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Abstract

This paper describes a randomized and controlled efficacy study conducted in high
school biology classrooms across the USA. In this study, teachers implemented
the use of Data Nuggets, activities designed to bring real research and data into
the classroom. These materials can be embedded within the existing instructional
modality of any given curriculum, thus infusing these curricula with science sto-
ries and associated datasets. Our design had teachers incorporate Data Nuggets into
one of their class sections, while teaching a second class section in a business-as-
usual manner. Although students in both conditions improved similarly in quantita-
tive reasoning over the course of the study semester, we saw several key differences
for students taught using the intervention as compared to those taught using only
standard instruction. Students in classrooms that utilized Data Nuggets spent more
time engaged in the practices of science and had greater improvement in their abil-
ity to construct scientific explanations. In addition, students using the intervention
activities showed increases in both their self-efficacy in data-related tasks and their
interest in STEM careers. Finally, the effects of teacher implementation on student
outcomes when using Data Nuggets were assessed.
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Introduction

Quantitative abilities are necessary to engage in both science and society, particu-
larly skills related to quantitative literacy, rationality, and the ability to apply scien-
tific and mathematical thinking in everyday endeavors (Capraro et al., 2014; Mayes
et al., 2014; National Research Council [NRC], 2014). Therefore, a goal of STEM
education should be to produce graduates who are adept in these areas (Capraro
et al., 2014; Wise, 2020). Data Nuggets are classroom activities designed to engage
students in the work of scientists with the goal of improving student quantitative
abilities as well as their interest, motivation, self-efficacy, and engagement in STEM.

Originally inspired by conversations between teachers and scientists, Data Nug-
gets, found at https://datanuggets.org, bring authentic data from cutting-edge
research into the classroom (Schultheis & Kjelvik, 2015). Each activity is writ-
ten by the scientist behind the research and data, allowing the activities to include
first-hand expertise. When completing an activity, students engage in the work of
scientists by reading scientific texts, creating and interpreting graphs, doing basic
statistics, asking and answering scientific questions, and constructing explanations.
Because of their simplicity and flexibility, Data Nuggets can be used repeatedly
throughout a single semester, as well as across K-12 and undergraduate levels.

In the present study, we aimed to determine the effects of Data Nuggets on the
students who use them. We conducted a controlled and randomized efficacy study in
high school biology classrooms across the USA. In our design, teachers used Data
Nuggets activities in one section of their classes, while teaching their other section in
a business-as-usual manner as a comparison. At the start and end of the study semes-
ter, we measured student quantitative reasoning (QR) abilities, interest, motivation,
and self-efficacy. In addition, we measured engagement at the end of the semester.
During the semester, we observed implementation of resources in all classrooms.

Theoretical Framework

Engaging in Science Practices Constructivism is the foundation of Data Nuggets
development. In the USA, we see the roots of constructivism reflected in today’s
science standards, including the Framework for K-12 Science Education (National
Research Council [NRC], 2012) and the Next Generation Science Standards
(National Research Council [NRC], 2013). These standards detail eight science
and engineering practices. Our materials focus on four in particular: (#4) Analyz-
ing and interpreting data, (#5) Using mathematics and computational thinking, (#6)
Constructing explanations, and (#7) Engaging in argument from evidence. Practices
(#4) and (#5) cover students’ abilities to summarize and analyze data using statistics,
graph creation, and the interpretation of meaning based on numerical information.
In Data Nuggets, students work with real datasets to conduct basic statistics, such
as calculating averages and ranges in data, and visualize data by graphing (Fig. 1).
Practices (#6) and (#7) cover students’ abilities to use data to answer scientific
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Fig. 1 Conceptual framework for the intervention’s impact on students. Example activity (column 1) is
labeled with the features (column 2) we hypothesize will impact student outcomes (arrows and column 3)

questions, support claims, and draw conclusions. In Data Nuggets, students read sci-
entific text, and then use their graphs to answer scientific questions posed by the
scientist. This requires the use of data as evidence to answer the question and con-
struct explanations and arguments (Fig. 1). When using multiple applications of this
supplement, students get repeated exposures, experiences, and engagements in these
practices. The following sections clarify the connections between the sections of
Data Nuggets activities and specific scientific practices.

Science Storytelling In addition to engaging students in the practices of science, a
main design principle behind Data Nuggets is the use of science storytelling in the
Research Background (Fig. 1). Science stories capture the cause-and-effect explana-
tions of science and place them within a narrative structure (Collins, 2021; Hoff-
mann, 2014; Wilson, 2002). The use of stories in science is a powerful strategy to
make content more interesting, easier to understand, and more memorable (Britton,
1983; Graesser et al., 1994; Willingham, 2004). Stories capture our interest because
they appeal to our desire for causality and goals (Gentner, 1976; Wilson, 2002). The
stories within our materials are told through writing and images. They center on (a)
exposure to cutting-edge research and (b) introduction to scientist role models.

Exposure to cutting-edge research. Science is more than a body of knowledge. It

is also an ongoing endeavor to understand the world. However, traditional labo-
ratory activities often require students to follow a set of procedures that lead to a
predetermined outcome (Gould et al., 2014; Schultheis & Kjelvik, 2015). This may
lead to the misconception that science is about learning a set of facts, and engaging
in science is simply demonstrating known concepts. Therefore, the exploration of
the unknown and developing a set of skills and tools to make these discoveries is
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equally important as content knowledge in science education (Hammett & Dorsey,
2020; NRC, 2012). Data Nuggets create opportunities for students to develop their
conceptual understandings of the world through science. By working with data from
cutting-edge research, students take on the role of active scientists and explore ques-
tions that have not yet been answered (Schultheis & Kjelvik, 2015, 2020). A short
Research Background is provided that details the history and development of a sci-
entific area of inquiry and the motivation behind the research. It goes on to detail the
particular study’s contribution to the field (Fig. 1).

ientist role models. Scientists highlighted in Data Nuggets come
from a variety of backgrounds, representing diversity in gender, race, age, career stage,
and other elements of identity. The Research Background section follows their jour-
neys as they formulate their ideas and endeavor to answer scientific questions (Fig. 1).
Including scientist role models in instruction has been shown to help students develop
their STEM identities, particularly when a student perceives that they share similari-
ties with a particular role model (Collins, 2021; Estrada et al., 2011). Highlighting
role models in education has also been shown to increase interest in science (Schin-
ske et al., 2016), improve grades and intellectual growth (Schinske et al., 2016), and
support decisions to pursue STEM careers (Gibson, 2004). With this intervention,
students have direct experiences with activities written by real scientists and have the
opportunity to follow up with these scientists to ask questions and learn more (Fig. 1).

Experience with Authentic Datasets Each Data Nuggets activity centers around an
authentic dataset, which students use to construct graphs and construct scientific
explanations (Fig. 1). We argue there are unique learning opportunities that arise
from the use of these authentic datasets in the classroom (Kjelvik & Schultheis,
2019; Schultheis & Kjelvik, 2020). Real datasets from scientific research are often
messy, have high variability and outliers, and might be missing values, all of which
are factors that create learning opportunities (Wilkerson et al., 2021). For example,
variability, or the extent to which data points differ from one another and the aver-
age (Bargagliotti et al., 2020), can be used to highlight key features of a study sys-
tem or experimental design (Gould et al., 2014; Kjelvik & Schultheis, 2019). With
these activities, variability can be explored as students create graphical displays of
data to represent variation around a mean or trend. Exploration of variability can
also inform their scientific explanations as they grapple with whether the dataset
provides support for a hypothesis. As another example, a missing data point can be
used to stimulate class discussion about the realities of research, such as weather
conditions preventing data collection, or a sample being lost. The use of messy data
has the added benefit of showing students that their own datasets are often of similar
quality to those collected by scientists (Gould et al., 2014), a fact that may increase
student confidence in their own abilities.

Literature Review

Here, we discuss the importance of the STEM constructs that are foundational to the
Data Nuggets program and central measures in our efficacy study.
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Student Quantitative Reasoning Abilities Quantitative reasoning (QR) captures
a student’s ability to think mathematically and understand numerical information
(Mayes et al., 2014). QR skills include graphing, interpreting graphs, understand-
ing correlation and variation in datasets, and constructing scientific explanations and
arguments (Fig. 1). QR also includes the ability to apply mathematical principles
in real-world scenarios using higher-order critical thinking and logic (Mayes et al.,
2014). In order for students to fully develop these skills during their education, they
need to repeatedly practice and apply them in a variety of contexts (Holmes et al.,
2015; Neumann et al., 2013). Students also need to see mathematics as relevant to
their lives; learning mathematics in context reinforces its importance and may keep
students more engaged (§orgo et al., 2010).

Constructing scientific explanations is a key component of QR and requires stu-
dents to identify data as evidence and justify why evidence supports any given
claim, using scientific concepts and understanding (Toulmin, 1958; McNeill
& Krajcik, 2008b; NRC, 2013; Jin et al., 2020). This process relies on students’
ability to comprehend and incorporate information from scientific texts, includ-
ing data, into their own understanding of the scientific phenomenon. Pedagogical
practices such as scaffolding (Osborne et al., 2004) and faded scaffolding (McNeill
et al., 2006) have been shown to be beneficial when helping students learn to con-
struct scientific explanations. In Data Nuggets, scaffolding is incorporated sur-
rounding both the graphing task and constructing explanation tasks. For construct-
ing explanations, we scaffold the task using the claim-evidence-reasoning (C-E-R)
framework (McNeill & Krajcik, 2008b). Furthermore, teachers can choose to use
a faded scaffolding approach (McNeill et al., 2006), which (1) starts with a tool
that breaks scientific explanations down into basic sub-components (lowest level),
(2) uses the C-E-R prompts within the activity (middle level), or (3) removes the
prompts and has students construct explanations with no guidance on structure
(highest level). For graphing, teachers can choose to use three different levels: (1)
graph provided for students (lowest level), (2) axes and scales provided but stu-
dents must add the data to the graph (middle level), and (3) blank graph paper
where students must fully create the graphs on their own (highest level).

Student Interest, Motivation, Self-Efficacy, and Engagement in STEM Effective QR
also involves beneficial habits of mind and emotional responses toward quantitative
information. This includes the learner’s interest in data and course material (Aikens
& Dolan, 2014), as well as their disposition to engage with quantitative information
(Karaali et al., 2016). These affective constructs are important indicators of success
and persistence in STEM. Avenues to improve QR according to the factors outlined
below are strategically incorporated in this intervention. Discussion of this incorpo-
ration is in the “Methods” section of this paper.

Engagement. Students in both the USA and internationally are not fully

engaged in science and mathematics classrooms (Hiebert & Stigler, 2000; Sher-
noff et al., 2000; Yair, 2000), meaning the traditional ways of teaching these
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subjects are not holding their attention (Ahlfeldt et al., 2005). Steps should be
taken to actively engage students in the classroom, as more engaged students tend
to have increased understanding of content and increased motivation to pursue
STEM careers (Franz-Odendaal et al., 2016). This can be achieved by providing
more opportunities for students to contribute to class discussions and ask ques-
tions. The use of cutting-edge research engenders these opportunities. Explora-
tions of the unknown allow for classrooms in which teachers are no longer the
sole distributors of knowledge, thus putting students on a more equal footing
where everyone is exploring something new together.

Interest in data. When students enjoy classroom materials and understand the
importance of what they are learning, they are more likely to be more interested in
that material (Linnenbrink-Garcia et al., 2010). Therefore, student interest in data is
likely shaped by the ways in which they are introduced in the classroom. For exam-
ple, if data are used to teach a mathematical concept devoid of context, students may
see activities as busy work and lose interest. However, if data are presented in con-
text and as the means to answer important questions that have relevance to students’
lives, interest may increase.

Value of science in society. Students must be shown the value of classroom activ-
ities in their STEM education, within their own communities, and throughout the
world at large in order for them to see scientific work as interesting, important, and
meaningful (Hammett & Dorsey, 2020; Schultheis & Kjelvik, 2020). Value falls
within interest (Hulleman & Harackiewicz, 2009; Linnenbrink-Garcia et al., 2010)
and may come from personal utility, when students see a set of skills as useful for
their everyday lives (Hulleman & Harackiewicz, 2009), or from field utility, if they
see the work of scientists as generally important (Linnenbrink-Garcia et al., 2010).
In order to build student interest, classroom materials should emphasize that science
is an ongoing and active enterprise that can help all members of society address
questions, including questions important to students’ own personal and, in the
future, professional lives.

reer motivation. In order to foster the next generation of scientists and
STEM professionals, we need to help students build science identities. This includes
identifying themselves as individuals who know about and can contribute to science
(Center for the Advancement of Informal Science Education, 2018). Formation of
a science identity has been shown to be a strong indicator of persistence in STEM,
including motivation to pursue these fields throughout their education and careers
(Chemers et al., 2011; Simpson & Bouhafa, 2020). Sharing a diversity of science
stories gives students the opportunity to see themselves in these narratives, increas-
ing motivation to pursue a career in science (Gladstone & Cimpian, 2021; Murcia
et al., 2020). Students may also be more confident in their abilities if they are able to
observe the behaviors of scientists who are conducting research and collecting data.
1f-effi in analyzing and interpretin Student self-efficacy when con-
ducting STEM tasks is a measure of their perceived abilities and confidence in tak-
ing on the tasks and functions of a scientist (Chemers et al., 2011). Self-efficacy
has been shown to predict a variety of behavioral outcomes, including persever-
ance and persistence in STEM fields (Bandura & Locke, 2003; Estrada et al., 2011).
Increased self-efficacy can also lead to increased engagement, interest, satisfaction,
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and expectancy for success (Lent et al., 2018). Reading stories in which scientists
overcome challenges during research and data collection may help students build
their self-efficacy when faced with similar hurdles.

The Purpose of This Study

To investigate the impacts of Data Nuggets on students, the research team conducted
a randomized and controlled efficacy study in high school biology classrooms. We
asked:

o Research Question 1: To what extent do students in classrooms using Data
Nuggets show improved quantitative reasoning (QR) compared to students in
business-as-usual comparison classrooms?

o Research Question 2: To what extent do students in classrooms using Data
Nuggets have higher interest, motivation, self-efficacy, and engagement in STEM
compared to students in business-as-usual classrooms?

e Research Question 3: Does the quality of teacher implementation of the inter-
vention moderate student outcomes?

Methods

We used a cluster randomized design in which sections of high school biology
classes were randomly assigned to learn biology using either the business-as-usual
traditional curriculum (comparison), or the intervention, in which Data Nuggets
activities were integrated into the traditional curriculum (treatment). While our data
were collected at the student level, the results are reported at the section level, with
students nested within the context of their teacher and section.

Research Participants and Experimental Procedure We recruited our study popula-
tion from Michigan, Colorado, Illinois, and California, in the USA. All high school
biology teachers in these states who expected to teach at least two sections of gen-
eral high school biology in the following school year were invited to apply. From an
initial pool of applicants, we selected 25 teachers to participate. Three teachers left
the study before randomization occurred.

Each participating teacher taught at least two sections of the same course. One
section for each teacher received the treatment and the other continued learning
using the standard comparison.We randomly assigned sections to each condition.
While random assignment of classrooms (by teacher) increased the likelihood
that teacher effects would be distributed evenly across treatment groups, varia-
tions in classroom context were impossible to control. To account for this, we
tested the baseline equivalence of the treatment groups using pretest measures,
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to determine if there were significant differences between the treatment and com-
parison classrooms prior to the start of the study.

Assignment resulted in 46 classrooms (23 treatment and 23 comparison) nested
within 22 teachers (one teacher had 4 classes in the study, 2 treatment and 2 com-
parison). One teacher completed the study, but pretest data was lost in the mail and
so was not included in the analysis because we were unable to control for the pretest.
Thus, 21 teachers and 44 classrooms were included in the statistical analyses for a
total of 934 students participating in the study (treatment=470, comparison =464).
Student demographics can be found in Supplemental Materials.

Study teacher professional development (PD). Following selection, in the summer
of 2017, participant teachers took part in a 2-day PD workshop. The goal of this PD
was to familiarize study teachers with the materials and study requirements. Work-
shop topics included QR in biology, the process of science, visualizing data using
graphs, constructing scientific explanations, and asking questions. Study teachers
were provided with opportunities to fully engage with project personnel and were
given printed and online resources that they could refer to throughout the study. In
addition, mentor teachers familiar with the development and use of the program
were available to answer questions.

Because our design was susceptible to internal validity threats, such as contami-
nation or treatment diffusion (Shadish et al., 2002), an important element of the PD
was educating teachers about the research. Teachers were provided time to review
and align study materials with their existing curricula and plan for implementation
of both the treatment and comparison conditions. To mimic the traditional usage
of each teacher’s program materials, we provided teachers flexibility in selecting
activities out of 26 available options. Teachers also determined when in the semes-
ter they would implement the activities. In addition, we created and shared a set of
potential activities for use in the comparison class. While teachers were instructed
to continue with “business as usual” in their comparison sections, these resources
provided options to balance instructional time between the two sections, if needed.

Study timeline. We conducted our study in the fall of 2017. At the start of the
semester, students completed a series of baseline assessments, an interest, motiva-
tion, and self-efficacy survey, and a demographic survey. Following baseline data
collection, teachers implemented the intervention activities in their treatment class-
rooms, and taught “business as usual” in their comparison classrooms. In the treat-
ment, teachers were required to use eight Data Nuggets activities throughout the
semester. Students in the comparison group did not use intervention activities in that
semester. To keep both instruction courses running at the same pace, teachers used
the aforementioned alternative activities in their comparison classrooms to paral-
lel the time spent on the intervention. We allowed teachers complete autonomy to
choose these parallel lessons. We created a database where teachers could compile
and share resources to reduce workload. At the end of the fall semester, students in
both treatment and comparison classes completed the assessments again, in addition
to a self-report engagement survey. Once the study was complete, teachers had the
opportunity to implement the intervention activities in comparison classrooms in the
following spring semester.
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Outcome Measures Our outcome measures fell into two categories: (1) student
quantitative reasoning in biology, including graphing data, interpreting graphs,
understanding correlation and variation in datasets, and constructing scientific
explanations; and (2) student affective outcomes, including (a) interest in data, (b)
the value of science to society, (c) science career motivation, (d) self-efficacy in ana-
lyzing and interpreting data, and (e) engagement in biology class (Fig. 1). Psycho-
metric properties of each measure can be found in the Supplemental Materials.

Quantitative reasoning (QR). To measure QR in the context of biology, we used

a vignette-based assessment developed by our research team at BSCS (Stuhlsatz
et al., 2020). This instrument captures student understanding of correlation, varia-
tion, and time series data. The instrument requires students to analyze and interpret
data, use mathematical thinking, and consider competing arguments to explain a sci-
entific phenomenon. Students were randomly assigned to complete one of the three
vignettes: (1) correlation between water temperature and oxygen levels in lakes, (2)
variation between and within populations of bees and flowers, and (3) a time series
evaluation of the prevalence of lung disease over time. The final component of the
QR assessment included a graphing and scientific explanation task. This task asked
students to read a short fictitious scenario that included a generated data table. Stu-
dents used the data to create a graph and write a scientific explanation for the phe-
nomenon in the scenario (see Supplemental Material for sample items).

The instrument went through iterative development, including pilot-testing with
a sample of 109 high school biology students. During the pilot, we conducted cog-
nitive interviews with six biology students to inform revisions. We received feed-
back on the content validity of the assessment from two current high school biology
teachers and one curriculum developer. The graphing and explanation task section
of the instrument was assessed by three scorers using an iterative training process,
led by the instrument development lead. The training sample of student responses
was randomly selected from the study sample. During the iterative scoring process,
raters reached agreement between 81 and 100% on the training sample, with Kappa
values ranging from 0.60 and 0.90. Kappa values are a statistic that measure inter-
rater reliability while taking into account that agreement between raters may occur
by chance (McHugh, 2012).

During pre- and post-testing, each student completed only one randomly assigned
vignette per administration. While we wanted to include items that covered all
three QR content areas (covariation, variation between and within populations, and
time series), we knew that the testing burden could be very high and not feasible
for teachers and students. In order to produce just one score, we included a collec-
tion of items common across all three forms and used the Winsteps Rasch measure-
ment computer program (Linacre, 2021) to link the three assessment forms into one
measure using common item equating (Bond & Fox, 2015; Boone & Scantlebury,
2006). This created a score for each student on the equated measure, resulting in
one QR score per student. This resulted in psychometrics for the overall form from
the sample of students in the study (Rasch Person Reliability =0.81, see Supple-
mental Material). For exploratory analyses (Schochet, 2008), we created a subscale
from the explanation task. This subscale was used to investigate the “constructing
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explanations” outcome. The three polytomous items in the explanation task pro-
duced a Cronbach’s alpha of 0.58.

Interest, motivation, self-efficacy, and engagement in STEM. We employed a
series of short, affective scales to assess student interest, motivation, self-efficacy,
and engagement in both treatment and comparison conditions. Before using these
measures in the study, we piloted each to determine validity. We also factor-analyzed
and removed or edited poorly performing items. Prior to analysis, each outcome
measure was converted to a Rasch person measure in Winsteps (Linacre, 2021).
Responses from our student population were used to produce the psychometric prop-
erties. Students responded to the “interest in data,” ““value of science to society,” and
“science career motivation” subscales using a 6-point scale that included the options
“strongly disagree,” “disagree,” “somewhat disagree,” “somewhat agree,” “agree,”
and “strongly agree.”

Engagement. The engagement measure, which we only collected once at the end
of the study, asked students to self-report how often they did things like contributing
to class discussions or asking questions during class on a 5-point scale that included
the options “not at all,” “a few times this semester,” “a few times a month,” “a few
times a week,” and “nearly every day.” These items originated from the prior work
of Ahlfeldt et al. (2005) and were adapted for the context of the current study.

Interest in data. The interest in data instrument captures student situational inter-
est (Linnenbrink-Garcia et al., 2010), specifically when working with data in the
context of science class. This scale included seven items like, “I like collecting data
to answer scientific questions” and “Interpreting data makes it easier to evaluate
someone’s claims.”

Value of science to society. The value of science to society measure originated
from the Modified Attitudes Towards Science Inventory (Weinburgh & Steele,
2000). Weinburgh and Steele (2000) reported Cronbach’s alpha of 0.62 with a
sample of 5th grade students. This subscale included five items like, “Most peo-
ple should study some science” and “Science is of great importance to a country’s
development.”

Science career motivation. We measured career motivation using the Science
Motivation Questionnaire II (SMQ-II) (Glynn et al., 2011). This included six items
like, “T will use science problem-solving skills as part of my job” and “Learning
science will help me get a good job.” In the original validation study with college
students, the career component of the SMQ-II produced a Cronbach’s alpha of 0.92.

Self-efficacy in analyzing and interpreting data. Our self-efficacy subscale cap-
tures the extent to which students are confident in their abilities to analyze and inter-
pret data. We adapted this measure from the work of Bourdeau and Arnold (2009)
and Ahlfeldt et al. (2005). Students responded to a 5-point rating scale to rate their
level of confidence in doing things like, “Use data as evidence to support a claim I
made” and “Work with complicated data sets that may have unclear patterns.” The
scale included the options “not at all confident,” “not very confident,” “somewhat
confident,” “confident,” and “very confident.”

Teacher implementation. Within randomized studies, student outcomes are
influenced both by the intervention and how teachers adhere to the intended inter-
vention (Stains & Vickrey, 2017). Therefore, we used a multidimensional approach

9% < EEINT3
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to measure the fidelity of implementation by different teachers (Nelson et al., 2012).
Using implementation logs, we collected data on how instructors adhered to the dos-
age of eight intervention activities over the course of the semester, and how long
they spent implementing each activity. We included questions asking (i) whether the
materials were implemented in the context of a larger unit, (ii) how individual activ-
ities were used (i.e. small-group work, homework, whole-class lesson), (iii) how
much time students spent engaged with each activity, and (iv) the depth of conversa-
tions surrounding QR and science practices.

Measurin f scientific practices in treatment an mparison classroom
The two developers of Data Nuggets traveled to the study locations in California,
Colorado, Michigan, and Illinois to conduct live observations at least two times per
teacher during the implementation period. During the semester-long study, the team
conducted a total of 106 observations. Of the 106 observations, 13% (14 observa-
tions) were conducted by both observers in order to calculate interrater reliability.
Observations occurred in both treatment and comparison classrooms on the same
day. Prior to conducting observations, observers completed iterative training to
achieve inter-rater reliability. Rater agreement for overlapping observations during
the study ranged from Kappa=0.65 to 1.00, with an average of 0.84. During the
observations, we measured the time that classes spent engaged in the eight practices
of science, as defined by the NGSS (NRC, 2013). This measure was adapted from
the Collaboratives for Excellence in Teacher Preparation Core Classroom Observa-
tion Protocol (Lawrenz et al., 2007). For each 5-min segment of the class period,
an individual observer recorded whether students engaged in a practice of science
by marking if a specific aspect of that particular practice occurred. We then calcu-
lated the proportion of time engaged in each practice during observations and then
averaged the score of two observations within each treatment and comparison class-
room. In the treatment classrooms, we also measured compliance and implementa-
tion quality. For an example of the observation protocol record sheet and the coding
manual, see Supplemental Materials.

ring fideli he intervention. Finally, the observers rated the over-
all quality of Data Nuggets implementation in each treatment classroom. Observ-
ers scored each teacher independently and then came to consensus to generate the
score. Implementation quality was measured on a 1 (low-level implementation) to 5
(high-level implementation) scale. We used several factors to determine the level of
teacher implementation, including how well each teacher (i) made use of the discus-
sion topics and teaching opportunities presented in the Data Nuggets teacher guides,
(i1) made attempts to understand student thinking, (iii) engaged students in in-depth
discussions of the content, (iv) addressed student misconceptions, and (v) made con-
nections between the intervention activities and students’ experience or made con-
nections to the course content. In addition, we assessed the teacher’s overall attitude
toward the intervention activities.

Data analysis. We used generalized estimating equations (GEEs) (Zeger et al.,
1988) to answer our research questions. GEEs are similar to hierarchical linear
modeling (HLM) which is used when observations are nested within groups (Rabe-
Hesketh & Skrondal, 2008). Compared to hierarchical linear models (HLM), GEEs
better address mis-specification residual correlations when using robust standard
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errors (Homish et al., 2010). All statistical models were conducted, and associated
figures were created using STATA version 15 (StataCorp, 2017).

To what extent do students in classrooms using Data Nuggets show improved
quantitative reasoning compared to students in business-as-usual comparison class-
rooms? We conducted a main effects test of the treatment variable for our primary
outcome of QR and then exploratory tests for each of the affective measures control-
ling for baseline (pretest) in each statistical analysis. To test our main effects model
(research question 1), we regressed the person measure for the outcome variable
(QR) onto the associated baseline measure (PRE), treatment condition (TRT), which
takes on a value of 1 for classrooms randomized to the treatment and a value of O for
comparison classrooms. Teacher (TEACH) is a fixed-effect variable that controls for
all time-invariant differences between teachers, and CORR represents the correla-
tion between individuals within each classroom.

OUTCOME = B, + p;(PRE) + B,(TRT) + B5(TEACHI) + ... p,,(TEACH20) + CORR + Error

To what extent do students in classrooms using Data Nuggets have higher inter-
est, motivation, self-efficacy, and engagement in STEM compared to students in
business-as-usual classrooms? We used the same statistical model for each of the
exploratory analyses, but we changed the OUTCOME variable (Constructing Expla-
nations, Interest in Data, Value of Science to Society, Science Career Motivation,
Self-Efficacy in Analyzing and Interpreting Data) and the respective baseline meas-
ure (PRE). That is, each time we conducted an exploratory analysis, we used the
baseline measure of the outcome as a covariate in our model. The only analysis that
did not include a baseline measure was the Engagement measure, which was a post-
treatment only measure of engagement in biology class.

Does the quality of teacher implementation of the intervention moderate student
outcomes? To investigate this final exploratory question of whether the quality of
implementation (QUALITY) impacted student outcomes within the treatment group,
we again used the GEE model to regress QR in biology onto the quality of imple-
mentation (categorical variable ranging from 1=Ilow to 5=high), while controlling
for baseline QR. CORR represents the correlation between individuals within each
classroom.

QR Outcome = B, + B;(QRPRE) + B,(TRT) + B;(QUALITY1) + B,(QUALITY?2)

+ B,(QUALITY3) + Bs(QUALITY4) + CORR + Error

Results

Baseline Equivalence To evaluate if there were significant differences between the
treatment and comparison groups on the outcome measures prior to the start of the
study, we calculated baseline equivalence effect sizes (Table 1). Equivalence of
groups at baseline contributes to our confidence that findings of the study are not
the result of a pre-study difference between the groups. We used the number of stu-
dents in each condition, the associated mean score, and standard deviations from
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Table 1 Mean scores by treatment on pre- and post-outcome measures

Scaled person measure outcome in logits Timepoint Comparison mean (SD) Treatment mean (SD) Effect size (d) 95% Confidence
interval of the effect
size
Lower Upper

Quantitative reasoning Pre 50.43 (6.88) 50.46 (7.47) 0.00 -0.12 0.13

Post 52.37 (6.73) 52.04 (7.68) -0.04 -0.18 0.09

Constructing explanations (not scaled) Pre 1.91 (0.75) 1.97 (0.84) 0.08 -0.05 0.21

Post 1.97 (0.74) 2.15(0.93) 0.22 0.07 0.36
Interest in data Pre 52.23 (11.87) 52.34 (10.75) -0.03 -0.17 0.11
Post 52.42 (11.82) 52.88 (11.34) 0.05 -0.10 0.20
Value of science in society Pre 58.37 (14.49) 57.57 (14.34) -0.05 -0.19 0.08
Post 58.67 (13.63) 57.92 (14.94) 0.04 -0.11 0.19
Science career motivation Pre 52.93 (19.92) 51.90 (19.87) -0.05 -0.18 0.08
Post 53.65 (17.88) 54.50 (20.10) 0.06 -0.08 0.21
Self-efficacy in analyzing and interpreting data Pre 53.77 (14.67) 54.10 (14.80) 0.02 -0.12 0.16
Post 57.68 (15.17) 59.54 (17.40) 0.11 -0.03 0.26
Engagement Post 49.64 (13.58) 49.77 (15.96) 0.01 -0.15 0.14

All person measures scaled 0—100 with the exception of Constructing Explanations
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the two groups (treatment and comparison) on each outcome measure (Table 1). We
found no significant differences and very small effect sizes between the treatment
and comparison groups at the start of the intervention on the QR measure (Cohen’s
d=0.00). Similarly, we investigated the baseline equivalence for each of the explor-
atory outcome measures. These effect sizes ranged from —0.05 (value and career),
0.02 (self-efficacy), and —0.03 for interest in data. Students in the treatment group
scored slightly higher at baseline on the sub-score for the explanation task (d=0.08)
than the comparison group (Table 1).

Research Question 1 To what extent do students in classrooms using Data Nuggets
show improved quantitative reasoning compared to students in business-as-usual
comparison classrooms? We predicted that students using the intervention activities
would experience improved QR abilities including graphing, graph interpretation,
and ability to construct explanations using the claim-evidence-reasoning framework
(C-E-R). The main effect of treatment on QR in the context of biology after control-
ling for the pretest was not significant (Table 1 and Fig. 2a; B=—0.22, SE=0.31,
p=0.48, Cohen’s d effect size= —0.04). However, in an exploratory analysis, we
examined performance on the various components of the assessment. For the com-
ponent that required students to develop a scientific explanation, we found a signifi-
cant difference between treatment and comparison classrooms favoring the treatment
(Table 1 and Fig. 2b; B=0.15, SE=0.06, p=0.01, Cohen’s d effect size=0.22).

Research Question 2 To what extent do students in classrooms using Data Nuggets
have higher interest, motivation, self-efficacy, and engagement in STEM compared
to students in business-as-usual classrooms? We predicted that students using the
intervention activities would show improvement in our affective constructs. We
found no significant difference between treatment and comparison students’ inter-
est in data (Table 1 and Fig. 2c; B=0.63, SE=0.48, p=0.20, Cohen’s d effect
size=0.05) or in their appraisals of the value of science (Table 1 and Fig. 2d;
B=0.29, SE=0.52, p=0.58, Cohen’s d effect size=0.04). However, students in
the treatment condition did report significantly higher self-efficacy regarding their
ability to analyze and interpret data compared to students in the comparison condi-
tion (Table 1 and Fig. 2e; B=1.60, SE=0.67, p=0.02, Cohen’s d effect size=0.11).
Relative to the comparison condition, treatment students also reported signifi-
cantly greater motivation to pursue a science career (Table 1 and Fig. 2f; B=1.71,
SE=0.70, p=0.02, Cohen’s d effect size=0.06). Finally, there was no difference
in student engagement between the treatment and comparison classrooms (Table 1;
B=-0.15,SE=0.51, p=0.76, Cohen’s d effect size=0.01).

Research Question 3 Does the quality of teacher implementation of the intervention
moderate student outcomes? Finally, we investigated the extent to which level of
implementation may have impacted student outcomes (Fig. 3). We detected a sig-
nificant difference (r=9.89, p=0.001) in the extent of time spent on the practices of
science, with treatment classrooms (M =1.39, SD=0.56) engaged in the practices of
science to a greater extent than comparison classrooms (M =0.46, SD =0.40).
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Fig.2 a—f Main effect of treatment on student a quantitative reasoning (QR), b constructing explana-
tions, ¢ interest in data, d value of science in society, e self-efficacy in analyzing and interpreting data,
and f science career motivation, controlling for pretest. Means marked with * are significantly different
(p £0.05)

We also explored whether students within the treatment condition have higher
scores on the QR assessment when teachers implemented with higher fidelity to
the intervention. Comparing the five levels of the implementation quality meas-
ure, after controlling for pretest (baseline) score, we found that students in the
highest-level implementation classrooms (level 5) outperformed those in the low-
est-level classrooms (level 1) on the overall QR assessment (f=4.02, p=0.03;
Fig. 3).
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Fig.3 Fidelity of Implementa- Mean Posttest QR Score by FOI for Treatment Classrooms
tion to the treatment as a predic- &0

tor of student post-test score

on the quantitative reasoning ~
(QR) measure. Each diamond 9
represents one treatment
classroom (note that a darker
diamond denotes 2 teachers at
the same location). The solid
line is the regression line and
the shaded area around the line
is the 95% confidence interval

Mean Posttest QR Score

Fidelity of Im‘plementation

Discussion

Quantitative Reasoning Over the course of the study, students across both condi-
tions improved in their QR abilities (Table 1). These results indicate no difference in
overall QR attributable to the intervention. However, we did detect several meaning-
ful differences on components within QR, specifically in students’ ability to con-
struct scientific explanations.

Data N . . bili fentif lanations. We

found that students using Data Nuggets were better able to construct scientific expla-
nations using the claim-evidence-reasoning framework (C-E-R) (McNeill & Kra-
jeik, 2008b; McNeill et al., 2006; Fig. 2b). Students were more likely to select the
correct claim in response to a scientific question, as well as use data as evidence
to support their claims and use appropriate reasoning to back up their claims. This
suggests that the activities helped students with the challenging tasks of extracting
meaning from datasets and visual information to construct scientific explanations.

We designed Data Nuggets to give students repeated practice in construct-
ing explanations, with faded scaffolding to break apart the components of the task
(McNeill et al., 2006), likely contributing to these results. Data Nuggets also provide
ample context around a dataset, connecting students to the subject area as well as the
motivations and rationale for data collection. Research has found that the ability to
interpret graphs is contextually dependent, and an understanding of the content leads
to greater abilities in this area (Roth & Bowen, 2001). Therefore, scaffolding and
the context provided in the activities may be important in helping students to create
appropriate visual displays of data and then subsequently use data as evidence.

Even with improvements in C-E-R seen in our study population, fewer than
25% of all students were able to identify the correct claim at the end of our study.
This may have been due to a limitation of the QR instrument. We asked students to
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make claims about statistical significance, including interpretation of error bars, a
statistical competency more advanced than what most Data Nuggets activities and
high school biology instruction requires. In addition, we asked students to inter-
pret fictional vignettes and fake datasets, which contrasts to the authentic research
and data in Data Nuggets. These differences may have influenced students, particu-
larly in treatment classrooms, where the authenticity of science stories had been
emphasized.

On the post-test, 65% of students identified at least some evidence to support
their claim, regardless of whether the claim they chose was correct. However, very
few students in either the treatment or the comparison successfully identified appro-
priate reasoning (6.6% in comparison, 9.4% in treatment). This is consistent with
prior findings that students struggle most with the reasoning component of C-E-R,
in which they are expected to discuss relationships and connect claims to both evi-
dence and scientific concepts (McNeill & Krajcik, 2008b; Osborne et al., 2016).

Interest, Motivation, Self-Efficacy, and Engagement in STEM Data Nuggets increased
student science career motivation. Students who used the intervention activities
demonstrated increased interest in pursuing scientific careers compared to students
in the business-as-usual classes (Table 1, Fig. 2f). We hypothesize this effect is due
to the presence of science stories and scientist role models within each activity.

Each Data Nuggets activity is written by the scientist behind the data. Through
images and storytelling, scientists share the motivation behind their work, how their
ideas originated, and any challenges they faced along the way. Storytelling has been
shown to be a powerful tool in science education (Collins, 2021; Estrada et al.,
2011; Gibson, 2004; Schinske et al., 2016). Developers provide extensive revisions
and encourage Data Nuggets authors to use metaphors and storytelling techniques
throughout their writing, and to take opportunities to connect with student experi-
ences. The activities include engaging photos of scientists in the field or laboratory.
In addition, they incorporate humanizing elements, such as hobbies and personal
stories about why a scientist decided to pursue STEM as a career.

Typical science classroom instruction does not represent the diversity found
within STEM (Becker & Nilsson, 2021; Damschen et al., 2005). In contrast, stu-
dents using Data Nuggets are introduced to a broader representation of scientist role
models. These scientist stories and accompanying images may be providing students
with a new perspective on who scientists are and what the jobs of scientists look like
(Gladstone & Cimpian, 2021). This is consistent with teacher feedback. Teachers
involved in the study shared that Data Nuggets changed their students’ perspectives
about who might be a scientist, and that after the study, students felt more connected
with the idea of being a scientist. Furthermore, the addition of activities written by
younger scientists offers a fresh perspective on academic training and early career
excitement that students may not be exposed to otherwise. One teacher shared that
their students do not often get to see scientists who are women, and the fact that
so many young female scientists were represented in the program’s materials was
something that stood out to them.
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D incr nt self-effi in analyzing and interpretin
We found that students who used Data Nuggets showed greater gains in self-effi-
cacy, specifically for tasks related to the interpretation, analysis, and use of data
in the context of science (Table 1, Fig. 2e). Self-efficacy is an important construct
associated with science achievement (Bandura, 1997; Britner & Pajares, 2006).
We would expect that the more often a student performs a task, such as engaging
in science practices (NRC, 2012, 2013), the more their confidence would increase
in their ability to successfully complete that task in the future. Because many
activities were used across the course of the semester, it could be that repeated
practice using a familiar format helped students feel more confident in their abili-
ties, thus increasing their self-efficacy.

Science stories are useful when preparing data-rich materials for use in the
classroom (Giamellaro et al., 2020). However, in traditional biology instruction,
the steps of the scientific process are often removed. We hypothesize that it is
exposure to these components in our activities that drives student confidence
when engaging in science themselves, showing that the natural world is fascinat-
ing, often unpredictable, and that scientists are also continually learning how the
world works (Gould et al., 2014; Kjelvik & Schultheis, 2019). At the conclusion
of each activity, students are challenged to think like scientists and ask questions
to build on the information gathered from a single study. Through this experi-
ence, students see that surprising results do not indicate that something has gone
wrong in an investigation, but are instead part of the scientific enterprise and the
journey to discover the unknown.

Teacher Implementation Influenced Student Outcomes We found that the quality of
implementation varied across the teachers in our study, and that this in turn affected
student outcomes. Strong implementers embraced the activities as teaching oppor-
tunities, highlighting exciting themes that came up within the research, guiding stu-
dents to engage in active reading, addressing student misconceptions as they arose,
and teaching QR concepts throughout. Strong implementers engaged their students
in science practices and exploration, both of which have been demonstrated to help
students better learn material and perform better on tests when compared to lecture
and memorization (Freeman et al., 2014). Weak implementers used the intervention
activities as worksheets that students completed alone, rather than as a teaching tool
connected to instruction.

Differences in implementation explain some of the variation that we observed
across treatment classrooms. Teachers with the highest-level implementation
tended to have students that made the greatest gains in QR across the course of
the study (Fig. 3). Students in classrooms with the lowest-level implementation
had significantly lower QR scores than those in classrooms with the highest-level
implementation (p=4.02, p=0.03). This is consistent with findings that imple-
mentation matters in active learning and engaging in science practices (McNeill
& Krajcik, 2008a; Settles, 2009). A recent review found active learning helped
narrow achievement gaps for students in underrepresented groups, but found
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large variability across classrooms and that it only impacted students in class-
rooms when teachers implemented at the highest levels (Theobald et al., 2020).

When students engage in science practices, teachers are essential in helping make
sense of this form of instruction, establishing norms (Driver et al., 1994) and structur-
ing and guiding students’ experiences (American Association for the Advancement of
Science [AAAS], 1993; National Research Council [NRC], 1996). Teachers should
serve as models of the behaviors of a scientist, for example, demonstrating how to
work through complex scientific data (Crawford, 2000; Giamellaro et al., 2020). How-
ever, research shows teachers may struggle when assisting students with the practices
of science (Marx et al., 1997), and few studies have looked at teacher practice sur-
rounding the implementation of the practices of science in the classroom (McNeill
& Krajcik, 2008a). Although we used our teacher PD workshop at the beginning of
the study to familiarize our study teachers to Data Nuggets, the two days we had with
teachers were likely insufficient to both introduce our study design and influence how
teachers used the materials with their students. This resulted in our study reflecting
a wide variety of implementation styles, and not eliciting results based on only the
strongest implementation. This result did meet our desires for the study; we intended
to capture what typical Data Nuggets instruction looks like, and most of our users do
not attend our PD sessions and find materials online or through word-of-mouth.

As an implication for instruction, Data Nuggets should be used as a tool to
increase the use of science practices and bring authentic data into science class-
rooms, but not as a worksheet for students to complete without any surrounding
instruction. Within each activity there are plentiful learning opportunities, unique
and genuine to the story of an individual research project. However, these only
become apparent to students through intentional instruction.

Conclusion

Data Nuggets use authentic data and cutting-edge research to give students repeated
practice in quantitative reasoning (QR) in the context of science. The purpose of
these activities is to be embedded within typical instruction, supplementing existing
programs by giving teachers the means to infuse real data and research through-
out the curriculum. While they require relatively small commitments from teachers,
they have been shown to positively influence students in several ways. The scientists
who write these activities serve as role models for students, sharing their stories and
demonstrating the practices of science. In turn, students spend more time engaging
in the work of scientists, and come to see science as an active endeavor and some-
thing useful in their everyday lives, increasing their interest in STEM careers and
confidence in their own ability to work with data. Because Data Nuggets can be
used several times throughout the semester and across grade levels, they allow for
repeated practice and scaffolding in important QR skills, resulting in an increase in
student abilities to construct scientific explanations.

This study used Data Nuggets in their entirety for the intervention, and we can
only now hypothesize which elements of the design drove the observed changes in
students (see arrows in Fig. 1). Future research will explore the mechanisms behind
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these results and determine which elements of the program materials are responsi-
ble for student gains. For example, based on these results we hypothesize that the
scientist role models contribute to students’ increased self-efficacy and interest in
pursuing STEM careers. Our next step is to manipulate the degree to which students
experience scientist role models in our activities and to increase representation in
our materials even further.
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