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Very large science achievement gaps are present in U.S. 
elementary and middle schools (e.g., U.S. Department of 
Education, 2000). For example, national estimates indi-

cate that the 50th-percentile science scores of eighth graders who 
are Black approximate the 10th-percentile scores of eighth grad-
ers who are White (U.S. Department of Education, 2015). The 
50th-percentile score of those who are English language learners 
(ELL) are lower than the 10th-percentile score of those who are 
non-ELL. The 50th-percentile science score of eighth-grade 
children eligible for free lunch are below the 25th-percentile 
score for those not eligible. These achievement gaps themselves 
likely result from opportunity gaps. For example, and due to 
historical as well as ongoing socioeconomic inequities (Ladson-
Billings, 2006), children who are from traditionally marginal-
ized groups attending U.S. schools are more likely to be provided 
with lower-quality educational experiences, including attending 
underfunded and lower-resourced schools where they are often 
taught by inexperienced teachers and/or those with lower expec-
tations for the children’s achievement (Flores, 2007). Children 

from these groups also experience many opportunity gaps prior 
to school entry (Morsy & Rotherstein, 2015), including lower 
access to high-quality child care and preschools and the resulting 
informal learning opportunities and achievement gains that 
these settings can provide (Cascio & Schanzenbach, 2013; 
Hillemeier, Morgan, Farkas, & Maczuga, 2013; Ramani & 
Siegler, 2008).

Unfortunately, and as the United States experiences greater 
income inequality, science achievement gaps may be experienced 
by progressively larger percentages of U.S. schoolchildren 
(Gould, Mishel, & Shierholz, 2013; U.S. Census Bureau, 2012a, 
2012b). Children with low levels of science achievement may be 
less able as adults to understand public policy issues necessitating 
ever-greater scientific literacy and reasoning (e.g., climate 
change, hydraulic fracturing, genetic engineering) as well as 
experience lower employment and prosperity (National Academy 
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of Sciences, National Academy of Engineering, & Institute of 
Medicine [NASNAEIM], 2010, 2011).

Why these science achievement gaps occur is poorly under-
stood. Few studies have investigated the age of onset, over-time 
stability, and mechanisms explaining these gaps (Bacharach, 
Baumeister, & Furr, 2003; Muller, Stage, & Kinzie, 2001; Von 
Secker, 2004). To date, the extant work has mostly analyzed sci-
ence achievement in older (e.g., high school) student popula-
tions (e.g., Byrnes & Miller, 2007; Ma & Wilkins, 2002; Muller 
et  al., 2001; Reynolds & Walberg, 1992; J. Wang & Staver, 
2001; Young, Reynolds, & Walberg, 1996), at particular time 
points rather than longitudinally (Liu & Whitford, 2010; 
Maerten-Rivera, Myers, Lee, & Penfield, 2010; Von Secker, 
2004), or using non-U.S. samples (Li, Onaga, Shen, & Chiou, 
2009). Byrnes and Miller (2007) identified only 12 longitudinal 
studies of science achievement published since 1992. Of these 
12 studies, the number of factors per study used as predictors of 
science achievement averaged only five, with a maximum of 
eight. Thus, rigorous multivariate analyses identifying risk fac-
tors for lower initial and over-time growth in science achieve-
ment have yet to be conducted. As stated by Byrnes and Miller 
(2007), “there is no way to tell the difference between important, 
authentic predictors and relatively minor or even spurious pre-
dictors” of U.S. schoolchildren’s science achievement (p. 600). 
For example, none of the five studies reporting on factors associ-
ated specifically with racial and ethnic science achievement gaps 
used a longitudinal sample representative of the U.S. population 
of elementary and middle school students and incorporated 
extensive statistical control for confounding factors (i.e., 
Bacharach et al., 2003; Delen & Bulut, 2011; O. Lee, Deaktor, 
Hart, Cuevas, & Enders, 2005; Von Secker, 2004; Von Secker & 
Lissitz, 1999). The lack of empirical knowledge of the age of 
onset and over-time trajectories of science achievement gaps in 
the United States limits efforts by education researchers, policy-
makers, and practitioners to address these gaps, particularly as 
disproportionately experienced by racial, ethnic, and language 
minorities as well as low-income children.

Possible Dynamics of Science Achievement Gaps

Theoretically, the age of onset and over-time dynamics of science 
achievement gaps might follow one of three possible trajectories. 
The first possibility is that these gaps occur at early ages and are 
then largely stable (e.g., Reardon, 2011; Scarborough, 1998). 
Children’s earlier levels of achievement are known to be highly 
predictive of later levels of achievement (Chatterji, 2006; 
Duncan et al., 2007; Morgan, Farkas, & Wu, 2009). The science 
achievement gaps might begin to occur as some groups of chil-
dren tend to experience fewer informal opportunities to learn 
about science in their homes and preschools from birth to kin-
dergarten entry (Sackes, Trundle, Bell, & O’Connell, 2011). 
These gaps might then remain stable as any subsequent achieve-
ment gains attributable to efforts by the children’s teachers and 
schools remain relatively uniform across time and, for those who 
are at risk, are insufficient to close the initial gaps (McCoach, 
O’Connell, Reis, & Levitt, 2006).

A second possibility, often termed a cumulative advantage 
growth trajectory or Matthew effect, is that some children 

initially experience low science achievement as well as increasing 
science achievement gaps (Morgan, Farkas, & Wu, 2011; 
Stanovich, 1986; Strand, 2014; Walberg & Tsai, 1983). Science 
achievement gaps might initially occur for children entering 
school with relatively less knowledge about the physical and natu-
ral sciences as a result of experiencing fewer informal learning 
opportunities prior to school entry. Over time, the children’s 
knowledge about science might begin to lag further behind that 
of their peers. This might occur as a result of attending lower-
quality and lower-resourced schools where the science (as well as 
mathematics and reading) instruction is of lower quality and fre-
quency (Magnuson, Ruhm, & Waldfogel, 2007; Sackes et  al., 
2011; Skibbe et al., 2008). As the children age, they might begin 
to adopt increasingly disinterested or negative views toward sci-
ence as the content becomes increasingly abstract and demanding 
as well as disconnected from their everyday experiences at home 
and school (Archer et al., 2010; Stanovich, 1986). Further, read-
ing and mathematics achievement gaps experienced in the ele-
mentary grades might make it more difficult to acquire the 
scientific knowledge and skills concurrently being taught. 
Collectively, these early and ongoing experiences could result in 
children’s following cumulative growth trajectories with the sci-
ence achievement gaps gradually widening.

A third possibility is that children at risk follow a compensa-
tory achievement growth trajectory (Huang, Moon, & Boren, 
2014; Leppänen, Niemi, Aunola, & Nurmi, 2004). Here, and 
despite entering school with initially less informal knowledge 
about the physical and natural sciences, the children’s science 
achievement gaps might decrease over time. The decreasing gaps 
might occur as children arrive at school and begin to receive 
instruction and support that help counter the fewer informal 
learning opportunities these children encountered prior to 
school entry. As a result, and despite an initial lag, achievement 
growth experienced by children at risk might begin to accelerate 
relative to their higher-achieving peers. This might especially 
occur for language-minority children as their English language 
proficiency increases (Crosnoe, 2012; Reardon & Galindo, 
2009). Alternatively, these gains might be due to supplementary 
programs delivered to lower- but not to higher-achieving chil-
dren (Skibbe et al., 2008) or a result of high-quality school cli-
mates that are especially beneficial to children in need of 
additional support, safety, and structure (Bryk, Sebring, 
Allensworth, Luppescu, & Easton, 2010). Thus, and although 
children following a compensatory model might initially display 
relatively lower science achievement at school entry, their science 
achievement gaps could gradually lessen.

However, whether and to what extent science achievement 
gaps display stable, cumulative, or compensatory growth trajec-
tories are unknown. This has been due to the lack of large-scale, 
multivariate, and longitudinal studies, particularly those follow-
ing diverse samples across the elementary and middle school 
grades. Establishing which types of science achievement growth 
trajectories are experienced by those who are at risk would help 
inform the timing of school-based science intervention efforts. 
For example, such interventions may need to be delivered early 
in children’s school careers (e.g., by the primary grades) if science 
achievement gaps remain stable or follow a cumulative growth 
trajectory.
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Modifiable Factors Hypothesized to Explain Science 
Achievement Gaps

Rigorously investigating whether children experience stable, 
cumulative, or compensatory science achievement growth trajec-
tories should involve examining potentially modifiable factors 
that might explain the science achievement gaps associated with 
the children’s race, ethnicity, language, and low-income status 
(Bali & Alvarez, 2004). Doing so should better identify potential 
targets of intervention. Theoretically, a number of factors relat-
ing to early constrained opportunities and propensities to learn 
about science may help explain science achievement gaps. These 
factors may limit children’s initial knowledge, abilities, and 
interest in science, thereby impeding over-time growth in sci-
ence achievement (e.g., Eccles, Wigfield, & Schiefele, 1998; 
Jones & Byrnes, 2006; Li et al., 2009; Muller et al., 2001). For 
example, entering school with comparatively less knowledge 
about the natural and social sciences, struggling with reading 
and mathematics, and having difficulty attending to classroom 
instruction or otherwise meeting classroom behavioral expecta-
tions (e.g., remaining task focused, organized, persistent) may 
result in lower achievement initially and throughout elementary 
and middle school (Duncan et al., 2007; Morgan et al., 2009; 
Morgan, Farkas, Tufis & Sperling, 2008; Reardon, 2011; Sackes 
et al., 2011), as may attending economically disadvantaged or 
racially segregated schools (Mickelson, Bottia, & Lambert, 2013; 
Von Secker & Lissitz, 1999). Being raised in a single-parent 
household might result in fewer educational materials at home, 
experiencing less adult supervision and lower educational expec-
tations, and less frequent parent–child language interactions 
(Morsy & Rothstein, 2015). These might constrain children’s 
initial science achievement as well as science achievement growth 
(Pong, Dronkers, & Hampden-Thompson, 2003). Young, 
struggling readers often acquire lower vocabularies (and in par-
ticular, less abstract, technical, or “academic” vocabularies often 
used during science instruction), have less general knowledge, 
display less cognitive ability (Cunningham & Stanovich, 1997), 
and are often less able to comprehend science texts and generate 
science-related inferences (Tate, Jones, Thorne-Wallington, & 
Hogrebe, 2012). In contrast, O’Reilly and McNamara (2007) 
found that being a skilled reader helped compensate for a lower 
level of background knowledge about science among older chil-
dren. Separately, young children who struggle with mathematics 
may subsequently acquire less well-developed logical reasoning 
and problem-solving skills, resulting in more difficulties with 
scientific reasoning, thinking, and explanation skills (Batista & 
Matthews, 2002). Children with lower behavioral self-regulation 
(e.g., inattention to task) generally display lower academic 
achievement (e.g., Duncan et al., 2007). Thus, children’s early 
knowledge about the natural and social sciences, self-regulatory 
behaviors, and reading and mathematics achievement may con-
stitute modifiable factors that, if increased through school-based 
interventions, may help prevent or reduce the early onset of sci-
ence achievement gaps.

Yet these interrelations have yet to be rigorously examined, 
particularly using multivariate longitudinal data and analyses 
(Byrnes & Miller, 2007). For example, and although extant 
work has found that reading and mathematics achievement 

relate to science achievement by middle and high school (Gustin 
& Corazza, 1994; Slykhuis & Park, 2006), and cross-sectional 
data indicate that reading and mathematics achievement corre-
late with science achievement in fifth grade (Maerten-Rivera 
et al., 2010), no longitudinal study has yet examined whether 
and to what extent greater reading and mathematics achieve-
ment may help explain greater science achievement over time. 
Engaging in self-regulatory behaviors may help children better 
attend to instruction and complete learning tasks (Blair, 2002; 
McClelland, Acock, & Morrison, 2006) and is known to 
uniquely predict greater reading and mathematics achievement 
in upper-elementary-age schoolchildren (e.g., Duncan et  al., 
2007). However, whether and to what extent these self-regulatory 
behaviors help explain science achievement gaps, particularly 
during the upper elementary and middle school grades, is pres-
ently unknown (Sackes et  al., 2011). Limited English profi-
ciency may interfere with comprehending classroom instruction 
and so limit initial science achievement. Yet dual-language learn-
ing might also result in greater science achievement. This is 
because, upon reaching a threshold of linguistic competence, 
bilingualism’s greater cognitive demands are hypothesized to 
accelerate children’s academic achievement growth (Ardasheva, 
Tretter, & Kinny, 2012; Kempert, Saalbach, & Hardy, 2011; 
Ricciardelli, 1992), resulting in compensatory achievement 
growth trajectories (Crosnoe, 2012; Reardon & Galindo, 2009).

Lower socioeconomic status (SES) may play a particularly 
important role in explaining science achievement gaps, including 
those disproportionately experienced by racial-, ethnic-, and language-
minority children (McCoach et  al., 2006; Reardon, 2011). 
Children growing up in low-SES families typically experience 
comparatively fewer early opportunities to learn about the natu-
ral and social sciences, in part because their parents often have 
lower educational levels and therefore less science knowledge 
themselves as well as fewer resources available to direct toward the 
children’s cognitive and academic growth (e.g., Bradley & 
Corwyn, 2002; Hart & Risley, 1995; Sackes et  al., 2011; A. 
Wang, Shen, & Byrnes, 2013). Racial, ethnic, and language 
minorities are far more likely to be raised in families experiencing 
economic disadvantage. For instance, children who are racial and 
ethnic minorities are about twice as likely to live in poverty as 
those who are White (U.S. Census Bureau, 2012b). Children 
raised in poverty often attend poorly resourced and racially segre-
gated schools that further limit their academic opportunities 
(Anderman, 1998; Eccles et  al, 1998; Li et  al., 2009; Liu & 
Whitford, 2011; Ma & Wilkins, 2002; Von Secker, 2004). For 
example, Borman and Dowling (2010) reported that attending a 
school with high concentrations of economically disadvantaged 
or minority children predicted reduced achievement even after 
accounting for many factors, including prior achievement. Thus, 
directing interventions to lessen economic disadvantage and 
racial segregation, and doing so early in children’s school careers, 
may constitute an additional way to prevent or reduce science 
achievement gaps in the United States. Family stress and invest-
ment factors (e.g., the quality of parent–child verbal interactions, 
the frequency of shared storybook reading, the parent’s educa-
tional expectations for the child, the parent’s involvement in the 
school) have been found to at least partially mediate 
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the relationship between economic disadvantage and lower 
achievement (e.g., J.-S. Lee & Bowen, 2006) as well as constitute 
modifiable factors that are responsive to preschool- and school-
based interventions (Bali & Alvarez, 2004). School climate has 
also been theorized or reported to contribute to children’s aca-
demic achievement (Bryk et al., 2010). Greater academic achieve-
ment should result when teachers and administrators are able to 
offer safe, supportive, and well-structured school environments 
that allow children to better enjoy and so benefit from their edu-
cational experiences (McCoy, Roy, & Sirkman, 2013; Stewart, 
2008). Higher-quality school climates have repeatedly been 
observed to uniquely but modestly predict higher reading and 
mathematics achievement (e.g., Bodovski, Nahum-Shani, & 
Walsh, 2013; McCoy et al., 2013; Stewart, 2008) and may help 
explain achievement gaps (Fryer & Levitt, 2004), although find-
ings about their relation with science achievement are inconsis-
tent (Ma & Wilkins, 2002). In addition, school climate has often 
been studied as a time-invariant factor (e.g., Bodovski et  al., 
2013; Ma & Wilkins, 2002) in analyses without statistical con-
trol for other potential confounds (e.g., children’s reading achieve-
ment or behavioral self-regulation), resulting in ambiguity as to 
its over-time and unique association with science achievement.

Study’s Purpose and Research Questions

We investigated the early onset and over-time dynamics of science 
achievement gaps as well as potentially modifiable factors that 
may explain these gaps. To better address limitations in the field’s 
current knowledge base, we analyzed a large longitudinal data set 
of children followed from kindergarten entry to the end of eighth 
grade. This data set included large samples of children from racial-, 
ethnic-, and language-minority groups and lower-SES families. 
These data also contain grade-appropriate science achievement 
scores for third-, fifth-, and eighth-grade children as well as general 
knowledge scores resulting from kindergarten and first-grade chil-
dren’s responses to both natural and social science achievement 
items. Accordingly, our investigation of the early onset and over-
time dynamics of science achievement gaps includes the acquisi-
tion of general knowledge in kindergarten and first grade, followed 
by science achievement in third, fifth, and eighth grades. We 
investigated the following six specific research questions:

1.	 How large are general knowledge gaps occurring in kin-
dergarten, and to what extent do these continue to occur 
by the end of first grade?

2.	 As children move from third to eighth grade, what is 
their typical initial level (i.e., intercept) and rate of 
achievement growth (i.e., slope) in science?

3.	 Are these gaps consistent with stable, cumulative (i.e., 
gap increasing), or compensatory (i.e., gap decreasing) 
achievement growth trajectories? How do these initial 
third-grade science achievement levels and third- to 
eighth-grade growth trajectories vary by children’s race, 
ethnicity, language, and family SES status? How are a 
more general set of child- and family-level characteristics, 
including parenting quality, related to typical levels of 
third-grade science achievement in the United States as 
well as to achievement growth from third to eighth grade?

4.	 To what extent are the third-grade science achievement 
gaps, as well as third- to eighth-grade science achieve-
ment growth, explained by such modifiable factors as 
general knowledge, reading and mathematics achieve-
ment, and behavioral self-regulation? How much of chil-
dren’s later science achievement can be predicted by their 
first-grade achievement-related knowledge, skills, and 
behaviors?

5.	 With the aforementioned first-grade predictive factors 
accounted for, how important are the modifiable factors 
of children’s subsequent reading and mathematics 
achievement, and behavioral self-regulation at each of 
third, fifth, and eighth grades to their science achieve-
ment during these grades?

6.	 To what extent does a school’s academic climate and 
racial, ethnic, and economic composition explain chil-
dren’s science achievement, over and above the afore-
mentioned child- and family-level factors?

Method

Study’s Database

The database analyzed is the public-use file of the Early Child
hood Longitudinal Study, Kindergarten Class of 1998–1999 
(ECLS-K), a nationally representative cohort of children who 
entered kindergarten in 1998. (The sample was refreshed in first 
grade to maintain national representation.) The ECLS-K is 
maintained by the National Center for Educational Statistics 
(NCES), Institute of Education Sciences, U.S. Department of 
Education. This is the first large-scale, nationally representative, 
longitudinal sample of children followed at intervals as they 
matriculated through their elementary and middle school years. 
The sample was selected to be representative of all U.S. children 
entering kindergarten in the fall of 1998. Children were recruited 
from both public and private kindergartens offering full- or half-
day classes. Data were collected in the fall of 1998, the spring of 
1999, and the fall of 1999 (with data from only a smaller, ran-
dom subsample collected at this time point) and again in the 
springs of 2000, 2002, 2004, and 2007. For most children, these 
time periods correspond to the fall and spring of kindergarten, 
the fall and spring of first grade, and the springs of third, fifth, 
and eighth grades. This study used data from the fall of kinder-
garten and the springs of first, third, fifth, and eighth grades. 
Table 1 displays the analytic sample’s descriptive statistics.

Measures

Child and family characteristics.  We included dummy variables 
in our analyses capturing a range of antecedent child and family 
sociodemographic characteristics. These included the child’s race 
and ethnicity (non-Hispanic White, Black/African American, 
Hispanic, Asian, American Indian, and Other), gender, parents’ 
marital status, and whether or not the primary language spoken 
in the home is English. The analyses also included a continuous, 
composite measure of SES, including the father’s and mother’s 
education levels (less than high school, high school graduate, 
some college, college graduate or more), occupations, and family 
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income (less than $25,000; between $25,001 and $50,000; 
between $50,001 and $100,000; and greater than $100,000). 
We included child age at the data collection dates in fall of kin-
dergarten and spring of first grade as continuous variables.

School demographic characteristics.  We used the percentage of 
minorities to represent the school’s racial composition and the 
percentage of free-lunch-eligible students to indicate the school’s 
overall SES of those enrolled.

School academic climate.  We used surveys of teachers and admin-
istrators to create school academic climate variables. These vari-
ables were summed at the respective grade levels and z scored. 
During the third, fifth, and eighth grades, school administrators 
were asked about the extent to which they placed emphasis on 
(a) achieving high standards, (b) curricula that aligned with high 
standards, (c) instructional strategies that aligned with high stan-
dards, and (d) teacher professional development. The values for 
these variables ranged from 1 = no/minor emphasis to 3 = major 
emphasis.

During the third, fifth, and eighth grades, school administra-
tors were asked if they thought there were problems in the 
school’s neighborhood with gangs, drug use, vacant buildings, 
and crime. The values for these variables ranged from 1 = big 
problem to 3 = no problem. School administrators were also asked 
if they had a problem with teacher turnover.

During these same survey waves, teachers were asked if they 
thought misbehavior in the classroom affected their teaching 
and whether their students are incapable of learning. The values 
for the variables ranged from 1 = strongly disagree to 5 = strongly 
agree. Teachers were also asked if they felt fellow staff members 
accepted them as a colleague, if the staff had school spirit, 
whether they enjoyed their present teaching job, and if they were 
satisfied with their class size. The values for the variables ranged 
from 1 = strongly disagree to 5 = strongly agree. Teachers were 
asked their highest level of educational achievement. The values 
for the variables ranged from 1 = BA/BS to 4 = ED/PhD. 
Teachers were asked how long they have been teaching. This was 
a continuous variable that ranged from 0 to 35 years. The third-
grade variables were summed and then z scored to create the 
value of the third-grade time-varying school academic climate 
variable. The fifth- and eighth-grade variables were summed and 
z scored to create the time-varying fifth- and eighth-grade school 
academic climate variables, respectively.

General knowledge.  A General Knowledge Test was used to assess 
children’s understanding of the physical, biological, and social 
sciences. This measure was administered in the fall and spring 
semesters of kindergarten and the spring semester of first grade. 
The General Knowledge Test was the ECLS-K’s best measure of 
children’s initial knowledge about science (Sackes et al., 2011). It 
included equal proportions of questions on (a) the earth, physical, 
and life sciences and (b) social studies. (Unfortunately, NCES did 
not make subject-specific subscores available.) The science-related 
items focused on two types of competencies: (a) conceptual 
understanding of earth and space science, life science, and physi-
cal science concepts and (b) scientific process skills, such as ask-
ing questions, deriving conclusions, and making predictions. We 
found that children’s first-grade General Knowledge Test scores 
were highly predictive of their third-grade Science Test score, 
helping to justify use of the kindergarten and first-grade General 
Knowledge Tests as measures of general science achievement. The 
General Knowledge Test was field tested, and the psychometric 
properties of items were evaluated using item response theory 
(IRT) methods. NCES used these IRT methods to create adap-
tive tests that were individually administered in an untimed for-
mat. Children were given a test with coverage varying according 
to their grade and skill level (Rock & Pollack, 2002). Reliability 
of the IRT scale scores obtained in fall of kindergarten and spring 
of first grade were .88 and .89, respectively (Najarian, Pollack, & 
Sorongon, 2009).

Science achievement.  The Science Test was administered in third, 
fifth, and eighth grades. The test specifications for these mea-
sures were developed based on the Science Framework of the 
1996 National Assessment of Educational Progress (NAEP; 
Allen, Carlson, & Zelenak, 1999). This included two broad 

Table 1
Weighted Means and Standard Deviations or 

Percentages of Time-Invariant Variables (N = 7,757)

Variable
M or 

Percentage SD

Child is White 57.77%  
Child is Black 16.57%  
Child is Hispanic 18.15%  
Child is Asian 2.89%  
Child is American Indian 1.60%  
Child is other race/ethnicity 3.01%  
Child is male 51.99%  
Child age in months at fall kindergarten 68.45 4.20
Child age in months at spring first grade 86.86 4.16
Family SES at kindergarten 0.012 0.78
Family SES at first grade –0.036 0.79
Child’s mother is not married at fall kindergarten 30.13%  
Child’s mother is not married at spring first 

grade
29.47%  

Family speaks non-English at home at fall 
kindergarten

12.27%  

Reading Test score at fall kindergarten 35.54 9.95
Reading Test score at spring first grade 77.83 24.14
Mathematics Test score at fall kindergarten 26.24 8.96
Mathematics Test score at spring first grade 61.71 17.92
General Knowledge Test score at fall 

kindergartena

22.76 7.56

General Knowledge Test score at spring first 
gradeb

34.76 7.56

Approaches to Learning at fall kindergarten 3.00 0.66
Approaches to Learning at spring first grade 3.03 0.69

Note. SES = socioeconomic status.
aSample size for this variable is 7,210.
bSample size for this variable is 7,619.
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classes of science competencies: (a) conceptual understanding, 
which refers to both factual knowledge and conceptual descrip-
tions of why things occur as they do, and (b) scientific investi-
gation, which refers to the ability to form questions about the 
natural world, use basic tools and available evidence to answer 
those questions, and communicate the answers and the processes 
used. At each of these three survey waves, questions were drawn 
in approximately equal proportions (i.e., about 33%) from the 
fields of earth, physical, and life science (Najarian et al., 2009). 
As with the ECLS-K’s other academic achievement tests (e.g., 
the Reading Test, the Mathematics Test), each of the Science 
Test’s items was field tested and included only if it displayed 
acceptable properties. Specifically, items were included in the 
final form of the test if they displayed (a) acceptable item-level 
statistics, (b) good fit with maximum-likelihood IRT, and (c) no 
differential item functioning across gender or race. Reliabilities 
of the IRT scale scores for spring third, fifth, and eighth grades 
were .88, .87, and .84, respectively (Najarian et al., 2009).

Reading achievement.  The ECLS-K Reading Test measures read-
ing proficiencies appropriate for the grade level of assessment. 
The Reading Test was created through a multistage panel review. 
Some items were borrowed or adapted from published tests (e.g., 
the Peabody Picture Vocabulary Test–Revised, the Woodcock 
Johnson Tests of Achievement–Revised). The Educational Test-
ing Service, elementary school curriculum specialists, and prac-
ticing teachers supplied other items. All items were field tested 
and psychometric properties of items were evaluated using IRT 
methods. During kindergarten and first grade, items measured 
basic skills (print familiarity, letter recognition, beginning and 
ending sounds, rhyming sounds, word recognition, receptive 
vocabulary) and comprehension (listening comprehension, 
words in context). During the third, fifth, and eighth grades, 
items measured skill in initial understanding and interpretation, 
personal reflection and response, and demonstrating a critical 
stance. The reliabilities of the IRT scale scores for the kinder-
garten through eighth-grade assessments ranged from .87 to 
.96 (Najarian et al., 2009). Construct validity was supported by 
a high correlation (i.e., .83 for spring of third grade) between 
Reading Test scores and children’s scores from the Woodcock-
McGrew-Werder Mini-Battery of Achievement (MBA; Wood-
cock, McGrew, & Werder, 1994).

Mathematics achievement.  The Mathematics Test was also 
administered during each of the ECLS-K survey waves. NCES 
used a multistep panel review process to develop a Mathematics 
Test for use in the ECLS-K. This test was based on the NAEP’s 
specifications. The kindergarten and first-grade items included 
counting, identifying numbers and shapes, place value, measure-
ment, sequencing, and basic operations. The third- and fifth-
grade items included measurement, number sense, properties, 
and operations. More advanced items in eighth grade included 
geometry, spatial sense, data analysis, statistics, probability, pat-
terns, algebra, and functions. A wide range of test bank items was 
used. Criterion-referenced clusters of items were associated with 
specific stages that children passed through from premathemat-
ics to mathematics achievement. Reliabilities of the IRT-scaled 

scores were in the mid-.90s for each of the assessment waves 
(Najarian et al., 2009). The correlation between the Mathemat-
ics Test scores and children’s scores from the MBA (Woodcock 
et al., 1994) was .84 for spring of third grade, indicating good 
construct validity.

Approaches to Learning.  Teachers completed a modified version 
of the Social Skills Rating System (SSRS; Gresham & Elliott, 
1990) during the kindergarten and first-, third-, and fifth-grade 
ECLS-K survey waves to rate children’s behavior. The original 
psychometric data for the SSRS indicated a .85 test–retest cor-
relation across 4 weeks (Gresham & Elliott, 1990). Construct 
validity was supported by both correlational and factor analyses 
(Feng & Cartledge, 1996; Furlong & Karno, 1995). NCES sub-
sequently modified the SSRS; this modified form is known as 
the Social Rating Scale. General education teachers in kindergar-
ten and first, third, and fifth grade used a frequency scale to rate 
how often the child displayed a particular social skill or behavior 
(i.e., 1 = never to 4 = very often). Items used for the Approaches 
to Learning subscale measured how well a child self-regulated 
his or her behavior while completing learning-related tasks (e.g., 
remaining attentive, persisting at task, being flexible and orga-
nized). Because these data were not collected from eighth-grade 
teachers, we imputed each child’s fifth-grade score for eighth 
grade. This should have provided the best available eighth-grade 
measure of this variable. The Approaches to Learning subscale is 
the ECLS-K’s best measure of learning-related or self-regulatory 
behavioral functioning. Controlling for prior achievement, these 
behaviors best predict children’s later achievement (Duncan 
et  al., 2007; Tach & Farkas, 2006). Pollack, Atkins-Burnett, 
Najarian, and Rock (2005) report split-half reliabilities for the 
Approaches to Learning subscale of .77 to .89.

Parenting quality.  In the third-grade survey wave, parents were 
asked how often they told stories, sang songs, helped with art, 
gave chores to do, played games, taught about nature, built things, 
did sports, practiced numbers, and read stories with their child. 
Values of these 10 variables were converted into a per-week value, 
summed, and z scored. Parents were also asked if they engaged in 
activities with their child or their child engaged in activities, such 
as attending a play, visiting a museum, visiting a zoo, visiting a 
library, attending a sporting event, being taken to music or art 
lessons, and performing in plays. Parents were also asked if the 
family received newspapers and magazines in the home. Other 
questions asked if the family had a dictionary, owned a calculator, 
had a library card, had a library card for the child, had a special 
place for homework, and had someone to help the child with 
homework. The values of these 18 variables were summed (with 
1 = yes, 0 = no, for each variable) and z scored.

Parents were asked how many children’s books were in the 
home. The maximum number of books was chosen as 1,000 as 
there were a few high values present. The number of books was 
z scored. Parents were asked how often their child did homework 
and the time set aside for homework every day. Each of these two 
variables was z scored, summed, and then z scored again. Parents 
were asked how far they expected their child would go with 
regard to their education. This variable was z scored. Parents 
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were also asked if they were involved in school activities, such as 
attending an open house, attending a parent–teacher conference, 
volunteering at the school, helping with fundraising, or attend-
ing a school event. The values of these five variables were 
summed (with 1 = yes, 0 = no, for each variable) and z scored. 
These parenting items were then summed, z scored again, and 
used as a parenting quality variable.

Analyses

Missing data.  Growth modeling allows a child to remain in the 
analytical sample and contribute to coefficient estimates so long 
as he or she has usable data on the dependent variable for at 
least one time period. We used IVEWARE, an SAS callable pro-
gram to multiply impute missing values of variables used to pre-
dict our dependent variables. Five data sets were created in the 
imputation process, and results for each data set were combined 
(Raghunathan, Lepkowski, Van Hoewyk, & Solenberger, 2001).

Analytic strategies.  We began the data analysis by regressing fall 
kindergarten General Knowledge Test scores against SES, race 
and ethnicity, home language use, and other sociodemographic 
background variables. This indicated SES and race differentials 
in General Knowledge Test scores at kindergarten entry. Next, we 
regressed spring first grade general knowledge scores, first against 
sociodemographics and then after adding fall kindergarten gen-
eral knowledge, mathematics, and reading achievement as well as 
behavioral self-regulation to the equation. This showed the mag-
nitudes of the disparities in general knowledge at the end of first 
grade as well as the extent to which they are accounted for by 
general knowledge gaps at kindergarten entry. These results are 
reported in Table 2, and they answer Research Question 1 con-
cerning general knowledge gaps in kindergarten and first grade.

Next, we computed average values for third-, fifth-, and eighth- 
grade science achievement test scores and the other time-varying 
variables. Science achievement test score averages are reported in 
Table 3 and are then plotted separately for race-ethnicity groups 
(Figure 1), SES quintiles (Figure 2), and whether or not English 
is spoken at home (Figure 3). This table and these figures pro-
vide preliminary answers to Research Questions 2 and 3 about 
science achievement growth trajectories and how they differ 
across sociodemographic groups.

Following this, we used multilevel growth modeling (Rauden
bush & Bryk 2002; Singer & Willett, 2003) to identify factors 
associated with or predictive of science achievement growth trajec-
tories across third, fifth, and eighth grades and to relate first-grade 
general knowledge to subsequent science achievement. For these 
models, Level 1 contained the repeated science achievement scores 
for each child, Level 2 contained unchanging child-level variables, 
and Level 3 included the kindergarten classrooms in which these 
children were originally clustered.

Three growth models were estimated and are reported in Table 4. 
The first model includes only unchanging sociodemographic vari-
ables as predictors. This answers most of Research Question 3 about 
the specifics of science growth trajectories and how they differ across 
sociodemographic groups. By including Time and Time2 in the 
equation, we allowed for nonlinear growth patterns.

The second growth model reported in Table 4 added first-
grade measures of general knowledge, reading and mathematics 
achievement, and behavioral self-regulation to the equation. 
This answered Research Question 4 about the ability of prior 
academic performance and behaviors to predict subsequent sci-
ence achievement.

The final model in Table 4 added time-varying reading and 
mathematics achievement, behavioral self-regulation, percentages 
minority and free lunch in the school, and school academic cli-
mate as well as a third-grade measure of parenting quality to the 
equation. This answered the remaining parts of Research Question 
3 as well as Research Questions 5 and 6. We present this model in 
detail, since the other two simpler models are nested within it.

This most complex of the estimated growth models involves 
a Level 1 model that has Time and Time2 on the right side of the 
equation as well as the time-varying variables of reading achieve-
ment, mathematics achievement, behavioral self-regulation, and 
two time-varying school composition variables (i.e., percentage 
minority and percentage free-lunch-eligible students). (Note 
that we treat the latter two variables as child level and time vary-
ing because the children have moved to many different schools 
and few are clustered in the same school by these grades.) Thus, 
the Level 1 equation is

Science Test Scoretij = a0ij + a1ijTimeti + a2ijTimetij
2 + 

a3ijReading Test Scoretij + a4ijMathematics  
Test Scoretij + a5ijApproaches to Learningtij +  

a6ijPercentage Minority in Schooltij + a7ijPercentage  
            Free Lunch in Schooltij + etij,� (1)

where t refers to the time, and i and j indicate the ith child in the 
jth kindergarten. Here, person-specific variables at third, fifth, 
and eighth grades predicted person-specific Science Test scores at 
each of these time periods. The error term was independently 
normally distributed, with a mean of zero. Then, the Level 2 
equations showed the intercept and slope (against time) coeffi-
cients as varying and dependent on unchanging person-specific 
sociodemographic and first-grade reading and mathematics 
achievement and behavioral self-regulation variables, with the 
other Level 1 coefficients taken as fixed:

a0ij = �b0j + b1jSociodemographicsij + b2jTest Scores /  
Approaches Spring First Gradeij + r0ij,� (2)

a1ij = �c0j + c1jSociodemographicsij + c2jTest Scores / 
Approaches Spring First Gradeij + r1ij,� (3)

where a2ij and the other a coefficients with subscripts greater 
than 2 are fixed across individuals.

In these Level 2 models, we took the variance/covariance 
matrix of the residuals to be unstructured so that it was estimated 
from the data with no constraints. Finally, the Level 3 model 
allowed b0j and c0j to vary across the kindergartens that the chil-
dren were originally clustered into:

b0j = g0 + u0j and c0j = h0 + v0j with the other Level 2  
                  coefficients fixed.� (4)
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This multilevel model was the most complex one we estimated. 
We built up to this model by first estimating a less complex 
model in which the only predictors are unchanging sociodemo-
graphic variables. The estimated effects from this less complex 
model showed the total (i.e., gross) differences on Science Test 
score intercepts and slopes between groups defined by social 
class, race and ethnicity, and the other sociodemographic vari-
ables. Following this, we added the spring of first-grade General 
Knowledge, Reading, and Mathematics Test scores as well as the 
Approaches to Learning score to the model. This showed the 
relative importance of these variables as predictors of science 
achievement growth trajectory intercepts and slopes as well as 
the extent to which these variables accounted for the sociodemo-
graphic group differences found in the first model. That is, 
sociodemographic differences in this model were adjusted for 
children’s spring of first-grade general knowledge and reading 
and mathematics achievement as well as their behavioral self-
regulation. As we shall see, these calculations suggested a strong 
role of first-grade general knowledge achievement gaps in pre-
dicting third-grade science achievement gaps.

Finally, we added the third-grade parenting and time-varying 
reading and mathematics achievement, behavioral self-regulation, 
and school characteristics (i.e., academic climate, percentage free 
lunch, and percentage minority) to the equation. This showed 
the strength of association between these variables and science 
achievement as well as the extent to which these variables 
accounted for remaining sociodemographic group differences in 
U.S. schoolchildren’s science achievement. Sociodemographic 

Table 2
Standardized Parameter Estimates Predicting General Knowledge Test Scores, Weighted (n = 7,210)

Spring First-Grade General  
Knowledge Score

Variable
Fall Kindergarten General 

Knowledge Score Model 1 Model 2

Intercept .13*** .19*** .09***
Child is Black –.62*** –.65*** –.28***
Child is Hispanic –.29*** –.29*** –.06**
Child is Asian –.41*** –.32*** –.11*
Child is American Indian –.52*** –.55*** –.20***
Child is other race/ethnicity –.06 –.06 –.05
Family SES at kindergarten .39*** .36*** .06***
Child age in months at fall kindergarten .28 .21*** .00
Child is male –.01*** .07*** .12***
Child’s mother is not married at fall kindergarten –.12*** –.10*** –.00
Family speaks non-English at home at kindergarten –.34*** –.61*** –.03
General Knowledge Test at fall kindergarten .58***
Reading Test at fall kindergarten .08***
Mathematics Test at fall kindergarten .03***
Approaches to Learning, fall kindergarten .05***
R2 .38 .38 .64

Note. SES = socioeconomic status.
*p < .05. **p < .01. ***p < .001.

Table 3
Weighted Means or Percentages and Standard 

Deviations of Time-Varying Variables  
(n = 7,731–7,757)

Variable M or Percentage SD

Third grade  
  Science Test score (n = 7,731) 50.53 15.28
  Reading Test score 126.71 28.88
  Mathematics Test score 99.06 24.90
  Free-lunch percentage in school 37.44% 27.41
  Minority percentage in school 45.72% 30.71
  Approaches to Learning 3.01 0.66
Fifth grade  
  Science Test score (n = 7,739) 64.37 16.02
  Reading Test score 149.45 27.13
  Mathematics Test score 122.92 25.38
  Free-lunch percentage in school 38.82% 27.45
  Minority percentage in school 47.14% 30.61
  Approaches to Learning 3.03 0.68
Eighth grade  
  Science Test score (n = 7,741) 83.08 16.76
  Reading Test score 167.36 28.92
  Mathematics Test score 139.45 23.28
  Free-lunch percentage in school 35.00% 24.57
  Minority percentage in school 48.49% 29.39
  Approaches to Learning 3.03 0.68
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differences in this model were adjusted both for the first-grade 
achievement and behavior models and for the time-varying 
achievement, behavior, and school-level variables. We selected 
these models because they contained a sufficient level of complex-
ity to address our research questions without increasing this com-
plexity beyond what was feasible with the available data. In 
particular, we followed the advice of Singer and Willett (2003, 

p.  169) that when estimating models containing time-varying 
variables with only three waves of data, it is appropriate to esti-
mate growth models in which individual intercepts and slopes are 
random and conditional on prior unchanging variables, but it is 
better to specify the coefficients of the time-varying covariates as 
fixed rather than random. All analyses were performed with 
PROC MIXED in SAS 9.3. We incorporated sampling weights 
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and design effects to account for oversampling of some popula-
tion subgroups and for the stratified cluster design of the ECLS-K.

Results

Table 1 displays descriptive statistics, weighted to be nationally 
representative, for the fall kindergarten and spring first-grade 
sociodemographic, achievement, and behavior variables in our 
analytic sample of 7,757 students who had at least one Science 
Test score. The race and gender composition of this analytic 
sample were within 4 percentage points, and the mean SES score 
was within .05 standard deviations, of those of the full ECLS-K 
sample. (Table 1 omits the composite parenting variable as it was 
constructed as a z score.)

Table 2 displays the results of two sets of regressions. The first 
used sociodemographics to predict general knowledge in the fall of 
kindergarten. The second repeated this calculation to predict these 
scores for spring of first grade and then added fall kindergarten 
academic achievement and teacher-judged self-regulatory behav-
iors to the equation. The results of these analyses indicated, first, 
the relations between sociodemographics and General Knowledge 
Test scores when children entered kindergarten, including the 
magnitudes of general knowledge differentials (i.e., gaps) across 
race, ethnicity, language use, and SES groups. Second, they indi-
cated how the magnitudes of the racial, ethnic, language use, and 
SES gaps changed by the spring of first grade. Finally, they showed 
the relation between (a) academic achievement and self-regulatory 
behaviors at kindergarten entry and (b) general knowledge in the 
spring of first grade. In particular, they showed the extent to which 
fall kindergarten academic achievement and behaviors accounted 
for general knowledge gaps in the spring of first grade.

The first column of Table 2 indicates large and significant gen-
eral knowledge gaps at kindergarten entry. Children who are 
Black scored .62 of a standard deviation lower than children who 
are White. The gap was .29 of a standard deviation for Hispanics. 
Racial and ethnic gaps were evident despite statistical control for 
SES and for non-English language use in the home, which them-
selves were associated with, respectively, higher and lower science 
achievement. For Americans Indians, the gap was .52 of a stan-
dard deviation, and for Asians, it was .41 of a standard deviation. 
The coefficient for the continuous measure of SES was .39. That 
is, a 1–standard deviation change in SES was associated with a 
.39–standard deviation change in general knowledge. Thus, for 
example, Black children from families 1 standard deviation below 
the average SES entered kindergarten on average 1.01 standard 
deviations below the general knowledge score for White children 
whose families were at the SES mean. This is a large knowledge 
gap for children to face when they enter kindergarten.

The second column of this table repeats these analyses for 
general knowledge scores in the spring of first grade. At this 
grade level, the Black–White general knowledge gap increased to 
–.65 of a standard deviation. The Hispanic–White gap was con-
stant at –.29 of a standard deviation, the gap for American 
Indians was now –.55 of a standard deviation, and the Asian–
White gap was now –.32 of a standard deviation. The third col-
umn shows that large proportions of these first-grade gaps are 
accounted for by kindergarten entry academic achievement and 
behaviors. Among these factors, general knowledge has by far the 
strongest effect, with a standardized coefficient (effect size) of 
.58, whereas the coefficients of the other variables are all .08 or 
smaller. When these other variables were added to the regression 
equation, the gap for Black children decreased by 57%, the gap 
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for Hispanics decreased by almost 80%, and that for American 
Indians decreased by about 64%. The gap for speaking a lan-
guage other than English at home decreased by almost 100% 
and was fully explained. With these additional variables 

controlled, the gap associated with SES decreased by 83%. As 
indicated by the values of R2, 64% of the variance in children’s 
spring of first-grade general knowledge was explained by Model 
2’s factors. Thus, the general knowledge gaps initially observed 

Table 4
Weighted Parameter Estimates of Three-Level Growth Models Predicting Science Achievement  

(n = 7,731–7,757)

Variable Model 1 Model 2 Model 3 % Reduction

Intercept –.72 *** –.80 *** –.53 *** 26.39
Time .03 *** .03 *** .01 *** 66.67
Time × Time –.0001 *** –.0001 *** .0001 *** 200.00
Time-varying Reading Test .24 ***  
Time-varying Mathematics Test .26 ***  
Time-varying Approaches to Learning rating .014  
Time-varying percentage minority in school –.02 ***  
Time-varying percentage of free lunch in school –.005  
Time-varying school academic climate .001  
Effects on intercept  
  Child is Black –.52 *** –.19 *** –.13 *** 75.00
  Child is Hispanic –.23 *** –.06 *** –.04 ** 81.30
  Child is Asian –.08 * .01 .002 102.50
  Child is American Indian –.45 *** –.14 *** –.03 93.33
  Child is other race/ethnicity –.13 ** –.05 * –.04 69.23
  Family SES at first grade .30 *** .05 *** .01 96.67
  Child age in months at spring first grade .08 *** –.02 *** .001 98.75
  Child is male .16 *** .15 *** .12 *** 25.00
  Child’s mother is not married at spring first grade –.06 *** –.02 –.01 83.33
  Family speaks non-English at home at fall kindergarten –.24 *** .10 *** –.06 *** 75.00
  General Knowledge Test at spring first grade .42 *** .31 ***  
  Reading Test at spring first grade .09 *** –.01  
  Mathematics Test at spring first grade .09 *** –.06 ***  
  Approaches to Learning, spring first grade .02 *** –.03 ***  
  Parenting quality, third grade .001 ***  
Effects on slope  
  Child Is Black × Time –.002 *** –.002 *** –.001 *** 50.00
  Child Is Hispanic × Time .001 ** .001 .0005 50.00
  Child Is Asian × Time .002 *** .002 ** .001 50.00
  Child Is American Indian × Time .0003 –.0003 –.001 333.33
  Child Is Other Race/Ethnicity × Time –.001 –.001 –.001 0.00
  Family SES at First Grade × Time .0004 * .001 *** .0005 *** –25.00
  Child Age in Months at Spring First Grade × Time –.001 *** –.001 *** –.001 *** 0.00
  Child Is Male × Time –.0005 * –.0002 .0005 ** 200.00
  Child’s Mother Is Not Married at Spring First Grade × Time –.0005 –.0005 * –.001 *** 80.00
  Family Speaks Non-English at Home at Fall Kindergarten × Time .001 ** .0001 –.0002 120.00
  General Knowledge Test at Spring First Grade × Time –.002 *** –.002 ***  
  Reading Test at Spring First Grade × Time –.0002 .0005 ***  
  Mathematics Test at Spring First Grade × Time .001 *** .002 ***  
  Approaches to Learning at Spring First Grade × Time .001 *** .001 ***  
  Parenting Quality, Third Grade × Time –.00004 ***  
AIC 36,338.8 29,317.5 26,665.8  
BIC 36,496.6 29,526.0 26,568.0  

Note. All continuous independent variables have been standardized. Time-varying dependent and independent variables were standardized using the means and standard 
deviations of the data pooled across third, fifth, and eighth grades. Time coded in months, with 0 = January 1, 2002. Percentage reduction is from Model 1 to Model 3. 
Statistically significant findings carried out to nearest nonzero decimal point to show effect size. SES = socioeconomic status; AIC = Akaike information criterion;  
BIC = Bayesian information criterion.
*p = .05. **p = .01. ***p = .001.



JANUARY/FEBRUARY 2016      29

on the basis of children’s race, ethnicity, language use, and family 
SES in the spring of first grade were mostly attributable to the 
large size of these gaps already occurring at kindergarten entry.

We observed a strong relation between children’s general 
knowledge in the fall of kindergarten and the spring of first 
grade. In third, fifth, and eighth grades, NCES administered a 
measure consisting of items exclusively designed to assess chil-
dren’s science achievement. We applied multilevel modeling to 
these data to estimate science achievement growth curve trajec-
tories from third to eighth grade. We used two kinds of variables 
as predictors in these models. The first of these were sociodemo-
graphics, general knowledge, reading and mathematics achieve-
ment, behavioral self-regulation, and parenting measured during 
spring of first grade, which served as unchanging predictors. The 
second group of variables included time-varying reading and 
mathematics achievement, behavioral self-regulation, school 
demographics, and academic climate characteristics, which 
served as time-varying covariates.

Table 3 shows the weighted means or percentages of the time-
varying variables. The scale scores for the measures of science, 
reading, and mathematics achievement increased in a regular 
manner, while the school composition and self-regulatory behav-
ioral variables were relatively constant over time. (We omitted 
the means for the academic climate variable because we con-
structed it as a z score.)

Figures 1, 2, and 3 display science achievement growth trajec-
tories, in standard deviation units (based on the mean and stan-
dard deviation of all Science Test scores, pooled across third, 
fifth, and eighth grades), separately for the racial, ethnic, family 
SES, and language-use groups. (Data plotted are the means of 
Science Test scores, in standard deviation units, for each group 
for each grade.) The stability of these trajectories was striking, 
indicating approximately parallel growth trajectories throughout 
elementary and middle school. That is, the groups (whether by 
race, ethnicity, SES quintiles, or language use) differed more in 
their starting achievement levels in third grade than in their sub-
sequent growth rates up through eighth grade. Comparing the 
science achievement of the minority racial and ethnic groups to 
that of Whites, non-English- to English-speaking households, 
and the lower to that of the higher SES quintile yields a consis-
tent conclusion that children’s initial science achievement was 
highly predictive of their later science achievement. Exceptions 
to this pattern were that, by eighth grade, Asian children largely 
closed, and Hispanic children modestly narrowed, the gap with 
White children. In contrast, the Black–White gap modestly 
increased across these grades. Among the SES groups, the top 
four quintiles maintained a relatively high degree of parallel 
growth, but the trajectory of the lowest SES quintile is an excep-
tion, showing not only a particularly large gap in third grade but 
also a modest widening of this gap by eighth grade. Overall, the 
science achievement gaps between White and Asian children 
and, to a lesser extent, between White and Hispanic children 
and children from non-English versus English-speaking homes 
were generally consistent with a compensatory model of achieve-
ment growth. In contrast, the science achievement gaps between 
Black and White children, and between low- and high-SES chil-
dren, displayed trajectories more consistent with a cumulative 
model of achievement growth.

To identify the mechanisms responsible for these growth 
curves, Table 4 shows the results of fitting a series of increasingly 
complex three-level growth models in which both the intercepts 
and slopes of these curves were expressed as a function of both 
unchanging sociodemographics, parenting, and academic and 
behavioral functioning measured in first grade. The most com-
plex of these models also included the following time-varying 
covariates measured in third, fifth, and eighth grades: children’s 
reading and mathematics achievement; their behavioral self-
regulation; the racial, ethnic, and economic composition of their 
schools; and a measure of the quality of the school academic 
climate. In these analyses, the continuous variables were made 
into z scores. In the case of time-varying variables (including the 
Science Test score dependent variable), this was done by pooling 
observations across third, fifth, and eighth grades, computing 
the means and standard deviations of the pooled data, and using 
these values to create z scores for these variables. As a conse-
quence, all regression coefficients were standardized and can be 
directly compared to one another and treated as effect sizes. The 
large declines in the Akaike and Bayesian information criteria as 
we move from Model 1 to Model 3 of this table shows that the 
later models greatly improved the fit to the data.

Model 1 of Table 4 indicated that in standardized terms, the 
intercept for Science Test scores (the value on January 1 of the 
third-grade school year, when t = 0 in the model) is –.72 of a 
standard deviation (note that Science Test scores have been stan-
dardized; their overall mean across third, fifth, and eighth grades 
is zero). The growth rate in this model is .03 of a standard devia-
tion per month, or .36 of a standard deviation per year. The 
negative coefficient on Time2 shows that the growth rate 
decreased over time, but the magnitude of this coefficient indi-
cated a very small effect.

Examining the coefficients relating the sociodemographic 
variables to the intercept, we see that on January 1 of third grade, 
and controlling for the other variables, the gaps for the racial- 
and ethnic-minority groups as compared to Whites were as fol-
lows, in standard deviation units: Blacks, –.52; Hispanics, –.23; 
Asians, –.08; and Native Americans, –.45. For every 1–standard 
deviation increase in family SES, the average child’s Science Test 
score increased by .30 of a standard deviation. The third-grade 
science achievement of males was .16 of a standard deviation 
higher than that to females, and those of children with unmar-
ried mothers were .06 of a standard deviation lower compared to 
those with married mothers. The science achievement of chil-
dren from non-English-speaking homes was .24 of a standard 
deviation lower on average compared to those from English-
speaking homes.

The relation between sociodemographics and the science 
achievement growth rate (slope) were of much smaller magni-
tude. Children who are Black displayed significantly lower 
growth rates than children who are White, but the difference is 
small in magnitude. By contrast, the science achievement of 
Hispanics, Asians, and those from non-English-speaking homes 
grew slightly faster than that of Whites or those from English-
speaking homes. To see how these estimates translate into sci-
ence achievement gaps by the spring of eighth grade, consider 
that on average, Black children were .52 of a standard deviation 
below White children on January 1 of third grade and 5 years 
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later are an additional 60 months × –.002 = .12 of a standard 
deviation lower than White children. Thus, most of the eighth-
grade Black–White science achievement gap was already evident 
in third grade (where, as we have seen, it was strongly predicted 
by the first-grade general knowledge gap). Undertaking similar 
calculations, we found that the intercept for Hispanic children 
was .23 of a standard deviation lower than for White children, 
but by spring of eighth grade, they narrowed this gap by 60 
months × .001 = .06 of a standard deviation. Asian children 
began .08 of a standard deviation lower than White children, but 
by eighth grade, this gap had been reduced by 60 months × .002 
= .12 of a standard deviation. Children from non-English-speak-
ing homes displayed .24 of a standard deviation lower science 
achievement than children from English-speaking homes by 
third grade, but by eighth grade, this gap had been reduced by 
.06 of a standard deviation. An increase of 1 standard deviation 
in family SES was associated with a science achievement increase 
in third grade (relative to the overall mean) of .30 of a standard 
deviation, whereas eighth-grade achievement increased relative 
to the overall mean by only .0004 × 60 = .02 of a standard devia-
tion. Thus, for language use and SES, as for race and ethnicity, 
much of the science achievement gap between lower- and higher-
achieving eighth-grade children was already in place by third 
grade.

Model 2 added first-grade general knowledge, reading, math-
ematics, and self-regulatory behavioral functioning to the equa-
tion. All four variables were statistically significant, but by far the 
largest effect on the third-grade intercept, .42, is for general 
knowledge. Thus, when first-grade general knowledge increased 
by 1 standard deviation, the associated increase in third-grade 
science achievement was .42 of a standard deviation. By con-
trast, the predicted effects for both reading and mathematics 
achievement were less than 25% of this magnitude, and the .02 
for behavioral self-regulation was particularly small. With these 
variables controlled, much of the sociodemographic science 
achievement gaps was explained. In particular, 83% of the SES 
gap, 58% of the language-use gap, 63% of the Black–White gap, 
73% of the Hispanic–White gap, and 69% of the American 
Indian–White gap were explained by these first-grade variables. 
As with Model 1, Model 2 shows that these variables had much 
smaller effects on the over-time growth rate of science achieve-
ment. That is, after entering these controls, most of the relation 
between children’s sociodemographics and their science achieve-
ment was already evident by first grade.

Model 3 added the time-varying variables to the equation (i.e., 
children’s reading achievement, mathematics achievement, and 
behavioral self-regulation along with the racial, ethnic, and eco-
nomic composition as well as the academic climate of their 
schools). This model also added the unchanging parenting vari-
able, which was measured in third grade. Over-time reading and 
mathematics achievement was strongly associated with over-time 
science achievement, with predicted effect sizes of approximately 
.25. By contrast, the effects of time-varying self-regulatory behav-
iors and school-level variables were small or nonsignificant. With 
these time-varying variables in the equation, the magnitude of 
the average science achievement growth rate declined by almost 
two thirds, from .03 of a standard deviation per month to .01 of 
a standard deviation per month. That is, two thirds of the science 

achievement growth rate was attributable to reading and mathe-
matics achievement growth. (Percentage reductions from Model 
1 to Model 3 are shown in the final column of the table.) Further, 
with the time-varying variables controlled, the already small 
sociodemographic differences in science growth rates became 
even smaller. The third-grade measure of parenting showed a 
positive and significant effect on the intercept (i.e., third-grade 
Science Test score), and with this variable controlled, the effects 
of race and ethnicity and SES were further explained.

To summarize, large gaps in general knowledge were already 
evident when children entered kindergarten and remained evident 
in the spring of first grade. These factors strongly predicted the 
large science achievement gaps in third grade, and these gaps 
persisted through eighth grade. Persistent science achievement 
gaps from third through eighth grades were attributable to 
lower reading and mathematics achievement as children moved 
through third, fifth, and eighth grades. Accounting for these 
and the study’s many other measured factors, including parent-
ing, fully or substantially explained the large science achieve-
ment gaps initially observed for children at risk (e.g., racial-, 
ethnic-, and language minorities; those from lower-SES fami-
lies) by eighth grade in the United States.

Discussion

To date, science achievement gaps in the United States have been 
frequently observed but rarely examined over time or explained. 
In particular, the age of onset and over-time stability of these 
gaps, as well as whether and to what extent they may be explained 
by potentially modifiable factors (e.g., lower general knowledge, 
lower reading and mathematics achievement, inattention and 
other self-regulatory behavioral difficulties, attending an eco-
nomically disadvantaged or racially segregated school) has been 
largely unknown (Byrnes & Miller, 2007). This lack of a knowl-
edge base has constrained efforts to address the nation’s science 
achievement gaps. Yet doing so is critically important. Low levels 
of science achievement are no longer a “gathering storm” but now 
are “rapidly approaching a Category 5” (NASNAEIM, 2010, p. 
1) in their potential to derail the nation’s long-term global com-
petitiveness (NASNAEIM, 2010, 2011). If left unaddressed, and 
given the nation’s increasing economic disparities, low science 
achievement may be experienced by growing segments of the 
U.S. adult population. The result may be an electorate with a 
more limited ability to understand pressing public policy issues 
necessitating increasingly greater scientific literacy as well as lower 
employment and economic prosperity (NASNAEIM, 2010, 
2011).

Collectively, results from our study indicate that some groups 
of children enter U.S. kindergarten classrooms already far less 
knowledgeable about the natural and social sciences than other 
groups of children. These preexisting general knowledge gaps in 
turn strongly predict general knowledge gaps in first grade, 
which in turn strongly predict science achievement gaps in third 
grade. Then, from third through eighth grades, experiencing 
lower reading and mathematics achievement is predictive of 
these science achievement gaps’ persistence. Much of the 
sociodemographic science achievement gaps in the later elemen-
tary and middle school grades can be explained by modifiable 
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factors measured during the primary grades. Overall, the stron-
gest contributors to science achievement gaps in the United 
States are general knowledge gaps that are already present at kin-
dergarten entry. Therefore, interventions designed to address sci-
ence achievement gaps in the United States may need to be 
implemented very early in children’s development (e.g., by or 
around school entry if not earlier) so as to counteract the early 
onset of general knowledge gaps during the preschool and early 
elementary years.

However, these early-appearing gaps may be exacerbated by 
other modifiable factors. These include whether children also 
experience lower reading and mathematics achievement as they 
age and the racial-ethnic composition of the schools they attend, 
possibly due to attending lower-resourced schools. This suggests 
that policies and practices designed to address the nation’s large 
and long-standing science achievement gaps may also need to be 
multifaceted and address lagging reading and mathematics 
achievement (Morgan et  al., 2009), lower behavioral self-
regulation (Duncan et al., 2007), and school racial segregation 
(Mickelson et  al., 2013), which is currently increasing (Fiel, 
2013). Consistent with other research (e.g., J.-S. Lee & Bowen, 
2006), we find that higher-quality parenting is associated with 
greater academic achievement, although our results suggest that 
the unique association of parenting with science achievement is 
quite modest by the elementary and middle school grades.

Our findings also have theoretical implications. To date, 
whether the early achievement trajectories of children at risk are 
best described as stable, cumulative, or compensatory has been 
unclear. Our findings suggest that science achievement gaps begin 
to occur early in the school career and are largely stable as children 
age. However, our analyses provide some indication for both 
cumulative and compensatory models of achievement growth, 
although the extent to which these gaps increase or decrease over 
time is small. Consistent with prior work (e.g., Huang et al., 2014; 
Morgan et al., 2011), we observed that Black children often follow 
a cumulative trajectory in that they experience both initially lower 
and then somewhat slower science achievement growth. These 
gaps remain evident despite extensive statistical controls, although 
they are largely explained by the study’s many other factors (e.g., 
reading and mathematics achievement, behavioral self-regulation, 
SES, and parenting). The science achievement gaps between 
lower- and higher-SES children are also consistent with a cumula-
tive achievement growth model (McCoach et  al., 2006). 
Consistent with a “threshold hypothesis,” language-minority chil-
dren initially display lower science achievement, but this is fol-
lowed by greater achievement growth. However, their greater 
achievement growth was fully explained by the study’s other modi-
fiable factors. We failed to observe that school climate was uniquely 
associated with science achievement, possibly due to our use of a 
more extensive set of statistical controls (including children’s time-
varying reading and mathematics achievement) than those used in 
prior studies.

As has been shown often in reading as well as, increasingly, in 
mathematics (e.g., Cameron, Grimm, Steele, Castro-Schilo, & 
Grissmer, 2015; Morgan et  al., 2011; Reardon, 2011), science 
achievement gaps begin early and then remain highly stable. 
Although some groups of children may display compensatory 
growth trajectories, their accelerated learning gains often are 

insufficient to close the initial gaps, particularly if they fail to 
receive continued and coordinated supports as they age 
(Protopapas, Sideridis, Mouzaki, & Simos, 2011). It may be that 
there is a common set of factors underlying achievement gaps that 
are domain general and so result in being more likely to struggle 
academically whether it be in reading, mathematics, science, or 
other content areas (Welsh, Nix, Blair, Bierman, & Nelson, 2010; 
Morgan, Farkas, Hillemeier, Hammer, & Maczuga, 2015).

Limitations

Our study has several limitations. First, the ECLS-K did not 
include a measure exclusively designed to evaluate children’s sci-
ence achievement during kindergarten and first grade. Instead, a 
measure of general knowledge was administered during these 
grades consisting of 50% science and 50% social studies items. 
Although children’s general knowledge very strongly predicted 
their later science achievement, a measure consisting exclusively 
of science items in kindergarten and first grade would have 
allowed us to more directly evaluate the onset and over-time 
dynamics of science achievement gaps during this early time 
period. Second, and relatedly, the ECLS-K does not include atti-
tudinal measures toward science. Children’s attitudes, inclina-
tions, and motivations toward science may have also predicted 
their achievement growth (Osborne, 2003) as well as related to 
children’s feelings of identity (Archer et al., 2010). Finally, the 
ECLS-K data are nonexperimental. They do not allow for unam-
biguous causal inferences. Instead, the data allow only for 
hypothesis generation, while providing preliminary indication of 
factors uniquely associated with or predictive of science achieve-
ment gaps and so constituting potential targets of early interven-
tion efforts.

Study’s Contributions and Implications

Despite these limitations, our results help inform policies and 
interventions designed to address science achievement gaps in 
the United States. One set of findings informs economic and 
educational policymaking. The nation’s long-standing science 
achievement gaps may be reduced by implementing policies to 
reduce economic inequality in the United States, including the 
intergenerational disadvantage of being raised in a low-SES fam-
ily (Reardon, 2011). Prior studies have reported the importance 
of SES on children’s achievement, but they pertain mostly to 
reading (Benson & Borman, 2010; Borman & Dowling, 2010; 
McCoach et  al., 2006) or sometimes mathematics (A. Wang 
et  al., 2013) but very rarely science achievement (Byrnes & 
Miller, 2007) and even less so the science achievement of ele-
mentary and middle school students (Sackes et  al., 2011). Yet 
socioeconomic inequality has been increasing in the United 
States, including school socioeconomic segregation (Reardon & 
Bischoff, 2011). This is particularly likely to be experienced by 
children who are Black, Hispanic, and American Indian, who are 
about twice as likely to live in high-poverty areas as children who 
are White (Ann E. Casey Foundation, 2012). Our study suggests 
that if this demographic trend continues, one expected result 
may be even greater declines in the science achievement of U.S. 
schoolchildren. Our empirical findings are consistent with 
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theoretical accounts of science achievement gaps, including how 
modifiable child-, family- and school-level factors may help 
explain achievement gaps (Norman, Ault, Bentz, & Meskimen, 
2001). Prior work has reported that greater racial and ethnic 
school segregation is predictive of lower reading or mathematics 
achievement (e.g., Benson & Borman, 2010; Berends & 
Penaloza, 2010; Mickelson et al., 2013). Our results support 
efforts to reduce racial and ethnic segregation in U.S. schools as 
a possible method for addressing achievement gaps as well as 
extend the field’s knowledge base by establishing that the rela-
tion also pertains specifically to science achievement.

A second set of findings informs educational policymaking. 
Our results suggest that children’s science achievement generally 
increases over time but that science achievement gaps initially 
evident by the elementary grades continue to occur as children 
age. Thus, policymakers and practitioners may need to increase 
the provision of early intervention efforts in science—particu-
larly for at-risk populations—if science achievement gaps are to 
be narrowed or closed (Evans, 2005). That is, a potential way to 
reduce science achievement gaps may be by implementing poli-
cies providing children at risk with greater opportunities to 
learn about the natural and social sciences prior to or immedi-
ately following school entry, including by providing their par-
ents with training in how to more effectively increase the 
children’s readiness for schooling and/or through programs and 
policies that provide the children with greater access to informal 
learning opportunities, as often provided through high-quality 
child care and preschool. Substantial attention has already been 
focused on the need for such early childhood programs (e.g., 
Head Start, Early Reading First) to address emergent literacy 
and numeracy gaps during this early time period, as these gaps 
have been repeatedly established as highly predictive of later 
reading and mathematics achievement gaps (e.g., Chatterji, 
2006; Downey, von Hippel, & Broh, 2004; Foster & Miller, 
2007; Jordan, Kaplan, Ramineni, & Locuniak, 2009). Yet little 
attention has been given to the need to also address science 
achievement gaps during the preschool or early-elementary 
time periods (Tate et  al., 2012). This is despite repeated and 
increasingly urgent calls for education policymakers and practi-
tioners to work to prevent low science achievement from threat-
ening the nation’s economic competitiveness and the electorate’s 
understanding of public policy issues (NASNAEIM, 2010, 
2011). Time spent on science instruction is also currently 
declining in U.S. elementary schools, despite this instruction 
being associated with greater science achievement (Blank, 
2013). Student interest in science begins to decline by age 11 
(Osborne, 2003), suggesting again that interventions early in 
children’s school careers may constitute “a key time for building 
interest” in science (Blank, 2013, p. 832). After the early-ele-
mentary time period, children, especially those who are at risk, 
may begin to internalize views of science as “hard” or for “egg-
heads” or mistakenly resulting from fixed ability (Archer et al., 
2010), leading elementary and middle school teachers to con-
front attitudinal as well as academic barriers when trying to 
address science achievement gaps. Higher-quality elementary 
and middle school climates, which may help to increase reading 
and mathematics achievement (e.g., Bodovski et al., 2013; Bryk 

et al., 2010), may be insufficient to address science achievement 
gaps. Instead, and because our findings indicate that science 
achievement gaps in the United States are largely stable and 
mostly explained by modifiable factors already occurring prior 
to or by school entry, multifaceted and coordinated early inter-
ventions providing increased opportunities for children who are 
at risk to learn about the natural and social sciences as well as 
about emergent literacy and numeracy, and to acquire attention 
and other self-regulatory behaviors, may need to be delivered 
prior to or immediately following school entry (Evans & 
Rosenbaum, 2008; Sylva, 2014). The provision of early and 
sustained interventions for children at risk may be necessary in 
order to close the nation’s large science achievement gaps.
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