unclear.
	RQ 2A
	Quantitative- 25
Qualitative-34
Both-7
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Figure L.1 Type of Data Included in Curriculum
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Figure L.2 Type of Visualizations Included in Curriculum






[image: A graph of blue bars

Description automatically generated]

Figure L.3.   How Data is Used by Students
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