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Abstract 

While English is the United States’ lingua franca, a growing proportion of US households 

regularly speaks a non-English language at home. Children from these households, however, 

often face academic disadvantages. Building on the existing literature, this thesis examines how 

the K–5 academic achievement of these linguistically minoritized (LM) children relates to their 

English proficiency when they enter kindergarten. 

The dataset is sourced from the Early Childhood Longitudinal Study, Kindergarten Class 

of 2010–11 (ECLS-K:2011). The analysis employs two-level hierarchical quadratic growth 

modeling on a selected subsample of LM children (n = 5,021). The outcomes are K–5 

assessment scores in reading and math, and the main predictor is English proficiency at 

kindergarten entry. Drawing on cumulative disadvantage theory, the analysis adjusts for time-

invariant covariates: gender, race/ethnicity, home language usage, baseline household 

socioeconomic status (SES), household structure, and school district impoverishment. 

Regression results show an achievement gap in both reading and math between LM 

children from similar backgrounds who entered kindergarten with lower versus higher 

proficiency in English. Yet, due to the faster academic growth of those with initially lower 

proficiency, the gaps in the autumn of kindergarten (1.8 years of typical learning in reading and 

0.93 years in math) narrowed to around 0.5 years for both subjects by the spring of Grade 5. 

These results remained qualitatively consistent after covariate adjustment. Notably, household 

SES exerted substantial influence in the opposite direction of early English proficiency. 

These findings highlight the long-term impact of early English proficiency in the 

academic development of LM children and point to the crucial role of continual academic and 

linguistic supports that are suited to LM children’s multilingual repertoires. 
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Introduction 

In the United States, many different languages are spoken, and this linguistic diversity 

has been growing. The proportion of the US population aged five and above who speak a non-

English language at home has steadily risen from 13.8% in 1990 (US Census Bureau, 1992) to 

17.9% in 2000 (US Census Bureau, 2003), 20.6% in 2010 (US Census Bureau, n.d. a), and lastly 

22.5% in 2023 (US Census Bureau, n.d. b). Surprisingly, this rise of non-English language usage 

has taken place despite the seemingly irresistible draw of English, which typically results in 

second-generation heritage speakers and third-generation English monolingualism. 

However, students who speak a non-English language at home may be academically 

disadvantaged due to their language, alongside other demographic factors such as socioeconomic 

status (SES), household structure, and country of origin (Schmid, 2001). All these disadvantages 

may compound onto each other, and the impact could further deepen if the student commands a 

lower level of proficiency in the language of instruction, which is by default English (as the 

mainstream lingua franca, or LF). Adopting the framework of cumulative disadvantage (Nurius 

et al., 2015), students who speak a non-English language regularly at home are hereafter referred 

to as linguistically minoritized (LM; cf. Wang et al., 2021), a term intended as an agentive 

alternative to language minority (e.g., in Kieffer, 2011; Schmid, 2001). Note that LM in this 

thesis is defined in reference not to the English language per se, but rather to the status of 

English as the mainstream lingua franca (LF) in the US. 

There are two related benefits to using “LM” over popular terms such as EL or ELL (i.e., 

English [Language] Learner).1 First, as it is used in this thesis, LM does not presume any 

particular level of proficiency in the LF (here, English), which helps maintain conceptual clarity 

 
1 The EL or ELL terms will nonetheless be used sparingly below, when discussing previous research in which the 

authors did define such terms based on measures of English proficiency. 



EARLY PROFICIENCY & LM STUDENTS’ K–5 ACHIEVEMENT 4 

in discussing students’ linguistic repertoires. Second, the LM grouping distinguishes between 

different pathways to a low proficiency in the LF and associated academic outcomes, particularly 

between homes in which LF exposure begins early and where it does not.2 This distinction is 

important because the kinds of academic support that are appropriate for students similar in 

apparent achievement levels could differ between these linguistic home environments. In 

practice, LM students have been found to be disproportionately represented in lower academic 

tracks (Callahan, 2005) and in special education (Schmid, 2001), which could reflect an 

institutional conflation between linguistic proficiency and cognitive ability. 

Broadly speaking, LM students of various ages and education levels can be set back by 

misalignment between the linguistic repertoire that the curriculum is designed for and what 

language skills the students currently possess. LM students may suffer extra cognitive burdens as 

they receive, process, and produce nonnative language while also processing the content 

knowledge contained therein (Hu and Lei, 2014), and such burdens can become more salient as 

students contend with increasingly complex materials (Ünsal et al., 2018). Not only could this 

make it more difficult for LM students to learn the content, but what they produce during exams 

administered in the nonnative language may underrepresent their true level of understanding. 

Whichever is the case, studies suggest a generally negative association between home-vs-school 

language misalignment and academic achievement for such varied student populations as 

“Standard English learners” in the US (Okoye-Johnson, 2011)3, young NCLB test-takers 

 
2 Developmentally typical children can acquire any language as their native language if they take in reasonable 

amounts of linguistic input early on, but the acquisition process takes several years of time. Specialized language 

support can be seen as making up for language-acquisition experiences that LM children might not have had, so this 

would reasonably take up much time as well. Note that there is discussion further below, based on past studies, 

regarding the long process of acquiring a suitable level of English for both quotidian and academic usages. 
3 Dialectal variations in English in the US may readily evoke the familiar debate of what constitutes a language 

divide rather than a dialectal divide. Such debate is often based upon political identity and ideology rather than 

empirical evidence, e.g., measurement of mutual intelligibility. This thesis treats children speaking nonstandard 

English as LM, due to the similar practical challenges involved. 
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moderately proficient in English (Wright and Li, 2008), university students enrolled in a 

trilingual program in Italy (Bernhofer and Tonin, 2022), and ethnic-minority elementary school 

students in China (Yang et al., 2015). 

In order to effectively assist with LM students’ education, given the many aspects of their 

overall lived experience, it is imperative that researchers amass abundant information regarding 

what factors (linguistic and non-linguistic) may exacerbate or attenuate the known association 

between home-vs-school language misalignment and academic achievement. This is the key 

motivation for the study presented in the current thesis. 

 

Literature Review 

Globally, nondominant populations are often under pressure to assimilate. According to 

Bommes (2012), successful integration into modern society necessitates not only “structural 

assimilation”—i.e., some degree of conformity with the demands of structural positions such as 

job openings and association memberships—but also “cognitive assimilation”, which includes 

the acquisition of “languages, skills, behavioural and situational patterns, normative knowledge, 

orientations towards mobility”, etc. (p. 114). Of these aspects, it is noteworthy that a reasonable 

level of proficiency in a language locally used for academic purposes can theoretically facilitate 

the attainment of the rest. Given the fact that the modern quest for socioeconomic mobility in the 

US depends heavily on contextual factors (see Zhou’s [1997] discussion of immigrant children’s 

possible paths), a higher level of proficiency in English could potentially bring additional 

opportunities: social connections, economic wherewithal, or even political power. 

Indeed, since the 1960s, one of the most consistent and least controversial policy goals in 

the K-12 education of LM students in the US has been to boost their proficiency in English, 
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though not necessarily maintain proficiency in the non-English language(s) (Cohen, 1984; 

Orfield, 1986; Wright and Ricento, 2017). Despite strong evidence that pedagogy that includes 

LM students’ home language is beneficial for their literacy and math development (Yu, 2024), 

the shortage of qualified bilingual teachers (see Gibney et al., 2021) and limited public support 

have meant that many LM students end up in an arrangement where they study content 

knowledge in LF-conducted (English) classrooms while also attending ESL or bilingual 

instruction. Whichever is the case, LM children who get educated in the US would typically 

eventually attain a level of English proficiency that allows them to complete many quotidian and 

academic tasks. 

However, the timing of English (LF) acquisition could influence the developmental 

trajectory of LF proficiency, which may in turn impact the efficacy of LM students’ learning. 

According to Hakuta and colleagues (2000), LM students in the US and Canada with limited 

English proficiency typically spent 3–5 years to attain an adequate level in oral English, and 4–7 

years to attain the same in academic English. Due to the way in which developmentally typical 

children acquire languages (more by input than by direct instruction) as well as the ubiquity of 

English (as LF) in the US, proficiency attainment and academic achievement may come naturally 

if a reasonable level of English is acquired early on. For instance, a recent longitudinal study 

(Winsler et al., 2023) found that among lower-income LM students in Miami, students with early 

(before Grade 2) proficiency in English are associated with higher GPAs as well as higher 

reading and math achievement in Grade 5, and they are less likely to be retained in Grades 3–5. 

These effects were consistent whether or not covariates were adjusted for, and each year of delay 

in English acquisition was associated with incrementally less desirable academic outcomes for 

the lower-income LM students. 



EARLY PROFICIENCY & LM STUDENTS’ K–5 ACHIEVEMENT 7 

In addition to these static milestone results, studies have shown more nuanced differences 

in the trajectories of academic achievement between LM students who gain English proficiency 

earlier versus later, particularly in regard to the growth rate of the scores. For example, Kieffer’s 

(2011) study suggests that after adjusting for SES and school concentration of poverty, LM 

students who were already fluent in English by kindergarten entry (i.e., passing the preLAS4 

English language assessment) had higher English reading scores in kindergarten but lower 

overall growth rate through K–8 than LM students who gained fluency later.5 The combined 

effect was an initial reading achievement gap between these two LM groups that shrank over 

time. These results are corroborated and expanded by three other studies that examined both 

English reading and math achievement, discussed below. 

In one study, Halle and colleagues (2012) examined how a variety of cognitive and 

behavioral outcomes for a national sample of K–8 students related to LM status and the timeline 

of acquiring English proficiency. They divided the subsample of LM students into three groups 

based on how they performed on an English screener adapted from the same preLAS assessment: 

those who passed the screener at kindergarten entry (n = 1,290), those who did not initially pass 

but were able to pass by the spring of Grade 1 (n = 980), and those who had not passed by the 

spring of Grade 1 (n = 410).6 After adjusting for demographics and other contextually salient 

covariates, they found that LM students in the first group (i.e., those who acquired English 

proficiency the earliest, or the “early proficiency group”) had the highest English reading and 

math scores in kindergarten among all three LM groups, but the rate of growth depended on both 

 
4 See Data Recognition Corporation (n.d.) for a description of the preLAS assessment. 
5 Results from this study (Kieffer, 2011) further suggest that the LM students with lower early English proficiency 

eventually reached the achievement levels of comparable non-LM peers by Grade 8, while LM students with fluent 

early English proficiency even surpassed their non-LM peers in English reading achievement as early as Grade 3. In 

other words, the overall growth rates of both these LM groups were higher than the non-LM group. 
6 It seems likely that Halle et al. (2012) deliberately rounded these figures to the tens place, since the numbers do not 

sum to their reported total LM sample size of n = 2,670. 
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the timeline of proficiency acquisition and the academic subject assessed. Compared to the LM 

students in the early-proficiency group, those in the middle group (i.e., passed the screener 

sometime during Grades K–1) had a lower growth rate in English reading and math, while those 

in the late-proficiency group (i.e., not yet passed the screener by the spring of Grade 1) had a 

much higher growth rate in English reading and similar growth rate in math. Halle and 

colleagues (2012) thus inferred the following about the trajectories of the three groups of LM 

students’ reading and math achievement: in reading, the initial achievement gap between the 

early- and middle-proficiency groups widened while that between the early- and late-proficiency 

groups shrank; whereas in math, the initial achievement gap between the early- and middle-

proficiency groups also widened but the gap between the early- and late-proficiency groups 

persisted. 

In another study that highlighted summer loss, Johnson (2023) traced the English reading 

and math achievement trajectories of a group of US public school students in Grades K–4, both 

in the academic year and over the summer. Within the group of LM students who were classified 

as ELs (i.e., low English proficiency) at any point during these grades (the “ever-ELs”; n = 

8,206), the subgroup of students who stayed in EL status throughout these years (the “always-

ELs”; n = 4,088) had lower kindergarten reading scores than the group average and lower 

reading growth rates in Grades K–1, but higher reading growth rates during the academic year in 

Grades 2–4. Meanwhile, in terms of math achievement, the always-ELs also had lower 

kindergarten math scores than the ever-EL group average, but the subgroup generally had 

slightly higher growth rates during the academic year throughout Grades K–4. Yet the gap 

between the always-EL subgroup and the whole group’s average widened in English reading and 

persisted in math during K–4; this was attributed to significant loss during the summer, where 
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the always-EL students experienced a more substantial score loss compared to the ever-EL group 

average, particularly over the summers after Grades 2 and 3 respectively (pp. 1059–1060). 

A third study focused on a later timeframe for the attainment of English proficiency. In 

Pilger Suhr and colleagues’ (2021) study on EL reclassification between Grades 3–5, they found 

that the earlier an LM student was reclassified as English-proficient, the higher their Grade 3 

reading and math scores, the lower their reading growth rate, but the higher their growth rate in 

math achievement. The reading gaps narrowed while the math gaps widened between the LM 

groups with different timelines for English acquisition. 

Collectively, the abovementioned four studies suggest that, when contextual factors are 

held constant, an LM student’s earlier acquisition of English proficiency is generally associated 

with an academic advantage in both English reading and math that remains at least through the 

elementary grades, even though LM students who acquire English relatively late experience a 

higher overall growth rate in English reading. 

Despite the discussion on overall growth rates, it is necessary to keep in mind that, as the 

abovementioned research shows, academic achievement growth curves can be nonlinear (e.g., 

Kieffer, 2011; Pilger Suhr et al., 2021). Both the piecewise modeling of IRT theta scores7 in 

Kieffer’s (2011) study (also cf. Johnson’s [2023] piecewise approach) and the logarithmic 

modeling of Rasch unit scale scores in the Pilger Suhr et al. (2021) analysis highlight the 

nonlinearity. This may partially explain the surprising results that Halle et al. (2012) found from 

their multinomial linear modeling, and a nonlinear approach might have enabled a more nuanced 

understanding of their data. 

 
7 IRT = Item Response Theory. Theta scores are a measure of the student’s latent ability in a certain academic 

subject, to be contrasted with other measures such as items-correct and quantiles. 



EARLY PROFICIENCY & LM STUDENTS’ K–5 ACHIEVEMENT 10 

Another point worthy of consideration is generalizability across US contexts. While local 

studies of specific classrooms (e.g., Haneda, 2009), specific schools (e.g., Sánchez et al., 2022), 

or specific school districts (e.g., Alvear, 2015) are helpful, it is uncertain to what extent the 

findings could be generalized to other US locales with different policies, practices, 

demographics, etc. A responsible study of the LM student population in the US as a whole would 

thus require nationally representative sampling. 

Finally, while cross-sectional studies of LM students have been conducted (e.g., Abedi et 

al., 2006; Kieffer & Thompson, 2018), it is uncertain how to investigate the longer-term effects 

of interventions and contextual or structural factors, as part of the lived experience of LM 

students. As was the case for many of the studies reviewed above, a longitudinal data-collection 

design would more easily support such analysis. 

 

Research questions 

This thesis intends to examine how early English (as LF) proficiency relates to academic 

achievement in the longer term among LM students in the US. In accordance with the research 

reviewed above, academic achievement is operationalized as reading and math scores. Similarly, 

“early” here is defined as acquiring English proficiency by kindergarten entry, and the grades of 

interest are Grades K–5. The two research questions are as follows: 

(1) For linguistically minoritized (LM) students in the US, to what extent does early 

proficiency in the LF predict the growth trajectories of reading and math achievement 

from kindergarten to Grade 5? 

 

(2) To what degree does this predictive association remain after adjusting for child-level 

demographic and contextual covariates that might confound the association, such as 

gender, race/ethnicity, frequency of non-English language usage, baseline household 

SES, single-parent household status, and school-district poverty? 
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The second research question, in particular, attempts to separate the unique contribution 

of language proficiency, controlling for other potential predictors of the developmental 

trajectories of reading and math abilities. If low early English proficiency predicts a negative 

impact on LM students’ reading and/or math learning even net of covariates, then this could 

justify programs that facilitate early LF (English) acquisition for LM students, and/or content-

knowledge support that takes their linguistic needs into consideration. Theoretically speaking, 

this study will also contribute to a better understanding of how childhood reading and math 

development relates to personal and social factors that shape the lived experiences of LM 

children who are raised and educated in the US. 

 

Data and methods 

Data 

This thesis analyzes data sourced from the Early Childhood Longitudinal Study – 

Kindergarten Class of 2010-11 (ECLS-K:2011; see Tourangeau et al., 2019). The dataset used 

for analysis is merged between original public-use data and preprocessed data. The 

preprocessing was conducted by the EDSO Archive Team at the University of Chicago. 

The original longitudinal study by NCES (see Tourangeau et al., 2019) systematically 

selected a nationally representative sample of US kindergartners in the 2010-11 academic year 

(initial n = 18,174) and followed them through Spring 2016. Since a majority of students were 

supposed to be in 5th grade by then, the dataset provides K-5 data on most of the initially 

sampled students, despite attrition (resulting in n = 11,445 in Spring 2016). The data was 

collected in a total of 9 waves. The publicly accessible variables include (1) the children’s 

academic, socioemotional, and other achievement measures, (2) family situations, (3) classroom 
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and school contexts, and (4) demographic and other information about the children themselves 

and the individuals and institutions (including classrooms and schools) most relevant to a child’s 

development. Many of these were measured across several waves, though some were measured 

only once. 

Meanwhile, the preprocessed data comes from the EDSO Data Archive. Certain notable 

variables from the original dataset were selected, cleaned, and prepared by the EDSO Archive 

Team. The data was organized into several files, including time-level and child-level data files 

suitable for hierarchical analysis. 

See Table 1 for an overview of the waves of data collection for ECLS-K:2011. 

Table 1. The waves of ECLS-K:2011 at a glance8 

Wave/TIME 1 2 3 4 5 6 7 8 9 

Total n = 15,756 17,207 5,230 15,132 4,735 13,850 12,896 12,102 11,445 

Data 

collection 

2010 

Fall 

2011 

Spring 

2011 

Fall 

2012 

Spring 

2012 

Fall 

2013 

Spring 

2014 

Spring 

2015 

Spring 

2016 

Spring 

Modal 

grade 

K K 1 1 2 2 3 4 5 

Total unique children n = 18,174. 

 

 

Language-related variables 

Only a selection of variables collected from the respondents of the NCES study were 

available for analysis. Besides the EDSO Archive Team’s own selection process for the 

preprocessed data, there is a deeper layer of redaction that NCES conducted in order to protect 

the privacy of the respondents. While the restricted version of the dataset does include many un-

redacted variables, that version was not accessible for the current study. What could be accessed 

 
8 Part of the information in this table is sourced from the EDSO Archive Team’s Analytical Codebook. Sample sizes 

are those that remain after the Archive Team’s cleaning process. 
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was the public-use version of ECLS-K:2011, on which the EDSO Archive’s preprocessed 

version was also based. 

The LM subset was selected by examining the children’s parents’ responses to the 

following two questions. Data is available for Waves 1, 2, 4, 6, 7, and 9, although in Wave 7 the 

dataset only records responses to the first question. 

(1) Is any language other than English regularly spoken in your home? 

Recorded responses to Question 1 were Yes, No, Not applicable, Refused, Don’t know, 

Not ascertained, and Missing (no value). “Not applicable” indicates that previous questions or 

the study methodology precludes an answer to this question, while missing data indicates 

nonresponse. 

(2) What is the primary language spoken in your home? 

Recorded responses to Question 2 were English, Spanish, Asian language, Other 

language, Not applicable, Refused, Don’t know, Not ascertained, and Missing (no value). The 

interpretations for “Not applicable” and missing data remain the same. 

This thesis operationalizes an LM student as someone whose respondent parent reported 

regularly speaking a non-English language at home (i.e., an answer of Yes to Question 1) in any 

wave. This forms the basis for selecting LM student data from the dataset as a whole. 

Further, in order to account for the frequency of non-English language usage at home 

(i.e., Question 2), a separate binary variable PRIMARY was coded. The PRIMARY variable 

takes 1 if the respondent parent reported Spanish, Asian language, or Other language as the 

primary language spoken in the home, in any wave; and 0 otherwise. The set of children whose 

PRIMARY value is 1 was found to be a proper subset of the set of LM children derived above. 
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In order to determine early English proficiency at kindergarten entry, data-flag variables 

were examined that indicate how the children were routed through the academic assessments. A 

variable LOPROF was coded which takes value 1 if there is enough information to classify the 

child as having low English proficiency anytime in the first four waves (i.e., Grades K–1), and 0 

if the child had high early proficiency, i.e., was able to pass an English proficiency screener by 

kindergarten entry. Note that the routing information was not collected by NCES beyond Wave 4 

because by then, 99.9% of the students were reportedly so proficient in English that they were 

routed into assessments delivered entirely in English (Tourangeau et al., 2019, Ch. 2, p. 4). 

More specifically, NCES employed an assessment routing process that depended upon 

both the child’s home language and their performance in a preLAS-based English language 

screener. Each child took the screener and a basic English reading test, and then they entered one 

of three possible assessment routes: Full in English, full in Spanish (except Science), or nothing. 

Below is the procedure that NCES used; note that when routing, they sourced the home language 

information from schools rather than directly from parents. Note that the English screener tests 

English at a relatively low level. 

(1) Home language is English: >> Reading, Math, Executive function9; Science (Spring) 

(2) Home language is Spanish: 

a. Passed screener: >> same assessments as English home-language speakers 

b. Failed screener: >> same assessments, but in Spanish and without Science 

(3) Home language is another language: 

a. Passed screener: >> same assessments as English home-language speakers 

b. Failed screener: >> no further cognitive assessment 

 

For each wave, the data flags were recorded as one of the following values. 

  

 
9 Executive function data is not analyzed in this thesis because the focus is on academic achievement as it is more 

traditionally defined. 
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The data flags: 

• 0 = English speaker: (i) non-LM (case 1 above) 

or (ii) LM but passed the English screener (case 2a or 3a). 

• 1 = Spanish speaker (case 2b). 

• 2 = speaker of another language (case 3b). 

• “-9” = “not ascertained”, i.e., the assessment was coded as invalid. 

• Missing data = nonresponse 

 

Distribution of these values is given below in Table 2. 

 

Table 2. The four waves of screener- and home-language-based flags in detail 

Wave 1 (Fall K) 2 (Spring K) 3 (Fall G1*) 4 (Spring G1) 

0 (English) 15,378 17,037 5,167 15,064 

1 (Spanish) 344 157 39 21 

2 (“other language”) 63 21 0 0 

Valid total 15,785 17,215 5,206 15,085 

-9 (not ascertained) 6 0 24 47 

Missing data 2,383 959 12,944 3,042 

EDSO Archive 

sample total 10 

15,756 17,207 5,230 15,132 

Total 18,174 18,174 18,174 18,174 

*G1 = Grade 1. 

 

A student was coded with a LOPROF value of 1 if in any of the first four waves their flag 

was 1 or 2; or a value of 0 if the flag was 0 wherever it was available (i.e., not missing or -9). If a 

student had either missing data or -9 for all of these flags, the student’s data was discarded as 

part of the data cleaning process (discussed in more detail below), since there was not enough 

information to determine the student’s early proficiency in English. 

 

Data processing 

As a first step, some of the entries on both the time-level and the child-level had to be 

removed due to data unavailability. On the time level, any entries were eliminated that had 

 
10 From the Analytical Codebook compiled by the EDSO Archive Team. Some students’ entries were cleaned out 

from the EDSO Archive data at some point, but the discrepancy is small. 
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missing data for the age at assessment or had missing data for either the reading or math IRT 

theta score. On the child level, any entries were eliminated where any of the following data was 

not available: early English proficiency (see above), gender, race/ethnicity, baseline SES, 

baseline single-parent household status,11 or the aggregate of school district poverty levels over 

the child’s K–5 experience. As a general rule, the cleaned version of the time-variant (time-level) 

data corresponds with the time-invariant (child-level) data, and deleted Child IDs apply across 

both levels. 

After selecting only the data associated with LM children, the sample for analysis 

consists of n = 33,532 child-wave entries on Level 1 and n = 5,021 children on Level 2. In order 

to facilitate calculation and interpretation, the continuous SES and school-district poverty 

measures were then both standardized to a mean of 0 and a standard deviation of 1. 

Some descriptive statistics after the standardization are given below in Table 3. 

Table 3. Child-level descriptive statistics for the selected LM sample (n = 5,021) 

Gender 

Contextual variables Female 

Male 

2,506 (49.9%) 

2,515 (50.1%) 

Race/ethnicity12 Continuous (standardized) 

Hispanic 

White 

Black 

Asian 

Other13 

3,069 (61.1%) 

483 (9.6%) 

210 (4.2%) 

1,030 (20.5%) 

229 (4.6%) 

Variable Mean SD Range 

Baseline SES 

District poverty 

(aggregated K–5) 

0.00 

0.00 

1.00 

1.00 

-2.36, 3.61 

-1.88, 2.94 

Language-related variables Categorical binary 

PRIMARY = 1 

LOPROF = 1 

2812 (56.0%) 

394 (7.8%) 

Baseline single-parent 

household 

1,017 (20.3%) 

 

Note: PRIMARY = 1 means that a non-English language is used as the primary language 

at home. LOPROF = 1 means that the child had lower English proficiency at kindergarten 

entry, as indicated by the results from English screeners administered in Grades K–1. 

 
11 SES and single-parent household measures are drawn from the first available datapoint among the waves, and 

they are therefore time-invariant baseline measures on the child level. 
12 Non-Hispanic unless otherwise indicated. 
13 The Other category encompasses all the remaining racial/ethnic groups that were less represented. 
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All variables at a glance 

Time level (Level 1) 

1. The reading outcome used in this thesis is the IRT theta score for reading. This is 

calibrated through Grades K–5 and is a representation of the child’s latent ability in 

reading comprehension, as opposed to items-correct on any particular test. This is a 

continuous variable, and in the analytical sample it ranges from -4.29 to 2.21 across 

all children and waves. 

 

2. The math outcome used in this thesis is the IRT theta score for mathematics. This is 

also a continuous variable, and in the analytical sample it ranges from -3.78 to 2.68 

across all children and waves. 

 

3. The time variable used in this thesis is the age at which the children are assessed. 

Whereas the original study measured these ages in months, for the benefit of 

modeling the months have been converted into the equivalent number of years with 

decimals. 

 

Child level (Level 2) 

1. LOPROF: Binary, taking 1 for low early English proficiency, and 0 otherwise. 

 

2. PRIMARY: Binary, taking 1 if primarily speaking non-English language at home. 

 

3. FEMALE: Binary, taking 1 for female, and 0 for male. 

 

4. Race/ethnicity dummy variables. 

 

5. SES: Continuous measure of household socioeconomic status at baseline. This 

variable has been standardized for modeling purposes. 

 

6. SINGPAR: Binary, taking 1 if single-parent household at baseline; 0 if not. 

 

7. DISTPOV: Continuous measure of aggregated school district poverty across all the 

schools in which the child was enrolled in the K-5 period. This variable has also been 

standardized for modeling purposes. 

 

 

Modeling 

Hierarchical linear modeling (HLM) was employed for longitudinal analysis, due to three 

main benefits. First, and fundamentally, each child’s prior academic achievement often predicts 

their later achievement (e.g., Jimerson et al., 2013), which can be considered a form of 
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clustering. A hierarchical modeling approach would help account for individual differences by 

modeling each student separately. Second, HLM handles certain kinds of missing time-level data 

better, by modeling trajectories with all available measurement occasions. This is important 

because not every child is measured on all occasions. By using HLM methods, the missing 

measurements do not impact the modeling process in any major way. Finally, not only the 

intercept but also the linear slope and the quadratic coefficient can be explicitly a function of the 

predictor and covariates, which is key to answering the second research question. 

As was discussed earlier, growth curves are often nonlinear, and so this thesis uses 

quadratic modeling as a relatively straightforward approach to nonlinearity. The full quadratic 

model is specified as follows; note that the AGE variable is centered on 8 years of age, which is 

close to the grand mean age across all child-wave entries. 

Level 1. 

THETA𝑡𝑖 = 𝜋0𝑖 + 𝜋1𝑖(AGE𝑡𝑖
′ ) + 𝜋2𝑖(AGE𝑡𝑖

′ )2 + 𝑒𝑡𝑖 

𝑡 = Wave of data collection; 𝑖 = child. 

THETA = The IRT theta score in question: reading or math. 

𝜋0𝑖 = Child 𝑖’s score at age 8, in theta units. 

𝜋1𝑖 = Child 𝑖’s instantaneous growth rate at age 8. This is close to the average of the 

instantaneous growth rates and therefore is a good approximation of the child’s overall growth 

rate over K-5. 

𝜋2𝑖 = 
1

2
 of Child 𝑖’s score growth acceleration, assumed to be constant over K-5. 

𝑒𝑡𝑖 = Level 1 residual (Normal), i.e., the remaining unexplained variation in the scores. 

We assume that 𝑒𝑡𝑖 ~ 𝑁(0, 𝜎2). 
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Level 2. 

𝜋0𝑖 = 𝛽00 + ∑ 𝛽0𝑘𝑣𝑘𝑖

𝐿

𝑘=1

+ 𝑟0𝑖 

𝜋1𝑖 = 𝛽10 + ∑ 𝛽1𝑘𝑣𝑘𝑖

𝑀

𝑘=1

+ 𝑟1𝑖 

𝜋2𝑖 = 𝛽20 + ∑ 𝛽2𝑘𝑣𝑘𝑖

𝑁

𝑘=1

+ 𝑟2𝑖 

𝑖 = child. 

𝑣𝑘𝑖 are the child-level variables of interest and 𝐿,𝑀, 𝑁 are the number of such variables 

included in each of the equations. These numbers vary across the models used. 

𝛽00 = expected value of 𝜋0𝑖, i.e., score at age 8 assuming zero value for all child-level 

variables.14 

𝛽10 = expected value of 𝜋1𝑖, i.e., instantaneous growth rate at 8 or approximately the 

overall K–5 growth rate, if all the child-level variables take zero. 

𝛽20 = expected value of 𝜋2𝑖, i.e., one-half of growth acceleration, if all the child-level 

variables take zero. 

For brevity, definitions for the effect 𝛽s have been omitted. These consist of the 

explanatory variables that are incorporated in each model. 

𝑟0𝑖 = unique (random) effect of Child 𝑖 on 𝜋0𝑖 (i.e., score achievement at age 8) 

conditioning on all other variables. 

𝑟1𝑖 = unique (random) effect of Child 𝑖 on 𝜋1𝑖 (i.e., instantaneous growth rate at age 8, or 

approximately the overall K–5 growth rate) conditioning on all other variables. 

 
14 Zeros for all child-level variables refers to a child who is male, of a race/ethnicity excluded by all the racial 

dummy variables (depending on the model, either a non-Hispanic child or a white child), whose primary home 

language is not a non-English language, whose early English proficiency is reasonably high, whose SES measure is 

average, whose school-district poverty measure is average, and who does not live in a single-parent household. 
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𝑟2𝑖 = unique (random) effect of Child 𝑖 on 𝜋2𝑖 (i.e., 
1

2
 of growth acceleration over K-5) 

conditioning on all other variables. 

These random effects are assumed to be in joint multivariate Normal distribution, i.e., 

(

𝑟0𝑖

𝑟1𝑖

𝑟2𝑖

) ~ 𝑁 (𝟎⃗⃗ , (

𝜏00 𝜏01 𝜏02

𝜏10 𝜏11 𝜏12

𝜏20 𝜏21 𝜏22

)) . 

 

Results and Discussion 

Main findings 

The main results of this thesis were obtained through a total of six quadratic models, 

consisting of three for reading (Models 1–3) and three for math (Models 4–6). In each case, the 

three quadratic models were formed, respectively, (1) with low early English proficiency as the 

only predictor, (2) adjusting for an additional Hispanic vs. non-Hispanic binary as well as other 

non-racial covariates, and (3) with the full set of variables, including every racial dummy 

contrasting with non-Hispanic white students. Hispanic ethnicity was specially considered in 

Models 2 and 5 both because of how the ECLS-K:2011 study treated racial/ethnic identity 

categories, and because it is often associated with proficiency in Spanish, which is a dominant 

minority language in the US. Indeed, as the descriptive statistics in Table 3 previously showed, 

students identified as Hispanic constitutes a majority of the LM subsample. 

The results from the regression are presented below; due to formatting reasons, the first 

regression table (Table 4) begins on the next page.15 

  

 
15 *: p < 0.05, **: p < 0.01, ***: p < 0.001, and (ns) = statistically nonsignificant. 
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Table 4. Regression results for Reading scores 

 Model 1 SE Model 2 SE Model 3 SE 

Intercept       

Intercept 0.86*** 0.01 0.86*** 0.01 0.82*** 0.02 

Low early English proficiency -0.39*** 0.02 -0.26*** 0.02 -0.26*** 0.02 

Primary home language is non-English   0.01 (ns) 0.01 -0.001 (ns) 0.012 

Female   0.09*** 0.01 0.09*** 0.01 

Hispanic   -0.08*** 0.01 -0.03 (ns) 0.02 

Black     0.00 (ns) 0.03 

Asian     0.10*** 0.02 

Other     0.02 (ns) 0.03 

SES measure, standardized   0.13*** 0.01 0.12*** 0.01 

Single parent household   -0.04* 0.02 -0.03* 0.02 

District poverty aggregate, standardized   -0.01 (ns) 0.01 -0.01 (ns) 0.01 

Linear       

Intercept 0.491*** 0.002 0.497*** 0.005 0.525*** 0.007 

Low early English proficiency 0.137*** 0.009 0.102*** 0.009 0.102*** 0.009 

Primary home language is non-English   -0.006 (ns) 0.004 0.001 (ns) 0.004 

Female   -0.018*** 0.004 -0.017*** 0.004 

Hispanic   0.013* 0.005 -0.019** 0.007 

Black     -0.021 (ns) 0.012 

Asian     -0.056*** 0.008 

Other     -0.011 (ns) 0.011 

SES measure, standardized   -0.045*** 0.002 -0.043*** 0.002 

Single parent household   0.011* 0.005 0.009 (ns) 0.005 

District poverty aggregate, standardized   -0.004 (ns) 0.002 -0.005* 0.002 

Quadratic       

Intercept -0.114*** 0.001 -0.113*** 0.002 -0.120*** 0.003 

Low early English proficiency -0.030*** 0.003 -0.020*** 0.003 -0.020*** 0.003 

Primary home language is non-English   0.003 (ns) 0.002 0.000 (ns) 0.002 

Female   -0.000 (ns) 0.002 -0.000 (ns) 0.001 

Hispanic   -0.005** 0.002 0.003 (ns) 0.003 

Black     0.000 (ns) 0.004 

Asian     0.015*** 0.003 

Other     0.004 (ns) 0.004 

SES measure, standardized   0.015*** 0.001 0.014*** 0.001 

Single parent household   -0.005* 0.002 -0.004* 0.002 

District poverty aggregate, standardized   0.003** 0.001 0.003*** 0.001 

 

Table 5. Random effects for Reading scores 

Variance components Model 1 Model 2 Model 3 

Intercept 𝜏00 0.142*** 0.118*** 0.117*** 

Linear 𝜏11 0.017*** 0.015*** 0.014*** 

Quadratic 𝜏22 0.001*** 0.001*** 0.001*** 

Time-level 𝑒 0.101 0.101 0.101 

Deviance 35352.9 34229.8 34219.1 
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Table 6. Regression results for Math scores 

 Model 4 SE Model 5 SE Model 6 SE 

Intercept       

Intercept 0.95*** 0.01 1.03*** 0.02 0.95*** 0.03 

Low early English proficiency -0.37*** 0.03 -0.20*** 0.03 -0.21*** 0.03 

Primary home language is non-English   0.07*** 0.01 0.03* 0.02 

Female   -0.05** 0.01 -0.05*** 0.01 

Hispanic   -0.16*** 0.02 -0.06* 0.03 

Black     -0.09* 0.04 

Asian     0.22*** 0.03 

Other     0.02 (ns) 0.04 

SES measure, standardized   0.17*** 0.01 0.16*** 0.01 

Single parent household   -0.05** 0.02 -0.04* 0.02 

District poverty aggregate, standardized   -0.02** 0.01 -0.02* 0.01 

Linear       

Intercept 0.578*** 0.002 0.586*** 0.004 0.604*** 0.005 

Low early English proficiency 0.052*** 0.006 0.035*** 0.006 0.035*** 0.006 

Primary home language is non-English   0.003 (ns) 0.003 0.006 (ns) 0.003 

Female   -0.020*** 0.003 -0.020*** 0.003 

Hispanic   0.003 (ns) 0.004 -0.017** 0.006 

Black     -0.029** 0.010 

Asian     -0.029*** 0.006 

Other     -0.012 (ns) 0.009 

SES measure, standardized   -0.021*** 0.002 -0.021*** 0.002 

Single parent household   -0.002 (ns) 0.004 -0.003 (ns) 0.004 

District poverty aggregate, standardized   -0.005** 0.002 -0.005** 0.002 

Quadratic       

Intercept -0.106*** 0.001 -0.105*** 0.001 -0.105*** 0.002 

Low early English proficiency -0.008** 0.003 -0.003 (ns) 0.003 -0.003 (ns) 0.003 

Primary home language is non-English   -0.002 (ns) 0.001 -0.002 (ns) 0.001 

Female   0.004*** 0.001 0.004*** 0.001 

Hispanic   -0.003* 0.001 -0.002 (ns) 0.002 

Black     0.002 (ns) 0.003 

Asian     0.001 (ns) 0.002 

Other     -0.003 (ns) 0.003 

SES measure, standardized   0.007*** 0.001 0.007*** 0.001 

Single parent household   -0.003* 0.002 -0.003* 0.002 

District poverty aggregate, standardized   0.004*** 0.001 0.004*** 0.001 

 

Table 7. Random effects for Math scores 

Variance components Model 4 Model 5 Model 6 

Intercept 𝜏00 0.259*** 0.211*** 0.206*** 

Linear 𝜏11 0.008*** 0.008*** 0.008*** 

Quadratic 𝜏22 0.001*** 0.001*** 0.001*** 

Time-level 𝑒 0.059 0.059 0.059 

Deviance 23595.0 22405.0 22333.7 
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For reading achievement, low early English proficiency is associated with a lower 

reading score at age 8 across all the reading models (every p < 0.001) but higher instantaneous 

growth rate at that point (every p < 0.001) and more negative acceleration in the learning of 

reading (every p < 0.001). Since the instantaneous growth rate at age 8 is also approximately the 

overall growth rate in the entire K–5 period, these findings combined suggest a narrowing of the 

achievement gap between students whose early English proficiency was low and those whose 

proficiency was higher. Based on results from the unconditional Model 1, preliminary 

calculation shows that the average reading achievement gap between LM students with low vs. 

high early English proficiency is around 1.8 years of typical learning growth in reading in the 

autumn of kindergarten, which narrows to around 0.50 years of typical learning growth by the 

spring of Grade 5. 

In regard to math achievement, low early English proficiency is similarly associated with 

a lower math score at age 8 across all the math models (every p < 0.001) and higher 

instantaneous growth rate at that age (every p < 0.001). However, unlike the reading growth 

trajectories, the moderately negative association between low early English proficiency and 

learning acceleration in math disappears after adjusting for covariates, suggesting that this 

parameter of math growth trajectories is similar between those with low vs. high early English 

proficiency (Model 4: p < 0.01; Models 5 and 6: p > 0.05, statistically nonsignificant). These 

findings, much like the ones above in reading achievement, also imply a narrowing gap between 

the low- and high-early-proficiency groups. Based on results from the unconditional Model 4, 

preliminary calculation shows that the average math achievement gap between LM students with 

low vs. high early English proficiency is around 0.93 years of typical learning growth in math in 
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the autumn of kindergarten, which narrows to around 0.49 years of typical learning growth by 

the spring of Grade 5. 

From both the numeric regression results above and Figure 1 below, it can be seen that 

the inclusion of covariates does not qualitatively change the associations between low early 

English proficiency and the reading or math growth trajectories (except for the acceleration term 

for math, which becomes statistically insignificant as noted). This suggests that the development 

of these achievement gaps deserve attention in their own right, besides other predictors of lower 

reading and math achievement and growth described further below. 

Figure 1. Comparison between the average trajectories for LM students with low vs. high early 

English proficiency, in reading and in math. 

  
On the left are reading trajectories, and on the right are math trajectories. The x-axes express age centered 

on 8, and the y-axes are the theta scores. In each graph, the blue (top) curve illustrates the average 

trajectory of those with higher early English proficiency, and the red (bottom) curve illustrates that of 

those with lower early English proficiency. To generate these graphs, Models 3 and 6 were used, which 

had the most covariates as well as the best model fit for reading and math respectively. 

 

 

Covariates: Reading achievement 

Speaking primarily a non-English language at home is not statistically significantly 

associated with any differences in the growth trajectory of reading. Notably, the Pearson 

correlation coefficient between low early English proficiency and primary usage of a non-
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English language at home was around 0.14, indicating a very weak relationship between these 

characteristics. The regression results suggest that the early English proficiency level has more 

predictive power for reading growth than the frequency of non-English usage at home per se. 

Female gender is associated with higher reading achievement at age 8 (every p < 0.001) 

and lower instantaneous growth rates (every p < 0.001). Meanwhile, there is no statistically 

significant relationship between female gender and the acceleration of growth in reading. From 

Figure 2 below we can observe that there is a gender achievement gap in reading that slightly 

narrows through K–5. 

Figure 2. Gender differences in reading growth. 

 
The x axis is age centered on 8, and the y-axis is the reading theta score. The red (top) curve is for female 

students, and the blue (bottom) curve is for male students. 

 

Hispanic students are associated with lower reading achievement at age 8 when compared 

with non-Hispanic students (Model 2, p < 0.001), but not statistically significantly differentiated 

from white students (Model 3). Hispanic students are associated with higher instantaneous 

growth in reading compared with non-Hispanic students as a whole (Model 2, p < 0.05), but 

lower instantaneous growth compared with white students (Model 3, p < 0.01). There is also an 

association with somewhat more negative acceleration in reading growth compared with non-
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Hispanic students (Model 2, p < 0.01), but not when compared with white students (Model 3). 

Figure 3 below (based on Model 2) demonstrates that a gap in reading achievement persists 

between Hispanic and non-Hispanic students, even when other relevant factors are controlled for. 

Figure 3. Hispanic vs. non-Hispanic students’ reading growth. 

 
The x axis is age centered on 8, and the y-axis is the reading theta score. The blue (top) curve is for  

non-Hispanic students, and the red (bottom) curve is for Hispanic students. 

 

In regard to other races/ethnicities, compared with white students of similar backgrounds, 

Asian students are associated with higher reading achievement at age 8 (p < 0.001), lower 

reading growth (p < 0.001), and less negative acceleration in reading growth (p < 0.001). 

Meanwhile, Black students and students in the Other racial/ethnic category are not associated 

with statistically significantly different trajectories compared with white students of similar 

backgrounds. This may be either a matter of statistical power due to the smaller sample sizes of 

these groups, or a matter of intra-group heterogeneity. 

Higher household SES is associated with higher reading achievement at age 8 (every p < 

0.001), lower reading growth (every p < 0.001), and less negative acceleration of reading growth 

(every p < 0.001). The contribution of household SES is substantial: the entire range of SES data 
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spans more than 5 SD units, and a 2 SD difference can approximately cancel out the intercept 

and growth-rate (slope) effects of low early English proficiency for reading achievement. 

Living in a single-parent household at baseline is associated with somewhat lower 

reading achievement at age 8 (every p < 0.05) and possibly marginally higher reading growth 

(Model 2: p < 0.05; Model 3: p > 0.05, nonsignificant). It is also associated with a somewhat 

more negative acceleration in reading growth (every p < 0.05). Although the magnitudes of all 

these coefficients are all rather small, the point holds that living in a single-parent household may 

be associated with long-term impact on reading. Note that household structure and SES may 

interact, which is a point that calls for more research. 

Finally, enrollment in relatively impoverished school districts is associated with a 

possibly lower reading growth rate (Model 2: nonsignificant; Model 3: p < 0.05), but most 

definitely a less negative acceleration in reading growth (Model 2: p < 0.01; Model 3: p < 0.001). 

There is no statistically significant association between aggregate school district poverty and the 

reading achievement at age 8. These results suggest that with all other factors controlled for, the 

effect of school district poverty on reading achievement may be cumulative and may only 

surface later in the LM students’ academic career. 

 

Covariates: Math achievement 

Speaking primarily a non-English language at home is associated with higher math 

achievement at age 8 (Model 5: p < 0.001; Model 6: p < 0.05), though otherwise the math growth 

trajectories of such students are not statistically significantly differentiated from those of others, 

in terms of growth rate or acceleration in growth. Importantly, these results are obtained while 

other covariates are controlled for, which merits further research. 
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Female gender is associated with slightly lower math achievement at age 8 (Model 2: p < 

0.01; Model 3: p < 0.001), lower growth rates in math (every p < 0.001), and less negative 

acceleration in math learning (every p < 0.001). From the regression results above and Figure 4 

below, we can observe that in contrast to the abovementioned results on gender differences in 

reading, here we find an almost opposite pattern: female students begin kindergarten with math 

achievement similar to male students, but an achievement gap forms and widens through Grades 

K–5, where female students are slightly behind. 

Figure 4. Gender differences in math growth 

 
The x axis is age centered on 8, and the y-axis is the math theta score. The red (bottom) curve is for 

female students, and the blue (top) curve is for male students. 

 

Hispanic students are associated with lower math achievement at age 8 when compared 

both with non-Hispanic students (Model 5, p < 0.001) and with white students (Model 6, p < 

0.05). Hispanic students are not statistically significantly differentiated with non-Hispanic 

students in growth rates in math (Model 5), but they are associated with a lower growth rate 

when compared with white students of similar backgrounds (Model 6, p < 0.01). Hispanic 

students are associated with somewhat lower acceleration in math learning when compared with 

non-Hispanic students (Model 5, p < 0.05), but not when compared with white students (Model 
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6, statistically nonsignificant). Figure 5 below (based on Model 5) illustrates a persistent math 

achievement gap between Hispanic and non-Hispanic students over Grades K–5. 

Figure 5. Hispanic vs. non-Hispanic students’ math growth. 

 
The x axis is age centered on 8, and the y-axis is the math theta score. The blue (top) curve is for  

non-Hispanic students, and the red (bottom) curve is for Hispanic students. 

 

In regard to other races/ethnicities, compared with white students of similar backgrounds, 

Asian students are associated with higher math achievement at age 8 (p < 0.001) and lower rate 

of growth in math (p < 0.001). Black students are associated with lower math achievement at age 

8 (p < 0.05) and lower growth rate in math (p < 0.01). Neither of these groups, however, are 

associated with a statistically significant difference in the acceleration of math growth compared 

to white students of similar backgrounds (each p > 0.05). Further, students in the Other 

racial/ethnic category are again not associated with statistically significantly different trajectories 

of math growth compared with white students of similar backgrounds (p > 0.05). Once more, 

statistical power and/or intragroup heterogeneity may be at play here. 

Higher household SES is associated with higher math achievement at age 8 (every p < 

0.001), lower growth rate in math (every p < 0.001), and less negative acceleration in math 

growth (every p < 0.001). The contribution of SES is again substantial: this time, around 1.2 SD 
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of SES difference numerically cancels out the net effect of low early English proficiency on the 

intercept, and around 1.7 SD of SES difference cancels out the net effect of the same on the 

growth-rate term for math. 

Living in a single-parent household at baseline is associated with somewhat lower math 

achievement at age 8 (Model 5: p < 0.01; Model 6: p < 0.05), a statistically nonsignificant 

difference in the rate of math growth, and somewhat more negative acceleration in math growth 

(every p < 0.05). Once more, the small but significant relationship between single parenthood 

and math growth trajectories should not be overlooked, and it should be noted that single 

parenthood may interact with household SES to complicate the picture. 

Last but not least, enrollment in relatively impoverished school districts is associated 

with lower math achievement at age 8 (Model 5: p < 0.01; Model 6: p < 0.05), lower growth rate 

in math (every p < 0.01), and less negative acceleration in math growth (every p < 0.001). In 

contrast with the results for reading achievement, here it seems that the potentially negative 

effect of school district impoverishment on LM students’ math development is perceptible even 

within the K–5 period. 

 

Robustness of findings 

For all effects that are statistically significant, the directionality remains unchanged 

between the simpler and more complex models, except when it comes to the Hispanic binary 

variable that signaled two different comparisons: one with non-Hispanic students (Models 2 and 

5) and the other with white students (Models 3 and 6). 

Collinearity was checked between all child-level variables included in the models. The 

first step was to check for pairwise correlation, with the notable exception of the meaningless 
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pairings between race/ethnicity dummies, which were by definition mutually exclusive. Among 

the Pearson correlation coefficients that resulted from this procedure, the highest coefficients by 

absolute value were between Hispanic ethnicity and household SES (r = -0.47), between school 

district poverty and SES (r = -0.36), and between Asian race and SES (r = 0.35). Further, in 

order to check for multicollinearity, Variance Inflation Factor (VIF) values were also computed 

for each of the predictor variables on the child level. The highest VIF values obtained were 3.3 

for Hispanic ethnicity and 2.6 for Asian race. These values stay within acceptable thresholds 

such as 5 or 10 (e.g., O’brien, 2007). 

In regard to the modeling approach, the main reason for the use of quadratic models on 

the time-level in this thesis is that the quadratic model is the simplest polynomial model that has 

a curvature and can be readily estimated using HLM software. Polynomial coefficients are 

generally more readily interpretable, but especially so if we remain on the quadratic level and 

refrain from adding higher-power terms. Notably, while linear versions of the quadratic models 

were also attempted, i.e., without the quadratic term on the time-level and without the 

corresponding coefficients on the child-level, the linear versions were excluded from further 

analysis and reporting. Not only was the linear models’ goodness-of-fit always worse than the 

analogous quadratic model, but the linear models also do not account for the curvature of the 

learning trajectories. Below are two pairs of graphs utilizing a 1% random sample of the data, 

featuring either the reading scores or the math scores. In each pair, the graph on the left presents 

raw, unadjusted student learning trajectories, while the graph on the right presents model-based 

estimated trajectories. Compared with linear models, quadratic models would seem to provide a 

more reasonable fit. 
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Figure 6. Raw trajectories and model-based estimated trajectories (Reading) 

 
The x axis is age centered on 8, and the y-axis is the reading theta score. The red curves represent girls’ 

trajectories, and the blue curves represent boys’ trajectories. 

 

Figure 7. Raw trajectories and model-based estimated trajectories (Math) 

 
The x axis is age centered on 8, and the y-axis is the math theta score. The red curves represent girls’ 

trajectories, and the blue curves represent boys’ trajectories. 
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Conclusion 

The multiple disadvantages that LM students often encounter need to be addressed, and 

within the current US educational framework a safe option is to focus on building viable and 

ideally self-improving linguistic repertoires in LM students. Due to the centrality of language in 

human communication in general and within formal education in particular, the development of 

language proficiency in the lingua franca may promise LM students not only better grades, but 

also potentially smoother navigation within a society that mostly speaks the lingua franca. 

The main findings of this thesis are concerned with the association between LM students’ 

early English proficiency and their learning trajectories in reading and math. Whether with or 

without adjustment for covariates, this thesis has found that there exists an achievement gap in 

reading and math between LM students with lower and higher early English proficiency. 

However, in the course of K–5, the students with lower proficiency gradually proceed toward 

closing these gaps. By the spring of Grade 5, it is estimated that the initial gap in reading 

narrowed by about 70% (around 1.3 years of typical learning) and the initial gap in math 

narrowed by about 47% (around 0.44 years of typical learning). Applied to real-world situations, 

these findings may be an indication of more sensible and more broadly accessible bilingual and 

ESL programs in the US, post-NCLB. However, one should be reminded that since language 

acquisition is destined to be a long-term endeavor, such linguistic (and sometimes content-

knowledge) programmatic support must be continued or expanded in order that these results are 

maintained or further improved. 

It is important to note that this thesis does come with a few limitations. First, it could be 

enhanced by adding theoretically motivated interaction terms. Second, other types of growth 

curves may also be explored, such as logistic or cubic. This may either corroborate or disprove 
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some of the findings presented here. Finally, it would be ideal to have a better variable indicating 

the child’s English (LF) proficiency, perhaps within the restricted-use dataset. 

 

Data and code availability 

The original data from ECLS-K:2011 is downloadable from the NCES website 

(https://nces.ed.gov/ecls/dataproducts.asp). 

The code used for analysis can be provided upon request. 

HLM analysis was conducted on software created by Raudenbush et al. (n.d.). 

  

https://nces.ed.gov/ecls/dataproducts.asp
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