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DISSERTATION ABSTRACT

Tracy E. Bousselot

Doctor of Philosophy

Department of Educational Methodology, Policy, and Leadership
June 2018

Title: Shifting the Focus to Science in the Early Elementary Years: An Examination of
Science Achievement Growth in Grades K — 2 Using a Nationally Representative Dataset

Efforts to understand growth and disparities in science achievement have mainly
been focused on the middle and high school grades in studies of K — 12 science
education, leaving a gap in the research about the early elementary years. This study used
a nationally-representative sample of students in Grades K — 2 to examine science
achievement and growth trajectories of students by gender and race/ethnicity. Using
multilevel growth modeling, differences in science achievement at Grade 2 and in rate of
growth were detected for several student groups. Socioeconomic status, prior reading and
math achievement, and student home language status were also significant predictors of
science achievement. Growth effect size estimates were calculated by student group and
showed substantial year-to-year growth in science achievement in the early elementary
grades, with a slight decrease in effect size across years. In order to strengthen current
efforts to increase student engagement and participation in science and STEM-related
career and college pathways, especially for historically underrepresented groups,
policymakers should shift focus to better understand promising practices that best support

all students in science from the onset of their K — 12 educational experience.
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CHAPTER |

INTRODUCTION

The popular anecdote often cited at the outset of calls to reform science education
in the United States revolves around the launch of a shiny sphere of metal 58 cm in
diameter in October of 1957. For three months, the sphere orbited the Earth before
burning up on re-entry into the atmosphere in January 1958. During the time that the
satellite, named the Sputnik 1, was in orbit, providing scientists with data on the density
of the upper atmosphere, it could be seen from Earth as it circled overhead every 96
minutes. The effects of the visible and short-lived journey across the sky of this simple
but technologically and historically significant device were to directly ignite the “Space
Race” and, more peripherally, to open the door to a new era of science education reform
in the United States (Clowse, 1981). The specific urgency that resulted from the
successful travels of Sputnik centered on the fact that the satellite was designed and
launched by the Soviet Union, which both scared and shocked citizens and policy makers
in the United States. Fearing that the U.S. would lose its competitive edge and be
outpaced by the Soviet Union in the areas of science, technology, engineering, and
mathematics, the National Defense Education Act (NDEA) was passed by Congress in
1958. The NDEA was charged with providing funding designed to mobilize awareness of
and stimulate reform in science education. At the same time, funding was increased for
the National Science Foundation, which was already in existence. In addition, the
National Aeronautics and Space Association (NASA) was established a year later.

The Space Race ended after the lunar landing of the Apollo 11 by U.S. astronauts

and the decreasing interest in space exploration of the American public in the early
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1970s; the emphasis on science education lost momentum in the ensuing years until the
release of the controversial report A Nation at Risk in 1983. While the report has been
criticized for, among other things, the incorrect presentation of contradictory data that
was used to characterize U.S. schools as failing, one outcome of the report was a renewed
interest in the sciences as attention was shifted to the increasing role of science and
technology in a rapidly changing global economy. During the middle 80s to middle 90s,
the acronym STEM was coined as a way to link the disciplines of science, technology,
engineering, and mathematics, which, as the world headed toward the turn of the century,
became seen as critical components to driving innovation and critical thinking in the next
generation of U.S. students (Breiner, Harkness, Johnson, & Koehler, 2012).

However, in 2001, the advent of the No Child Left Behind Act (NCLB) resulted
in educational efforts that laid out specific requirements for schools to meet adequate
yearly progress under accountability rules that emphasized the importance of increasing
scores on standardized tests of reading and mathematics. Science curriculum was reduced
during the first six years of the enactment of NCLB to focus on reading and math
(Cavanaugh, 2007). As the pendulum swung back toward a de-emphasis of science
education once again, reports like Before It’s Too Late (National Academy of Sciences,
National Academy of Engineering, and Institute of Medicine, 2000) and Rising Above the
Gathering Storm (Augustine, 2005) were released. The report authors were attempting to
call attention to the fact that the nation’s schools were still lagging in attempts to boost
science education reform efforts and engage and retain student interest in careers in the
STEM fields. Indeed, the original members of the committee that produced the original

2005 report of Rising Above the Gathering Storm were asked to reconvene and re-



examine their original work by members of the government, resulting in the darkly
humorous titled Rising Above the Gathering Storm, Revisited: Rapidly Approaching
Category 5 (Augustine et al., 2010). While the authors of the new report noted that there
were immediate efforts in the U.S. to address the recommendations outlined in the
original report, their summative assessment of conditions was that “...overall the United
States long-term competitiveness outlook (read jobs) has further deteriorated since the
publication of the Gathering Storm report five years ago” (p. 65). Augustine and
colleagues (2010) pointed out that the need to invigorate science and math education in
public schools was not just to increase the pool of candidates for the STEM workforce,
but also because of the expansion of a technology-based workplace where basic skills in
science and math are required regardless of job entry level.

The replacement of NCLB with the new accountability program known as the
Every Student Succeeds Act (ESSA) went into effect at the beginning of the 2017-18
school year. Under this act, statewide science testing continues to occur once in each of
the following grade spans: 3-5, 6-9 and 10-12 (ESSA, 2015). Advocates of the program
point to ESSA as a step in the right direction away from the prescriptive provisions of
NCLB that will allow for more flexibility in making curricular and testing decisions at
the state level, but it is too soon to tell how ESSA may directly affect science education
reform efforts.

Besides a plethora of reports and briefs signaling concern about science education
in the U.S., a reinvigorated national emphasis on education in the STEM fields has been
led by and brought to public and policy attention with the creation and adoption of the

Next Generation Science Standards (NGSS; NGSS Lead States, 2013) by 19 states and



the District of Columbia (as of November 2017). The NGSS serve as an update and
replacement of the National Science Education Standards (NRC, 1996) and Benchmarks
for Science (AAAS, 1994) that were used in creating state level science standards and
have been heralded as a further call from multi-sector stakeholders to take seriously the
need to increase student interest and achievement in the STEM disciplines. The intent of
the NGSS is to refocus K—12 science education using multidisciplinary connections, an
emphasis on hands-on and applied learning, and to highlight the importance of
engineering and technology by integrating them more thoroughly into the science
standards. The goal of implementation of the NGSS is to improve outcomes for students
around college preparation, STEM career readiness, and the ability of all members of
society to make informed decisions related to science literacy.

The crux of the urgency around the importance of finding ways for students to
engage deeply with STEM fields and opportunities is this: In order for the U.S. to remain
competitive and innovative in the fields of science, engineering, and technology, a new
generation of students will need to develop the requisite science knowledge and literacy
skills, including facility with reading, writing, and speaking the language of science
(National Academy of Sciences, National Academy of Engineering, and Institute of
Medicine, 2005). Beyond just competing in the current global economy, future
generations of U.S. students will need to be able to contribute to future discoveries and
challenges that humanity will face. Unfortunately, persistent differences in science
achievement, attitude, and career choices, described in part by complex relationships
between gender, race/ethnicity, and socioeconomic status, present challenges to fulfilling

these goals.



Most of the existing literature on science achievement has been focused on older
student populations, presumably because high school is where the specialization for a
future in STEM majors/careers begins. Research has shown that high school students’
achievement in STEM is predictive of whether students choose and persist ina STEM
field in college (Berryman, 1983; Conley, 2007; Wang, 2013). High school STEM
achievement has also been shown to explain both gender and racial gaps in the selection
of a college or career path in the STEM disciplines (Miller & Kimmel, 2012; Marsh,
Trautwein, Lidtke, Koller, & Baumert, 2005). However, less is known about the effects
of students’ early experiences in the sciences, especially as to how growth and
trajectories in science achievement may emerge and develop as students progress through
elementary and middle school and how student level factors may affect science
achievement gaps, as well as other school level contextual factors. A review of the
literature by Byrnes and Miller in 2006 found only 12 longitudinal studies of science
achievement in the 15 years prior to their work (Byrnes & Miller, 2006). The present
study contributes to a lacuna in the research on science achievement, particularly in the
area of longitudinal studies. The study explores the science achievement growth over
time of a cohort of elementary school students from kindergarten through Grade 2 who
participated in the Early Childhood Longitudinal Study (ECLS-K) from 2010 — 2015.
The ECLS-K: 2011 study is unique in that it included a measure of science achievement
starting in kindergarten, where most large scale longitudinal studies have focused on
reading and math achievement and growth, affording a better understanding of where and
how to focus attention when looking to improve opportunities for all students in science.

Beyond just examining science achievement growth, data collected as part of the ECLS-



K: 2011 allow for the inclusion of factors that may underlie patterns of growth and
corresponding achievement gaps, giving rise to potential guidance around promising

practices for science instruction in the early grades.



CHAPTER I
LITERATURE REVIEW
Building a STEM Workforce
The effects of globalization and the demands of the 21% century workplace dictate
a more sophisticated set of skills necessary for future workers as we enter an era with an
increasingly competitive international work force (NRC, 2011). In a rapidly changing,
technologically rich, global society, literacy in the fields of Science, Technology,
Engineering, and Mathematics (STEM) is required to participate in, and drive, an
innovation-based economy. Jobs in the 21% century require people with the knowledge,
skills, and mindsets that will enable them to adapt to flexible workforce needs and to
compete for high-wage, high-demand careers. It is widely recognized that high quality,

cross-disciplinary STEM education encourages skills such as critical thinking, problem

solving, collaboration, and creativity (Rothwell, 2013). Employment projections by the
U.S. Department of Labor show that 15 of the 20 fastest growing occupations projected
for 2017 require significant mathematics or science preparation.

STEM fields are considered vital to the health of the U.S. economy (Atkinson &
Mayo, 2010). Jobs in the STEM fields can potentially bring high economic rewards at
both the individual and societal labor market levels (Rothwell, 2013). Amidst claims that
the U.S. is losing its competitive edge in the global economy (National Academy of
Science et al., 2007), organizations such as the National Research Council and a coalition
of the National Academy of Science, National Academy of Engineering, and Institute for
Medicine have released reports based on current trends and economic forecasts calling

for significant reforms to K-12 science education in the U.S. to help address this growing



need (NRC, 2011; National Academy of Sciences, National Academy of Engineering,
and Institute of Medicine, 2005). The President’s Council of Advisors on Science and
Technology (2012) specifically laid out a goal to increase the number of STEM
bachelor’s degrees by 33% annually. Reports such as these are often used to provide
support for STEM education initiatives, citing the need to build STEM interest and
engagement at the local level in order to develop a home grown highly skilled work force
ready to fill regional positions in the STEM fields. Not only is it important to maintain
job growth in the STEM fields that is currently exceeding that of the non-STEM fields,
workers in STEM occupations on average have higher earnings and experience lower
unemployment rates over time than workers in other fields (Langdon, McKittrick, Beede,
Khan, & Doms, 2011).

However, persistent achievement gaps in science education and degree attainment
likely continue to contribute to disparities in the STEM workforce. While women make
up half of all college-educated workers in the United States, they represented only 28%
of science and engineering workers in 2010. Similarly, historically underrepresented
racial and ethnic groups (i.e., Hispanic, Black, and American Indian or Alaska Natives)
accounted for only 10% of the country’s workers in science and engineering in 2010,
quite low compared to their representation in the population of the U.S. (NSB, 2016).
Despite efforts by stakeholders to increase student engagement with STEM-related
pathways over the last several years, a recent report by the ACT signals that interest in
pursuing a STEM major or occupation has remained virtually unchanged (ACT, 2018).
Since 2012, less than half of the students who have taken the ACT college entrance test

have indicated an intention to either follow a STEM-related major or occupation or



indicated participation in activities that are aligned to STEM interests. Additionally, the
report makes clear that differences in interest in and readiness for STEM pathways after
high school continue by gender and underserved student populations as recently as the
graduating class of 2017.
Science L.iteracy

Having an understanding of the basic tenets behind science and how it works
should not be limited to those who enter STEM or STEM-related careers. A recent report
by the National Academies of Sciences, Engineering, and Medicine (2016; NASEM)
emphasizes the importance of and distinction between science literacy at the individual,
community, and societal levels. The authors of the report define science literacy as a
“...level of familiarity with the enterprise and practice of science” (p. 1). While content
specific knowledge is one facet of science literacy, the broader picture involves a
fundamental understanding of the process of scientific practice and decision-making.
Increasingly, people are required to sort through large amounts of information and make
decisions using a mix of STEM-related knowledge and skills. These decisions may be
related to such topics as medical care or understanding the effects of climate change on
the economy. Without the ability to locate and evaluate accurate and reliable information,
today’s students may have difficulty understanding current issues in science (Julien &
Barker, 2009), among others. The arguments for the importance of increasing the general
scientific and technological literacy of all citizens have been well articulated by multiple
national organizations and advancement groups for decades (e.g., AAAS, 1991; NAE and
NRC 2002; NRC 1989). With the continued advances in science and technology, it

becomes more important to establish a nation of scientifically literate citizens capable of



making informed decisions. However, research has shown a connection between the
opportunity to access high-quality science education and the development of science
literacy (NASEM, 2016), which may tend to further exacerbate differences based on
social inequity.

The results of international comparisons and national achievement assessments
present an unfavorable picture of the current state of science achievement in the U.S. The
most recent report released by the Program for International Student Assessment shows
U.S. science students well behind their global counterparts in science literacy, ranked at
19 out of 65 participating countries (PISA, 2012). The Trends in International
Mathematics and Science Study (TIMSS; Kastberg, Roey, Ferraro, Lemanski, &
Erberber, 2013), which every four years reports on the state of mathematics and science
achievement for students from around the world, released science assessment results in
2011 that ranked U.S. fourth graders and eighth graders at 7" and 13™, respectively, out
of the 63 countries and 14 benchmarking entities that participated in the study (TIMSS,
2011). It should be noted that not all experts agree on the usefulness of international
comparisons to make judgments about the quality of science education in the U.S., and
that quite often media reports citing the results of these assessments may paint a direr
picture than warranted (e,g,. Bracey, 2000; Koretz, 2008). Additionally, the exclusion of
students with disabilities from the large-scale international assessments like the TIMSS
and the PISA give rise to questions about the overall generalizability and comparability
of results as well as policy making decisions that might arise due to such comparisons

(Schuelka, 2013).
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International comparisons notwithstanding, most of our understanding of student
achievement trends in K — 12 science comes from the National Assessment for
Educational Progress (NAEP). The most recent results of the NAEP science assessment
in 2015 showed evidence of improvement in science achievement for some groups of
students across test administrations since 2009. The overall results for students in both
the 4" and 8" grades have increased. However, only 38% of 4'" graders and 34% of 81"
graders met the proficiency benchmark in science. The scores for 12t graders on the
assessment stayed flat from 2009, with only 22% of students scoring at or above
proficiency. Despite the progress made among the 4™ and 8t graders, all three groups
remain well below the “proficient” level.

Group Differences

Gender. The fact that fewer females attain degrees in the STEM fields is in part
attributed to differences in science achievement at the K-12 level (Sadler, Sonnert,
Hazari, & Tai, 2007). Women remain underrepresented in the science and engineering
workforce, although to a lesser degree than in the past, with the greatest disparities
occurring in engineering, computer science, and the physical sciences (NSF, 2014). The
results of a US census survey in 2012 indicate that only 1 in 7 women with a bachelor's
degree in a STEM subject find work in a STEM field (U.S. Census Bureau, 2012).
Previous studies using NAEP data have shown gender gaps in science achievement
beginning as early as 3" grade (e.g., Kohlhaas, Lin & Chu, 2010). However, evidence
from newer research indicates that the beginnings of disengagement with science for girls

begins earlier than middle school. More recently, studies using the ECLS data have
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revealed gender differences in science achievement starting in 1% grade (e.g., Curran &
Kellogg, 2016).

When looking at gender differences in science achievement on the NAEP, at the
4™ grade level, there was no significant difference between the average scores of girls and
boys in 2015. For students in the 8" grade, boys scored on average 3 points higher than
girls, down from a 5-point gap in 2011. There was not a significant difference among 12"
graders between 2009 and 2015.

Although girls typically are outperformed by boys on state and national
assessment in science like the NAEP, studies show girls and boys typically have similar
results in science achievement in school (Else-Quest, Mineo, &Higgins, 2013). Science
achievement differences by gender are thought to be associated less with lack of ability
than with factors related to stereotype threat, cultural messaging, or self-efficacy (e.g.,
Good, Aronson, & Harder, 2007; Riegle-Crumb, King, Grodsky, & Muller, 2012).
Student attitudes about science have been shown to be lower for elementary school girls
than for boys (Pomerantz, Altermatt, & Saxon, 2002). A recent study has shown that
starting at ages 6 and 7, girls begin to associate high level cognitive ability (the term used
by the researchers is “brilliance”) with males more often than with females (Bian, Leslie,
& Cimpian, 2017). Patterns of thought influenced by stereotypical beliefs may persist
into higher grades and influence academic and career trajectories. The intersection of
gender and race/ethnicity is also an avenue for exploring differences in science
achievement for girls. A study by Weinburgh (2003) of gender and attitudinal differences
about science with African American students in fifth grade found that African American

girls experienced overall less value of science to society and reduced motivation to
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engage in science than African American boys. However, Else-Quest, Mineo, and
Higgins (2013), found no significant differences when examining the interaction between
gender and race/ethnicity in a study of 10t grade students using measures of science
achievement and attitude.

Race/Ethnicity. The racial/ethnic academic achievement gap is well-documented
in the research literature. On state and national assessments for science, White students
score higher on average than students from all other racial/ethnic groups, particularly
when compared to Black and Hispanic students (NAEP, 2016). The gap between Black
students and White students has been narrowing across the most recent test
administrations of the NAEP among students in the 4™ and 8™ grades. The gap between
4™ grade Black and White students decreased from 36 points in 2009 to 33 points in
2015. Similar results were seen for 8t grade students, with the divide in achievement
between Black and White students narrowing from 36 points in 2009 to 34 points in
2015. At the 12™ grade level, however, there was not a significant reduction in the gap.
The gap between White students and Hispanic students in science on the NAEP has also
decreased since 2009. The gap between White 4™ grade students and Hispanic students
narrowed from a 32-point difference on average in 2009 to 27 points in 2015. For 8t
graders, the gap between White and Hispanic student scores went from a 30-point
difference in 2009 to 26 points in 2015. The gap remained virtually unchanged at the 12t
grade level. Despite these slight changes, the National Assessment of Educational
Progress data has continued to indicate significant racial and ethnic achievement gaps

that are predictive of inequitable outcomes for students after high school.
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Outside of the results of national and international assessments, differences in
achievement by race/ethnicity are found in other content areas, such as reading and math.
Some of these differences indicate that, for some groups of students, significant
differences exist even before students begin school (Fryer & Levitt, 2004; Phillips,
Crouse, & Ralph, 1998). The ability to examine the beginnings of science achievement
and growth for students of different race/ethnicities in this study shed light on the origin
of and trajectory for these children.

Socioeconomic status. There is a wealth of information describing how
socioeconomic status and the effects of poverty are important factors in explaining
differences in educational achievement. Kindergarteners from families with incomes
below the federal poverty levels scored lower on assessments than those from families
with incomes higher than the federal poverty level, with assessment scores increasing
with increasing parental education level (Mulligan et al., 2012). Overall, students from
disadvantaged backgrounds continue to lag behind their more advantaged peers, with
these disparities starting as early as kindergarten (NSB, 2014). The effects of
neighborhood level poverty rate (socioeconomic segregation) and racial segregation have
been demonstrated to have an effect on general academic achievement for students (e.g.,
Sastry & Pebly, 2010; Sharkey & Elwert, 2011), including such factors as disparity in
access to school level resources and access to college preparatory classes in the sciences.
Family SES has been shown to help to explain differences in STEM coursework
participation and achievement in math and science (Miller & Kimmel, 2012). Students
from families with low SES may have had unequal opportunities to be exposed to science

content and knowledge, due to such factors as parent educational backgrounds, lack of
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resources allowing students to access science related resources at home or in informal or
after school settings, and the availability of parent encouragement of science participation
(Archer et al., 2012; Cotton & Wikelund, 2001; Harackiewicz, Rozek, Hulleman, &
Hyde, 2012). Amplifying effects of SES on science achievement is the fact that students
from racial/ethnic minority backgrounds are about twice as likely to live in poverty as
those who are White (U.S. Census Bureau, 2012b).

Math and reading achievement. Previous studies have shown that science
achievement is related to students’ ability in math and reading (Snow, 2010). Most
science classes require that students engage with more complex text containing
discipline-specific vocabulary. Depending on the class, a wide range of ability with
mathematical computation and analysis is often needed to demonstrate understanding of a
given topic. Students with less well-developed reading and math skills may encounter
difficulty with the learning progressions necessary to develop scientific reasoning and
understanding. For some students, higher reading skills may help compensate for lower
science background knowledge (O’Reilly & McNamara, 2007). More recent work by
Reed, Petscher, and Truckenmiller (2016) indicates that intermediate reading skills may
be more important to science achievement than previous studies have suggested. In their
study, the authors found that general reading ability accounted for a greater percent of the
variance in science scores for students in 5" and 8" grade on two standardized tests than
hypothesized. Given that achievement gaps in math and reading have been shown to
appear early in a student’s academic trajectory and that these gaps are also often tied to

race/ethnicity (e.g., Phillips, Krouse, & Ralph, 1998; Reardon & Galindo, 2009) and
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socioeconomic status (e.g., Morgan, Farkas, & Wu, 2009; Quinn, 2015), math and
reading achievement are included in this study to help explain science achievement gaps.
Growth Trajectories

Morgan, Farkas, Hillemeier, and Maczuga (2016) suggested that it would be
useful to examine achievement gaps between different groups of students in science from
a developmental perspective, seeking to understand how science achievement trajectories
may begin and possibly change over time by different grade level. Gaps in science
achievement may begin to occur early due to lack of opportunities to interact with science
learning (e.g., Archer et al., 2012; Sackes, Trundle, Bell, & O’Connell, 2011; Entwisle,
Alexander, & Olson, 2000) then stay stable because science learning in school also stays
stable across time and does not significantly alter the growth trajectories for any groups
of students (McCoach, O’Connell, Reis, & Levitt, 2006).

Another growth trajectory possibility, often referred to as the Matthew effect
(Stanovich, 1986), occurs when students enter school behind their peers in terms of
science knowledge opportunities then experience low science achievement that continues
to lag behind their peers over time (Morgan, Farkas, & Wu, 2011; Walberg & Tsal,
1983). In this model, also known as a cumulative advantage growth trajectory,
differences in science achievement continues to grow for groups of students for a number
of reasons, possibly including the increasing complexity of science instruction that occurs
naturally as students progress to higher grades (Duncan, Rogat, &Yarden, 2009) and the
fact that increased reading and mathematics skills are required in order to access more

complex science content in the later grades (Fang, 2011; Snow, 2010).
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Finally, there is a compensatory achievement growth trajectory, where students
who initially lag actually catch up once they are exposed to science instruction (Huang,
Moon, & Boren, 2014). In this model of science achievement trajectories, students may
enter formal schooling with less science experience/lower achievement than their peers
for the same reasons as mentioned before. However, their initial gaps may lessen over
time as they experience schools with strong science programs, science interventions
designed to help support students at risk, or informal science education in after-school
programs (e.g., Museus et al., 2011; Wang, 2013; NRC, 2009). Students whose first
language is not the language of instruction may see gains over time as well as their
proficiency with the language of instruction increases (Crosnoe, 2012).

School Level Factors

Science education typically includes the disciplines of biology, chemistry,
physics, and Earth and space sciences. Science as an instructional topic in the U.S. is a
regular part of most K—12 students’ school experiences. As with mathematics, specialized
science classes begin in middle/junior high school. Testing in science under NCLB was
mandated later (2007) than for mathematics and reading (2003) and at a much lower
frequency. Unlike the testing for mathematics and reading, science was never part of the
“adequate yearly progress” requirement that holds schools accountable for students’
progress from year to year.

Science instruction in the elementary grades is typically, although not always,
accomplished by the regular classroom teacher. Most elementary teachers are
“generalists”, meaning that the same teacher provides instruction in all of the content

areas. Many educators do not feel confident teaching science, especially in the
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elementary and middle grades, and have lower content area knowledge, especially in the
area of physical science (Appleton, 2006). According to the 2012 National Survey of
Mathematics and Science Education, only 39% of elementary school teachers feel very
well prepared to teach science, while 77% feel very well prepared to teach mathematics
and 81% feel very well prepared to teach English language arts (Banilower, 2013).
According to the 2012 National Survey of Science and Math Education, just 5%
of elementary teachers had a degree in science or science education, and 4% had a
mathematics or mathematics education degree. Among middle school science teachers,
41% reported having earned a degree in science or science education, and 35% of middle
school mathematics teachers had a degree in mathematics or mathematics education. The
comparable figures for high school teachers were 82% and 73% for science and
mathematics, respectively (Wenner, 2001). The nature of instruction in the STEM-related
subjects requires a deeper understanding of the associated pedagogical content
knowledge (PCK) for a particular area. Although teachers in the middle/secondary grades
may have a firmer grasp on the STEM content knowledge than elementary school
teachers, teachers at all grade levels would benefit from a better understanding of PCK,
especially in conjunction with problem-solving and inquiry-based instructional practices
(Loughran, Mulhall, & Berry, 2004). Professional development, used to increase teacher
knowledge, skills, and self-efficacy (and thereby effectiveness), has changed through the
years to become more focused and intentional, but the extent to which teachers have
access to professional development in science is highly variable. In STEM subjects, high
quality and targeted professional development is needed to provide teachers with a deeper

understanding of the content and pedagogy specific to their discipline (Culp, Honey, &
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Mandinach, 2005). Many of the available STEM-related curriculum materials do not do a
good job in supporting problem-solving or inquiry-based science instruction.
Additionally, schools may have curriculum materials that are not aligned to the NGSS
and do not provide their teachers with sufficient training to adjust their current
curriculum to align with the recently released NGSS, which may result in a misalignment
with assessments designed to examine proficiency with NGSS standards. Educators need
access to curriculum and supplemental materials that help to engage students in relevant
exploration and connection with STEM-related topics and activities (Kesidou &
Roseman, 2002). For these reasons, elementary school teachers not only often steer away
from teaching science, but also use instructional strategies that may not be the best fit for
the content area (WestEd, 2011). Over the past decade, there has been a trend in
elementary schools toward spending less time on science and more time on reading and
mathematics, presumably due at least in part to the NCLB legislation (Blank, 2012).
Science is taught less frequently than mathematics, with only 20% of Grades K-3 classes
and 35% of Grades 46 classes receiving science instruction all or most days, every week
of the school year. Many elementary classes receive science instruction only a few days a
week or during some weeks of the year. Elementary science instruction averages out to
only 19 minutes on science per week. (Banilower, 2013).

At the school level, differences in access to high-quality science instruction and
supports create opportunity gaps for some students more than others (e.g., Flores, 2007;
Ladson-Billings, 2006). Students who attend schools in high poverty neighborhoods often
have less access to high-quality instructional materials or lab facilities. Science classes in

high-poverty schools are more likely than those in low-poverty schools to be taught by
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teachers with five or fewer years of experience (Peske & Haycock, 2006). While many
science teachers in the secondary grades feel well prepared to encourage the participation
of females and to encourage student interest overall in science and/or engineering, the
proportion of teachers with this level of confidence decreases in the elementary grades
and with teachers who have less teaching experience. At all grade levels, many teachers
report that they do not feel well prepared to encourage the participation of students from
low socioeconomic backgrounds and from racial or ethnic minorities in science and/or
engineering. Additionally, few teachers indicate feeling very well prepared to teach
science to students who have learning or physical disabilities, or are English-language
learners (Banilower, 2013)

The national conversation about the lack of graduates ready to enter the STEM
careers typically focuses on the number of students receiving bachelor’s degrees in
STEM fields and the number of students who actually enter STEM careers. While the
coursework for STEM degrees begins at the undergraduate level, the groundwork for
STEM studies is laid during high school. Many courses in high school math and science
act as gateway courses to continuing education pathways in STEM. High school courses
required for the post-secondary STEM pipeline include advanced lab based biology,
chemistry and physics coursework in addition to advanced math, typically calculus/pre-
calculus. Earlier than high school, students on track to complete advanced math courses
in high school need to have passed an algebra course while in middle school. Specific
coursework in high school is required to lead to seamless transitions to STEM degrees
and careers without entry-level remediation. Early remediation in math or science courses

is related to the likelihood of attrition from STEM degrees (Miller & Kimmel, 2012)
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Additionally, poor academic performance in the sciences in high school often has effects
on the choice of a science-related major in college (e.g., Conley, 2007; Robinson & Ochs,
2008).
Previous Research on Science Achievement Gaps Using ECLS Data

At the time of the literature review conducted for this study, there were seven
published, peer-reviewed articles that examined achievement in science using the ECLS
dataset, with only one of the studies conducted using the ECLS-K: 2011 data. Of these
studies, four focused on science achievement starting in Grade 3 or above (Kohlhaas, Lin,
& Chu, 2010a; Kohlhaas, Lin, & Chu, 2010b; Lin, 2014; Quinn & Cooc, 2015). Chapin
(2006) looked at the relation between children’s social studies and science knowledge and
skills to their race/ethnicity and gender for K-1 grade students using the ECLS-K data set.
Morgan, Farkas, Hillemeier, and Maczuga (2016) examined science achievement gaps
and growth trajectories across elementary and middle school in the ECLS-K study;
however, the ECLS-K dataset did not have a separate science assessment in kindergarten
and first grade, rather a General Knowledge assessment that included science items. A
separate science assessment was not administered in the ECLS-K until the third-grade
round of data collection. Most recently, Curran and Kellogg (2016) used the ECLS-K:
2011 dataset in a study on science achievement gaps by race/ethnicity and gender for
students in grades K-1 and the contribution of individual student level factors and school
fixed effects to explain identified achievement gaps. Findings from this study indicated
significant science achievement gaps, particularly by race/ethnicity, and that the size of

many of the detected achievement gaps change in between kindergarten and first grade.
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While gender difference in science achievement was not significant in kindergarten, the
emergence of a gender gap was noted in first grade.
Purpose of Study

The purpose of the present study was to build on the current interest in science
achievement at the elementary level and leverage the availability of a nationally
representative longitudinal sample that includes a measure of science achievement. The
study was designed to investigate the science achievement growth trajectories of students
by gender and race/ethnicity between kindergarten and Grade 2, using multilevel
longitudinal models and applying rigorous statistical examinations of the results. This
research adds to the literature around science achievement in several ways. First, the
focus of attention is shifted away from the secondary and post-secondary years. As new
research emerges that connects cognitive development in pre-school age children to the
development of skills that are foundational to science understanding, it becomes clear
that stakeholders and policymakers need to pay closer attention to the development of
science achievement gaps and differential group trajectories if change is to be effected
further down the educational pathway. Second, the results of this study extend the limited
information currently available on achievement growth in science in the elementary
school years and to call attention to the various student-level factors that may contribute
to inequities in science achievement that persist into the middle and secondary years.
These same factors, such as gender, race/ethnicity, and socioeconomic factors have been
identified as having differential effects on student math and reading achievement.
Observing the extent to which student level factors act in a similar fashion with science

achievement helps to better inform intervention and instructional decision-making.

22



Finally, an instructional variable was included in the study variables to investigate if the
amount of time spent on science instruction had a significant effect on student
achievement and growth. Given that there is a high degree of variability in the amount of
time spent on science instruction in the early school years, it could be surmised that
students missing out on formal and explicit science instruction may be at a disadvantage
to their peers in classrooms or schools that have a more coordinated or systematic
approach to science instruction.
Research Questions

The research questions that were used to guide this study were as follows:
1. What is the average initial level and growth trajectory of students from kindergarten to
second grade in science achievement?
2. To what extent does initial level of science achievement relate to growth in science
achievement?
3. How are kindergarten to second grade growth trajectories affected by children's
gender, race/ethnicity, family SES status, home language, and IEP status?
4. To what extent is kindergarten to second grade science achievement growth explained
by student reading and math achievement in the fall of kindergarten, once demographic
data are controlled for?
5. To what extent is kindergarten to second grade achievement growth explained by the
average science instructional time, once demographic data and reading and math
achievement are controlled for?
6. Is the effect of instructional time moderated by student demographics, specifically the

interaction between girls and race/ethnicity?
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CHAPTER Il
METHODS

Study Data

Data used in this study were from the newest version of the Early Childhood
Longitudinal Study, Kindergarten Class of 2010-11 (ECLS-K: 2011), conducted by the
National Center for Educational Statistics (NCES). The ECLS-K: 2011 is a revised and
updated version of the ECLS-K study, which began collection in 1998-1999. The 2011
study included a nationally representative sample of children who were either attending
kindergarten or were 5 years old and attending school in an ungraded setting in the 2010—
2011 school year. The base year sample consisted of 18,174 students who were selected
to participate in the kindergarten year and were followed through fifth grade. The ECLS-
K: 2011 employed a complex three-stage sampling strategy to create a nationally
representative sample of public and private school students. In the first stage, the
sampling design used stratified random sampling first within primary sampling units
(PSUs) across the United States. Sampling of PSUs used 2007 census bureau population
estimates for each county and estimates of the number of 5-year-old children in each
(overall and by race/ethnicity), divided into regions (Northeast, Midwest, South, West).
In order to sample PSUs with a probability proportional to size, each PSU was assigned a
measure of size (MOS). The measure of size used for selecting the PSUs was the number
of 5-year-old children in the PSU (rather than the total PSU population size) adjusted for
the desired oversampling of Asian, Native Hawaiian, and other Pacific Islander students
(designated APIs). In the next stage, approximately 1,300 schools were sampled from

within PSUs. Finally, about 23 kindergarteners were sampled from within each selected
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school. If a sampled school had less than 23 kindergarten students, all of the students
were selected for participation. The sample design included over-sampling Asian/Pacific
Islander (API) students to ensure sufficient sample size, with API students sampled at a
rate 2.5 times higher than non-API students (Tourangeau, Nord, L&, Sorongon, et al.,
2015; Tourangeau, Nord, L&, Wallner-Allen, et al., 2017). The sampling design included
an attrition without replacement strategy. Student replacement only occurred at the very
beginning of the study when not enough schools in a region agreed to participate, but this
was school replacement and not individual student replacement. Students selected to
participate who did not actually participate in the base year activities were not contacted
in later rounds of the study. According to the user’s manual, 68% of base year students
were still attending their original sampled school in the fall of second grade, 2013
(Tourangeau, Nord, L&, Wallner-Allen, et al., 2017).
Participants & Procedures

The ECLS-K: 2011 study includes direct measures of both academic and
cognitive skills and the physical measurement of student participants (including height
and weight), as well as demographic and self-report survey data collected directly from
children, their families, teachers, and schools (Tourangeau, Nord, L&, Wallner-Allen, et
al., 2015). Assessments and surveys were administered in the fall and the spring of
kindergarten (2010-11), the fall and spring of first grade (2011-12), the fall and spring of
second grade (2012-13), the spring of third grade (2014), the spring of fourth grade
(2015), and the spring of fifth grade (2016). The sampling methodology used in the
ECLS-K: 2011 included the use of fall subsamples in both the first and second grade

years of data collection. The fall subsamples included children in approximately one-third
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of the sample of primary sampling units (PSUs) selected for the study. In the spring of
first and second grade, the data collection included the entire sample of students
participating in the base year collection, as did the single spring data collection time point
in the third through fifth grade years. Data used in this study included publicly available
data from students followed from kindergarten through the second-grade administration.
See Table 1 for approximate sample sizes of participants for whom complete data was
collected by data collection round (NCES, 2017).

Table 1

Approximate Sample Sizes (Rounded to the Nearest 10) of Student Participants in the
Direct Child Assessments in the ECLS-K: 2011, K -2

Data collection round n

Fall kindergarten 13,760
Spring kindergarten 17,210
Fall first grade? 5,230
Spring first grade 15,130
Fall second grade? 4,740
Spring second grade 13,850

Note. tAssessments in the fall of first grade included a sub-sample of approximately one-third of the total
ECLS-K: 2011 sample of students. 2 The assessments in the fall of second grade included the same students
selected for the fall of first grade. Source: NCES ECLS-K: 2011 Training Handbook, 2017 Biennial
Meeting of the Society for Research in Child Development. April 5, 2017. Austin, TX.

Assessment administration. The ECLS-K: 2011 assessments were individually
administered to participating students by trained and certified child assessors. Assessors
entered student responses using a computer- assisted interviewing (CAI) program. While
the assessments were untimed, the total time involved for the direct cognitive assessment

was designed to last for approximately 60 - 80 minutes, depending on the data collection
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round. The sequence of assessments delivered in the session for students in Grades K — 2
was as follows: Reading, Math, Executive Function, Science (except in the fall of
kindergarten), and Height/Weight Measurements.

A language screener and routing path was used for all children taking the direct
cognitive assessment, serving as a practice session for students whose primary language
was English and as a screening mechanism for students whose primary language was
something other than English. In kindergarten and first grade, adjustments were made to
the assessment administration for students whose home language was one other than
English or Spanish and who did not achieve at least the minimum score on the screener.
Beginning in second grade, all study children were administered the entire assessment in
English, regardless of home language.

An adaptive, two-stage approach to administration of the assessments was used
for reading, math, and science. The first stage consisted of a routing section that included
items across a range of difficulty. A student’s performance on the routing section then
determined which version of three second-stage assessments the student was
administered, designed to include low, middle, or high difficulty items. The second-stage
forms included some items that overlapped (e.g., some items in the low-level form also
are included in the middle-level form). The common routing test and the item overlap
between second-stage forms was used to ensure a sufficient number of items to precisely
measure the child's skills. Specific cut scores were developed through statistical
simulations that employed IRT ability estimates and item difficulty parameters in order
for test takers to be assigned to a high, medium, or low-level assessment, as appropriate

for their individual ability (Tourangeau et al., 2015). While most of the items from the
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first-grade assessments were included in the second-grade assessments, more difficult
items were added to the assessments in second grade, and some easier items were
removed. This process ensured that the assessments items were appropriate for the level
of knowledge and skills of the students as they progressed through school (Tourangeau,
Nord, L&, Wallner-Allen, et al., 2017).

Across assessment domains, assessment items were presented to students on a
small easel, with items typically consisting of images, words, number/number problems,
depending on the domain. Some reading was required of students on the reading
assessment, but all items in the math and science assessments were read aloud by the
assessors. Students provided answers either verbally or by pointing at their selected
responses on the test easel (Tourangeau, Nord, L&, Wallner-Allen, et al., 2017).

ECLS-K Measures

The direct cognitive assessments used in the ECLS-K: 2011 study were created by
expert curriculum specialists. Domains and constructs across the content areas of science,
reading, and mathematics were identified and aligned with state and national standards.
An item pool for each content area was developed using items from several published
assessments, resulting in criterion-referenced, adaptive measures of cognitive ability. The
ECLSK: 2011 user’s manual presents expert review by curriculum specialists and
examinations of performance standards as evidence for the validity of the direct cognitive
assessments.

IRT-based scores. Item Response Theory (IRT) theta scores ranging from -6 to 6
were generated for each student, the higher scores indicated better performance on the

assessment. Because academic achievement was reported using IRT scoring, student
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scores in the ECLS-K: 2011 data set represent an estimation of each student’s ability
(theta) in each domain at each measurement point. The resulting scores are reported on a
linked scale so scores can be compared over time and across measurement occasions.
Item response theory theta scores are used in the present study because they are
comparable across different forms of an assessment and can be used to show growth over
time (Tourangeau et al., 2017).

Reading achievement measure. The reading cognitive assessment included
items to measure students’ basic skills (phonological awareness, familiarity with print,
recognition of letters and sounds, and identification of common sight words), vocabulary,
and comprehension (locate/recall, integrate/interpret, critique/evaluate). There were 40
routing items on the first stage reading assessment in both the kindergarten and first grade
years (Tourangeau et al., 2015) and 29 routing items in the second grade (Tourangeau et
al., 2017). There was a total of 120 items in the reading assessment item pool across
years. See Table 2 for the reported reliability of the IRT theta and scale scores (overall
ability estimates) for the reading assessments for data collection conducted in grades K —
2 (Tourangeau et al., 2017).

Math achievement measure. The mathematics cognitive assessment included
items to measure students’ skills in conceptual knowledge, procedural knowledge, and
problem solving, including number properties and operations, measurement, geometry,
data analysis and probability, and algebra. There were 18 routing items on the first stage
math assessment in both the kindergarten and first grade years (Tourangeau et al., 2015)
and 20 routing items in the second grade (Tourangeau et al., 2017). There was a total of

113 items in the math assessment pool across years. See Table 2 for the reported
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reliability of the IRT theta and scale scores (overall ability estimates) for the math
assessments for data collection conducted in Grades K — 2 (Tourangeau et al., 2017).
Science achievement measure. Unlike the original ECLS - K study, a separate
direct measure of student science knowledge and skills was administered beginning in the
spring of kindergarten. The science cognitive assessment included questions from the
physical sciences, life sciences, environmental sciences, and scientific inquiry. For the
spring kindergarten science assessment, the assessment was composed of 20 items that all
children who were administered the science assessment received; a two-stage assessment
was not used for this domain until the fall first-grade round. In first grade, there were 15
routing items on the first stage science assessment (Tourangeau et al., 2015) and 19
routing items in the second grade (Tourangeau et al., 2017). There was a total of 64 items
in the science assessment item pool across years. See Table 2 for the reported reliability
of the IRT theta scores (overall ability estimates) for the science assessments for data
collection conducted in Grades K — 2 (Tourangeau et al., 2017).
Table 2

Reported Reliabilities of IRT Theta Scores for Reading, Math, and Science Achievement
Assessments Used in the ECLS-K: 2011, by Data Collection Time Point.

K K Grade 1 Grade 1 Grade 2 Grade 2
Measure Fall Spring Fall Spring Fall Spring
Reading 0.95 0.95 0.95 0.93 0.93 0.91
Math 0.92 0.94 0.93 0.93 0.92 0.94
Science --- 0.75 0.83 0.83 0.83 0.83

Note. Science achievement measure was not administered in the fall of the baseline year. Source: Early
Childhood Longitudinal Study, Kindergarten Class of 2010-11 (ECLS-K:2011) User’s Manual for the
ECLS-K:2011 Kindergarten—Second Grade Data File and Electronic Codebook, Public Version
(Tourangeau et al., 2017).
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Assessment psychometric data. Complete psychometric data are currently
unavailable for the direct cognitive assessments used in the study. Additional
documentation is currently in press (Najarian et al., forthcoming).

General classroom teacher questionnaires. Participating general classroom
teachers completed self-administered paper teacher-level questionnaires in the fall and
spring of each project year. The questionnaires included items about themselves and
their classrooms, as well as questionnaires about each child in their classroom who was
participating in the ECLS-K: 2011. Teacher-level questionnaires provided information
about participating students’ academic and social development and the classroom
environment in which it occurred. Topics covered on the fall questionnaire included
classroom and student characteristics and teacher demographic information. Topics
covered on the spring questionnaire included instructional activities, content coverage,
resources and materials, teacher evaluation and grading practices, and level of parent
involvement.

Study Variables

Dependent variable. Analyses in this study used the IRT theta scores from the
ECLS-K science assessments as outcome measures for science achievement growth.
Science achievement was measured on 5 assessment occasions, beginning in the spring of
kindergarten.

Demographic predictor variables. The demographic data used in this study to
explain variation in student science achievement growth include sex, race/ethnicity,

socioeconomic status, student disability status, and home language. These data were
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collected at the beginning of the study in the fall of 2010 through the use of school data
systems, parent surveys, and student reports.

Student gender was dichotomously coded to represent male (0) and female (1).
Race and ethnicity was coded as a nominal variable using the following categories based
on the dataset: Black or African American (Non-Hispanic), Hispanic (race specified or
non-specified), Asian, and Indigenous/Multiracial (including Native Hawaiian/Other
Pacific Islander, American Indian or Alaska Native, More Than One Race). The small
sample sizes of students in the categories included in Indigenous/Multiracial necessitated
the collapsing of these groups into a single variable. White (Non- Hispanic) was used as
the reference group for all analyses.

The variable representing socioeconomic status (SES) in this dataset was created
as a composite using items collected in the parent survey including (a) male guardian’s
level of education, (b) female guardian’s level of education, (¢) male guardian’s
occupation, (d) female guardian’s occupation, and (e) household income. Guardians’
occupations were converted to prestige scores using the General Social Survey of 1989
(Tourangeau et al., 2015). Socioeconomic status is represented by a continuous variable
on the scale of -3.00 to 3.00, with the larger values representing higher SES and the
smaller values representing lower SES.

To control for possible differences in science achievement growth due to student
disability status, a time invariant variable (designated IEP Ever) was created by
combining data from spring teacher questionnaires. Each year, teachers were asked to
indicate whether or not each student in their class who participated in the ECLS study

had an Individualized Education Plan (IEP). Because of the small grade range of the
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present study, a decision was made to code a student as a 1 if they were reported as ever
having an IEP at any occasion across the three reporting periods of the study. Students
who were never reported as having an IEP were coded as 0.

The possible differences in science achievement growth due to student home
language status were controlled for by including a dichotomously-coded variable that
indicated whether or not a students’ home language was reported as being English or
another language. While an option exists on the teacher survey to indicate whether or not
a participating student is identified as an English language learner, the author chose to
use an indicator that represents a context-independent variable for students that may have
a dominant language other than English, given possible validity issues with the EL
variable that may arise as to whether or not a student is being treated as an EL student in
school and differences in how a student is defined as an EL in one jurisdiction versus
another.

Initial reading and math scores. As prior achievement measures, students’
scores on the initial math and reading assessments from the baseline kindergarten
assessment in the fall of 2010 were included in the model building process.

Science instructional time. Responses from items on the spring teacher
questionnaire were used to create a student level variable regarding the average amount
of time students received science instruction across the first three years of their schooling.
The first relevant item on the questionnaire reads, “How often does the typical child in
your class or classes usually work on lessons or projects in the following general subject
areas, whether as a whole class, in small groups, or in individualized arrangements?”

Response options for this item were: Never, Less than once a week, 1 day a week, 2 days
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a week, 3 days a week, 4 days a week, and 5 days a week. The second relevant item on the
questionnaire reads, “On the days children work in these areas, how much time does the
typical child in your class or classes usually work on lessons or projects in the following
general subject areas?” Response options included: Not applicable/Never, Less than %2
hour a day, ¥ hour to less than 1 hour, 1 to less than %2 hours, 1 % to less than 2 hours, 2
to less than 2 % hours, 2 % to less than 3 hours, and 3 hours or more. The continuous
instructional time variable was created by multiplying the midpoint of the selected time
range by the number of days teachers reported science instruction. If the option of Less
than once per week was selected, 0.5 was used as the multiplying factor.

Interaction effects. Stevens and Schulte (2016) demonstrated the importance of
investigating interaction effects through the use of rigorous statistical analyses versus
descriptive statistics or visual inspection as a means of avoiding misinterpretations in
studies of achievement growth. In order to examine possible subgroup differences for
girls belonging to historically underserved race/ethnicity categories related to the amount
of science instructional time, interaction effect terms were created for Gender by
Race/Ethnicity and were included in the final step of the model building process
described in the next section.

Analytic Methods

The study dataset was created using the ECLS Electronic Codebook, which
allows users to create a customized data extraction that only includes the variables of
interest. Initial examinations of the data were conducted using SPSS 25 (IBM Corp.,
2017). First, achievement scores and other variables of interest were examined for

univariate normality, skew, and outliers using descriptive statistics, boxplots, and
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histograms. Descriptive statistics were used to report mean change by assessment time
point for all students by student group. Next, student growth was modeled using
multilevel longitudinal analyses (Raudenbush & Bryk, 2002). The multilevel analyses
were completed using HLM 7.0 (Raudenbush, Bryk, Cheong, Congdon, & du Toit, 2011)
and the longitudinal models were specified as random intercept and slope models. A third
school level in the analysis was not included as the primary interest in this study was
student growth rather than school effects. Thus, a two-level HLM model was used, with
time centered at the final science testing occasion (spring Grade 2). An unconditional
growth model served as a baseline for comparison to succeeding models. The next
modeling step applied conditional multilevel growth models to examine model results
when student demographic variables were added. The last step in this portion of the
analysis was to add the remaining variables of interest (i.e., prior reading and math
achievement, average time spent on science instruction across K - 2) as additional
predictors of science achievement. At each step, nonsignificant terms were retained given
that these substantive groupings account for the presence of variation that would be lost
without their inclusion in the model. Differences between models were evaluated using
deviance tests and calculation of pseudo-R? statistics. The conditional models included a
level-1 model that specified student science scores predicted by a quadratic function of
time of measurement and a level-2 model composed of the prediction of level-1 model
parameters as a function of student demographic characteristics and time spent on science
instruction. Individual growth curves were evaluated after initial examination of the data
to fully inform the decision of what functional form of the science achievement growth

trajectories to use. After specifying growth models in HLM, tests of homogeneity of
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Level 1 variance were conducted (Raudenbush & Bryk, 2002). Residuals for all levels of
the HLM models were examined in SPSS for consistency with assumptions underlying
multilevel models. Residual files were used to create a scatterplot of the Mahalanobis
distances against the expected chi-square distribution values from the higher-level
residual files, including a fit line to ensure consistency with assumptions underlying

multilevel models.
Level 1 Model:

Yy = mo; + 1y (Timey;) + 1y (Timef) + ey 1)
where

Y;; 1s the science IRT theta scale score for student i at time t;

To; 1S the initial status or intercept for student i at time O;

m,; 1S the linear rate of change;

T,; IS the quadratic curvature;

e;; Is the residual for student i at time t.

Level 2 Model:
To; = Poo + ZPor (Predictory) + 1y (2)
my; = Bro + Bk (Predictory) + 1y; (3)
Ty = Bao + LBk (Predictor;) + 1y; 4)
where

Boo 1S the science IRT theta scale score intercept for student i at time t in the
spring of second grade;
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Box s the average partial regression coefficient relating the predictor of interest to
student initial status;

1o 1S the residual between the fitted predictor value for student i and that student’s
observed science theta score;

P10 IS the average rate of linear change per occasion;

Bk 1s the average partial regression coefficient relating the predictor of interest to
student rate of linear change;

7y, 1S the residual between the fitted predictor value for each student’s linear rate
of change and the observed rate of linear change;

B is the average rate of quadratic change per occasion;

B2 1 the average partial regression coefficient relating the predictor of interest to
student rate of quadratic change;

15; IS the residual between the fitted predictor value for each student’s quadratic

rate of change and the observed rate of quadratic change.

Effect size. In order to empirically describe the magnitude of group differences

and to provide assistance in interpreting the growth trajectories, science achievement

growth effect sizes were calculated. The use of a longitudinal design necessitated the use

of a growth effect size, which takes into account the parameters of the estimated growth

model and intra-individual dependency between occasions (Stevens, 2018). The growth

model effect size (ES) used here also takes into account non-linear growth and the

inclusion of a quadratic term in this study’s analyses. Using HLM residual files,

Empirical Bayes estimates of growth model parameters were used to calculate individual

37



growth trajectories. An estimated growth rate at each assessment time point was
calculated, and serves as the metric of the magnitude of change. Growth rate (GR) was
determined using the following formula: GR = S + (2)(Q)(t), where S and Q are the
estimated linear slope and quadratic growth parameters in the growth model and t
represents time or measurement occasion. In order to obtain an annual growth effect
size, the growth rate was multiplied by 12 (because time was coded in months). To
determine the growth ES, the growth rate was then divided by the standard deviation for
all students at the grade level of interest (time t).

Sample weights. To ensure that data were collected from a wide range of
children, a strategic sampling method was used in the ECLS-K: 2011 study to include a
representative sample of schools, teachers, and children in participation, meaning that
subjects did not have an equal chance of being selected for the study. Given the stratified,
multistage probability sampling design, a longitudinal child level sample weight was
applied to all analyses. The purpose of this sample weight was to account for differential
probabilities of selection and nonresponse bias. Applying the weighting variable ensured
that the analytic sample reflected a nationally representative sample to the degree
possible using this method. The ECLS Electronic Codebook contains select weighting
schemes that are provided for analysis using data from each round of data collection and
components (i.e., assessments and interview questionnaires) for which the weight is
adjusted for nonresponse. Appropriate weights for analysis were used, specifically the
kindergarten through second-grade dataset weighting scheme that accounts for student
assessment data at all time points and teacher survey data from the spring of each year

(W6CS6P_2T0). To account for the possibility of bias given the sampling design and
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large sample size, design effect calculations were applied to the sampling weights to
adjust the standard errors. The same sample weight was used for all analyses so that the
underlying sample used to produce estimates remained the same (Tourangeau, Nord, L€,
Wallner-Allen, et al., 2017).

Missing data. The ECLS-K: 2011 study utilized a purposeful, stratified sampling
plan and the dataset includes sampling weights that reflect this plan and account for
sampling bias. Additional analyses of the dataset were conducted to determine if
missingness was random or systematic. For variables with missing data greater than 2%,
t-tests or chi-square tests were conducted to examine differences in each outcome
variable based on missingness. The decision was made to use full information maximum
likelihood estimation (FIML) at Level 1 and multiple imputation at Level 2 in the
multilevel modeling process to deal with the missing data. FIML is preferred where
possible, but, in this analysis, was only possible for Level 1, thus multiple imputation was
used for Level 2. These methods were selected because of their abilities to more
effectively and accurately improve the analyses relative to other methods of dealing with

missing data (Enders, 2010).

39



CHAPTER IV
RESULTS

In this section, results from all of the relevant analyses are presented and
discussed, along with visual displays to help in their interpretation.
Testing Assumptions

The science achievement IRT scale score was examined to determine if the
distributions across assessment waves were normally distributed (see Appendix for
distributions and scatterplots across all assessment time points). Results revealed
relatively normal distributions without severe kurtosis (i.e., kurtosis statistics ranged from
-0.29 to 2.67). However, while the first three assessment time points were without severe
skew (i.e., skewness statistics ranged from -0.52 to 0.02), the distributions of science
achievement scores for the final two assessment time periods were both slightly
negatively skewed to the right (i.e., skewness statistics of -1.01 and -1.03, respectively).

The computed average instructional time variable displayed slight positive skew
(skew statistic = 1.33) and a leptokurtic distribution (kurtosis statistic = 3.21), with a very
wide range of reported instructional time, from 2.5 hours to 575 hours of average
instructional time across the K-2 grade span (M = 126.58, SD = 69.99). Pearson’s
correlations revealed statistically significant correlations between many of the study

variables (see Table 3).
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Table 3

Pairwise Correlations Among Study Variables

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1. Sex 1
2. Black 006 1
3. Hispanic 001 992 1
4. Asian 025  -086 -122 1
5. Indigenous/
6. Home
language -009 108  -421 -234 069 1
7. SES 004  -136 -317 072 017  .265 1
8. IEP Ever 010 003 016 -006 006 -002 -004 1
9. Science
SPK 015  -181 -321 -072 .048 .345 423 -011 1
10. Science F1 41 148  -335 -024 071 322 439 -003 804 1
11. Science SP1 /0 201 -270 -026 051 260 421  -002 765 840 1
12. Science F2 ;07 105 .305 012 049 283 430 -002 737 797 833 1
13. Science SP2 /s 210 -220 030 031 202 397 -006 719 777 815 856 1
14. Reading FK 0 06 203 072 008 161 400 000 515 569 549 555 541 1
15. Math FK .018  -132 -240 .068 .013 .188  .410 -009 577 606  .607  .595 614  .762 1
16. Instructional
time 006 137 070 -011 -054 -025 -018 .007 -038 -038 -032 -033 -015 .035  .008 1

Note. Bolding indicates statistical significance. Correlations calculated using pairwise deletion.
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A visual inspection of a random selection of 25 samples of science achievement
performance across Grades K-2 (see Figure 1) suggested the presence of potential
quadratic form, resulting in the inclusion of a quadratic term in the model building

process to account for individuals with nonlinear growth trajectories.
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Figure 1. Random sample of 25 science achievement growth trajectories
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Missingness Analysis

The raw data set were first examined to create an analytic sample. The full sample
size was 18,174 cases. Data on whether or not a student was not assessed at any time
point due to a disability exclusion was suppressed in the public dataset, so this could not
be determined in the present study.

In order to establish a baseline for the succeeding growth models, students who
did not have an initial kindergarten science test score (n = 1,238) were excluded, reducing
the sample size by 6.81% to 16,936. Students who were missing data from the initial
kindergarten science assessment time point had statistically significantly lower

socioeconomic status scores than students not missing the initial science theta score (t =
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10.34, p <.001), as well as statistically significantly lower initial reading (t = 13.74, p <
.001) and initial math scores (t = 14.27, p < .001). Students missing a baseline science
assessment score were statistically more likely to be Hispanic (y* = 41.53, p <.001), or
Asian (x> = 12.01, p = .001).

After this exclusion rule was applied, the percentages of missing data for the other
variables of interest from the non-weighted sample were calculated and displayed in
Table 4. Although Enders (2010) identifies several problems with the overall utility of
Little’s MCAR test, SPSS was used to conduct the omnibus test, resulting in a chi-square
= 3,098.55 (df = 1,424, p < .05), indicating that, as a whole, the data in the sample were
not missing completely at random.

Table 4

Number and Percent of Missing Data by Variable of Interest

Variable Number of missing cases Percent of sample
Sex 29 0.17%
Race/ethnicity 40 0.24%
Family SES 1,841 10.9%
IEP Ever 317 1.87%
Home language 1,881 11.1%
Kindergarten reading score 1,964 11.6%
Kindergarten math score 1,964 11.6%
Grade 1 spring science score 1,918 11.3%
Grade 2 spring science score 3,016 17.8%
Science instructional time 681 4.02%

Note. Missing data presented here from first analytic sample, after baseline exclusion rule applied, N =
16,936.
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Students missing data for the socioeconomic status variable had statistically
significant lower science achievement scores in the spring of kindergarten, Grade 1, and
Grade 2 (t = 16.45, p <.001; t = 14.58, p < .001; t = 12.83, p < .001). Hispanic (y* =
48.69, p <.001), Black (y* = 44.08, p <.001), and Asian (* = 32.62, p <.001) students
were also more likely to be missing data for the socioeconomic status variable than White
or Indigenous/Multiracial students.

Students missing a response to the primary home language variable were
statistically more likely to be male (y* = 4.27, p <.05), black (y* = 41.11, p <.001),
Hispanic (x* = 53.51, p <.001), or Asian (x* = 32.69, p <.001). Students missing a
response to the primary home language variable also had statistically significantly lower
socioeconomic status than students with data for this variable (t = 2.86, p < .01).

While there were no statistically significant differences in socioeconomic status
between students not missing and missing science scores in the spring of kindergarten or
Grade 1, students missing science test scores in the spring of Grade 2 had statistically
significant lower socioeconomic status (t = 3.51, p <.001). Students missing science
scores in the spring of Grade 1 were more likely to have a home language other than
English (3% = 70.75, p <.001), more likely to be black (3% = 92.27, p <.001) and more
likely to be Hispanic (2 = 40.81, p <.001). A similar pattern was identified for students
missing science scores in the spring of Grade 2. Students missing scores at this time point
were more likely to have a home language other than English (x* = 79.03, p <.001), more
likely to be Black (y? = 130.60, p <.001) and more likely to be Hispanic (y*> = 65.69, p
<.001), with the addition of Indigenous/Multiracial students being more likely to be

missing science scores in the spring of Grade 2 (x> = 21.21, p <.001).
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Students missing reading scores in the fall of kindergarten had statistically
significant lower science scores in the spring of kindergarten (t = 3.22, p <.01), in the
spring of Grade 1 (t = 4.99, p <.001), and in the spring of Grade 2 (t = 2.91, p < .01).
Students missing reading scores in the fall of kindergarten were also more likely to have
a home language that was not English (x* = 128.23, p <.001) and to be Hispanic (x* =
39.08, p <.001) or Asian (y* = 96.39, p <.001).

Similarly, students missing math scores in the fall of kindergarten had statistically
significant lower science scores in the spring of kindergarten (t = 3.22, p <.01), in the
spring of Grade 1 (t = 4.99, p <.001), and in the spring of Grade 2 (t = 2.91, p < .01).
Similar to the missingness for reading scores, students missing math scores in the fall of
kindergarten were more likely to have a home language that was not English (y* =
128.23, p <.001), and to be Hispanic (x*> = 39.08, p <.001) or Asian (32> = 96.39, p <.001).

Planned missingness. The fall administration of the cognitive assessments in
Grades 1 and 2 included a planned missingness sampling design to reduce the overall
burden of testing in the ECLS-K:2011 project. During each fall assessment period, one-
third of study students were selected to participate in the cognitive assessments. After
applying the previously described exclusion rule, missingness analyses found that 66.9%
of students (n = 11,328) were excluded from the fall subsample across both years, while
33.1% of students (n = 5,608) were selected to participate in the fall subsample test
administration. In Grade 1, 2.8% of students (n = 466) who were selected for fall testing
were missing science achievement scores, while in Grade 2, 5.6% of selected students (n

= 942) were missing science achievement scores.
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For both the Grade 1 and Grade 2 subsamples, there were no statistically
significant differences on SES or initial reading or math score in the fall of kindergarten
between students who were in the fall subsample and did not participate versus those who
did participate. Of the 16,936 students in the initial analytic sample, 25.6% (n = 4,344)
had science achievement scores in all 5 test waves, 1.92% (n = 306) had scores in 4
waves, 52.9% (n = 8,963) had scores in 3 waves, 7.54% (n = 1,277) had scores in 2
waves, and 12.8% (n = 2,046) had only one science score during the first wave of
assessment administration.

It is important to note that designs such as this that include planned missingness
produce missing completely at random data, where the missingness of scores from
students not selected to participate in the fall Grade 1 and 2 assessments is not related to
the study variables. Given the complexity of the missing data patterns in the ECLS-K
dataset, the degree of missingness constitutes a limitation to the validity of the results of

the study analyses.
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Multiple Imputation

Prior to conducting statistical analyses, multiple imputation was used to produce
plausible predicted values for missing information in the Level 2 data file while
preserving variability (Enders, 2010). Five imputed datasets were generated in SPSS v.
25 (IBM Corp., 2017). While some researchers (e.g., Graham, Olchowski, & Gilreath,
2007) would suggest that larger numbers of datasets should be imputed to improve the
power of the analysis, given the large sample size, the author chose to follow Rubin’s
(1987) suggestion that five imputations would be sufficient. All student-level covariates
used in the regression models were used in the imputation models.

After creating the complete data sets, each file was separately uploaded to HLM
for estimating the growth models. HLM automatically combined the parameter estimates
and standard errors into a single set of calculated results. However, because the average
output file for each model specification run contained calculated results, no pooled
deviance statistics are produced (M. du Toit, personal communication, March 30, 2018).
A review of the literature on the appropriateness of pooling goodness-of-fit statistics
suggested that this approach would not be acceptable and that there is not currently
consensus on the best alternative to take in this case (see White, Royston & Wood, 2011,
Enders, 2010). Accordingly, the author ran separate analyses on each individual data file,
including the original Level 2 file with no imputed data, with the specific intent to review
and compare the deviance statistics for each one. The overall results in terms of
significance and goodness-of-fit for each model was the same across repeated analyses.
Deviance statistics reported with the regression model results are from each of the five

imputed files.
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Design Effects

Because the Early Childhood Longitudinal Study, Kindergarten Class of 201011,
data were collected using a stratified multistage random sampling design rather than
simple random sampling techniques, descriptive statistics and associated standard errors
were estimated taking the complex design into account. Failure to use appropriate
adjustments could lead to the underestimation of the standard errors, biased parameter
estimates, and poor performance of test statistics and confidence intervals (Hahs-Vaugn,
2005). The method selected for this study was to use an approximation method that
involved two steps, leading to the creation of a new analytic weight variable.

First, the sample weights were normalized to ensure the standard error was based
on actual sample size rather than population size. Next, the normalized weights were
divided by the appropriate design effect (DEFF) provided in the ECLS-K: 2011 user’s
guide to account for the sampling design (Tourangeau, Nord, Lé, Wallner-Allen, et al.,
2017). Analyses performed in both SPSS and HLM allowed for the application of the
adjusted weights.

Analytic Sample

The application of the sample weights reduced the analytic sample to a total of
11,081 students with non-zero sample weights. While this reduction constitutes a loss of
sample size compared to the original full sample, other researchers using the ECLS-K
and ECLS-K: 2011 datasets have demonstrated stable findings through robustness checks
and sensitivity analyses (e.g., Curran & Kellogg, 2016) and the reduction results in a

representative sample that can be generalized to the population of interest.
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Descriptive Statistics

Table 5 displays descriptive statistics for the weighted full analytic sample,
disaggregated by student race/ethnicity and gender. The sample is fairly evenly divided
between male and female students. It can also be seen that the sample is composed of an
even split between White students and students from all other race/ethnicity categories. A
high percentage of students who come from families where the primary language is not
English were Hispanic (47.1%) and Asian (59.8%). White and Asian students have
higher initial math and reading scores in kindergarten than their peers in other
race/ethnicity categories, as well as coming from families with higher average
socioeconomic status. Interestingly, Black students had the highest reported average
science instructional time, followed by Hispanic and Asian students. However, the degree
of variability associated with the science instructional time was also larger for non-White
students.
Table 5

Weighted Descriptive Statistics for Key Predictor Variables

Asian Black Hispanic Indigenous White Female Male
/Multiracial

Variable n=122 n =367 n =651 n=153 n = 1423 n=1320 n=1396
Female 54.1% 49.3% 48.7% 49.0% 47.9% 48.6% 51.4%
IEP Ever 13.1% 12.5% 12.3% 15.7% 12.4% 12.5% 12.8%
Home 59.8% 4.36% 47.1% 3.95% 1.97% 16.3% 15.3%
language
other than
English
Fall K -0.26 -0.65 -0.81 -0.48 -0.36 -0.48 -0.55
readin
score 9 (0.09) (0.04) (0.03) (0.07) (0.02) (0.02) (0.02)
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Asian Black Hispanic Indigenous White Female Male

/Multiracial

Fall K math -0.20 0.77 -0.85 -0.41 -0.24 -0.48 -0.44
score

(0.08) (0.04) (0.04) (0.07) (0.02) (0.02) (0.02)
Composite 0.17 -0.35 -0.52 -0.03 0.16 -0.08 -0.09
SES
measure (0.08) (0.03) (0.03) (0.06) (0.02) (0.02) (0.02)
Average 124.05 150.58 135.92 110.30 118.24 127.23 126.18
science
time

Note. Standard errors in parentheses. Estimates are adjusted to account for the complex sampling design of
the Early Childhood Longitudinal Study, Kindergarten Class of 2010—2011 (ELCS-K:2011) using sample
weights and design effect estimates of the standard errors.

Table 6 displays the weighted means and standard deviations of science
achievement theta scores, disaggregated by assessment time point and by each student
group of interest. An examination of these scores indicate differences between groups in
science achievement within and across Grades K — 2. As a group, White students have
the highest incoming science scores in kindergarten, and this trend continues across all
assessment time points. Black and Hispanic students have the lowest incoming science
scores, and while Black students slightly overtake Hispanic students in the fall science
assessment, the across grade trends remain the same. As a group, Asian students have
incoming science scores closer to Black and Hispanic students, but across the five
assessment time points, their science scores increase at a faster rate and end up higher
than students from all other race/ethnicity categories except White students. When
looking at gender differences, males and females across all race/ethnicity categories have
similar incoming science scores, but scores for female student remain lower across the
five assessment time points and start to widen over time. Both Black and Hispanic
females have the lowest science scores across the five assessment time points.
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Table 6

Weighted Science Theta Score Means and Standard Deviations by Student Group Across

Grades
Kindergarten Grade 1 Grade 1 Grade 2 Grade 2
Student group Spring Fall Spring Fall Spring
All students 0.04 0.35 0.87 1.15 1.61
(0.88) (0.96) (0.98) (0.97) (0.89)
Race/ethnicity
Asian -0.25 0.24 0.87 1.21 1.78
(0.89) (0.98) (0.96) (1.03) (0.89)
Black -0.37 -0.03 0.55 0.87 1.28
(0.84) (0.85) (0.85) (0.90) (0.86)
Hispanic -0.47 -0.08 0.41 0.75 1.26
(0.90) (0.91) (0.96) (1.05) (0.95)
Indigenous 0.21 0.61 1.10 1.33 1.73
Multiracial (0.81) (0.93) (0.91) (0.94) (0.85)
White 0.38 0.80 1.29 1.53 1.95
(.70) (0.81) (0.83) (0.74) (0.71)
Gender
All females -0.07 0.34 0.84 1.11 1.57
(0.87) (0.95) (0.96) (0.94) (0.87)
All males -0.04 0.37 0.87 1.18 1.64
(0.93) (0.97) (0.99) (1.00) (0.91)
Asian females -0.18 0.26 0.89 1.21 1.79
(0.90) (0.97) (0.93) (0.99) (0.81)
Asian males -0.24 0.22 0.84 1.20 1.78
(0.98) (1.02) (1.03) (1.11) (1.01)
Black females -0.33 -0.04 0.58 0.85 1.32
(0.83) (0.86) (0.85) (0.90) (0.83)
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Kindergarten Grade 1 Grade 1 Grade 2 Grade 2

Student group Spring Fall Spring Fall Spring
Black males -.32 -0.01 0.52 0.88 1.25
(0.85) (0.84) (0.86) (0.91) (0.89)
Hispanic -0.53 -0.08 0.40 0.72 1.23
females (0.86) (0.90) (0.94) (0.99) (0.91)
Hispanic -0.54 -0.08 0.43 0.78 1.28
males (0.91) (0.91) (0.98) (1.10) (0.98)
Indigenous 0.17 0.53 1.02 1.29 1.69
/Multiracial (0.79) (0.94) (0.92) (0.94) (0.83)
females
Indigenous 0.28 0.67 1.16 1.35 1.76
Multiracial (0.88) (0.93) (0.91) (0.95) (0.88)
males
White 0.37 0.78 1.26 1.48 1.89
females (0.70) (0.79) (0.83) (0.72) (0.73)
White males 0.41 0.81 1.32 1.57 2.00
(0.72) (0.83) (0.82) (0.75) (0.73)

Note. Standard errors in parentheses. Estimates are adjusted to account for the complex sampling design of
the Early Childhood Longitudinal Study, Kindergarten Class of 2010—2011 (ELCS-K:2011) using sample
weights and design effect estimates of the standard errors.

The range of science achievement theta scores by grade show that over time, the
distribution of scores widened, indicating an increased variability in achievement
between students starting at Grade 2. In kindergarten and Grade 1, the range of science
theta scores remained fairly stable across assessment time points, at -2.41 — 3.59 in the
spring of kindergarten, -2.34 — 3.59 in the fall of Grade 1, and -2.34 — 3.89 in the spring
of Grade 1. However, in the fall of Grade 2, the range of science theta scores increased to

-4.56 — 3.36, with an even wider range in the spring of Grade 2, at -4.47 — 5.36.
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Model Estimation

A two-level model was estimated with Level-1 representing measurement
occasions and the second level representing students and their characteristics. Robust
standard errors were used to compensate for potential non-normality (Liang & Zeger,
1986). Estimation settings included the use of full maximum likelihood estimation,
inclusion of the five imputed data sets, and the application of the normalized sampling
weights at both Level 1 and Level 2. All dichotomous variables were uncentered, while
initial math and reading achievement, socioeconomic status, and science instructional
time, all continuous variables, were grand mean centered.

In the two-level HLM models used for analyses, time was centered at the final
testing occasion in the spring of Grade 2. Time in months was coded across the five
measurement occasions, as -24, -18, -12, -6, and 0. The time coding is potentially
problematic given the highly irregular assessment administration schedule in the ECLS-
K:2011 data set and are discussed further in the limitations section of the Discussion. For
example, in the baseline year of the study, fall assessments occurred from August through
December, while spring assessments occurred from March through June. Students did not
necessarily have an equal spacing between assessment time points. In order to
standardize the coding scheme for this study, the author examined the distributions of
student assessments across each year of the ECLS study and used the months with the
highest frequency of assessment in each testing window as anchors. This decision rule
produced the six-month time coding scheme used in this study.

After specifying growth models in HLM, a test of homogeneity of Level 1

variance (Raudenbush & Bryk, 2002) indicated normally distributed errors across science
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achievement time points x? (df = 10,278) = 2,471.20, p > .500. Residuals for all levels of
the HLM models were examined in SPSS for consistency with assumptions underlying
multilevel models. A Q-Q plot of the level 1 residuals for science achievement was fairly
linear, however some outliers may indicate a degree of departure from linearity.
Additionally, a visual inspection of a scatterplot of the Mahalanobis distances against the
expected chi-square distribution values also indicate that outliers in the dataset may be a
threat to the assumption of normality underlying multilevel modeling. This threat may
pose potential limitations to the validity of the results of the analyses.

Unconditional models. The first step in the model building process was to apply
unconditional growth models to serve as a baseline for comparison to succeeding models.
The fully unconditional means model, which estimated grand means and variance
components, resulted in an intraclass correlation coefficient (ICC) of .43, representing the
proportion of the variance in outcome between the students. In this case, 43% of the
variance is thus over time, and the remaining 57% at a student level.

Table 7 displays the random effects for the unconditional model using
alternate time coding schemes. Biesanz, Deeb-Sossa, Papadakis, Bollen, and Curran
(2004) describe the importance of understanding and interpreting the role of coding time
in growth modeling. The first column shows the variance component, residual, and
deviance statistics for all five imputed files when time is centered on the spring of
kindergarten assessment time point (0, 6, 12, 18, 24). The linear slope varied significant
across individuals (y 2 = 12,608.16, p < .001), as did the quadratic slope (y 2 = 12,827.38,
p < .001) suggesting differing rates of linear and quadratic change among students at the

initial administration of the science assessment. The second column shows the results
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when time is centered at the midpoint, the spring of Grade 1 assessment time point (-12, -
6, 0, 6, 12). In this case, the model would not converge with the inclusion of a quadratic
term. However, excluding the quadratic term resulted in a linear slope that varied
significantly across individuals (y ? = 16,183.71, p < .001), suggesting differing rates of
linear change among students at the midpoint of the assessment time period, but no
overall quadratic curvature of the slope. The third column shows the results that were
used in this study, with time centered on the final assessment time point in the spring of
Grade 2. The linear slope varied significant across individuals (y ? = 12,195.03, p < .001),
as did the quadratic slope (y 2 = 12,827.01, p < .001). This final time coding was used
because the research questions guiding the present study focused on growth at the
second-grade time point. While some researchers have pointed out that centering time on
the midpoint may be a desirable methodological choice given that this centering scheme
reduces collinearity between the linear and quadratic time variables, the outcome is that
the intercept is then interpreted as the value of the dependent variable at the middle time
point rather than at the point of interest. Additionally, Biesanz and colleagues (2004)
suggest that concerns about multicollinearity should be of less interest than an intentional
focus on the questions of interest guiding the analysis. It is important to note in this
section that because of the time coding scheme used in the following analyses, with time
centered on Grade 2 and negative time codes extending back to the spring of
kindergarten, the interpretation of the parameter estimates for the linear and quadratic
effects should include consideration of the sign for that particular effect and its relation to

the negative
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Table 7

Random Effects for Unconditional Longitudinal HLM Regression Models for Alternate Time Coding Schemes, Grades K — 2

Time Centered on SP K

Time Centered on SP 1

Time Centered on SP 2

Random effect Intercept Linear Quadratic Intercept Linear Quadratic Intercept Linear Quadratic

Variance 0.64 0.0002 0.001 0.66 0.0002 0.64 0.0006 0.00000

component

Residual 0.14 0.16 0.14

Deviance, Filel 868.48 40,319 868.48
(4, <.001) (4, <.001) (4, <.001)

Deviance, File2 868.48 40,319 868.48
(4, <.001) (4, <.001) (4, <.001)

Deviance, File3 868.48 40,319 868.48
(4, <.001) (4, <.001) (4, <.001)

Deviance, File4 868.48 40,319 868.48
(4, <.001) (4, <.001) (4, <.001)

Deviance, File5 868.48 40,319 868.49
(4, <.001) (4, <.001) (4, <.001)

Note. Estimates are adjusted to account for the complex sampling design of the Early Childhood Longitudinal Study, Kindergarten Class of 2010-2011
(ELCS-K:2011) using sample weights and design effects. Bolding indicates statistical significance.
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sign for the time codes. Thus, the linear term describes growth over a short time period
with the opposite effect of the sign ascribed to a parameter estimate. For a quadratic term,
the sign should be interpreted as usual, a positive parameter estimate indicating
acceleration while a negative parameter estimate indicating deceleration.

Next, a two-level model that included a quadratic term and used the spring of
Grade 2 coding scheme was fully examined (see Table 8, column 1 for results). The
inclusion of the quadratic term resulted in a statistically significant improvement in
model fit (p <. 001). For this model, the estimated mean science theta score across
students at the spring Grade 2 time point was 1.62. Both the average linear change and
the quadratic change were statistically significant. The linear change was 0.06 (t = 64.73,
SE =0.001, p <.001), while the quadratic component indicated a positive curvilinear
trend at 0.0003 (t = 10.46, SE = 0.00004, p <.001). Intercorrelations of the model
parameters were -0.58 (intercept and linear), 0.64 (intercept and quadratic), and -0.82
(linear and quadratic).

Conditional models. The next step in the model building process was to estimate
three conditional models. The first conditional model included the addition of student
level predictors that were hypothesized to have differential effects on student science
achievement growth. The second column in Table 8 shows the results when student
gender, race/ethnicity, home language, disability status, and family socioeconomic status
were entered. At this point, the intercept represents the mean science theta score in the
spring of Grade 2 for White males whose home language is English and do not have an
IEP across the Grade K — 2 time span (M = 1.86, SE = 0.01). The results show that female

students had a statistically significant lower intercept than the reference group, as well as
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Black and Hispanic students (p < .001). Students whose home language was not English
also had a statistically significant lower intercept (p < .001). Socioeconomic status was
positively significant as well, indicating that students from families with a higher SES
were associated with higher science theta scores in the spring of Grade 2. Asian students
and Indigenous/Multiracial students did not show statistically significant differences on
intercept, as well as students with an IEP. The average rate of change for students was
0.05. Black, Hispanic, and Asian students showed statistically significant (p < .001)
higher linear growth, as well as students whose home language was not English.
Socioeconomic status was associated with statistically significant (p < .001) lower linear
growth. The quadratic term results reveal that the reference group was estimated to have
a statistically significant positive acceleration in science growth rate from Grade 1 to
Grade 2 of 0.001. Black students showed statistically significant differences in rate of
curvature (p <.001), with a decreased rate of -0.0004. The other statistically significant
factor was socioeconomic status, with a positive acceleration of .0001 compared to the
reference group. The addition of the student level predictors accounted for 26.43% of the
variance in student intercepts, 32.70% of the variance in slopes, and 19.05% of the
variance in curvature when compared to the unconditional model (see Table 9 for
variance components, Pseudo-R?, and deviance statistics). The deviance statistics
calculated separately using each multiple imputation file show that the student level
predictor model produced a statistically significant reduction in unexplained variation
across each iteration (p < .001). Intercorrelations of the model parameters were -0.51

(intercept and linear), 0.62 (intercept and quadratic), and -0.84 (linear and quadratic).
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The second conditional model included the addition of two student level
predictors, initial reading and math theta scores from the fall of kindergarten baseline
assessment (see column 3 in Table 8). The intercept for this model (M = 1.81) represents
the mean science theta score in the spring of Grade 2 for White males whose home
language is English and do not have an IEP across the Grade K — 2 time span. The same
predictor variables were still significant as in the previous model, although the parameter
estimates for the intercept decreased slightly for Black and Hispanic students, and
students whose home language was not English. The variable for SES showed a more
drastic decrease from the previous model (from 0.34 to 0.14). Both initial reading and
math were statistically significant predictors (p < .001), indicating that, on average,
students with higher initial math scores had science theta scores 0.34 points higher than
the reference group and students with higher initial reading scores had science theta
scores 0.16 points higher than the reference group. The average rate of change for
students was 0.05, the same as found in the previous model. Asian, Black, and Hispanic
students again showed statistically significant (p <.001) higher linear growth, as well as
students whose home language was not English. Socioeconomic status was associated
with statistically significant (p <.001) lower linear growth. The quadratic term results
reveal that the reference group were estimated to have a statistically significant positive
acceleration in science growth rate from Grade 1 to Grade 2 of 0.0001, a decrease from
the first conditional model. Black students did not have statistically significant
differences in rate of curvature in this model, but socioeconomic status remained
significant, with a positive acceleration of .0001 compared to the reference group. With

the addition of the prior achievement predictors of math and reading theta scores, the
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model covariates accounted for 48.53% of the variance in student intercepts, 48.88% of
the variance in slopes, and 36.51% of the variance in curvature when compared to the
unconditional model (see Table 9 for variance components, Pseudo-R?, and deviance
statistics). The deviance statistics show that the inclusion of the additional predictors in
the model produced a statistically significant reduction in unexplained variation across
each iteration (p < .001). Intercorrelations of the model parameters were -0.48 (intercept
and linear), 0.60 (intercept and quadratic), and -0.83 (linear and quadratic).

Figure 2 shows the estimated science achievement growth trajectories for White
males as compared to females, using the model-based parameter estimates when home
language, IEP status, SES status, and initial reading and math status are controlled for. As
shown, science achievement growth for females, while characterized by some
acceleration in growth between kindergarten and Grade 2, overall exhibits a lower growth

trajectory across the assessment time periods.
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Figure 2. Estimated science achievement growth trajectories by gender
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Figure 3 displays the estimated science achievement growth trajectories for White
males as compared to students from other race/ethnicity categories examined in this
study, using the model-based parameter estimates when home language, IEP status, SES
status, and initial reading and math status are controlled for. Of particular note is the
compensatory growth trajectory of Asian students, as well as the lower growth trajectory

overall for Black students.
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Figure 3. Estimated science achievement growth trajectories by race/ethnicity

The final conditional model included an average science instructional time
predictor variable. The instructional variable was not statistically significant and caused
almost no change to the parameter estimates for the intercept, slope, or curvature terms
across groups (see column 4 in Table 8). Variance components and deviance statistics
indicate almost no change from the previous model (see Table 9 for variance

components, Pseudo-R?, and deviance statistics).
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Table 8

Fixed Effects for Longitudinal HLM Regression Models, Grades K - 2

Unconditional

+Demographics

+Prior Reading and Math

Achievement

+Instructional Time

Fixed effect Intercept Linear Quadratic Intercept Linear Quadratic Intercept Linear Quadratic Intercept Linear Quadratic
Constant 1.62 0.06 0.0004 1.86 0.05 0.001 1.81 0.05 0.0001 1.81 0.05 0.0005
(0.01) (0.00) (0.00) (0.01) (0.00) (0.00) (0.01) (0.00) (0.00) (0.01) (0.00) (0.00)
Female -0.08 0.0001 -0.0001 -0.08 0.002 -0.0001 -0.08 0.00 -0.0002
(0.02) (0.00) (0.00) (0.01) (0.00) (0.00) (0.02) (0.00) (0.00)
Black -0.54 0.01 -0.0004 -0.42 0.01 -0.0001 -0.42 0.01 -0.0003
(0.03) (0.00) (0.00) (0.03) (0.00) (0.00) (0.03) (0.00) (0.00)
Hispanic -0.27 0.01 -0.0001 -0.16 0.01 -0.0001 -0.16 0.01 -0.0001
(0.03) (0.00) (0.00) (0.02) (0.00) (0.00) (0.02) (0.00) (0.00)
Asian -0.01 0.02 -0.0002 -0.07 0.03 -0.0002 -0.08 0.03 -0.00
(0.04) (0.00) (0.00) (0.04) (0.00) (0.00) (0.04) (0.00) (0.00)
Indigenous -0.08 -0.01 0.0002 -0.04 -0.01 0.0002 -0.04 -0.005 0.0003
/Multiracial (0.04) (0.00) (0.00) (0.03) (0.00) (0.00) (0.03) (0.00) (0.00)
Home -0.23 0.01 0.0001 -0.15 0.01 0.0001 -0.15 0.01 0.0001
language not
English (0.03) (0.00) (0.00) (0.02) (0.00) (0.00) (0.03) (0.00) (0.00)
IEP Ever 0.02 0.002 -0.0001 0.04 0.003 -0.0001 0.04 0.001 -0.0001
(0.02) (0.00) (0.00) (0.02) (0.00) (0.00) (0.02) (0.00) (0.00)
Composite 0.34 -0.01 0.0001 0.14 -0.001 0.0001 0.14 -0.003 0.0001
SES measure (0.01) (0.00) (0.00) (0.01) (0.00) (0.00) (0.01) (0.00) (0.00)
Fall K reading 0.16 -0.01 0.0001 0.16 -0.01 0.0003
score (0.01) (0.00) (0.00) (0.02) (0.00) (0.00)
Fall K math 0.35 -0.002 0.0001 0.35 -0.003 0.0001
score (0.02) (0.00) (0.00) (0.02) (0.00) (0.00)
Science 0.0001  0.00002 -0.000001
instructional
time (0.00) (0.00) (0.00)

Note. Estimates are adjusted to account for the complex sampling design of the Early Childhood Longitudinal Study, Kindergarten Class of 2010-2011
(ELCS-K:2011) using sample weights and design effects. Standard errors are in parentheses. Bolding indicates statistical significance.
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Table 9

Random Effects for Longitudinal HLM Regression Models, Grades K — 2

+Prior Reading and Math

. + . . . . .
Unconditional Demographics Achievement Instructional Time

Random
effect Intercept Linear Quadratic Intercept Linear Quadratic Intercept Linear  Quadratic Intercept Linear Quadratic
Variance 0.64 0.0006 0.00000 0.47 0.0005 0.00000 0.33 0.0005 0.00000 0.33 0.0005 0.00000
Component
Residual 0.14 0.14 0.14 0.14
Pseudo R? 26.43% 32.70% 19.05% 48.58% 48.88% 36.51% 48.59% 48.80% 36.51%
Deviance, 868.48 894.28 909.52 912.97
Filel

(4, <.001) (12, <.001) (14, <.001) (15, <.001)
Deviance, 868.48 894.27 915.72 919.23
File2

(4, <.001) (12, <.001) (14, <.001) (15, <.001)
Deviance, 868.48 892.51 909.06 912.97
File3

(4, <.001) (12, <.001) (14, <.001) (15, <.001)
Deviance, 868.48 894.28 915.72 919.23
File4

(4, <.001) (12, <.001) (14, <.001) (15, <.001)
Deviance, 868.49 893.06 913.77 917.47
File5

(4, <.001) (12, <.001) (14, <.001) (15, <.001)

Note. Estimates are adjusted to account for the complex sampling design of the Early Childhood Longitudinal Study, Kindergarten Class of 2010-2011
(ELCS-K:2011) using sample weights and design effects. Bolding indicates statistical significance.
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A final model was run including the specific interaction terms to answer research
question six, even though the results indicated no statistical significance for the science
instructional time variable. This model is presented separately in Table 10. These results
are taken up more thoroughly in the Discussion section.

Table 10

Fixed and Random Effects for Longitudinal HLM Regression Model Including
Instructional Time and Interaction Terms, Grades K — 2

+Instructional Time and Interactions

Fixed effect Intercept Linear Quadratic
Constant 1.82 0.05 0.0006
(0.01) (0.00) (0.00)
Female -0.11 0.002 -0.0002
(0.02) (0.00) (0.00)
Black -0.48 0.008 -0.0003
(0.03) (0.00) (0.00)
Hispanic -0.19 0.01 -0.0001
P (0.03) (0.00) (0.00)
Asian -0.07 0.03 -0.00
(0.06) (0.00) (0.00)
Indigenous /Multiracial 0.07 -0.003 0.0001
9 (0.05) (0.00) (0.00)
Home language not English 016 0.01 0.0001
guag 9 (0.03) (0.00) (0.00)
\EP Ever 0.03 0.001 0.0001
(0.02) (0.00) (0.00)
Composite SES measure 0.14 -0.003 0.0001
(0.01) (0.00) (0.00)
. 0.16 -0.01 0.0003
Fall K reading score (0.01) (0.00) (0.00)
0.35 -0.003 0.0001
Fall K math score (0.02) (0.00) (0.00)
Science instructional time 0.0001 0.00002 -0.000001
(0.00) (0.00) (0.00)
0.07 0.002 0.0001
F le X Black
emale £ Blac (0.05) (0.01) (0.00)
0.06 -0.004 0.0002
Female X Hispanic
span! (0.04) (0.00) (0.00)
. 0.001 -0.01 0.0002
Female X Asian (0.07) (0.01) (0.00)
Female X Indigenous/Multiracial 0.06 -0.005 0.0002
9 (0.07) (0.01) (0.00)
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+Instructional Time and Interactions

Random effect Intercept Linear Quadratic
Variance component 0.33 0.0005 0.00000
Residual 0.14

Pseudo R? 47.59% 47.80% 35.51%
Deviance, Filel 1071.91 (19, <.001)
Deviance, File2 1071.36 (19, <.001)
Deviance, File3 1070.23 (19, <.001)
Deviance, File4 1071.91 (19, <.001)
Deviance, File5 1071.90 (19, <.001)

Note. Estimates are adjusted to account for the complex sampling design of the Early Childhood
Longitudinal Study, Kindergarten Class of 2010-2011 (ELCS-K:2011) using sample weights and design
effects. Bolding indicates statistical significance.

Effect Size

Using the parameters of the growth model, science achievement growth effect
sizes were calculated to provide an empirical context for interpretation of differences in
student growth across years. Table 10 shows the growth effect sizes by student gender
and race/ethnicity categories, where the estimated growth rate at each assessment time
point serves as the metric of the magnitude of change (Stevens, 2018). As shown in the
table, student growth rates decreased slightly from the first assessment occasion in the
spring of kindergarten to the final assessment the spring of Grade 2. Cohen’s (1988) rules
of thumb for interpretation of effect sizes (i.e., 0.2, 0.5, and 0.8 interpreted as small,
medium, and large effects) were not designed for growth effect size measures. Rather, the
relative differences both across years for all students and in comparisons between groups
of students should be used in examining the magnitude of growth effect size (Bloom et
al., 2008). The growth effect size from kindergarten to Grade 1 is characterized by large
effect sizes for all student groups, ranging from 0.87 for Black students to 0.95 for Asian
students. Males and females had similar growth effect sizes, at 0.90 and 0.88
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respectively. The annual science achievement growth effect size from Grade 1 to Grade 2
was lower, although still moderate to large in terms of effects, for most student groups,
ranging from 0.71 for Indigenous/Multiracial students to 0.88 for Asian students.
However, the growth effect size for Black students increased slightly, from 0.87 to 0.88.
The difference in effect size between males and females widened in Grade 2, at 0.82 and
0.78 respectively.

Table 11

Science Achievement Growth Rate at Each Assessment Time Point by Student Group and
Annual Growth Rate Effect Sizes

Annual  Annual
Kindergarten Gradel Gradel Grade Grade?2 Growth — Growth

Spring Fall Spring 2 Fall Spring ES ES

Student Group K-1 1-2
All students 0.067 0.072 0.067 0.062 0.060 0.91 0.83
Gender

Female 0.066 0.071 0.065 0.060 0.059 0.88 0.78
Male 0.065 0.074 0.066 0.059 0.067 0.90 0.82
Race/ethnicity

Asian 0.065 0.079 0.071 0.064 0.062 0.95 0.82
Black 0.071 0.063 0.065 0.067 0.068 0.87 0.88
Hispanic 0.068 0.070 0.067 0.066 0.066 0.90 0.86
}Rﬂiﬁﬁ’;ﬁg 0.065 0.074 0.065 0.055 0.054 0.90 0.71
White 0.065 0.075 0.065 0.060 0.051 0.90 0.72

Note. Empirical Bayes estimates were used in calculating growth effect size.
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CHAPTER V
DISCUSSION

In this section, the results of the analyses conducted in this study are examined in
relation to the specific research questions posed at the outset. Limitations to the study are
discussed, as well as possibilities for future avenues of explorations.
Growth Trajectories

To address the first two research questions, the results of this study show that for
the ECLS-K: 2011 science achievement measure, achievement growth over Grades K to
2 was best represented as a curvilinear function with achievement growth slightly
accelerating over time. While studies in other content areas such as reading and math
generally suggest deceleration in achievement growth over time (e.g., Morgan, Farkas, &
Wu, 2009), the limited grade span of the present study is likely why, on average, growth
is still accelerating at Grade 2. However, Morgan and colleagues (2016), looked at
science achievement growth for students in Grades 3 — 8 and found that the growth
trajectories for students across those grades, while not exhibiting a strong curvilinear
positive acceleration, continued to grow without exhibiting the characteristic deceleration
often noted in studies of learning trajectories. The initial level of science achievement
across all students appears to be highly predictive of growth and science achievement,
corresponding to an initial hypothesis that one would expect to see students with lower
initial levels of science achievement experience lower growth. However, variation in
science achievement growth is explained in part by several other factors that are further
explored in the subsequent research questions. Additionally, the widening range of

science achievement scores in Grade 2 indicate that while overall growth trajectories may
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remain stable over time, an increase in the variability of science scores between students
may mean that some students begin to fall behind their peers in terms of average
achievement, while others make greater strides. It is important to note that an individual
outlier low score may not correspond directly to a student’s actual ability (e.g., bad
testing day, interrupted testing session, etc.). However, a further examination of the
subgroups of students whose science scores fall outside of an established average range
by grade level may provide interesting insights into overall science growth patterns.
Even without the inclusion of additional explanatory factors, there are
implications for science education policy here. The robust growth demonstrated in
science achievement in the early elementary years suggests that these years may be
critical to the development of foundational attitudes and interest in science. A
developmental phenomenon known as the “five to seven year shift” posits that children
experience a transition around this age, when most children are in the pre-school to first
grade range, characterized by increased abilities for self-regulation, complex thought
processing, and cooperative interpersonal relationships (Weisner, 1996). Recent studies
have shown that even very young children engage in causal reasoning and statistical
learning, two skills that are associated with the development of scientific inquiry thinking
skills (Hadani & Rood, 2018). Additionally, in studies investigating the onset of initial
interest in STEM, individuals that end up following STEM-related career pathways
frequently report that the early childhood and elementary years were critical to
stimulating the interest that led to continued engagement with STEM activities (Maltese,

Melki, & Wiebke, 2014).
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To capitalize on these factors, policymakers and early educators should be
encouraged to systematically and explicitly engage all young children in activities
designed to promote STEM-related thinking skills, even before they start school.
Demographic Predictor Variables

The addition of student level predictors in the first conditional growth model
allowed for the examination of children's gender, race/ethnicity, family SES status, home
language, and IEP status with respect to kindergarten to second grade growth trajectories
in science, the goal of the third research question. As with other recent studies of science
achievement in the early elementary years (Curran & Kellogg, 2016), statistically
significant differences in science achievement by both gender and race/ethnicity were
found to develop earlier than previous research had suggested, although this gap in the
literature may be due to the fact that most large scale assessments of science achievement
do not happen until the 3" or 4" grade in most states. Using the same dataset as was used
in the present study, Curran and Kellogg’s work showed no gender gap in Kindergarten
on the science measure. However, a statistically significant gender gap was detected in
Grade 1, indicating that, for gender at least, students may enter Kindergarten on fairly
equal standing. The results of this study showed a statistically significant difference in
science achievement by gender in Grade 2, linking Curran and Kellogg’s results and the
results of other researchers examining science achievement gender gaps from Grades 3 —
8 (Quinn & Cooc, 2015; Morgan et al., 2016). Results from these studies suggest that the
gender gap persists across grade levels, and, after the initial widening, maintains a stable
trajectory, as was seen between Grades K — 2 in the present study. Given that the gender

gap in science does not appear until after the onset of students” K — 12 schooling and that

69



the results of many studies suggest that female students start to lose interest in STEM
classes or career-related pathways in middle school (NSB, 2016), it does not make sense
to wait until middle or high school to intervene with strategies designed to help
encourage girls in science. One study that looked at girls’ interest in STEM found that
females were more likely to report that their initial interest in STEM arose through a class
at school than males (Maltese & Cooper, 2017). Additionally, this same study found that
females were more likely to report that their teachers had an influence on their STEM
interest, suggesting the importance of the elementary school teacher’s role in engaging
girls with science at a young age. Previous research has shown that gender differences in
attitude around perceived self-confidence in science begins in the early elementary years
(Andre, Whigham, Hendrickson, & Chambers, 1999), and that parents echoed similar
attitudes about the importance of science for boys over girls. Given the role that self-
efficacy and attitude about science has been shown to play in girls’ interest and
engagement with science, parents should also be considered when planning interventions
and supports. A fascinating new meta-analysis examined the results of over 5 decades of
Draw-A-Scientist Test studies and found that while children in more recent studies more
frequently produced drawings of women as scientists than in older studies using this test,
on average, even in the more recent studies, scientists were more likely to be depicted as
men (Miller, Nolla, Eagly, & Uttal, 2018). This suggests that while the representation of
women has increased in the sciences in general, this visibility overall still may not be as
apparent to children, potentially having downstream effects on girls’ interest and

engagement with science.
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When examining science achievement growth in this study by race/ethnicity, the
results show that at the time of the first kindergarten science assessment, there were
already differences between groups. Curran and Kellogg found significant gaps in science
achievement between White students and both Black and Hispanic students. At Grade 2,
these gaps remained and, similar to the growth pattern seen with the other studies of
science growth (Quinn & Cooc, 2015; Morgan et al., 2016), appear to be fairly stable
across time for Hispanic students, but slightly increasing for Black students, suggesting
the presence of the Matthew effect in science achievement growth. Also of interest is the
way in which the Asian students’ growth, in relation to White students, appears to have a
compensatory trajectory, such that there is not a statistically significant difference
between White and Asian student science scores at the end of Grade 2 assessment.
Indigenous/Multiracial students (including Native Hawaiian/Other Pacific Islander,
American Indian or Alaska Native, More Than One Race) did not have a statistically
significant difference from the reference group on the science achievement measure at
Grade 2. Given that this category includes students from several different subgroups,
future research that allows for the specific examination of each student group is
warranted, to determine if the non-significant difference was a biased estimate based on
grouping.

In general, and in keeping with the research on the effects of family
socioeconomic status on student achievement across grade levels and content areas, SES
was found to be a significant predictor of science achievement at Grade 2. While the
inclusion of the SES variable helps to explain some of the variability in science

achievement at Grade 2 for Black and Hispanic students, it did not explain it entirely.
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Additional factors beyond socioeconomic status can therefore be attributed to the
differences in science achievement by student group. As noted previously in the literature
review, student level factors associated with SES, such as lack of family resources
allowing students to access science related resources at home or in informal/after school
settings and the availability of parental time or awareness for encouragement of science
participation, have been cited as possible contributors to differences in achievement.
However, the effects of inequities in neighborhood and school level socioeconomics and
resource allocation on student achievement in science, especially for Black and Hispanic
students, has been well-documented in other research (e.g., Museus et al., 2011). Quinn
(2015), in a recent study on the effects of SES on achievement gaps in reading and math,
found that school quality helped to explain widening achievement gaps in reading for
black students over kindergarten. Additionally, Quinn and Cooc (2015) found that
classroom level variables were important contributors to science achievement gaps for
Black and Hispanic students across the span of Grades 3 to 8. While this study did not
focus on classroom level or school level factors beyond time spent on science instruction,
the amount of unexplained variability and the results of other research suggests that there
are many questions left unanswered about the specific mechanisms involved to
understand the effects of SES on student achievement and growth, as this study was
limited by its observational scope.

Student disability status, as indicated by whether or not students had an
Individualized Education Plan at any time across the three year span of the data used in
this study, was included in the set of student demographic variables, along with an

indicator for the home language of the participating student. These variables were
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included as they were hypothesized to potentially have an effect on science achievement.
Results of the analyses indicate that there were no significant differences in science
achievement at Grade 2 for students with an IEP as compared to the reference group.
Given the small grade range of the data in this study and the fact that some students may
not yet have been identified with a learning disability covered by an IEP, this finding may
not be surprising. However, future studies of any group differences in early science
achievement for students with disabilities could be further investigated by drilling down
into the data and parsing out specific exceptionality categories for analysis.

Student home language was, however, a significant predictor of science
achievement. Students that were reported as having a home language that was not English
had statistically significant lower science scores than the reference group at the Grade 2
assessment. Depending on the model of instruction and the degree of services students
who are developing proficiency with English are receiving at school, it is possible that
these students are faced with challenges in learning from early science instruction. It is
important to note that the ECLS-K assessments accommodated students who were
Spanish-language speakers in kindergarten and Grade 1, but that all assessments in Grade
2 were administered in English. Students who did not speak English or Spanish at home
did not have alternate test versions; if they did not pass the English language screener and
they did not speak Spanish, they were excluded from the assessments and only provided
their height and weight during the assessment period. Additionally, students who
received the Spanish language version of the assessments in kindergarten and Grade 1 did
not complete a science assessment, as there was no Spanish language version provided.

This exclusion rule may have produced biased estimates for students who passed the
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English language screener but were still developing proficiency with the English
language. While Curran and Kellogg (2016) did not include a home language variable in
their analysis using this same dataset, Morgan and colleagues (2016) identified lower
science achievement scores for students in Grade 3 from non-English speaking homes,
using the previous version of the ECLS-K data, that continued through Grade 8, although
the gap decreased over time. They hypothesize that the narrowing of the achievement gap
between students whose home language is English and those from non-English speaking
homes may in part be explained by the fact that as students age, they gain more
proficiency with English. However, for students who do not receive adequate services to
support their language development, there is the possibility that their science achievement
growth will not exhibit this compensatory effect, suggesting the need for further
investigation into the specific mechanics at play for students whose home language is not
English.
Prior Reading and Math Achievement

To examine the fourth research question, student reading and math achievement
in the fall of kindergarten were added to the model to determine how prior achievement
in reading and math helped to explain kindergarten to second grade science growth and
achievement at Grade 2. Both continuous variables were statistically significant
predictors of science achievement, although they acted in slightly different ways. Fall of
kindergarten math scores were associated with a higher magnitude of change on the
intercept (b = 0.35) than fall of kindergarten reading scores (b = 0.16); however, the
reading scores were also associated with a statistically significant decrease in linear

change (b =-0.01) and increase in quadratic curvature (b = 0.0001) at Grade 2. The
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inclusion of initial math scores as a predictor did not change either linear or quadratic
terms. The addition of initial reading and math scores did not change the intercept
coefficient for females, which remained significantly lower than the reference group.
However, the intercept coefficient for Black and Hispanic students decreased, as well as
the intercept coefficients for student home language family status and for SES, indicating
that prior reading and math skill helps to parse out and explain some, but not all, of the
variability associated with most of the significant model covariates. The research on the
effects of prior reading and math skills on science achievement is fairly well established
for older students. Quinn and Cooc (2015) reported that prior reading and math
achievement had differential effects in explaining science achievement in their study with
students in Grades 3 — 8. Their findings suggested that prior math achievement did more
to explain the science achievement gap between White and Black students than did
reading, while, conversely, prior reading achievement did more to explain the science
achievement gap between White and Hispanic students. The results of this study indicate
that a similar relation between early reading and math achievement is related to science
achievement in the early elementary school years. Given that these differences begin
early and have been shown to persist into middle and high school, it is not enough to
assume that as elementary school students develop their reading and math skills over time
that corresponding gaps in science achievement will decrease. The increasing complexity
of science vocabulary and content area reading and math skills needed as students
progress to later grades (Flores, 2007; Snow, 2010), often coupled with a decrease in the
amount of direct support for students who are less than proficient with these skills,

suggests that further inquiry is needed into the interplay between reading, math, and
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science achievement. Additionally, the effects of socioeconomic status, both at the
student and school levels, are deeply interwoven into the patterns of achievement across
the content areas and how they interact with one another.

Science Instructional Time

The final research questions guiding this study examined the inclusion of a
classroom level variable, the average amount of science instructional time students in the
study sample experienced across the K — 2 grade span. Given the high degree of
variability in science instructional time reported by participating study teachers and
previous research linking decreased science instructional time with a decline in science
achievement scores on the NAEP 2009 4" grade science assessment (Blank, 2013), it
seemed reasonable to speculate that students receiving less direct science instruction in
the early grades would have lower science achievement scores. However, the results of
the analysis in this study indicated no statistically significant effect of average science
instruction time on science achievement or growth for any group of students, nor did the
inclusion of the specific interaction terms identified in the last research question (i.e., the
examination of the moderating effect of an interaction between female and race/ethnicity
status on science instructional time) result in statistical significance.

The results of this study are replicated in very recent work by Curran and Kitchin
(2018), also using the ECLS-K: 2011 dataset, that examined whether the amount of time
spent on science instruction, calculated at minutes per week, predicted science
achievement in the spring of kindergarten, Grade 1, and Grade 2. They used a series of

OLS regressions to predict science achievement, with student, family, teacher, and school
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background control variables. Their analyses showed that time did not consistently
predict higher science achievement scores.

The literature base regarding the effects of instructional time is mixed and
complex. There are examples of studies that find positive associations and increases in
academic achievement with increased, content-specific instructional time (e.g., Andersen,
Humlu, & Nandrup, 2016) while other studies find no significant increases in
achievement due to increased instructional time (e.g., Baker, Fabrega, Galindo, &
Mishook, 2004). Given the inconsistent findings and possibility of content- or
population-specific differences in effect, it may be more important to focus more on the
method and quality of instructional time in elementary science. The descriptive nature of
the present study is limited to the available data; to better understand the relation between
instructional time and science achievement, experimental methodologies are likely better
suited to detecting salient differences. Although instructional time as it was defined in
this study may not have been significant, there are other aspects of instructional time that
may require a more nuanced and comprehensive approach.

Science Achievement Growth Effect Size

Bloom and colleagues (2008) demonstrated the importance of deriving
interpretations of the effect of an intervention (in this case, the normal growth
experienced by a student in a content area from year to year, which includes any school
based interventions and other developmental factors that guide student achievement
growth) in the context of expectations for the grade or grades of interest. In this study, the
use of a longitudinal design dictated the use of a growth effect size to take into account

the parameters of the estimated growth model (Stevens, 2018). The results in general
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show large year-to-year effect sizes in both the Grades K — 1 and Grades 1 — 2 time
spans, with differences appearing by student group. By race/ethnicity, for Grades K — 1,
Asian students exhibited the largest effect size, while Black students exhibited the lowest,
although they were both still relatively large in terms of effect size interpretation. While
Asian, Hispanic, White, and Indigenous/Multiracial students experienced a decrease in
growth effect size in the Grade 1 — 2 time span, Black students exhibited a slight increase
in growth effect size in this time span. By gender, females exhibited a slightly smaller
growth effect size as compared to males in Grades K — 1 that increased in the magnitude
of the difference in the Grade 1 — 2 time span.

The results of the effect size calculations appear to correspond to the strong
pattern of science achievement growth detected in this study’s analyses across the first
three years of elementary school for this sample of students. It seems reasonable to
expect that students who are being introduced to science instruction, many possibly for
the first time, would experience this type of growth as a result of typical instruction,
although the author was unable to locate any comparison growth effect size results for
science or any other content areas in the same grade range. It is possible that differences
in effectiveness of science instruction for different subgroups could be detected, using
groupings based on other student level characteristics or other teacher/classroom/school
level variables. The growth effect sizes presented in this study may be a unique
contribution for future examinations and comparisons of science achievement growth in
the early elementary years. Of particular interest would be to continue to follow this
cohort of students with the release of the remaining data collected in the ECLS-K:2011

study to examine the year-to-year growth patterns by subgroup through Grade 5.
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Limitations

The present study is descriptive and intended to describe and explore potential
relationships mainly between science achievement and student demographic
characteristics. While the findings from the current study offer some exciting new
directions and re-directed focus in the understanding of science achievement across the
K-12 student experience, several limitations must be noted. For one, the current study
made use of a large, nationally representative dataset, which offered statistical power and
generalizability, as well as the rare opportunity to directly examine longitudinal science
achievement in the elementary grades. However, the use of an extant, observational
dataset limits the measures and indicators that are available for the constructs and
variables of interest. There may be more science assessment tasks that would more
comprehensively represent science achievement, and the ECLS-K is entirely missing
student self-efficacy survey items targeted directly at experience in science below Grade
3, which is an important limitation to the present study. In addition to this limitation,
there are a number of additional relevant variables in the ECLS-K dataset that, if used in
the analyses, may have provided more or better information, including other family
characteristics, specific teacher and classroom levels instructional variables, and school
type and location. Additionally, the lack of access to the actual assessment measures and
a more complete description of the psychometric properties of the measures is potentially
problematic.

Despite the redesign of the ECLS-K: 2011 study, there are also data collection
issues that limit the generalizations that can be drawn from these analyses. While

sampling weights were designed to help account for the degree of attrition and
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missingness seen in this dataset, there is still the potential for bias introduced by the
attrition. The missingness analyses conducted in the present study indicate patterns of
missing data. While full information maximum likelihood combined with multiple
imputation is a strong approach to dealing with the missing data, additional analyses of
the missingness patterns may reveal methodological approaches that would result in more
precise estimation. Additionally, the wide windows of administration of the cognitive
assessments in the fall and spring of each year, producing inconsistent periods of time
between assessments for individual students, may have led to biased estimates of student
science achievement and growth with the methodology that was used in this study. More
appropriate techniques for handling the assessment administration discrepancies for
students may produce better estimates.
Conclusion

The findings of this study contribute to a very small, but growing and important,
body of research on science achievement and growth in the early elementary years. While
efforts to motivate and engage middle and high school age students in science should
remain in place and continue to expand, understanding the beginnings of disparities in
science achievement may help to put into place practices that can be used to scaffold and
build early science learning opportunities. Knowing that gaps in science achievement and
growth start early and persist over time lends an urgency to capitalizing on young
students’ innate interest in the world around them. Recent developments in our
understanding of cognitive development in pre-school age children indicate that by early
elementary school, children can be ready to begin to use scientific thinking practices that

are often not introduced until later in their educational experience. Making science real
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and relevant and visible, introducing students to a variety of role models and pathways
that allow them to see themselves in the world of science, and increasing students’
science self-efficacy beliefs at a young age are just a few examples of promising practices
that need to be better explored in the early elementary years. While increasing and
diversifying the number of students that pursue and persist in STEM-related college and
career pathways is a laudable goal for both economic and innovation-building purposes,
we also need to continue to grow a scientifically literate society. The kinds of critical
thinking, questioning, and communication skills that participation in higher level STEM
classes help to promote are essential for all citizens of an increasingly connected and

technocentric world.
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