
Abstract 
 
 
WARD, STEPHEN JAMES. Variations in Student Development Trajectories in Reading and 
Mathematics: A Multilevel Growth Mixture Model Approach. (Under the direction of 
Donald W. Drewes). 
 
 Lack of student achievement has long been a cause of national concern. The No Child 

Left Behind (NCLB) act of 2001 represents the latest attempt to both correct past educational 

inequities and to improve the competitiveness of American education. NCLB mandates that 

all students must meet proficiency standards by the 2013-14 school year. To determine 

whether students are on track to meet this goal, NCLB uses the metric of Adequate Yearly 

Progress (AYP). Presently, AYP appears to be set in terms of what is required to meet the 

2013-14 goal with no consideration of how student growth and development actually occurs. 

Moreover, this type of goal assumes that all students can develop or progress at the same 

rate, in other word, ‘one size fits all.’ This study sought to examine this ‘one size fits all’ 

assumption through the examination of unobserved heterogeneity in student growth 

trajectories. Specifically, this study sought to determine whether student growth trajectories 

in reading and mathematics between grade 3 and grade 8 could be adequately described by 

either single or multiple classes of growth using a multi-level growth mixture modeling 

approach. Further, the study examined the effects of gender, socio-economic status, ethnicity, 

parental education, and Local Educational Area (LEA) funding upon these growth 

trajectories. In terms of classes of growth trajectories, the results clearly suggest the existence 

of multiple classes of growth for both reading and mathematics. All individual level 

covariates influenced either membership in a growth class or the latent growth factors or both 

class membership and growth factors. In contrast, LEA level funding covariates effects were 



 

in general not supported. Relationships, for the most part, were consistent across primary and 

replication samples. Lastly, implications for educational practice, educational policy, 

Industrial/Organization psychology, and research are discussed along with the limitations of 

the present study.    
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Chapter 1 - Introduction 

Introduction 

 Measuring student achievement, or lack thereof, has been a national concern since 

1983 when the federal government released a report questioning whether the United States 

could compete with other nations if it continued to maintain only minimum competency 

standards (Nation Commission, 1983). Today, American students continue to show an 

inability to compete with the rest of the industrial world. In 2003 America’s 15 year olds 

ranked 24th out of 29 countries in math literacy, 20th out of 29 in science literacy, 15th out 

of 29 in reading literacy, and, in all cases, scores fell below the level of average proficiency 

(Organization for Economic Cooperation and Development [OECD], 2004). These 

disappointing results occur despite the fact that America spent more per student than any 

other G8 country (National Center for Education Statistics [NCES], 2005). Analyzing trends 

of American scores versus other countries, Osborne (2005) found that American students 

start out competively but that their relative performance declines over the years. The 

worrying conclusion is that American students appear not to keep pace with the rest of the 

world. 

 American business joined the federal government in its concern over the lack of 

student growth, being perturbed about the quality and work readiness of future generations, 

an ageing workforce, increased global competition, and accelerated technological change 

(Jacobson, 1992). The concerns of the early nineties are still prevalent today. For example, 

IBM announced recently that it would provide financial backing to employees to become 

math and science teachers (Bergstein, 2005). IBM, concerned with American students falling 
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behind their foreign peers, will allow its employees to take a leave of absence to pursue 

teaching credentials. These employees could receive up to half their salary, benefits, and up 

to $15,000 in tuition reimbursement and stipends. When these employees finish their 

training, they would go to work for schools and leave the employment of IBM. 

High-Stakes Testing and No Child Left Behind (NCLB) 

 Due to the apprehension of government and industry over the lack of student growth, 

the 1970s and 1980s saw many states implement tests to measure a minimum level of student 

achievement (Horn, 2003). Between 1972 and 1985 such testing programs went from 1 to 34 

(Hancy, Madaus, & Lyon, 1993).  Kornhaber and Orfield (2001) claim the 1983 Nation 

Commission report sparked a 20-year campaign to author a new set of accountability 

standards, marshaling in the age of high-stakes testing. Today, evidence of this movement 

abounds with 25 states linking student promotion and graduation to assessments, 18 

providing rewards to school staff for good performance, and 20 states providing punishment 

for poor performance (Quality Counts, 2002). President George W. Bush enshrined high-

stakes testing into national policy when in January 2002 he signed into law the No Child Left 

Behind Act (NCLB) of 2001. 

 No Child Left Behind presents state educational institutions with an enormous 

challenge by mandating that all students be at or above 'proficient' within 10 years (Simpson, 

LaCava, & Graner, 2004). To attain this goal NCLB requires that all schools, school districts, 

and states show that all students make or exceed Adequate Yearly Progress (AYP) in subjects 

such as math and reading. Tied to this requirement NCLB provides sanctions to educational 

units that fail to show AYP and rewards in cases where AYP is exceeded. While NCLB does 
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not prescribe consequences for students, often the individual states determine student level 

consequences as mentioned above. This is not trivial considering that NCLB accountability 

initiatives affect approximately 53 million children nationwide. To provide some sense of 

scale in comparison to other reform initiatives, Jacobs (2005) gives the following 

comparison: the educational voucher program provided 640,000 vouchers nationwide while 

NCLB will affect 3.6 million students in Texas alone. 

 High-stakes testing is not only a challenging issue but also a contentious issue. 

Cochran-Smith (2005) playfully points out the criticisms through listing alternative names 

suggested for NCLB including “no child left untested,” “no psychometrician left 

unemployed,”  “no teacher left standing,” and “same child left behind.” Behind these playful 

quips, critics have lodged several charges that research tends to support. Reviews of the 

literature question the validity of the form of high-stakes tests and find several negative 

impacts upon students including increased drop-out rates, negative student attitudes toward 

the tests, a narrower curriculum scope, and the abandonment of innovative teaching methods 

(Marchant, 2004; Sloan & Kelly, 2003).  

 With the scale of NCLB and the criticism leveled toward it, Tuerk (2005) suggests 

that psychologists should pay particular attention. Policy and law makers increasingly turn to 

the behavioral sciences for answers. Most states already face legal challenges to their 

education systems – most in the last five years. In a little under half of these cases the courts 

relied upon behavioral research.  Moreover, psychologists have an ethical obligation to 

pursue high-stakes testing research stemming from the fact that assessing penalties based 

upon high-stakes testing when adequate resources have not been provided to all students 

violates the Standards for Educational and Psychological Testing (American Educational 
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Research Association et al., 1999). Unfortunately, NCLB has been called an unfunded 

mandate leaving states struggling under its burdens (Imazek & Reschovsky, 2004). Tuerk 

(2005) believes that psychologists occupy a position that allows them to perform research 

independent of budgets and politics thus aiding the public discussion and implementation of 

NCLB. 

Problems for High-Stakes Testing? 

 Student groups Despite the importance of student achievement to the future of the 

country, the interest of business, the introduction of NCLB, and the call for psychological 

research, little is known concerning the impact of high-stakes testing. In particular it is 

unclear whether high-stakes testing reforms impact all student groups in a similar manner. 

Measuring NCLB's effectiveness without considering the possibility of differing sub-

populations is a serious error. For example, consider finding a positive effect assuming one 

population when in fact there are two. This erroneous finding hides several possibilities. In 

this simple example, both groups could experience an equal positive effect, an unequal 

positive effect, or one group could experience a positive effect while the other could be 

experiencing a negative effect. In reality there could be many more groups leading to many 

different possible combinations of outcomes. Without this knowledge it is impossible to tell 

whether high-stakes testing is helping all equally, helping some more than others, or possibly 

hindering or hurting other groups of students. Considering the most recent initiative, which 

specifically seeks to leave 'no child behind', it appears appropriate to examine whether the 

policy achieves the goal or not. Without this knowledge the appearance of successful reform 

could mask serious problems that would not be discovered. Unfortunately, research to date is 
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mixed, problematic, and simply does not go far enough in its exploration of the notion of 

groups. 

 Findings concerning high-stakes testing impacts upon different groups are 

inconclusive or mixed at best. Some studies seem to counter the notion of a constant positive 

effect suggesting that NCLB is failing to achieve its mandate. Reviews of data from 

Massachusetts and North Carolina show a negative impact upon non-White, non-Asian, and 

limited English proficient students (Horn, 2003).  Another group suffering negative 

consequences is the nation's poor, who typically have less access to quality teachers who are 

associated with better testing results (Tuerk, 2005). Further, these negative effects may be 

compounded by a “double barrel” barrier to growth (Ding & Davisons, 2005). Not only do 

disadvantaged students start behind other students, they also progress at a slower rate 

bringing in to question whether disadvantaged students can ever catch up. In contrast, other 

research results appear to contradict these findings of differential impacts across groups. For 

example, Hanushek and Raymond (2005) found that accountability programs had a clear 

positive effect on achievement for all groups and that previously identified areas of negative 

impact, such as exclusion from testing and drop-out rates, were not impacted by the 

introduction of the programs. 

 Measuring impact Another issue concerns how policy makers determine the 

effectiveness of NCLB. Currently, high-stakes effectiveness is often determined through 

aggregate and cross-sectional means with no examination of longitudinal developmental 

impacts. For example, successive cohorts are often used to determine school effectiveness, 

that is, the student achievement in a particular grade is compared with student achievement 

results of the same grade the following year. Unfortunately, using successive cohorts to 
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determine school effectiveness produces unreliable and unstable estimates causing schools to 

be labeled as either outstanding or needing improvement based upon little more than random 

fluctuations (Linn & Haug, 2002). Further, aggregated test scores are often used to determine 

school effectiveness. This, unfortunately, runs the risk of holding schools accountable for 

differences that may exist in groups of students that remain outside the schools' control and 

thus is not appropriate. This becomes even more complicated when considering the existence 

of unobserved groups. Unobserved groups may exist when the causes of group heterogeneity 

in data are not known prior to research. Consequently, students cannot be divided into sample 

groups unlike gender where subgroups of male and female can be determined.  Ultimately, if 

unobserved groups are not examined, we cannot tell if high-stakes testing reforms are 

completely successful or if they hide unintended consequences for certain groups or classes 

of individuals.  

 Funding A question of particular importance asks whether NCLB should provide 

funding to attain its goals. Cochran-Smith (2005) alleges that NCLB expects disadvantaged 

students to improve without increases in funding but through punishment to the schools for 

failure. Cuban (2004) states that NCLB takes a “pennies and sledge-hammer” approach to 

improving the school with the poorest performance. That is, not providing resources while 

taking harsh punitive actions against poor performing schools. Moreover, as mentioned 

earlier, Imazeki and Reschovsky (2004) found in Texas that costs imposed by the program 

exceeded extra money provided by the program. Yet, others have argued that it has not been 

established that extra funding or resources leads to improved student achievement. Hanushek 

(1996, 2003), for example, argues that no relationship exists between student performance 

and increases in funding but that policies such as NCLB do help disadvantaged students. It is 
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possible that these differences in opinion and findings may occur due to results obscured by 

the previously mentioned problems of unobserved groups and a failure to account for impacts 

that may be developmental in nature. 

 These problems have caused appeals for research that measures achievement at the 

student level, is longitudinal in nature, and includes multiple levels of analysis (Aitkin & 

Longford, 1986; Goldstein, 1997). Researchers have begun to answer this call using a variety 

of methods including hierarchical linear models (e.g., Jacob, 2005), latent growth modeling 

(e.g., Hong & Ho, 2005), and multidimensional scaling (MDS) exploratory growth modeling 

(e.g., Ding & Davison, 2005).  Industrial/Organizational psychologists with a rich tradition of 

psychometrics and problem solving using modern structural modeling techniques are 

uniquely positioned to assist in determining the impact of high-stakes testing upon student 

achievement. Evidence that Industrial/Organization psychologists are becoming aware of 

their ability to aid in the examination of this area is the inclusion of a practice forum titled 

“Expanding our influence: How I/O Psychologists can improve education” in the 2006 

Society of Industrial/Organizational Psychologists Annual Conference (Sinclair & McCloy, 

2006). A particular area mentioned for examination was the role I/O psychologists could play 

in student assessment. 

Problem Statement 

 The aim of this study was to investigate student achievement growth by examining 

unobserved heterogeneity and thereby examine NCLB’s assumption of ‘one size fits all.’ 

Specifically, this study sought to discover whether a single population growth curve can 

sufficiently model student achievement growth curves or whether a single growth curve hides 
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the existence of different unobserved subgroups and what effect, if any, student covariates 

and funding introduce. To attain this goal the study used multilevel growth mixture modeling 

(MGMM), essentially a combination of latent class analysis and mixture modeling, to 

determine whether developmental clusters can be inferred.  

 To achieve this purpose the study used results from the North Carolina student End-

of-Grade tests in reading and mathematics. These tests are administered by the North 

Carolina State Department of Public Instruction (NCDPI) at the end of grade 3 through grade 

8. Data was obtained with the permission of NCDPI and under the auspices of the Center for 

Urban Affairs. Since, approximately 100,000 students take each end-of-grade test the study 

sought to examine a set of students' development over a five year period, or from grade 3 

through grade 8.  

Benefits 

 This study could provide several benefits to states and educational policy makers. 

Through a better understanding of student growth trajectories states can improve their 

assessment of students while minimizing or removing unintended consequences to differing 

student groups. By understanding how funding may interact with students' development it 

may be possible to target limited resources at particular groups or at particularly critical 

periods of development, which may vary from group to group. I/O researchers and 

practitioners benefit by increasing the arena in which we operate. While the education system 

may not fall in a category of typical interest, it is an organization with many problems that 

other organizations face and that I/O psychologists with their particular expertise are 

qualified to address. Job analysis and training, for example, could be applied to determining 
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what a ‘qualified’ teacher is and how one should be trained. Selection and performance 

appraisal expertise can be applied to student assessment and career preparation. Theories of 

motivation and leadership could be applied to a student body, and their educators, that is 

falling behind the rest of the world. Moreover, ideas of growth and development have direct 

implications or applications to employee performance and training which are more fully 

discussed later. Lastly, an understanding of career pathways could be applied earlier meeting 

a need of many organizations for individuals ready for work faster than in the past. 
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Chapter 2 – Literature Review 

Introduction 

 Sparse literature exists on the effect of accountability policy on the growth 

trajectories of student achievement or development. The following review of the literature 

provides a basis for the present study. The review covers several areas. For one, it reviews 

accountability policies and the theories behind them including the historical and 

philosophical foundation of the modern accountability movement. This examination includes 

the goals and mechanisms by which accountability policies seek to attain said goals and, if 

these policies work, what results should we expect to see or not see. To provide balance, the 

arguments against or counterpoints to accountability theory are presented. The review of 

accountability policies ultimately leads to a discussion of the modern high-stakes testing 

environment.  This discussion focuses upon the work done on the impact of high-stakes 

policies and trends or growth in student achievement. Then the discussion moves to an area 

of particular controversy: the funding of high-stakes testing and whether high-stakes 

programs can create results without adding, or at least equalizing, resources as proponents of 

these programs suggest. Following this, the review focuses upon research of predictors of 

student achievement including race, gender, socioeconomic status (SES), and parental 

education. Lastly, the review considers the use of vertical scaling to demonstrate adequate 

yearly progress. 
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High-stakes testing 

History 

 America has recognized the importance of educational testing for many years.  Some 

estimate between 30 and 40 years while others link the importance of testing to the driving 

force of educational inequity and the civil rights movement. The Civil Rights Act of 1964 

mandated the 1966 Coleman Report (Coleman et al., 1966) that pointed to the existence of an 

'achievement gap' between the races – a gap that still exists today. Policymakers of the time 

viewed tests as both a means to determine where inequities existed so that action could be 

taken to reduce them and as a means to measure progress toward diminishing the gap. This 

led states to adopt a variety of testing programs in the 1970's and early 1980's (Horn, 2003) 

with the goal of minimum competency. In 1972 only one state had such a testing program; 

but by 1985, 34 states had such programs (Haney et al., 1993). Unlike the seventies and 

eighties, the 1990's ushered in the 'age of accountability'. Title I of the 1994 Improving 

America's Schools Act (IASA) required states to have standards in both reading and 

mathematics with testing of one grade per grade span (elementary, middle, and high-school) 

to determine low performing parties. This condition caused dramatic growth of 

accountability programs from three states in 1993, of which North Carolina was one, to the 

signing of the No Child Left Behind Act of 2001 (NCLB) requiring all states to have 

accountability testing programs. 

Philosophy and theory 

 The philosophical traditions of essentialism and behaviorism provide the foundation 

for high-stakes testing. Popularized by William Bagley in the 1930's, essentialism proposes a 
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'back to basics' approach to education focusing upon teaching material considered essential 

and basic and, thus, transmitting traditional values and knowledge. Typically, essentialism 

favors disciplines such as mathematics, science, and literature to develop pupils with a solid 

set of basic skills, an extensive body of knowledge, and the ability to think in a practical and 

disciplined manner. Moreover, this tradition expects teachers to provide an intellectual and 

moral role model to students. Extra curricular activities receive little attention as they divert 

time from main curricular activities. To ensure that students acquire the basics, extensive use 

of achievement tests is promoted. 

 The work of behaviorist psychologists such as Pavlov, Watson, and Skinner has 

heavily influence high-stakes testing. Behaviorism posits that an individual's behaviors are 

solely a response to stimuli and that autonomous behavior is an illusion with no scientific 

support. Thus behaviorism views education as a matter of providing the right stimulus -- 

rewards to increase desired behaviors and punishments to decrease undesired behaviors. 

Clearly, in order to determine whether reward or punishment should be administered, 

measurement of the desired behavior needs to occur. 

 Advocates of high-stakes testing claim it motivates students to work harder, increases 

parental involvement, and affects teacher performance positively (Roderick, Jacob, & Bryk, 

2002). These advocates point to educational psychology literature to support the motivational 

effects. This literature suggests that motivation to achieve an educational goal increases when 

the goal has value and is achievable. Proponents claim that the possibility for students to fail 

to move to the next grade based upon a test score provides the value. Standards provide the 

second part by clearly specifying what students need to know showing them how they can 

achieve the goal. This argument applies to effects on teachers and administrators who also 
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have clear consequences for their ability to achieve stated goals and have clear guidance on 

what needs to be done to accomplish the goals. Teaching pedagogy improves as teachers 

align their methods with the standard curriculum. Moreover, with standards, teachers will 

determine poor performance more readily by comparing actual performance versus the stated 

standard. 

 Political expedience furnishes the other driving force behind the rapid expansion of 

high-stakes testing. Political advantages stemming from accountability programs aided policy 

makers' rapid approval of such programs. According to Linn (2000), accountability programs 

lend themselves to quick implementation and have the potential for dramatic changes in both 

instruction and behavior. Usually, accountability programs offer a cheaper alternative to 

competing educational reforms providing an added benefit for policy makers. Lastly, to add 

political advantages, public support for accountability has increased since the early eighties. 

Criticisms 

 Critics argue that high-stake testing hurts those most in need of help (Brennan, Kim, 

Wenz-Gross, & Siperstein, 2001; Hillard, 2000; Horn, 2003). Horn's (2003) review of high-

stakes research showed that disadvantaged students do not score as well, that when tests are 

instituted they exhibit higher drop-out rates, that they are retained more often with no 

improvement, and that tests do not lead to more learning. The labeling of 'low ability' can 

have serious negative effects that can remain with children for years. Moreover, labeling 

schools or districts as failing is of little help when no resources can be applied to remedy the 

situation. Moreover, Hunter and Bartee (2003) argue that bridging the achievement gap 

requires more than testing because assuming that all children learn in a uniform linear 
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manner is unsound reasoning as it marginalizes educational differences. High-stakes 

advocates respond that in these cases, NCLB includes added academic services such as after-

school programs. These additions, they argue, mitigate any increased problems caused by 

grade retention. However, when the Act as a whole is underfunded (Imazeki & Reschovsky, 

2004), it is unlikely that these services will really materialize. 

 Critics also point to the negative effect of high-stakes tests upon teaching (Abrams & 

Madaus, 2003). They argue that, since the stakes are so high, teachers begin teaching to the 

test and narrowing their teaching content to less than the standard curriculum and that, 

eventually, test content will define the curriculum. This occurs because test makers can only 

sample knowledge and not test the entire content domain. Further, test makers seek questions 

that differentiate students from each other and so focus only on areas that provide 

discrimination. Teachers then focus on these limited test areas to increase their students' test 

scores. Not only does it affect the scope of what is taught but also the methods used to teach. 

It is argued that instructional activities will move from activities that encourage higher order 

thinking skills to test taking skills and drill based education. 

 Another area of contention concerns the form of tests used in high-stakes 

environments (Marchant, 2004; Sloane & Kelly, 2003). Marchant (2004) criticizes high-

stakes testing for its use of norm-referenced tests. That is, performance is determined through 

comparison to a large number of other test takers. This is the opposite of a criterion-

referenced test by which performance is determined through reference to some 

predetermined standard. Even when a standard curriculum exists against which tests are 

scored, the cut-points between levels of performance are often determined using norm 

information. This brings into question whether children are really mastering material or not. 
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Further, as mentioned previously, test makers select items carefully to differentiate students. 

Marchant argues that basic information may not be adequately tested because the questions 

would fail to differentiate. Moreover, due to test time constraints the number of items to test 

a specific area will be limited, potentially leading to determinations made due to guessed or 

skipped items.  

 Finally, several authors question the use of one test (usually given once per grade 

level) versus multiple sources of information to make important and varied decisions 

(Abrams & Madaus, 2003; Goertz & Duffy, 2003; Hunter & Bartee, 2003). It is unlikely that 

one score can satisfy needs for multiple purposes nor give a real indication of a child's 

knowledge. For example, a child may perform poorly on multiple choice tests and thus know 

more than indicated. Alternatively, a student could have sufficiently drilled a limited set of 

tested areas and therefore his/her score would indicate more knowledge. Moreover, single 

tests provide little diagnostic or feedback information to either teacher or student. Most 

testing occurs at the end of the academic year when a poor score means that the child may 

have to redo an entire year. Usually, only overall scores are provided giving no information 

concerning strengths or weakness. Lastly, the above authors suggest that if the child does 

well enough to move on then they care not what potential useful information they may have 

gained. 

Impact of high-stakes testing 

 The research on the impact of high-stakes testing presents complicated patterns of 

effect. As shall be seen, in some cases high-stakes testing benefits those most at risk while 

sometimes it appears that high-risk students do not receive any benefit. Further, in some 
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cases these policies may harm higher performing students unnecessarily. Using a three-level 

hierarchical linear model, Roderick et al. (2002) examined the effect of the introduction of 

high-stakes testing on ‘gate’ grades. Gate grades are grades in which testing determines 

whether or not a student will move to the next grade level. In this study, the authors 

examined the effect of minimum test standards in Chicago on students’ achievement in the 

gate grades (grade 3, grade 6, and grade 8).  In general, introduction of high-stakes testing led 

to improvement in each grade with greater gains seen in mathematics achievement than in 

reading. The findings provide further evidence that accountability systems tend to have a 

cumulative positive effect with larger gains in the second and third year of implementation 

versus the first year. When the researchers examined effects at the student and school level, 

several interesting patterns emerged. The Chicago policy had more impact upon students at 

greater risk than their higher achieving peers in reading. In fact, in the third grade the policy 

showed a negative effect upon the top 13 percent of third grade students. Mathematics, on the 

other hand, presented a different pattern. In the third grade those at greatest risk showed the 

greatest benefit; however, unlike reading, lower risk students also received some benefit. Yet, 

in grade 6 and grade 8 students with little or no risk benefited the most while high-risk 

students displayed no benefit. The study found these increasing effects magnified in lower 

performing schools. That is, high-risk students received more benefit if they were in lower 

performing schools. In most cases this relationship was not significant except in 

predominately African-American schools.   

Not only do patterns of achievement appear complicated, but the mechanisms by 

which these patterns occur are also complicated. Jacob’s (2005) claims that positive changes 

could happen due to harder working students and teachers, or that these changes occur due to 
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unintended consequences, such as strategic use of the system. Examining the introduction of 

an accountability policy in Chicago in the mid-1990’s, Jacob (2005) found a significant 

‘sharp’ increase in both reading and mathematic achievement. The Chicago policy sought to 

raise achievement by ending social promotion and holding teachers and schools accountable. 

Students who failed to pass at certain grade gates had to undertake extra coursework over the 

summer and then retake the test. Failure to pass the test a second time led to the student 

repeating the grade. Schools that did not attain certain standards were placed on probation, 

and teachers could be dismissed or reassigned.  

Using regression analysis of longitudinal student data and a panel of data at the 

district level of similar Midwest cities, Jacob (2005) examined the effect of the existence of 

sanctions and the effect of the sanctions themselves. The study found that prior to the policy, 

achievement scores remained stable but began to rise after introduction. Moreover, scores 

rose in comparison to other Midwest cities that had not introduced accountability policies. 

Jacob further found that these increases did not appear for younger students who only took 

low-stakes exams. Using item-level analysis, Jacob attributed the gains to several factors. 

Student factors included increases in both student effort and test-specific skills while teachers 

appeared to use several strategies to improve scores. These strategies included placing more 

students into special education, having students held back before any tests were taken, and 

moving resources from low-stakes subjects, such as social studies, to the high-stakes subjects 

of reading and mathematics. Higher percentages of these practices took place in lower-

performing schools. Jacobs (2005) points out that whether strategies of increasing special 

education and holding students back are good or bad is not clear as the effects will not be 

seen for years. While these practices improved results artificially, they may provide more 
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resources to students that really need them and thus in the long run may lead to real 

improvements. 

Another fundamental question of concern to the high-stakes environment is the 

possibility of doing more harm than good. Hanushek and Raymond (2005) studied the impact 

of accountability programs introduced in the 1990’s on student performance. In particular, 

they sought to examine the racial achievement gap, exclusions from testing, and dropout 

rates. To estimate the effects of accountability programs, Hanushek and Raymond (2005) 

developed a linear model that included differences between policies, student and family 

variables, and other fixed effects. Using this model they examined National Assessment of 

Education Progress (NAEP) data in mathematics and reading performance and looked for 

growth between grades four and eight. This analysis led them to conclude that, when states 

initiate accountability programs, improvements in achievement growth occur more than 

when no accountability program exists. They note, however, that this holds true only when 

accountability policies include mechanisms for reward and punishment. Simply reporting 

results did not lead to appreciable gains in achievement. When the authors disaggregated the 

data by race, they found that while gains in growth occurred, the gap between Black and 

White students did not decrease. Moreover, it appears that the Black-White achievement gap 

was negatively impacted by minorities concentrating in certain schools and areas. Lastly, 

when examining the undesired effects of increased exclusion from testing and dropout rates, 

the study found that these did not occur with the introduction of accountability policies. This 

study provides support for high-stakes testing in terms of increased performance and the need 

for consequences to drive the performance. Yet, it is troubling that while performance 

increases the gaps that such programs are touted to remove do not appear to decrease. So, 
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while these groups are doing better they are still not catching up and may be still left at the 

bottom of the proverbial barrel. 

Fan (2001), in a study of parental involvement and student growth, found that poor 

performers suffered from what he called a 'double barrier.' That is, these poor performers 

suffered from lower initial starting points and lower growth rates. However, Ding and 

Davison (2005) using multidimensional scaling (MDS) exploratory growth modeling 

examined individual growth patterns in math achievement and found a slightly different 

pattern. MDS, like hierarchical linear modeling (HLM) and structural equation modeling 

(SEM), uses one or more growth curves to model the data with an individual's growth curve 

being a linear combination of the model's growth curve(s). While HLM curves refer to 

equation terms and SEM to latent variables, MDS curves are dimensions. Moreover, both 

HLM and SEM require that the number of curves be specified beforehand while MDS can be 

used in an exploratory fashion providing an estimate of the number of curves required to 

model the data. Using this method, Ding and Davison (2005) examined math achievement in 

cohorts from grades 3 and grade 5 over a four year period. For both cohorts, most growth 

appeared in the first year and slowed consistently over the following years. For example, 

both the grade 3 and grade 5 cohorts displayed over 50 percent growth in the first year but 

dropped to 23 percent and 18 percent respectively in the final year. The authors then studied 

which individuals experienced the most growth over the four year period. They found that 

those with lower initial scores had the most growth, and for those in the grade 3 cohort had 

caught up with their higher scoring peers. When they examined the disadvantaged groups of 

limited english proficient (LEP) and those in special programs, the authors found that these 

groups initially scored lower than their peers and so needed to experience accelerated growth 
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to catch up. Unfortunately, these disadvantaged groups displayed growth rates not 

statistically different from the others and so were not catching up. The authors conclude that 

fortunately disadvantaged students did not suffer from Fan's (2001) “double-barrel” barrier. 

However, these students still suffered in their ability to catch up to their peers. 

Impact of funding/resources 

 For most, it is intuitive that spending more money and providing more resources leads 

to higher student achievement. Yet, this idea is contentious from both a research and legal 

perspective. Probably the most vocal proponent on the side that argues the ineffectiveness of 

increased school input is Hanushek (1986, 1996, 2003). In his 1986 paper, Hanushek 

examined 65 regression studies done since the Coleman-report. Tabulating significant 

positive and negative effects and the number of insignificant effects, Hanushek points out 

that the number of positive and negative effects canceled each other out and that the number 

of insignificant findings far outweighed the significant findings. In 2003, Hanushek updated 

the table from the 1986 study showing similar results. 

 Using different methods, Greenwald, Hedges, and Laine (1996a) argue for the 

opposite claiming that school inputs such as money do have an effect upon achievement. The 

authors examined 60 studies using meta-analytic techniques to determine the relationship 

between school inputs and student performance. Using studies at the district level or lower 

that either controlled socioeconomic factors or were longitudinal, they found that many 

resources did improve student achievement. In fact, they found that moderate increases in 

resources led to significant increases in performance. Hanushek (1996) attacked these 

findings arguing that Greenwald, Hedges, and Laine's use of “a very highly selected sample 
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of results bias their analysis precisely toward their conclusion” (p. 397). Greenwald, Hedges, 

and Laine (1996b) responded that while Hanushek's analysis treats multiple analyses of the 

same person equally, they used independent data sets to ensure statistical independence. 

Further, when they overcompensated for any potential bias, they drew the same conclusions 

as their earlier study. 

 Recently, others have questioned the validity of the studies that Hanushek used to 

draw his conclusions. One problem was that most of the studies used failed to account for 

unobserved factors, or the endogeneity problem (Sander, 1999; Webbink, 2005). Failure to 

account for these unobserved factors can cause estimates of effect to be inaccurate in either 

an overly positive or negative direction. Sander (1999) examined third and eighth grade math 

test scores and per-pupil expenditures and other resource variables. To insure that 

expenditures were treated as endogenous, Sanders used a two-stage estimation procedure. 

Using this strategy, he found that per-pupil expenditure and average teacher salary did have 

an effect upon math scores in eighth grade. Webbink (2005) used the same method as 

Hanushek but employed newer studies that used either two-stage estimates, institutional 

rules, or natural variation to control the endogeneity problem. Institutional rules and natural 

variations refer to special circumstances that create random control groups. In fact, when 

examining these newer studies, findings similar to Hanushek disappeared when the 

endogenous part was removed indicating funding did appear to have an affect upon student 

achievement.   

 Dewey, Husted, and Kenny (2000) present another possible problem with older 

research – the misspecification of parental income. As parental income can determine both 

parental and educational inputs, using it as an independent variable is not warranted. That is, 
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parental income can determine, for example, how much time the parent spends with the 

student on homework confounding it as a measure of parental input. Likewise, parental 

income may allow or disallow parents to make demands on school input by moving to better 

districts. The authors show, using 28 of the papers Hanushek used plus 18 others, that when 

this type of misspecification is present, finding a positive effect from a school input occurs 

39 percent less often. 

 In North Carolina and other states, rural, poor, and areas with high-percentages of at-

risk students have sued their states over unequal distribution of resources. North Carolina’s 

constitution requires that all students have the right to receive a “sound basic education.” In 

1997 Superior Court Judge Howard Manning, Jr. in Leandro v. North Carolina (1997) ruled 

that the standard of a “sound basic education” was a high standard not a minimum standard 

as the state had contended. Judge Manning further found that approximately 40 percent of 

North Carolina students failed to meet this standard and most of these were at-risk students 

due to race or socio-economic condition. The court reasoned that these students required 

more resources to reach mandated standards and therefore were not receiving an equal 

opportunity. 

 Research has taken up the twin question of whether differences in districts' socio-

economic status do reflect differing levels of education resources and whether these 

differences affect student outcomes. Unnever, Kerckhoff, and Robinson (2000) addressed 

these questions in a study of district data from Virginia. They examined, using weighted least 

squares regression techniques, data on student performance and school resource distribution 

of 136 educational areas. The authors found that differences in resource levels did exist 

between educational areas and that these differences were related to a district's socio-
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economic status. When examining the effect of resources on student outcomes, findings were 

mixed. On the one hand graduation rates increased with increased levels of teacher 

certification. However, on the other hand, no relationship was found between test scores and 

student-teacher ratios, per-pupil expenditure, and certification levels. They did find that when 

they controlled for student ability that math scores were associated with per-student 

spending. Further, when they excluded measures of affluence, per-pupil expenditure was 

related to graduation rates. Unnever et al. attribute these mixed findings to collinearity 

among the variables and conclude educational resources are positively related to student 

outcomes. 

 Considering the mixed findings for resources effects upon student outcomes, it is 

reasonable to question whether all resources should be considered together or whether 

different types of resources have different effects. Jacques and Brorsen (2002) considered 

different types of district expenditures and their effect upon student performance. 

Specifically, they examined district expenditures in Oklahoma and student test scores in 

reading, science, and math in grades 3, 5, 8, and 11 (science was not examined in grades 5 

and 11). Jacques and Brorsen found that districts that spent more toward instruction and 

instructional items had better test scores while districts that funded more administration and 

student support services (counseling) had lower test scores. The authors theorized that 

increased spending on counseling and administration causes activities related to these areas 

to waste valuable classroom time. 
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High-stakes testing and race 

 As discussed earlier, evidence of the existence of a racial gap in student achievement 

has driven accountability policy. Bali and Alvarez (2003) claim that, considering the 

evidence, the existence of this ‘race gap’ is undeniable. Recent studies continue to show a 

gap between the races. Hall, Davis, Bolen, and Chia (1999) studied fifth and eighth grade 

math scores from the California Achievement Test. While the research found no difference 

between Black and White student scores on math computational skill, the study did find a 

significant difference in math conceptual skills. Hall et al. explain the difference by pointing 

out that computational skills are rather straightforward while conceptual skills indicate a 

deeper learning of mathematics.  

Most studies focus upon the ‘race gap’ in math and reading but evidence does exist in 

other subject areas. Bacharach, Baumeister, and Furr (2003) looked at Black and White 

student science achievement in eighth, tenth, and twelfth grade. They found that Black 

students scored significantly lower than their White counterparts in each grade. Moreover, 

White students displayed significantly greater average yearly increases in their science 

achievement scores than Black students. Basically, not only did a disparity exist between 

Black and White students but that disparity increased over time. 

Researchers attempting to understand the mechanisms of the ‘race gap’ have 

determined that it appears early in the educational process. Not only does the ‘race gap’ 

appear early, it seems to begin at different times for different races. In a study of student 

math and reading achievement between grade 1 and grade 4, Bali and Alvarez (2004) found 

that differences between Black-White and Hispanic-White achievement scores did exist. 

Further, they established that the score gap between Black and White students occurred in the 



 25

first grade while the gap for Hispanics did not appear until the second grade. The score gap 

increased in the later grades for both Black and Hispanic students with Hispanic students 

always demonstrating a narrower gap than Black students. Bali and Alvarez point out that 

while differences did exist they were smaller than indicated by previous studies that had poor 

minority representation. 

Hedges and Nowell (1999) sought to answer two questions: (1) how much does 

social-class contribute to the achievement gap between Blacks and Whites, and (2) how has 

this gap changed over the last 30 years? To answer these questions, they examined U.S. high 

school senior achievement test data between 1965 and 1996. Hedges and Nowell found that 

the gap between Blacks and Whites had decreased but the rate of decrease slowed after 1972. 

They estimate that it would take another 30 years to close the gap in reading and another 75 

years for math and science. While they found that social-class accounts for up to a third of 

the difference, it is not enough to rule out other factors for the difference (e.g., 

discrimination). Investigating the achievement distributions of Blacks and Whites, the 

authors found that the achievement gap narrowing occurred mainly at the bottom of the 

distribution while Blacks remained greatly underrepresented at the top with little or no 

change. That is, lower performing Black students were catching up with lower performing 

White Students but this did not occur at the top of the achievement distribution. 

Bali and Alvarez (2003) examined the ‘race gap’ in a diverse school district in 

southern California. Using feasible generalized least squares, the authors sought to examine 

both family and school causes of the ‘race gap’. For the family, they looked at race, English 

proficiency, SES, and who had legal custody. For the school causes, they examined school 

programs and policies. They found that the family variables effects occurred in expected 
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ways. For example, students who were Hispanic or African American, received free/reduced 

lunch, and did not have two parents at home scored lower. School factors had small effects 

by race usually providing a positive impact. However, these school policies did not have 

enough of an effect to remove the ‘race gap’. 

High-stakes testing and gender 

 Much research exists that examines gender differences in achievement levels. 

Typically, findings suggest that males do better in math and science areas while females 

perform better in language art areas. For example, Maccoby and Jacklin’s (1974) review of 

1600 studies determined that males performed better in math and science while females did 

better in reading and writing. However, Fan (1997) questions the validity of previous 

research on several grounds. According to Fan, most of the earlier studies on gender 

differences in math achievement suffer from selection bias, cross-sectional data, and a 

reliance on measures of central tendency. Previous studies mostly used non-representative 

samples usually focusing upon a limited ability range or were small convenience samples. 

Using studies such as these to draw generalizations to the nation as a whole is rather suspect. 

The primary use of cross-sectional studies makes the determination of developmental growth 

in student achievement difficult to establish. The inability to establish developmental trends 

is important when considering whether disparity in achievement remains constant or not over 

different age groups. Research using measures of central tendency may hide important 

gender differences. Larger scale studies typically display findings inconsistent with previous 

selective sample studies with little or no difference between the sexes. With these problems 

in mind, Fan studied gender difference in math achievement from grade 8 to grade 12. The 
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findings showed that no difference emerged when examining total means but when the 

distributions were examined males scored better with the difference increasing over the 

grades. Fan concludes that increased variability of male scores contributed more to supposed 

higher male scores in math in previous selective samples. While Fan’s argument applies to 

gender differences in math, they are applicable to other gender subject differences as well. 

 With Fan's (1997) criticism in mind, Nowell and Hedges (1998) examined gender-

based trends from 1960 to 1994. Using meta-analytic techniques, the authors examined 

several different longitudinal educational data collections to determine whether differences 

existed and if so how those differences had changed over time. The study also inspected 

differences in variance and extreme scores. They found that general differences conform to 

those expected; that is, males scored higher in math and science while females scored higher 

in reading. Yet, the authors found these differences to be quite small. Inspecting the 

aforementioned trend data, the authors found that mean differences had not significantly 

changed except in science and mathematics which moved toward equality. In almost all 

cases, males displayed greater variance in test scores than females. The study of extreme 

scores showed that females were overrepresented at the higher levels of reading and 

vocabulary and at the lower levels of math and science. Males were overrepresented at the 

higher levels of math and science and at the lower levels of reading and writing. 

Interestingly, the over-representation of females at higher levels occurred at a lower 

proportion than male over-representation. The authors conclude that, while the achievement 

gaps are small and will plausibly close in about 30 to 40 years, the area of concern is the lack 

of change in the over-representation at the higher levels. They argue that those who have 

professional and scientific careers in particular fields typically come from the top ten percent. 
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Thus, when looking at any particular field one gender will be over-represented in the talent 

pool making it difficult for the other gender to achieve equity. 

High-stakes testing and socio-economic status (SES) 

 The Coleman report (Coleman et al., 1966) recognized the influence of students’ 

socio-economic status (SES) on their achievement. Not only does the individual student’s 

economic level affect achievement but also that of the students that surround them. Caldas 

and Bankston (1997) studied the effect of the peer group SES on student achievement. Using 

the federal free/reduced-price lunch program as an indicator of poverty, they aggregated this 

to the school level to provide a measure for the peer group. To provide a measure of SES, 

they combined the measure of poverty and social status (parental education and occupation). 

For the dependent variable, they used the Louisiana Graduation Exit Examination in 

mathematics, English language arts, and written composition given in grade 10. Four step 

OLS regressions were used to determine the effect of the variables on student achievement. 

This method provided evidence that both the individual's SES and his/her peer group's SES 

had an independent positive effect on student achievement. That is, students with peers of 

high SES displayed better achievement independent of their own status. Unfortunately, the 

effect of attending school with peers of low SES lowers the individual student's achievement. 

The authors suggest the policy implication of potentially limiting the number of 

disadvantaged students per school to some optimal level thus raising their achievement while 

not impeding the rest. 

Focusing just on individual student poverty, Okpala, Okpala, and Smith (2001) 

examined participation in the free/reduced lunch program and math achievement. They 
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studied students from one of the larger local educational areas in North Carolina and used the 

North Carolina End-of-Grade test. Like Caldas and Bankston (1997), Okpala et al. used 

multiple-step OLS regression to determine the effect of poverty on achievement. They found 

a significant negative relationship between free/reduced price program participation and math 

achievement. However, the authors caution that this study focused on one district, and it was 

a district with a large military population. 

High-stakes testing and parental education 

 Another area of interest is the influence of parental factors upon student achievement. 

One factor of interest is the education level the parent(s) achieved. Researchers argue that 

parents with higher education levels display more interest in their child’s education, can 

provide more educational opportunities, better aid their children in their work, and provide 

good educational role models. In a study of over 24 thousand middle school students, Mullis, 

Rathge, and Mullis (2003) examined the impact of parent education, parent income, and 

educational items at home; the impact of social components of the parental and student 

networks; and, lastly, student misbehavior . Using structural equation modeling the authors 

found that parent education, parent income, and educational items each make a significant 

contribution to student achievement. In fact, these variables combined account for a third of 

the explained variance with only student misbehavior attributing more. 

 In another interesting study, Balli, Wedman, and Demo (1997) looked at the effect of 

prompting on parental involvement and student achievement. The study examined three 

groups of students. In one group, the students were prompted to involve a family member 

and a family member was prompted to get involved. In the second group only the student 
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was prompted, and the third group received no prompt. They found that the prompted groups 

had greater involvement than the no-prompt group. Unfortunately, the findings suggested no 

relationship between involvement and student achievement. Interestingly, students who had 

parents with a 4-year degree scored significantly higher than students whose parents did not 

have a 4-year degree. Further, the authors found no difference in involvement level across 

varying levels of parental education. 

 Wang and Wildman (1995) studied the impact of family commitment on student 

achievement. They defined family commitment as the level of parental education and 

encouragement. Wang and Wildman studied seventh grade math and science achievement of 

about 3000 students over a four year period. They found that family commitment contributed 

approximately 22 percent of variance in student science achievement. 

 A series of studies by Bacete and Remirez (2001), Marjoribanks (2003), and Bacete 

and Rodriguez (2004) looked at parental influence in a different manner. Bacete and Remirez 

examined the influence of parental involvement and cultural level and the families’ 

socioeconomic status defined as the parents’ education and professional level plus the size of 

the home. Using academic achievement of 150 Spanish seventh graders and structural 

equation modeling, they found a direct effect of involvement and cultural level and an 

indirect effect of parental educational and professional level. Further, they found that family 

input may be as important as the child’s intellectual abilities which they measured using a 

tool designed to measure general verbal and nonverbal intelligence. Building upon this study, 

Marjoribanks examined the effect of parental education and occupation (social status), 

parental involvement and culture (family environment), and the student’s ability upon 

achievement. With data from 516 11-year-old Australian students, Marjoribanks used 
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multiple regression techniques and found that family environment and ability have a 

significant relationship with achievement for lower and middle status families. Bacete and 

Rodriguez reexamined their previous study in light of Marjoribanks finding. A stepwise 

regression procedure showed that intellectual ability was the best predictor of achievement of 

students that came from families with low or middle level of parental education and 

professional attainment. However, for students from families with high levels of parental 

education and professional attainment, the family’s role and its interaction with ability 

became more important. 

Measuring adequate yearly progress - Vertical scaling 

 No Child Left Behind requires States to demonstrate adequate yearly progress (AYP) 

by tracking how well students improve over the years. To help States achieve this goal, many 

have turned to vertical scaling. Vertical scaling sometimes called vertical equating, vertical 

linking, or developmental scaling has been available for sometime (Slinde & Linn, 1977). 

Vertical scaling transforms raw scores to a scale score on a unidimensional scale of student 

achievement (Lissitz & Huynh, 2003). Interested parties use these scale scores to compare 

student achievement across grade levels. 

 Vertical scaling rests upon the assumption that the measured trait is unidimensional in 

nature (Huynh & Schneider, 2005). This assumption, in the educational arena, translates into 

the idea of content, subject, and cognitive demand similarity across grade levels. When test 

developers can assume trait unidimensionality, they can use several methods to develop 

vertical scales. Typically, these methods rely upon tests developed with overlapping areas 
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between adjacent grades as these generally have the most equivalence in terms of content and 

instruction. 

 Unfortunately, the assumption that allows vertical scaling is also its main weakness. 

Often assuming a one-dimensional trait is not reasonable. For example, attempting to 

compare different science subjects across grades would not be reasonable. Therefore, scale 

developers focus mainly upon reading and mathematics as students participate consistently in 

these subjects over the years and it is reasonable to assume that, while different content may 

be covered, underlying concepts would remain the same. However, while vertical scaling 

may capture a common underlying dimension, it fails to account for grade specific 

components that may be important. Lastly, vertical scales usually assume equal-interval 

measurement which is a hard assumption to make. 

Conclusion 

 Educational testing and its importance have long been recognized in America. Yet, 

arguments and controversy abound while research continues to lag far behind what is 

happening in practice with little research examining the impact of the No Child Left 

Behind Act of 2001 and high-stakes testing. This conclusion seeks to provide a brief 

summary of the findings (see also Table 1) and show the direct implication to the proposed 

study. 

Table 1. Literature review summary 

Author(s) Year Area Finding 

Roderick, Jacob, 
& Bryk 2002 High-Stakes 

impact 

Improvement in both reading and Math. 
Gains cumulative. Negative effect for top 
students. 

Jacob 2005 High-Stakes 
impact 

Increase in achievement. Must have high-
stakes. Increase in strategic gaming. 



 33Table 1 (continued). 

Author(s) Year Area Finding 
Hanushek & 
Raymond 2005 High-Stakes 

impact 
Increase in achievement. Racial gap did not 
decrease. Undesired effects did not increase. 

2005 High-Stakes 
impact 

Increase in achievement mostly in first year. 
Disadvantaged groups did not have 
accelerated growth. 

Ding & Davison 

Hanushek 1986 Funding 
impact No significant effect from school inputs. 

Hanushek 1996 Funding 
impact Criticism of Greenwald, Hedges, & Laine. 

Hanushek 2003 Funding 
impact Update of 1986 paper – same result. 

Greenwald, 
Hedges, & Laine 1996a Funding 

impact 
Moderate increase in school inputs lead to 
significant increases in achievement. 

Greenwald, 
Hedges, & Laine 1996b Funding 

impact Response to Hanushek criticism. 

Sander 1999 Funding 
impact Spending per pupil had significant effect. 

Webbink 2005 Funding 
impact 

Replicated Hanushek correcting for 
methodological problems. Found effect. 

Dewey, Husted, 
& Kenny 2000 Funding 

impact Found positive effect. 

Unnever, 
Kerckhoff, & 
Robinson 

2000 Funding 
impact 

Difference in district school resources related 
to district SES level. 

Jacques & 
Brorsen 2002 Funding 

impact 
Different types of school inputs had different 
effects. 

Hall, Davis, 
Bolen, & Chia 1999 Race Difference in math conceptual skills. 

Bacharach, 
Baumeister, & 
Furr 

2003 Race Disparity between Black and White science 
scores that increased over time. 

2004 Race Disparities exist but seem to appear at 
different times for different races. Bali & Alvarez 

1999 Race Disparity between Black and White students 
decreased but rate of decrease slowed. Hedges & Nowell 

Bali & Alvarez 2003 Race Race and SES interact in expected ways. 
Maccoby & 
Jacklin 1974 Gender Males better in math and science. Females 

better in reading and writing. 

Fan 1997 Gender Using measures of central tendency hide 
important gender difference.  

1998 Gender Difference as expected but smaller and had 
not changed over time. Nowell & Hedges 

Caldas & 
Bankston 1997 SES SES and peers’ SES affects performance. 



 34Table 1 (continued). 
Author(s) Year Area Finding 
Okpala, Okpala, 
& Smith 2001 SES Lower SES related to lower achievement. 

Mullis, Rathge, & 
Mullis 2003 Parental 

Education 
Parental variables account for a third of 
explained achievement variance. 

Balli, Wedman, & 
Demo 1997 Parental 

Education 
Children with better educated parents did 
better. 

1995 Parental 
Education 

Parental commitment accounts for 22 percent 
of variance in science achievement. Wang & Wildman 

Garcia Bacete & 
Rosel Remirez 2001 Parental 

Education 
Parental education level had an indirect effect 
upon achievement. 

Marjoribanks 2003 Parental 
Education 

Family variables have achievement 
relationship for low and middle status 
families. 

Garcia Bacete & 
Oliver Rodriquez 2004 Parental 

Education 
Student ability most important for students 
with parents with less education. 

 

 Of primary importance to the study is the argument of whether high-stakes testing 

closes the achievement gap, as advocates argue it does, or in fact hinders or hurts groups, 

as its critics contend. Commentators such as Hunter and Bartee (2003) succinctly point out 

that assuming that all groups or classes of children learn in a uniform and linear manner is 

unreasonable and fails to account for individual differences. The limited research on the 

impact of high-stakes testing, while overall suggesting a positive relationship with 

achievement, shows complicated and interesting patterns of achievement growth that a 

uniform linear approach for all students cannot explain. This was evident when Roderick 

et al. (2002) found that high-stakes testing had a negative effect upon the top students in 

third grade reading, or when Hanushek and Raymond (2005) found the achievement gap 

between Blacks and Whites failing to narrow. While findings such as those of Roderick et 

al. of a greater impact for higher risk students and lower performing students appear to 

support high-stakes advocates’ positions, they do not tell the full story. Jacob’s (2005) 

findings point out that these gains may have occurred artificially due to teachers ‘gaming’ 
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the system. Moreover, Roderick et al. findings that the effects of high-stakes testing are 

cumulative with greater effects in latter years appear to conflict with Ding and Davidson’s 

(2005) finding of most of the growth occurring in the first year. Fan (1997) found a 

‘double barrel’ barrier for disadvantaged groups (starting lower and progressing at a 

slower rate) whereas Ding and Davison found that while disadvantaged groups did start 

lower they progressed at the same rate. Differences in these findings could be the result of 

unobserved groups within the data sets. It is possible that some disadvantaged students 

progress as suggested by Fan and some progress as suggested by Ding and Davison. In 

addition, it is possible that still other patterns of growth exist for disadvantaged groups of 

students. 

 The proposed study agrees with Hunter and Bartee (2003) that studies of growth 

need to examine individual differences. The work summarized above clearly shows that 

individual differences have distinct impacts upon achievement growth. So far, however, 

examination of individual difference remains at the observed class level. That is, the 

studies have focused upon differences, such as, race or gender that are directly observable. 

However, it is possible that there exist unobserved classes within the population of interest 

that may be hidden. For example, take Hanushek and Raymond’s (2005) finding that the 

Black-White gap does not appear to be narrowing. For the sake of argument, one could 

assume that there exist two unobserved classes within each racial group – low performers 

and high performers. Breaking out these classes may show that high performing Black 

students have caught up with White high performers but are hidden due to a larger 

proportion of low performing class membership. There are many possible variations, but 

the point is that examining data for unobserved groups may provide us with a more 



 36

complete picture of individual difference and achievement growth. To date no study has 

been located that has examined the effect of unobserved groups upon achievement growth. 

Complicating the picture are both the scientific and legal arguments over the 

impact school inputs do or do not have. On one side, Hanushek (1986, 1996, 2003) argues 

that school resources have no impact on achievement growth while on the other side 

Greenwald et al. (1996a, 1996b) contend that they do have an impact. Some suggest that 

different findings may occur due to data or methods problems (Dewey, Husted, & Kenny, 

2000; Sander, 1999; Webbink, 2005) and others suggest that different findings may occur 

due to different types of resources (Jacques & Brorsen, 2002). Generally, taking problems 

with past research and different types of school inputs into account suggests that the right 

types of inputs do have an effect on student achievement. Additionally, these school 

resources do seem to be unequally distributed with lower socio-economic districts 

receiving less (Unnever, Kerckhoff, & Robinson, 2000). Yet, research has not fully 

addressed the question of what affects which group. Do school inputs have a greater effect 

for low performing Black students than low performing White students? Does a lack of 

impact for high performing White students mask an effect for low performing White 

students? It is possible that not only do data, methods, different types of students, and 

different types of resources hide school input impacts. Again no research to date considers 

whether inputs may or may not be having an effect on hidden or unobserved classes of 

students, thus hiding the true effect of school inputs.  

Lastly, the review covered research focusing upon the impact gender, race, SES, 

and parental education had on students’ achievement. In most cases the findings concur 

with conventional wisdom. For example, consider Hedges and Nowell’s (1999) finding 
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that there is a gap between Black and White student performances that could take thirty 

years to close or Fan’s (1997) similar but smaller findings and conclusions concerning 

gender differences. Examining SES findings suggests that not only do individuals with 

lower SES perform worse (Okpala et al., 2001), but the SES of a student’s peers also has 

an effect upon student performance. The studies of parental education clearly showed that 

students with better educated parents performed better. Covering these areas clearly 

implies their use in any model as possible covariates or predictors of student performance. 

In the proposed study, inclusion of relevant covariates within the model will allow for 

better class specification. That is, the inclusion of these covariates should allow us to 

determine more accurately the class membership of each individual student. 

 In conclusion, research on growth shows generally positive results, but these 

results vary based upon individual differences. Studies to date have focused upon 

observable differences and therefore may hide variation that may occur due to unobserved 

differences. Examining unobserved classes would allow a better understanding of student 

achievement growth and possibly allow for more accurate intervention. For example, 

studying unobserved classes may show a class that is underperforming, allowing 

interventions to be specifically targeted to this class versus the entire population. 

Considering the under funding of NCLB, such findings could provide administrators with 

the ability to better allocate limited resources. The controversies surrounding the impact of 

resources need further examination. Failure to find a resource effect may occur simply 

because resources are going to those that do not need them or because any effect is hidden. 

Lastly, gender, race, SES, and parental education clearly have a bearing upon student 

achievement growth. The present research proposes to address these issues. 
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Chapter 3 – Model Development 

Introduction 

 This chapter presents a discussion of alternate modeling strategies used to study 

growth of student performance. To accomplish this goal this chapter contains several 

sections. The first section talks about methods of studying change over time.  In particular, 

this section focuses upon a problem called the equivalent model problem.  Next, a 

model/method selection criterion is presented and the various methods are evaluated in the 

context of the proposed study. Finally, the last section articulates the hypotheses to be tested. 

These hypotheses stem from findings presented in this and previous chapters. 

Modeling growth 

 This section describes and compares different models of determining growth or 

development of student performance. As such, it reviews what methods have been used and 

how those methods have been used to study the growth of student achievement. Lastly, this 

section examines a problem particular to modeling techniques - the problem of equivalent 

models. 

How has growth been assessed? 

 In reviewing the student achievement growth literature, the majority of studies used 

either hierarchal linear modeling (HLM), often referred to as conventional growth modeling, 

or, more recently, latent growth modeling (LGM). Only two studies were found that used 

autoregressive/simplex modeling. Surprisingly, no studies were found that used repeated 
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measures ANOVA, ARIMA, or confirmatory factor analysis with factors sequenced over 

time. Thus, the discussion reviews HLM, LGM, and simplex modeling. 

HLM (Conventional growth models) Hierarchical data structures common in both 

education and organizational research present a variety of problems for standard analytical 

techniques. Students, for example, exist within educational structures. That is, a particular 

student is assigned to a class within a school that is within a particular educational district 

within a state etc. Over time students in the same class will become more homogeneous as 

they experience the same environment and events. Thus, students are not independent from 

one another violating the assumption of independence assumed by most statistical 

techniques. This typically leads to a higher rejection of the null hypothesis than when 

appropriate analyses are used or a true random sample is acquired. Another problem is that 

hierarchical data are often collected at multiple levels thereby begging the question, as to 

what the unit of analysis should be. Previously, the cross-level nature of data was dealt with 

through either aggregation to higher levels or disaggregation to lower levels. However, 

neither of these methods provides an adequate way to examine both the individual and group 

effects upon the variable(s) of interest.   

According to Schagen and Hutchinson (2003), educational research had not dealt 

adequately with the issue of level of analysis prior to 1986. However, with the publication of 

Aitkin and Longford’s (1986) paper, educational researchers became aware of the possibility 

of multilevel research. Aitkin and Longford argued that the issue of what was the best level 

of analysis was a false dilemma. Instead, they argued that analysis should be done that retains 

the full data structure. They further argued that educational research should have student 

outcomes along with background variables at the student, school, and local educational area 
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(LEA) levels. Moreover, educational research should explicitly model multiple levels and 

perform careful interaction analysis. Fortunately, the development of computer software 

packages by Bryk and Raudenbush (HLM), and Goldstein (MIwiN) facilitated the adoption 

of hierarchical multilevel modeling in the education arena. 

Researchers where quick to realize that growth data could be modeled using a 

hierarchical model (Bryk & Raudenbush, 1992).  In fact research often views conventional 

growth modeling as a two-level hierarchical linear model (Muthen, 2004; Bauer & Curran, 

2003). Equation 1 presents the first level where yti equals the outcome's repeated measures; 

a1ti represents time-related independent variables, and a2ti time-varying covariates, where t is 

a point in time and i the individual. π0i, π 1i, and π 2i represent random intercepts and slopes 

that vary across individuals. 

 Equation 1: titiitiiiti eaay +++= 22110 πππ    

The second level equations (Equation 2a-2c) define the random intercepts and slopes. 

Equation 2a: iii rx 001000 ++= ββπ  

Equation 2b: iii rx 111101 ++= ββπ  

Equation 2c: iii rx 221202 ++= ββπ  

In equations 2a-c, xi equals a time-invariant covariate. These equations assume that the 

residual terms are normally distributed with zero means and are uncorrelated with the time-

related and time-varying components. Residuals in the level two equations (r0i, r1i, and r2i) 

may be correlated but do not correlate with the level one residual (eti).  

 Bacharach, Baumeister, and Furr (2003) used a two-level HLM as described above to 

examine the change in the academic achievement gap between black and white students and 
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between male and female students. To do this, they used scale scores from science 

achievement tests given to a cohort of students at three different times. The first level 

estimated the slopes and intercepts for each student. These estimates were then used to 

estimate slopes and intercepts for groups of students. If the slopes differed between the 

groups, this would be evidence for a change in achievement gaps between the groups over 

time. Further, this type of analysis allows the determination of the pattern of the change 

whether increasing or decreasing.  

HLM growth modeling is not limited to two-level models and can in fact model 

multiple levels, although rarely more than four. Examples of three and four-level models are 

provided in the following paragraphs. Bali and Alvarez’s (2004) study of racial achievement 

gaps utilized a three-level HLM to predict student test scores. The first-level used test scores 

from reading and mathematics achievement tests taken at four separate times. These were 

then nested within students for the second level which were then nested within schools for 

the third level. Doing so allowed Bali and Alvarez to examine the difference among Black, 

Hispanic, and White students while controlling for both student and school attributes.  

 To study the growth of mathematical content knowledge during middle and high 

school, Wilkins and Ma (2002) turned to a three-level HLM. The data they had were six data 

points nested within students nested within schools. Therefore, the first-level within-student 

part of their model examined growth rates for each student. The outcomes of the level one 

were then used in the second-level or between-students level of the model. Due to the study 

design, Wilkins and Ma had to include a third-level to take care of school effects. This was 

done to counter any clustering effects that could have occurred due to stratified sampling. 

However, the authors were only interested in student-level predictors and so did not include 
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school-level effects in their final model. Lastly, as with other studies, this study first 

examined an unconditioned model and then added student-level predictors in a second step.  

Hill and Rowe (1998) used a four-level model to examine student progress using test 

scores measured at the end of three consecutive school years. They used four levels to solve 

the problem of determining the effect of class membership within a longitudinal study. 

Modeling at the school level does not present an issue because students typically remain 

within a school over several years. However, students most often change classes and teachers 

each year causing changing class memberships. Using the first score as a measure of prior 

achievement, they then nested time one and time two scores within students within classes 

within schools. To solve the class membership problem, they allowed for class change 

between time one and two through use of a dummy variable at level three and constrained 

between class variance across the two times to be equal. Essentially their model allowed for 

the potential of two observations, one at the end of time one and a separate observation at 

time two. Using this as the base model, they then added several student background variables 

and predictor variables. 

 Ma and Ma (2004) sought to study the consistency of growth between student 

achievement in mathematics and science. To accomplish this, they used a four-level HLM. 

At the first level the authors used two dichotomous variables to represent the two academic 

subjects. For level two, they used two linear growth regressions that model the student’s 

grade level scores on each subject. Level three set up between-subject regressions, modeling 

rates of growth with respect to student characteristics. At this level, growth was represented 

by school average rates of growth. Then at the fourth level, the authors included between-

school equations that examined the effect of school characteristics. Finally, the authors took a 
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two step modeling approach. They first modeled growth without any student or school 

characteristics and then in the second step added these characteristics to their model. They 

did this to aid in overall understanding by examining growth under a variety of conditions. 

Latent growth modeling HLM is a multilevel, random-effects growth model that can 

be easily conceptualized as a latent variable model (LVM) by viewing π0i, π 1i, and π 2i as 

latent variables rather than random effects thereby underscoring the closeness between the 

conventional and latent variable approach to growth modeling. When times of observation 

vary over individuals, π 1i (see equation 1) is a random slope. Holding time intervals constant 

across individuals allows an SEM perspective, where π 1i becomes a latent variable as a1ti = 

a1t for all i. Further, SEM requires that π 2ti= π 2i as it cannot model the products of latent and 

observed continuous variables. However, by taking a latent variable or SEM approach, the 

two-level model reduces to a single-level model, where the level one equation represents a 

measurement model with repeated indicators y measuring the growth factors π0i, π 1i, and π 2i. 

The level two equations represent the structural model relating other variables to the growth 

factors.  

 To examine Maryland school performance growth between 1993 and 1998, Stone and 

Lane (2003) used a latent growth model (LGM). The authors sought to examine differences 

between school starting performance and their rates of change and whether individual and 

school factors had any effect. To do this, Stone and Lane used a two step procedure. First, 

they modeled the within-school trends across repeated measures of the school mean test scale 

scores. This level 1 or unconditional model involved using results from six repeated outcome 

measures and two latent factors representing the starting performance (intercept) and the rate 

of change (slope). The means of these measures represent group estimates while their 
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variance indicates school differences and random effects. In the second phase, they added 

variables related to teachers, students, and schools to explain differences in school 

performance on both initial performance (intercept) and rate of change (slope). They note 

that although they used derived variables, a CFA model could have been included in the level 

2 conditional model. However, their sample size did not allow the estimation of such a 

complex model. 

 A particular type of LGM called growth mixture models (GMM) have been useful in 

studying children who are at risk of developing mathematics problems. Jordan, Kaplan, Olah, 

and Locuniak (2006) examined kindergartner math growth over four time periods while 

controlling for gender, age, and reading skill. They felt it was important to determine if there 

were distinct classes of individual growth trajectories that as predictors of growth may 

function differently depending upon trajectory class. The authors followed several steps in 

modeling distinct classes. First, they proceeded with a conventional growth model feeling 

that doing so provided a starting point for GMM by describing the overall growth. Next, they 

determined a priori the number of classes they thought existed based upon previous research. 

Then using this as a starting point, they examined a number of models with different numbers 

of classes. They used the model that provided the lowest Bayesian Information Criterion 

(BIC). They also examined the models through posterior probabilities of class membership 

and substantive reasons. Following this determination of the number of classes, they added 

latent class membership predictors to fully specify the model. Since the adding of predictors 

can influence latent class membership, they followed the same check as was done with the 

model without predictors.  
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 Another study that used GMM is the De Fraine, Van Damme, and Onghena (2004) 

study of growth of adolescent academic self-concept. They studied 1579 Flemish secondary 

school students over four time periods. Like other studies, they began their modeling by 

considering a regular LGM without any classes. Unlike other studies they included not only 

intercept and slope factors but also a quadratic factor. They did this as previous research 

suggested a curvilinear growth pattern. However, they did not check whether this model fit 

better than the simpler model without the quadratic factor. They followed a similar pattern of 

first conducting an unconditioned LGM followed by the conditioned LGM. Interestingly, the 

conditioned LGM included not only time-invariant covariates but a time-variant covariate as 

well. Following the LGM study, they moved to the GMM part. Unlike other studies 

mentioned, they did not have an a priori number of classes and followed the procedure 

recommend by Muthen (2004). First, they completed several LCGA that do not allow within-

class trajectory variation. Comparing the LCGA BIC to that of the unconditioned LGM 

showed that LCGA in this case was not useful in determining a starting point for the number 

of classes. Therefore, they used the number of classes above the solution that provided no 

meaningful drop in BIC, as per Muthen (2001). This led them to model a three-class solution; 

however, the third class had a strange growth pattern. Next, they used GMM using a two-

class solution as a starting point. This solution provided the lowest BIC versus other 

solutions and was lower than the LGM. Lastly, they used both the Lo-Mendell-Rubin 

Likelihood Ratio Test (LMR-LRT) and the Skewness Kurtosis Test per Muthen (2004) to 

address concerns mentioned by Bauer and Curran (2003) which will be discussed later. 

 Muthen (2004) used mathematics achievement over four time periods to demonstrate 

how GMM could be used in research. That is, he presented a proof of concept and provided 



 46

no theory/rationale or hypothesis for the study, though he did point out that it is important for 

research to present substantive theory and auxiliary information to predict and understand the 

models. In this paper he suggests the same steps in modeling as in his other papers and that 

used by other research herein referenced. However, he does provide one difference in that he 

argues that modeling the unconditional model is not appropriate for GMM. Muthen argues 

that since covariates directly affect class membership, not including them leads to distortions 

similar to mis-specified regression analysis. He argues that covariates should be allowed to 

influence both class membership and the growth factor unless there is good reason not to. 

Finally, while he did not provide a rationale for the study, he discusses the results in terms of 

education theory, auxiliary information, and practical usefulness. 

Simplex or Autoregressive models Autoregressive or residual change models 

examine change by investigating the effect of a measure at time t1, on the same measure at 

time t2, and so on. Typically, autoregressive models ignore model means and treat changes 

over time as independent of prior changes (McArdle & Epstein, 1987). These models are 

characterized as an additive function of the preceding measure and a random disturbance. 

Equation 3 presents the typically simplex model at the first time period (t=1) and equation 4 

presents the simplex model for following time periods. 

Equation 3: 111 iiy εα +=  

Equation 4: ittttttit yy ερα ++= −− 1,1,  

 One view of development suggests that development occurs in a cumulative 

perpetuating cycle. Assumptions include that dynamic systems are either stable or unstable, 

that the developmental trends intensify either positively or negatively over time, and that 
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levels of development at one point have an effect on subsequent development. These systems 

have been called variously the Matthews Effect, snowballing, downward spiral, causal 

sequences, etc. Aunola, Leskinen, Onatsu-Arvilommi, and Nurmi (2002) sought to study this 

type of development in reading skill and self-concept of ability. They used a variety of 

methods including both a uni- and multi-construct simplex model. In the uni-construct 

model, they examined reading skill and self-concept separately while in the multi-construct 

model both were considered simultaneously. Specifically, the uni-construct model assumes 

that development of one construct is only affected by previous development of that construct. 

The multi-construct model on the other hand allows for the possibility of development in one 

construct affecting the later development of another construct. The authors approached this 

study by examining first graders three times during the year. Uni-construct and multi-

construct simplex models were both modeled with and without structured means. Then they 

modeled the multivariate simplex by first examining the simplex model for both reading 

skills and self-concept without mean structures. Following this, they then added cross-

construct paths to determine the final model. Using these steps, they could show that no 

cumulative cycle existed for reading skills and only a little for self-concept; in addition, they 

were able to provide evidence of one construct affecting the other in a cumulative manner. 

 Similarly, Bast and Reitsma (1997) used a quasi-simplex model to examine 

cumulative growth cycles in decoding ability and reading comprehension over four time 

periods. A quasi-simplex model is one that includes mean structure which was not included 

in the original formation of the simplex model. They followed the same procedure as the 

previously mentioned study by first examining growth of decoding ability and reading 
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comprehension separately. Then with a multivariate simplex they examined the effect of one 

development track upon the other.  

Equivalent model problem 

 A problem facing modeling approaches concerns the issue of equivalent models. 

Equivalent models suggest that multiple models may fit the data equally well, making it 

difficult to determine which one truly fits. For example, in the case of GMM, Bauer and 

Curran (2003) argue that classes extracted may not represent a heterogeneous population but 

may mis-model a non-normal homogeneous distribution. Further, it has been found that 

LGM can fit data generated by a simplex growth process and vice versa (see for example 

Rogosa & Willett, 1985). Muthen (2004) responded to the problems with GMM specifically, 

but his argument is appropriate to the problem in general. First, he asks whether having 

equivalent models is really a problem. In answering this first question Muthen points out that 

it is well known that other analytical techniques have equivalent model problems. For 

example, under certain conditions, exploratory factor analysis provides the same correlation 

matrix using either Varimax or Promax rotations. This provides an equivalency of models of 

factors that are correlated versus factors that are not correlated. Muthen argues that these 

simply provide differing views of reality. He suggests we consider a set of math and reading 

items. One view would suggest that we consider performance on the math items while 

recognizing that reading skills are involved with these items. Alternately, one could examine 

the math factor devoid of any reading influence to examine pure math ability. But, which one 

is correct? Muthen does not see this as a problem, choosing instead to regard multiple 
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equivalent models as providing different views of reality. The model providing the most 

practical utility for the problem at hand points the way to which model to use. 

Deciding which model to use 

 In reviewing the literature, only one paper provided advice on determining what 

model one should use. Raudenbush (2001) claims that too often research model choices are 

driven by software familiarity and logistics and not from logical considerations. The choice 

of model should be derived from examining the research questions, the study design, and the 

data. The chosen model provides a theory to generate data that should match closely the 

actual data. Following these considerations, the researcher must also think about how to 

estimate parameters and what algorithms to use. Only after making these evaluations should 

the choice of software occur.  

 Generally, growth models consider growth in one of two ways. The first views 

development in terms of underlying growth trajectories. That is, each individual with respect 

to a particular outcome starts at a point and progresses at a constant rate over time. Both the 

starting point and the rate of change can vary over the population. HLM and LGM both fit 

this theory of growth in that they specify individual growth trajectories and how they vary 

across a population. In contrast to the trajectory approach are the models that examine 

growth from a time-specific point of view. This view of growth is most clearly represented 

by the simplex/autoregressive growth models. In these models, growth is a function of 

development at the immediately preceding time point and a random disturbance and as such 

specifically examines the time-specific relations between repeated measures. 
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 Considering data structures, very broadly, HLM provides limited models for a broad 

range of data structures while LGM provides multiple models for a limited number of data 

structures. Essentially, HLM allows modeling of growth data with unequal numbers of time 

points for subjects and does not require measurements to occur over regular intervals. LGM, 

on the other hand, requires both equal time points and regular intervals between 

measurements. However, LGM allows for a variety of covariance structures, such as the 

ability to regress growth factors upon each other and the ability to include distal outcomes. 

Simplex models fall somewhere in the middle in that like LGM they require balanced data 

but unlike LGM they provide little flexibility in modeling since traditionally they do not 

include mean structure. Despite more recent efforts to include mean structure and attempts to 

integrate latent curve models with simplex models, little research has focused on the qualities 

of these quasi-simplex methods. 

 The discussion has focused upon normal likelihood and linear relationship models. 

However, Raudenbush (2001) goes on to consider non-normal and non-linear models. These 

occur typically when data are binary or ordinal in nature. For these cases, Raudenbush 

recommends combining logit- or probit-linear models with Bernoulli or binomial probability 

distributions. For example, when a binary item is measured at several times, a three-level 

model would be appropriate with level 1 representing item responses, level 2 individual 

change over time, and level 3 variation over people. Raudenbush concludes that these 

additions and others to the current modeling framework go beyond current software ability. 

He recognizes, however, that research must move ahead but that researchers must explain 

where their models deviate from the ideal model. 
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 The researcher after going through Raudenbush’s logically driven method can add 

some other factors to consider. One such factor is the availability of model fit indices. 

Tomarken and Waller (2005) mention the advantage of an array of fit indexes by which one 

can determine which model fits better when doing LGM. Quasi simplex model also provides 

many fit indexes. In contrast, HLM, due to the lack of a saturated model by which to 

compare other models, cannot be judged for model fit but only test restrictions (Rovine & 

Molenaar, 2001).  

Tomarken and Waller (2005) point out that a structural equation approach has several 

limitations when it comes to data analysis. In comparison to other techniques such as HLM, 

LGM can be more difficult to specify due to the increased flexibility. Moreover, greater 

flexibility and scope of modeling can cause a greater number of estimation problems. Thus, 

sometimes another tool may simply be more suited to perform the analysis. For example, 

while LGM can do multilevel analysis, it is complicated. Present software cannot handle over 

three levels of analysis, whereas this is not an issue for HLM software. Other problems LGM 

shares with other analysis techniques include omitted variables, inaccurate or somewhat 

arbitrary decision rules, and the inability to overcome design and method limitations. The 

omitted variable problem is closely related to the problem of equivalent models and refers to 

the problem of not including variables that are important in the causal process. Omitting 

these variables can cause biased parameter estimates and problematic standard error 

estimates. However, it is difficult to ensure the inclusion of all causal variables when 

considering the problems of doing research in an applied setting. LGM and other methods 

often involve the application of rules of thumb that often are either too simplified or wrong. 

For example, these rules can be conditional upon sample size and model complexity. Further, 
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some indices are not sensitive enough to misspecifications. Finally, no matter how good the 

analytical technique, problems with study design and method will cause the technique to 

provide bogus results. For example, insufficient sample size affects the sensitivity of many fit 

indicators to detect misspecification. Therefore, it is incumbent on the researcher to consider 

study design and its impact carefully.  

Duncan, Duncan, Strycker, Li, and Alpert’s (1999) review criticizes these 

autoregressive models on several grounds. To begin, the assumption of zero means leads to 

the criticism that autoregressive models fail to consider either inter- or intra-individual 

differences in development. Then, when measuring more than two time points, it becomes 

unclear which autoregressive effect the model should control. Further, autoregressive models 

typically eliminate all predictors other than those that predict rank order changes. According 

to Meredith and Tisak (1990) this causes problems when rank ordered data remains stable 

while individual and group level changes are taking place. Lastly, Meredith and Tisak also 

suggest that these types of models do not handle period or practice effects easily. Despite 

these issues, Curran and Bollen (2001) recently proposed a combined autoregressive and 

latent class model to provide stronger more flexible means of modeling. 

Rationale for model selection 

 Using Raudenbush’s (2001) recommendations, the choice of model can be 

determined. This study used data from a cohort of students who took end of grade tests in 

reading and mathematics in grades 3 through 8. This means that data collection occurs at 

equal intervals that all three models can use. The complete dataset had incomplete records for 

some students for a variety of reasons suggesting the use of HLM. Fortunately, Mplus allows 
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model estimation with missing data under both missing completely at random and missing at 

random condition avoiding bias caused by deletion methods.  

 Turning the focus to the model of growth and the research question provides more 

clues toward which method should be utilized. This particular study was not interested in 

specific effects of tests taken at one time affecting scores on tests taken later. In fact it 

focused upon the underlying development of the individual students. From previous 

discussion it is clear that either HLM or LGM provide the appropriate model of growth for 

this situation. Further, the study sought to address effects at the local educational level 

suggesting a multilevel approach again suggesting the use of HLM or LGM. LGM is a viable 

choice as the present study did not seek to go above three hierarchical levels. 

 Lastly, this study specifically inquired about the existence of unobserved classes. 

Here latent variable modeling provides the ability to relax the assumption of a single 

population through the inclusion of latent trajectory classes or categorical latent variables. 

That is, instead of considering variation around one growth curve, a latent variable model 

(LVM) approach called growth mixture modeling (GMM) can allow multiple classes to vary 

around different growth curves. This is something according to Muthen (2001) that 

conventional growth modeling cannot do. Therefore, Raudenbush’s (2001) logical driven 

method suggests the use of the LGM approach known as GMM. This provides several 

benefits including the ability to compare models via model fit indexes. In comparison to 

other methods, the LGM approach directly tests models versus a ‘straw-man’ approach 

(Tomarken & Waller, 2005). That is, most statistical approaches seek to reject the null 

hypothesis whereas this approach seeks to confirm the null hypothesis. Although, focusing 

upon LGM, as will be mentioned in the following chapter, conventional modeling will also 
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be used in the modeling strategy. This will be done primarily to examine the heterogeneity of 

the sample in question. 

Hypotheses 

 This study sought to evaluate four hypotheses. Hypotheses are not presented in order 

of importance but rather in an order consistent with the modeling strategy imparted later. 

Hypothesis 1: Student achievement growth occurs in a quadratic manner. 

 Most studies of achievement growth assume that growth occurs in a linear fashion. 

However, as presented in Chapter 2, studies show that achievement growth may accelerate or 

decelerate during certain periods. Some studies indicate that accelerated growth occurs early 

suggesting that the impact of programs diminishes over time, while other studies show the 

opposite pattern. These findings suggest that growth does not occur in a linear fashion. 

Several implications follow from whether growth occurs linearly or not. Determining 

whether growth accelerates, decelerates, or occurs at a constant rate can have many policy 

implications. For example, if growth accelerates/decelerates, policy makers know when 

impacts of policy interventions should begin to occur. This is important in the current 

environment of accountability when improvements need to be shown. It would be helpful to 

know that these improvements may occur later and that a current lack of improvement does 

not indicate failure or to know that the current level of success will level off and not continue 

into the future. In terms of class membership, knowing the proper growth function allows for 

better class descriptions. For example, it has been proposed that low performers may start 

lower and progress more slowly; yet, initial findings suggest that low performers start lower 

but progress at the same rate. It is possible that assuming linear growth could hide two sub-
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classes of low performers. Both start lower but one has accelerating growth while the other 

exhibits decelerating growth. 

Hypothesis 2: Mixtures of latent class growth trajectories exist within the general 

student achievement data structure. 

  Previous research suggests the existence of at least two classes of individuals – low 

performers and high performers. In the majority of studies these classes are determined 

somewhat arbitrarily by using a cut-score on a particular measure or are defined as such 

through membership in special programs. However, little work has looked at these groups 

from an unobserved heterogeneity point of view. The advantage of this point of view is that 

we can allow the data to inform us as to what classes exist in a similar fashion to exploratory 

factor analysis allowing us to find classes that we may not have considered. In fact LCGA 

can be used to determine cut-scores to determine class membership. The predetermined cut-

score approach fails to consider individual trajectory paths. For example, low performers are 

defined as scoring below a particular level, however, when we take trajectory into 

consideration, we may find a group of late bloomers that start below the defining score and 

end up at the top of the class years later. The cut-score method would mis-classify this 

special group of high performers as low performers. The few studies that used GMM show 

three classes of individuals each with unique patterns of growth. The primary implication of 

finding multiple classes is the possibility of different and early intervention. For example, if 

it can be determined who in grade 3 will perform poorly, early special programs may help 

prevent problems from appearing. Further, research can examine interventions for their 

effects upon differing classes of individuals.  In fact, as pointed out earlier, NCLB does seem 
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to have differing impacts upon observed classes, and so it is likely that differing impacts 

would be found in unobserved classes. 

Hypothesis 3: Gender, race, SES, and parental education as covariates predict class 

membership assignment. 

 Research has shown that each covariate acts as an antecedent to student performance. 

Depending on the subject, different proportions of males or females occur in higher 

performing groups of students. Black and Hispanic students continue to score lower than 

their White peers. Educational policy recognizes the need to provide all our citizens with 

equal educational opportunities. Yet, students from financially-disadvantaged backgrounds 

continue to perform below those that come from advantaged backgrounds. Lastly, the level 

of parental education affects students’ performance with those students with parents who 

have more education doing better than students whose parents have less education. These 

research findings suggest the following sub-hypotheses. 

Sub-hypothesis 3a: Male gender predicts higher performance class 
probabilities for math while female predicts higher performance class 
probabilities for reading. 
Sub-hypothesis 3b: Black and Hispanic ethnicity students predict lower 
performance class probabilities. 
Sub-hypothesis 3c: Lower SES predicts lower performance class probabilities. 
Sub-hypothesis 3d: Higher parental education predicts higher performance 
class probabilities. 
 

Hypothesis 4: Local education areas that expend more resources on student support 

have higher performing students. 

 Research still provides conflicted results in this area mostly depending on the method 

used to study the effect of school resources upon student performance. Yet, this question 

desperately needs more research especially considering the legal challenges in North 
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Carolina and other states.  Because research is conflicted this study takes that position that it 

is illogical for a cause not to have an effect. That is, funding should have an effect but 

previous research methods may have obscured the findings. Moreover, it is more reasonable 

that the effect should be positive. It seems unlikely that increased funding and resources 

would be related to lower performance.  Using a multilevel GMM allows the determination 

of how funding affects the growth factors by specifically examining the between level 

components. Using this framework provides useful information including whether students in 

areas of lower funding start at the same point as other students and whether they have similar 

growth patterns or not. Further, this model allows the examination of the impact of funding 

with individual covariates providing a means to target interventions. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 58

Chapter 4 – Methodology 

Introduction 

 The following discusses the methodology used for the current study. This discussion 

begins with a description of how latent growth models view development. The chapter then 

presents a description of the overall population and how a test sample and a 

validation/replication sample were drawn from this population. Next, this chapter discusses 

the instrument used to collect the data, how it is administered, and the variables relevant to 

the study. This chapter also mentions how the data were cleaned, how missing data were 

handled, and what software was used. Lastly, the specific modeling strategy is presented in 

regards to how it tests the hypotheses presented in the previous chapter. 

How LGM conceptualizes growth  

 When studying growth, it is important to describe the form in which human 

development is assumed to occur. Essentially, this is what different models of growth seek to 

accomplish. Latent growth modeling (LGM) is a current theoretical attempt to describe how 

development occurs. As a common factor model, latent growth models describe development 

in terms of two factors, one representing the initial level of development and the other the 

shape or form that development takes over time. The initial level, commonly called the 

intercept, describes the level of a particular attribute an individual has at an initial condition. 

As development unfolds over time, LGM seeks to explain how development transpires by 

proposing that individuals have a trend or trajectory of growth over time. LGM allows the 

researcher to examine the shape of the growth in a variety of different ways, the most 

common through the use of a linear common factor referred to as the slope. However, by 
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allowing either the addition of quadratic or higher slope factors or by allowing slope weights 

to vary, LGM can describe more complicated patterns of growth. In the most common form 

of LGM consisting of an intercept and a linear slope, the intercept provides an average 

measure of the initial level of the quality of interest while the variability represents how 

much population dispersion exists around the average. The same is true of the slope with its 

mean representing the average change per unit of time that occurs for a particular population. 

Similarly, the variation around the slope provides an indication of how much individual 

growth trajectories vary. Lastly, LGM allows the initial level (intercept) and the trend (slope) 

factors to co-vary. Conceptually this means that, when initial level and trends co-vary to a 

great extent, individuals that have high initial levels will also develop at a greater rate than 

those with lower initial levels, assuming the trend is positive. 

 Another way to view both the initial level (intercept) and trend (slope, quadratic) is as 

dependent variables. This allows one to ask questions such as what accounts for the initial 

levels of growth and the growth rate or how does the process develop. In this particular 

study, a fundamental question concerns explanation of the variation around both the initial 

level and trend. This study proposed that this variation occurs due to classes of individual 

growth patterns that have not been captured by observable variables. LGM addresses this 

problem with the addition of a categorical latent class factor. That is, when more than one 

class is specified, do different classes of individuals have differing initial levels and trends of 

development? If classes do not have differing intercepts and trends, then the evidence does 

not support unobserved groups. Class membership can be determined by similarities of 

growth patterns alone; however, by adding relevant covariates the model can improve class 
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membership classification, if it exists. In other words, one may hypothesize that certain 

manifest group characteristics may influence developmental trajectories. 

 Lastly, LGM allows the researcher to include a third or multilevel component. Often 

longitudinal data are gathered in some type of cluster, in this case local educational areas 

(LEA). This third level is included by the addition of a between-level intercept and trend, and 

class factors upon which multilevel covariates can be regressed. By including these between 

level factors, LGM can decompose the intercept, trend, and class factors and examine the 

effect of multilevel covariates upon these factors. For example, in the study, one can 

determine how much of the initial level of development was due to the funding per student in 

a particular LEA and, similarly, for trend and class membership. 

Data 

Population  

The study examined data from a cohort of students that took grade 3 through grade 8 

State of North Carolina End of Grade tests in reading and mathematics. All students in North 

Carolina are required to take these tests with approximately 100,000 students at each grade 

level being tested each year. Table 2 presents the number of students tested in reading and 

mathematics. In 2004-05, males slightly outnumbered female students representing 

approximately 51 percent of the population in both reading and mathematics. White and 

Black students account for the majority of students representing 58.9 percent and 30.1 

percent of the population, respectively, in both reading and mathematics. The remainder of 

the population consists of Hispanic (5.8 percent), Multi-racial (2.0 percent), Asian (1.9 

percent), and American Indian students (1.4 percent).  



 61

Table 2. Number of students tested 

School Year Student Grade Reading – Number Tested Mathematics – Number Tested

1999-00 3 101,064 101,572 

2000-01 4 99,717 100,392 

2001-02 5 100,294 101,125 

2002-03 6 104,658 104,833 

2003-04 7 106,507 106,690 

2004-05 8 106,179 106,290 

Sampling strategy   

First, to ensure that a uniform test procedure was used for all individuals selected for 

the sample, students with disabilities and those receiving special testing accommodations 

were removed from the population. Since no hypothesis was made concerning how these 

special groups may develop or how their development interacts with the main body of 

students, their removal avoids possible confounding effects. Also, it is unclear how these 

accommodations change the nature of the test. 

 Second, using SAS Enterprise sampling facility, the study drew a stratified sample 

based upon local education area membership, sex, and ethnicity as reported in third grade. 

The samples were stratified on these variables to ensure that samples were representative of 

the population. Further, to avoid underrepresentation of certain minority groups within 

smaller LEAs these groups were oversampled to avoid this problem. Essentially, grade 3 
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became the reference year in which one determines the initial levels of growth and how these 

students’ underlying growth unfolds over the following years.  

Due to the nature of this study, it is difficult to determine the size of the sample 

required. Muthen (2004) points out that little is known concerning the sample size or power 

requirements of latent growth models. He suggests that the use of Monte Carlo studies can 

provide useful insight for particular models. Using Monte Carlo methods, Muthen studied a 

prototypical model and determined that with sample sizes of about 3,000 individuals that 

parameter estimates, standard errors and coverage were all good. Even with sample sizes as 

low as 300 individuals, results were still adequate, although slope power estimates were 

reduced. This is born out by other studies with sample sizes between 411 (Jordan et al., 2006) 

and 3,102 (Muthen, 2004) exhibiting adequate estimates. Thus, this study drew samples of 

4,371 students for each of the reading samples and 4,470 for each of the mathematics 

samples to ensure sufficient power and coverage. The variation and size of the samples 

occurred due to the stratification parameters used to ensure adequate group representations. 

Using the same criteria as the main sample, a second verification/replication sample 

was drawn allowing for validation of the proposed model. This validation provided a means 

to determine whether the developed model capitalized upon attributes particular to the 

sample upon which it was tested. If the model sufficiently describes both sets of data, it 

provides evidence that the model is robust, and, that the outcome was not the result of factors 

specific to the first sample. 
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Measurement 

Instruments   

End of Grade tests in reading comprehension and mathematics consist of multiple-

choice tests administered by the North Carolina Department of Public Instruction in the last 

three weeks of the school year. These tests take approximately six hours over multiple days 

to complete for grades 3 through 7 and about 5 and a half hours for grade 8. The reading 

comprehension test consists of literary and informational sections that the student reads. The 

student then answers multiple-choice questions concerning the section. Grades 3 through 5 

students answer 50 questions while grades 6 through 8 answer 56 questions (see Appendix A 

for question examples). These questions seek to assess the students’ ability in four areas – 

cognition, interpretation, critical stance, and connections. The cognition sub-test examines 

the students’ ability to understand the meaning and purpose of the texts and consists of 

approximately 18 questions. Interpretation requires the student to make inferences and 

generalization and consists of approximately 19 questions. Critical stances tests student 

ability to use processes such as comparing and contrasting and consists of approximately 10 

questions. Lastly, connections address the students’ ability to make associations between the 

text selection and to draw generalizations and consists of approximately 3 questions. The 

difficulty and content of the tests change with each grade based upon the North Carolina 

State Curriculum Standard for each grade. 

Like reading, mathematics examines four goal areas of student mathematical 

performance that include: 1) number sense, numeration, and numerical operations, 2) spatial 

sense, measurement, and geometry, 3) patterns, relationships, and functions, and 4) data, 
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probability, and statistics. To measure these goals, each grade’s test consists of 80 multiple-

choice items with each item having four choices (see Appendix B for example items). For 

grades 3 through 7, approximately 30 percent of these items are calculator inactive and 70 

percent calculator active, while for grade 8 the entire test is calculator active. For each grade 

the number of questions for each goal remains roughly the same with 32 questions for goal 1, 

24 questions for goal 2, 12 questions for goal 3, and 12 questions for goal 4. The primary 

difference between the grades is the level and amount of content covered as prescribed by the 

North Carolina Standard Course of Study. That is, third grade items are chosen based on the 

content covered in third grade while fourth grade items are based on content covered in 

fourth grade. However, knowledge acquired in previous grades is often needed to 

successfully answer questions.  

Outcome measures (variables) used for this study were the raw reading and 

mathematics scores transformed according to a developmental scale developed by the L. L. 

Thurstone Psychometric Laboratory (for a full description of how the developmental scales 

were created and used, see Appendix C). Basically, linking forms were used to determine 

means and standard deviations for score on a developmental scale for each grade level. Both 

reading and math tests have their own developmental scale specifically developed to measure 

student growth. Developmental scale scores for each sub-area within reading and 

mathematics were not available as the student database contains only overall developmental 

scale scores. North Carolina End of Grade tests conform to the American Psychological 

Association’s standards for testing including the use of both classical and IRT methods of 

analysis and test form equating. 
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Covariates   

Student-level variables included gender, ethnicity, social economic status (SES), and 

parental education level. Gender and ethnicity variables are collected upon student 

enrollment. Ethnicity can be American Indian, Asian, Black, Hispanic, Multi-racial, and 

White. SES was measured using the student’s status with the Federal Free Lunch program as 

a proxy. Based upon the student’s family income, a student can receive school lunches either 

free, at a reduced rate, or full price. Parental education can be indicated as 1) did not finish 

high school, 2) graduated high school, 3) had some additional education after high school but 

did not graduate, 4) graduated from trade or business school, 5) graduated from community, 

technical or private junior college, 6) graduated from a four-year college, or 7) have a 

graduate school degree. Covariates were chosen because they have utility for state policy 

purposes and appear directly related to dimensions suggested by the literature as offering 

improved model class differentiation. 

 To examine the argument concerning whether funding and resources have an impact 

upon educational outcomes, the study included two multilevel variables descriptive of local 

education area (LEA) contributions. By including these measures in the model, the effects of 

local funding levels on the initial growth levels and trends could be ascertained. North 

Carolina has 115 LEAs, most of which are based on North Carolina counties though some 

are based upon city/town areas. LEAs report their funding in terms of two measures: per 

pupil spending and capital expenses.  Capital expenditure includes funding related to new 

buildings and grounds, renovation of existing buildings, and other equipment purchases.

 Like the student-level covariates, LEA funding levels in effect when students were in 

grade 3 were used in the analysis. To do otherwise would require that expenditures be treated 
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as time varying covariates that cannot be regressed onto latent variables, thereby preventing 

the determination of how much initial level and trend can be attributed to LEA level funding. 

Essentially this allowed the determination of the effect of funding at grade 3 on the 

development growth factors. As a further benefit, the study did not have to be concerned with 

student movement between LEAs over the course of study, which would dramatically and 

negatively impact the amount of useable data. From an LGM perspective both the initial 

level and trend for individual students are established at study initiation. These covariates 

have their impact on the growth parameters which then control how development unfolds 

over time.  

Data handling 

 The study used a cohort of students who took the Grade 3 End of Grade test in the 

1999-00 school year. This sample was limited to students taking the standard tests. That is, 

the sample did not include students with disabilities, limited English proficient students, 

students taking alternate assessment equivalents, and students with testing accommodations 

(e.g., dictation to scribe). This starting dataset was merged with datasets representing 

students who took the grade 4 End of Grade test in the 2000-01 school year and so on until 

that dataset included records for each student from grade 3 through grade 8. Merging was 

done using the student identification number. With each merge if the student became 

disabled or used a testing accommodation they were removed from the sample. This 

procedure ensured that all students took a regular test administration.  
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Software 

 The study used two software packages: SAS® and Mplus®. Sampling, data merging 

and descriptive statistics were done using SAS® software while Mplus® was used for the 

modeling. Mplus® is particularly well suited for this study due to the generality of its 

modeling framework that provides the ability to use both continuous and categorical latent 

variables. Continuous latent variables allow the modeling of random effects associated with 

individual changes over time while the categorical latent variables provide the ability to 

model latent growth classes. Continuous latent variables also allow the modeling of variation 

due to multilevel data. Currently, Mplus® is the only software package that offers the ability 

to combine both continuous and categorical latent variables making it the only package 

suitable for the study. 

Modeling strategy 

 Muthen (2004) contends that latent variable analysis requires careful analysis 

strategies and that for GMM with both continuous and categorical variables, this is even 

more important. Therefore, this study used an analysis strategy advocated by Muthen (2001, 

2004) and used in several GMM studies (e.g., De Fraine et al., 2004; Stone & Lane, 2003). 

This strategy consists of sequential steps beginning with a single-class conventional growth 

model without covariates allowing the examination of growth factor variation. If substantial 

variation exists, it provides support for the existence of multiple classes. Further, this single-

class model provides a baseline for comparison of a multiple class model. Figure 1 presents 

the single-class conventional growth model where i represents the intercept, s represents the 

slope, and T1 through T4 represent a measure repeated over four time intervals used only for 
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diagram space convenience. 

 

i s

T1 T2 T3 T4 

Figure 1. Single-class conventional growth model  

 

i q
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s

 
Figure 2. Single-class growth model with quadratic term 
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To determine whether linear or quadratic growth fits the data better, a model including a 

quadratic growth factor q was also examined (see Figure 2) and compared to the linear 

model.  

 Following this, Muthen’s (2001, 2004) strategy suggests continuing with latent class 

growth analysis by the addition of covariates. Often GMM follows mixture modeling 

techniques and models classes without the addition of covariates. Muthen (2004) claims that 

determining the number of classes prior to the addition of covariates is unwise. Doing so, he 

claims, leads to distortion due to the direct effect of covariates upon the growth factors. As 

such, the second analytic step involved a single-class conventional growth model with 

student-level covariates (see Figure 3). This step was also carried out with a quadratic growth 

factor (see Figure 4). Moreover, adding covariates begins to explain the growth factor 

variability through individual characteristics. This provides support for the chosen covariates 

since they provide a way to distinguish between classes of individuals.  
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Figure 3. Single-class model with covariates 
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Figure 4. Single-class quadratic model with covariates 

 Having evidence for heterogeneity and that the chosen covariates help explain this 

variability, the third step fits several latent class growth analysis (LCGA) models to the data. 
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Figures 5 and 6 present the general model where c represents a categorical latent class. 
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Figure 5. Growth mixture model 

LCGA represents a special class of GMM that fixes the covariance matrix at zero thus not 

allowing within-class variation in individual trajectories. LCGA is performed several times 

specifying a different number of classes. From these analyses, a plot of number of classes 

against BIC can be developed. This plot furnishes an idea of the number of classes to use as 

the starting point for GMM. Then a graph of estimated means can be made for the number of 

classes above the number of classes in which no important drop occurs in the BIC. These 

graphs provide clues to the number of qualitatively different classes that exist for the starting 

point of GMM.  



 72

i q

T1 T2 T3 T4 

s

Gender 
Race 
SES 
Parental 
Ed. 

c

 

Figure 6. Quadratic growth mixture model 

 Using the LCGA information as a starting point for the number of classes to examine 

in GMM, the fourth step allows within-class variation in individual trajectories to determine 

the best model. First, models specifying differing numbers of classes are examined while 

imposing invariant growth factor covariance and residual variance over the classes while 

growth factor means are allowed to vary over classes. Model fit is again determined by 

taking the model with the lowest BIC. Consequently, these steps are repeated with the 

inclusions of the multilevel covariates – in this case LEA spending per pupil. This leads to 
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the final models presented in figures 7 and 8. 
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Figure 7. Multilevel growth mixture model 

In these models ib, cb, sb, and qb represent the level 3 variation across LEA. Using a model 

that includes a hierarchical level allows the decomposition of the growth factors into 

individual and between variances, thus allowing a fuller description of variation that includes 

LEA level covariates. Further, permitting across LEA variation in the latent class variable 

allows the study of the influence of LEA-level variables on class member probabilities.  
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Figure 8. Quadratic multilevel growth mixture model 

Lastly, to address the issue of equivalent models as mentioned by Bauer and Curran 

(2003), the study checked model fit using the Lo-Mendell-Rubin Likelihood Ratio Test 

(LMR LRT) proposed by Muthen (2004). Using this test in conjunction with the GMMs 

provided sufficient evidence to support determination of the number of classes that best 

explained the data. 
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Chapter 5 - Results 

Introduction 

 This chapter presents the results of the modeling done on the reading and 

mathematics subject matter samples. For each subject, along with demographic information, 

the results for each stage of modeling are presented. This modeling includes conventional 

growth modeling, latent class growth analysis, growth mixture modeling, multilevel latent 

class growth analysis, and multilevel growth mixture modeling. Finally, the results of the 

preferred modeling solution for each subject matter area are presented and interpreted in light 

of the study’s hypotheses. 

Reading results 

Demographics  

Table 3 presents the demographics for both the primary and replication samples. 

Sampling was performed according to the procedure described in Chapter 4.  Due to 

stratification, the primary and replication sample had the same number of students for each 

gender and ethnicity category. The samples consisted of over half female students (53.7 

percent), while Black and Hispanic students made up 30.6 percent. Each sample was 

predominately White but did have representative proportions of Asians, American Indians, 

and Multiracial students. In both samples, most students either did not receive or could not 

receive the federal free/reduced lunch program (56.1 percent, 57.5 percent). In the primary 

sample, 43.9 percent of students received free or reduced lunches while in the replication 

sample, 42.4 percent received the program. Students whose parents had graduated from high 
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school accounted for approximately 44 percent of the sample(s). The next largest category 

consisted of parents with a four-year college degree at about 18 percent. The categories least 

represented by parental education were those who had graduated from a trade or business 

school and those with a graduate school degree. 

Table 3. Reading demographics 

  Primary Sample   Replication Sample 
  N Percent   N Percent 
      
Gender      

Female 2348 53.7  2348 53.7 
Male 2023 46.3  2023 46.3 

      
Ethnicity      

Asian 122 2.8  122 2.8 
Black 1312 30.0  1312 30.0 
Hispanic 267 6.1  267 6.1 
American Indian 150 3.4  150 3.4 
Multiracial 244 5.6  244 5.6 
White 2276 52.1  2276 52.1 

      
Lunch      

Not eligible 2206 50.5  2258 51.7 
Reduced price 445 10.2  395 9.0 
Free Lunch 1473 33.7  1461 33.4 
No information 206 4.7  211 4.8 
School not participating 40 0.9  44 1.0 

      
Parental Education      

Did not finish high-school 417 9.5  402 9.2 
High-school 1895 43.4  1926 44.1 
Some after high-school 431 9.9  454 10.4 
Trade or business school 165 3.8  170 3.9 
Community college 519 11.9  471 10.8 
4 year degree 790 18.1  806 18.4 
Graduate degree 154 3.5  142 3.3 

            
      

 Table 4 shows that for both samples, the mean scale score increased for each grade 

suggesting student reading growth across grades. Worth noting is the decreasing variance as 

a function of grade. Typically, growth modeling displays the ‘fan’ effect with increasing 
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variance as individuals become more different overtime. In our samples the individuals 

appear to be become more alike in terms of their scale scores. Also, Table 4 exhibits strongly 

correlated scale scores. This high level of correlation is expected considering that the tests 

are designed to measure the same underlying domain. Interestingly, correlations decrease 

slightly as the distance between grades increases indicating an autoregressive time series with 

fading memory as the time lag increases. 

Table 4. Correlations between reading scale scores 

                  
  M SD 1 2 3 4 5 6 
         
Primary Sample         

1. Grade 3 148.89 7.77 1.00      
2. Grade 4 152.34 7.81 0.77 1.00     
3. Grade 5 157.90 6.79 0.73 0.78 1.00    
4. Grade 6 159.31 5.71 0.72 0.75 0.77 1.00   
5. Grade 7 163.58 5.55 0.68 0.73 0.74 0.77 1.00  
6. Grade 8 165.27 5.45 0.68 0.72 0.72 0.74 0.76 1.00 

         
Replication Sample         

1. Grade 3 148.83 7.73 1.00      
2. Grade 4 152.18 7.91 0.77 1.00     
3. Grade 5 157.76 6.62 0.73 0.77 1.00    
4. Grade 6 159.19 5.71 0.72 0.75 0.77 1.00   
5. Grade 7 163.50 5.55 0.69 0.73 0.74 0.77 1.00  
6. Grade 8 165.06 5.46 0.67 0.72 0.73 0.75 0.77 1.00 

                  
Note. All correlations p<.0001        
         

Conventional growth modeling 

To examine the growth patterns of students, several growth models including linear, 

quadratic, and non-linear growth models were fit to the data. As explained earlier, linear 

models have two growth factors, an intercept and a slope, while quadratic models add a third 

quadratic growth factor. Table 5 presents the fit statistics for each growth model tested for 

both samples.  
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Table 5. Convention growth modeling fit indices both reading samples 

  Model 1 Model 2 Model 3 Model 4 Model 5 

Fit Indices 

Linear Quadratic Linear with 
Covariates 

Quadratic 
with 

Covariates 

Non-linear 
with 

Covariates 
      
Primary Sample      

Chi-Square Value 2197.213 1362.422 2241.635 1404.801 338.927 
Degrees of Freedom 16 12 32 24 32 
P-Value 0.000 0.000 0.000 0.000 0.000 
CFI 0.902 0.939 0.906 0.941 0.987 
TLI 0.908 0.924 0.886 0.905 0.984 
Akaike Information Criteria 148210.775 147383.984 186917.683 186096.849 185014.975 
Bayesian Information Criteria 148280.985 147479.725 187038.955 186269.183 185136.247 
Sample-Size Adjusted BIC 148246.032 147432.061 186978.581 186183.388 185075.873 
RMSEA 0.177 0.160 0.126 0.115 0.047 
SRMR 0.398 0.354 0.261 0.232 0.262 
            

      
Replication Sample      

Chi-Square Value 2348.532 1435.151 2371.332 1489.146 289.111 
Degrees of Freedom 16 12 32 24 32 
P-Value 0.000 0.000 0.000 0.000 0.000 
CFI 0.896 0.936 0.900 0.938 0.989 
TLI 0.902 0.920 0.879 0.907 0.987 
Akaike Information Criteria 147868.510 146963.129 186632.578 185762.392 184550.358 
Bayesian Information Criteria 147938.717 147058.867 186753.850 185921.961 184671.630 
Sample-Size Adjusted BIC 147903.764 147011.203 186693.476 185842.521 184611.256 
RMSEA 0.183 0.165 0.129 0.113 0.043 
SRMR 0.453 0.379 0.295 0.296 0.262 

            
      

Model 1 corresponded to an unconditional linear growth model. The significant chi-

square suggests that the model did not fit well. Yu (2002) notes chi-square tests of model fit 

are sensitive to small size and with larger sample may find trivial differences. Therefore, 

several other indicators of model fit were examined to determine the degree of fit. For Model 

1, the CFI and TLI both scored lower than 0.95 and the RMSEA confidence interval did not 

include 0.05, suggesting poor model fit. Model 2 tested the unconditional quadratic model of 

growth. This model, like Model 1, did not demonstrate good model fit. Yet, for each fit index 

an improvement can be seen in comparison to Model 1.  
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In an effort to improve model fit, individual level covariates were added to the linear 

and quadratic model, herein represented as Models 3 and 4. Despite the addition of the 

covariates, neither Model 3 nor 4 in each sample met any of the requirements for good model 

fit. Yet, for all measures the quadratic models displayed better fit indices than the linear 

model.  

Reexamining the means presented in Table 4 implied the possibility of non-linear 

growth with accelerated development occurring between grades 4 and 5 and then again 

between grades 6 and 7. Using this observation and Stone and Lane’s (2003) finding of non-

linear growth in math scores, Model 5 explored the possibility of non-linear growth. Non-

linear growth characterizes growth that occurs in a non-uniform manner typically 

exemplified by periods of accelerating and/or decelerating growth. From a substantive point 

of view it is not difficult to hypothesize that students could experience periods of 

accelerated/decelerated learning possibly caused by changing curriculum difficulty levels or 

expectations. To model non-linear growth, time scores were freed to be estimated by Mplus. 

Once the model estimated the time scores, they were held constant for all further analysis and 

can be seen in Table 12 (pg. 94). These time scores did in fact show an acceleration of 

growth between the above mentioned grades. While the chi-square for Model 5 still does not 

indicate a good fit, its value was much lower than any other model. Importantly, both CFI 

and TLI indicated a good fitting model which RMSEA confirmed with a measure of 0.047 

for the primary sample and 0.043 for the replication. Therefore, non-linear growth was 

assumed for all further modeling. 
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Latent class growth analysis 

 Like conventional modeling, latent class growth analysis (LCGA) examines 

development with growth factors, such as the intercept and slope. However, LCGA fixes 

growth factor variance at zero and adds a latent categorical variable to model the latent 

classes. In the present study, LCGA supplied both preliminary indicators of the number of 

possible existing latent classes and starting values for growth mixture modeling. Table 6 

presents LCGA results for both reading samples.  

Table 6. Fit indices for LCGA for 1-4 classes both reading samples 

Model Loglikelihood 
Number of 
Parameters AIC BIC SSABIC Entropy 

Adjusted 
LRT 

        
Primary Sample       

1-class -81359.696 16 162751.392 162853.513 162802.671 -- -- 
2-class -75944.930 23 151935.860 152082.658 152009.573 0.864 0.0000 
3-class -73967.570 30 147995.139 148186.615 148091.287 0.852 0.0003 
4-class -73157.318 37 146388.636 146624.789 146507.218 0.839 0.5802 

                
        
Replication Sample       

1-class -81325.219 16 162682.438 162784.551 162733.710 -- -- 
2-class -75955.294 23 151956.588 152103.376 152030.291 0.861 0.0000 
3-class -73937.327 30 147934.653 148126.115 148030.787 0.851 0.0002 
4-class -72987.350 37 146048.701 146284.837 146167.266 0.849 0.0015 

                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    
        

  Loglikelihood, AIC, BIC, and sample size adjusted BIC suggest better fitting models 

when their k class model’s numbers decrease from the k-1 class model’s number. Ideally 

these measures indicate the preferred solution by continuing to decrease until the addition of 

another class causes an increase, resulting in a telltale dip. In each sample, these indicators 

continued to decrease thus providing no indication as to the most likely solution. Thus, the 

study examined the Lo-Mendell-Rubin adjusted likelihood ratio test, which when significant 
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suggests that the k class model fits better than the k-1 model. In the primary sample, the 

adjusted LRT became non-significant for the 4-class model signifying no added advantage of 

the 4-class model over the 3-class model. However, in contrast to the primary sample, the 

adjusted LRT continued to be significant for the 4-class model in the replication sample. 

Entropy can also provide an idea concerning the best solution. Entropy does not measure 

model fit but instead provides an indication as to how well a model classifies individual 

growth trajectories into the categorical latent classes. Here, however, all entropies are 

relatively high for all cases. In this case, an examination of the posterior probabilities of the 

class membership led to the conclusion that the addition of a fourth class was substantively 

meaningless. Modeling of further classes was therefore discontinued. 

Growth mixture modeling 

 Growth mixture modeling (GMM) proceeded in the same manner as LCGA modeling 

with the exception that growth factors are allowed to vary. To aid the estimation and 

convergence procedures, GMM used the previous LCGA solutions for model starting values.  

Several GMM that posited increasing numbers of classes were run and then examined to 

determine what number of classes best fit the data, the results of which can be seen in Table 

7. In each sample, loglikelihood, AIC, and SSABIC continued to decrease for all models not 

signifying a particular class solution. BIC, in contrast, continued to drop until rising for the 4-

class model, behavior that provided support for the 3-class model. In the replication sample, 

the non-significant adjusted LRT and increasing BIC for the 4-class model supported the 3-

class solution.  
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Table 7. Fit indices of GMM for 1-4 classes both reading samples 

Model Loglikelihood 
Number of 
Parameters AIC BIC SSABIC Entropy 

Adjusted 
LRT 

        
Primary Sample       

1-class -72509.723 19 145057.446 145178.714 145118.340 -- -- 
2-class -72358.017 26 144768.035 144933.980 144851.363 0.855 0.0000 
3-class -72312.798 33 144691.596 144902.220 144797.359 0.832 0.0000 
4-class -72292.255 40 144664.510 144919.811 144792.707 0.790 0.0034 

                
        
Replication Sample       

1-class -72292.699 19 144623.398 144744.657 144684.283 -- -- 
2-class -72153.173 26 144358.345 144524.279 144441.661 0.832 0.0000 
3-class -72104.067 33 144274.135 144484.743 144379.882 0.828 0.0012 
4-class -72078.526 40 144237.052 144492.334 144365.230 0.714 0.5763 

                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    
        

Multilevel latent class growth analysis 

 Next, the study used multilevel latent class growth analysis (MLCGA) through the 

inclusion of the between LEA effects and LEA level covariates. MLCGA represents the 

latent variable equivalent of a 3-level HLM with time nested within students nested within 

LEAs. Like LCGA, MLCGA does not allow any growth factor variance at either the within 

or the between levels. MLCGA fit indicators are presented in Table 8.  

Akin to the LCGA, loglikelihood, AIC, BIC, and SSABIC did not afford grounds for 

choosing a particular solution other than to suggest more classes were better. Adjusted LRT, 

in contrast, clearly suggested a 3-class solution for the primary sample agreeing with the 

previous LCGA and GMM findings. The fit indices for the replication sample continued to 

improve with additional classes, but the adjusted LRT turned non-significant for the 3-class 

model suggesting a 2-class solution. 
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Table 8. Fit indices for MLGCA for both reading samples 

Model Loglikelihood 
Number of 
Parameters AIC BIC SSABIC Entropy 

Adjusted 
LRT 

        
Primary Sample       

1-class -81346.993 20 162733.986 162861.637 162798.085 -- -- 
2-class -75939.257 29 151936.514 152121.607 152029.457 0.863 0.0007 
3-class -73946.559 38 147969.118 148211.653 148090.905 0.857 0.0130 
4-class -73139.806 47 146373.611 146673.243 146524.243 0.840 0.1727 

                
        
Replication Sample       

1-class -81311.731 20 162663.461 162791.102 162727.551 -- -- 
2-class -75935.912 29 151929.824 152114.904 152022.753 0.861 0.0000 
3-class -73930.708 38 147937.416 148179.934 148059.186 0.852 0.3955 

                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    
        

Multilevel growth mixture modeling 

 Multilevel growth mixture modeling (MGMM) extends GMM to the multilevel with 

growth factors variance allowed. Generally, MGMM uses MLCGA results to provide starting 

values, as it aids model estimation although it is not required. Table 9 displays the fit indices 

for a one to four class model. Neither loglikelihood nor AIC provided any indication of a 

better fitting model in either sample. However, this time the BIC, SSABIC, adjusted LRT, 

and the entropy all recommended a 3-class solution for the primary sample. Both the BIC and 

SSABIC continued to decrease until the 4-class model when they increased and the adjusted 

LRT became non-significant for the 4-class model. In contrast, the replication results were 

unclear concerning the preferred model. BIC and SSABIC decreased for the 2-class model 

and increased for the 3-class model. Yet, the adjusted LRT did not turn non-significant until 

the 4-class solution. In any case, all analyses continued to support reading growth exhibiting 

several latent trajectory classes of growth.   
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Table 9. Fit indices for MGMM for both reading samples 

Model Loglikelihood 
Number of 
Parameters AIC BIC SSABIC Entropy 

Adjusted 
LRT 

        
Primary Sample       

1-class -87854.116 26 175768.231 175959.707 175864.379 -- -- 
2-class -72312.450 35 144694.900 144918.289 144807.073 0.862 0.0013 
3-class -72270.294 44 144628.587 144909.418 144769.604 0.831 0.0038 
4-class -72248.313 53 144602.626 144940.900 144772.487 0.726 0.2855 

                
        
Replication Sample       

1-class -72275.455 26 144602.910 144768.843 144686.226 -- -- 
2-class -72130.635 35 144331.270 144554.642 144443.426 0.837 0.0397 
3-class -72114.939 44 144317.878 144598.689 144458.875 0.750 0.0322 
4-class -72056.369 53 144218.738 144556.987 144388.575 0.831 0.3266 

                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    
        

Final reading model 

 The following examines the 3-class MGMM solution for both the primary and 

replication samples. In so doing, the trajectory and the covariates that are significant for a 

particular class are described. In examining covariates’ effects upon the latent categorical 

variable, Mplus performs logistic regression. Logistic regression compares the probability of 

membership within a certain class in comparison to a referent class. Mplus uses the last class 

or in this case the third class as the referent. Lastly, class structure was held invariant for 

these models as no hypotheses were proposed concerning how, for example, covariates 

would affect the growth factors for a particular class. However, this invariant structure is 

presented to provide depth and a starting point for future research. 

 Primary sample  Figure 9 exhibits the estimated means of a 3-class MGMM solution 

for the primary sample with the proportions of students within each class. The modeling 

results reveal a class that starts higher than the other classes and remains higher, a class that 
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starts with the lowest scale scores but ends up close to the highest class, and a class that 

exhibits growth but remains lower scoring. These mean trajectories will be explored further 

by examining each class.  

 

 

Figure 9. Estimated means for 3-class MGMM for primary reading sample 

Class 1 represents 4.6 percent of the primary reading sample. Figure 10 presents the 

individual student growth trajectories for this class. This class had the lowest average starting 

scale score of 137.33. Despite this low early starting this class had the highest rate of change 

of 5.752. This substantially greater rate of change allows this class to go from lowest scale 

scores in grade 3 to by grade 8 having average scales scores that are almost as high as the 

persistently high class of students. Also noticeable in Figure 10 is the narrowing range of 

scales score by grade 8 suggesting that students’ reading achievement levels are becoming 

more similar over time. 
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Figure 10. Estimated mean and observed individual trajectories for reading primary sample class 1 

 Class 2 contained the majority of student growth trajectories with 88.1 percent of 

trajectories classified in this class. Figure 11 shows these students’ individual growth 

trajectories from grade 3 to grade 8. This class had the highest average starting scale score of 

147.882. While this class did not have the highest rate of change at 3.704, it was enough 

development to attain the highest mean scale scores at each grade. This majority class’ 

consistently higher performance class indicated that the model was finding those classes that 

underperformed this main class. Similar to class 1, Figure 11 again shows a decrease in 

variance of scale scores as a function of grade further suggesting that students are becoming 

more alike in terms of reading achievement. 
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Figure 11. Estimated mean and observed individual trajectories for reading primary sample class 2 

Class 3 represented the low performing class with 6.3 percent of the student growth 

trajectories. While these students did not have the lowest average starting scale score with 

143.010 they did have the lowest average rate of change of 2.772. This low rate of change 

causes them by grade 5 to be overtaken by class 1 and from here class 3 continues to be the 

lowest performing class. As shown in Figure 9, mean differences between class 3 and the 

majority class 2 increase as a function of grade level. Figure 12 presents the individual 

student trajectories for this class where once again the narrowing variance of scale scores by 

grade 8 can be noticed. 
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Figure 12. Estimated mean and observed individual trajectories for reading primary sample class 3 

Table 10 presents the estimates of the covariates on the categorical latent variable. 

For this analysis, Mplus compares membership probabilities of being in a certain class versus 

a reference class. In this case, Mplus used class 3 as the reference class and these results are 

reviewed with that in mind. Thus, when comparing class 1 (the low to high class) to class 3 

(the low class), Table 10 shows that none of the student level covariates are significantly 

more likely in class 1 than the low performing class 3. Moreover, neither of the multilevel 

covariates provides clues concerning class 1 membership versus class 3 membership. These 

findings point to the possible need for extra explanatory covariates to elucidate differences 

between these classes. In contrast, when reviewing class 2 (main high class) versus class 3 

(low class) several significant results are observed. The negative estimate for free/reduced 

lunch implies that lower SES students are more likely to be in the low performing class 3 

than the high performing class 2. The positive parental education estimate implies that 

students with more highly educated parents are more likely to be in the high performing class 

2 than the low performing class 3. The gender estimate denotes that female students were 
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more likely to be found in the high performing class 2 than the low performing class 3. Being 

Black/Hispanic does not appear to be more likely in either class 2 or class 3 and neither of 

the multilevel covariates provide any further information. 

Table 10. Primary reading sample covariate estimates for 3 classes with class 3 as the comparative class 

        
    Estimate SE 
Within Level   
Class 1 on    

Free/reduced Lunch -0.244 0.188 
Parental Education 0.092 0.126 
Gender  0.275 0.422 
Black/Hispanic 0.080 0.323 

    
Class 2 on    

Free/reduced Lunch -0.368*** 0.107 
Parental Education 0.297*** 0.090 
Gender  -0.449* 0.205 
Black/Hispanic -0.152 0.279 

    
Between Level   
Class 1 on    

Per pupil spending -0.167 0.257 
Capital spending 0.020 0.052 

    
Class 2 on    

Per pupil spending 0.055 0.151 
Capital spending -0.002 0.037 

        
Note. SE = Standard Error; * = p≤.05; ** = p≤.01;  
*** = p≤.001   
   

Replication sample Figure 13 presents the estimated means for the 3-class MGMM 

for the replication sample with the proportion of student trajectories within each class. The 

class patterns found in this sample represent results more typically found in MGMM analysis 

with a high-class, an average class, and a low class. These mean trajectories shall be explored 

by examining each class separately. 

 



 90

 

Figure 13. Estimated means for the 3-class MGMM replication sample 

Class 1 represented the higher scoring class with 24.9 percent of student growth 

trajectories. Figure 14 displays the individual growth trajectories that on average had a 

starting scale score of 153.906. This class, although the highest overall performing class, had 

the second greatest average rate of change of 3.488. As in the primary sample, this class also 

demonstrates the narrowing of variance as a function of grade pointing to decreasing 

differences in student achievement as they get older. 
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Figure 14. Estimate mean and observed individual trajectories for replication reading sample class 1 

Class 2 contained 68.8 percent of students and could be called the average or main 

performing class. The individual growth trajectories shown in Figure 15 had an average 

starting scale score of 151.487, just below the class 1 starting point. While starting lower than 

class 1, this class displayed a greater average rate of change of 3.628 which allowed it in the 

time frame examined to close the gap between itself and class 1. As witnessed in other 

classes, this class continues to display narrowing variance as grade increases.  

The lowest performing class, class 3, represents 6.3 percent of student trajectories in 

this sample. Student trajectories, as seen in Figure 16, had the lowest average starting scale 

score of 147.714. Not only did they start at the bottom but with the lowest average rate of 

change of 2.570, the gap between this class and the other classes widened over the time 

period of interest. Again, the individual growth trajectories show a narrowing in variance 

suggesting this class of student becomes more similar in terms of achievement over time. 
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Figure 15. Estimated mean and observed individual trajectories for replication reading sample class 2 

 

 

Figure 16. Estimated mean and observed individual trajectories for replication reading sample class 3 

 Table 11 presents the estimates of the covariates on the categorical latent variable and 

should be interpreted in the same way as for the primary sample. As with the primary sample, 

significant differences in membership probabilities can be seen between the high performing 

class (class 1) and the low performing class (class 3). In this sample, the significant estimates 

indicated students who have more highly educated parents, are female, and who are not 
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Black/Hispanic are more probable in the high performing class. Next, when comparing the 

average/main class of performance (class 2) to the low performing class (class 3), we find 

only one significant estimate. As with class 1, students with more highly educated parents are 

more likely to be found in this class than the low performing class 3. Lastly, like the primary 

sample, most LEA level covariate estimates are insignificant as predictors of class 

membership probabilities. However, when comparing average/main class to the low 

performing class, we see that per pupil spending has a significant negative estimate. This 

denotes that as more spending occurs, students are less likely to be found in the average/main 

class and thus more likely to be found in the low performing class. 

Table 11. Replication reading sample covariate estimates for 3 classes with class 3 as the comparative 
class 

        
    Estimate SE 
Within Level   
Class 1 on    

Free/reduced Lunch -0.090 0.515 
Parental Education 0.971** 0.351 
Gender  -2.493** 0.872 
Black/Hispanic -5.333** 2.022 

    
Class 2 on    

Free/reduced Lunch -0.234 0.126 
Parental Education 0.315*** 0.087 
Gender  -0.303 0.223 
Black/Hispanic -0.022 0.258 

    
Between Level   
Class 1 on    

Per pupil spending 4.624 3.081 
Capital spending 0.210 0.164 

    
Class 2 on    

Per pupil spending -0.461* 0.200 
Capital spending 0.067 0.045 

        
Note. SE = Standard Error; * = p≤.05; ** = p≤.01;  
*** = p≤.001   
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Invariant class structure 

 In this study, the effect of the particular covariates and growth factors were held 

constant across the three classes, as there was no specific reason to hypothesize class 

differences. Table 12 displays the parameter estimates for both samples, which due to the 

class invariance assumption are identical across the three classes. Note that the standard 

errors for both the intercept and slope are zero as they are fixed parameters in the model. 

Table 12. Reading invariant class estimates both samples 

  Primary Sample   Replication Sample 
  Estimates SE   Estimates SE 
Within Level      
Intercept      

Grade 3 1.000 0.000  1.000 0.000 
Grade 4 1.000 0.000  1.000 0.000 
Grade 5 1.000 0.000  1.000 0.000 
Grade 6 1.000 0.000  1.000 0.000 
Grade 7 1.000 0.000  1.000 0.000 
Grade 8 1.000 0.000  1.000 0.000 

Slope      
Grade 3 0.000 0.000  0.000 0.000 
Grade 4 1.000 0.000  1.000 0.000 
Grade 5 2.569 0.000  2.572 0.000 
Grade 6 3.000 0.000  3.000 0.000 
Grade 7 4.211 0.000  4.229 0.000 
Grade 8 4.685 0.000  4.672 0.000 

Intercept on      
Free/reduced Lunch -0.982*** 0.148  -1.048*** 0.156 
Parental Education 1.031*** 0.082  0.859*** 0.089 
Gender 0.062 0.210  -0.360 0.241 
Black/Hispanic -2.978*** 0.260  -2.352*** 0.380 

Slope on      
Free/reduced Lunch 0.087*** 0.025  0.101*** 0.026 
Parental Education -0.098*** 0.011  -0.083*** 0.014 
Gender -0.028 0.039  0.056 0.032 
Black/Hispanic 0.237*** 0.042  0.192*** 0.058 

Variances/Covariances      
Grade 3 15.448*** 0.538  14.742*** 0.550 
Grade 4 13.683*** 0.464  14.742*** 0.521 
Grade 5 11.526*** 0.327  10.703*** 0.337 
Grade 6 7.503*** 0.330  7.599*** 0.313 
Grade 7 7.056*** 0.318  6.813*** 0.291 
Grade 8 7.512*** 0.324  7.119*** 0.353 
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  Primary Sample   Replication Sample 
  Estimates SE   Estimates SE 

Intercept 29.597*** 1.587  35.464*** 1.357 
Slope 0.221*** 0.033  0.468*** 0.041 
Intercept with Slope -2.455*** 0.208  -3.610*** 0.217 

Between Level      
Intercept on      

Per Pupil Expenditure -0.082 0.186  -0.648* 0.298 
Capital Expenditure 0.078 0.046  0.052 0.060 

Slope on      
Per Pupil Expenditure 0.004 0.041  0.010 0.052 
Capital Expenditure -0.008 0.008  -0.009 0.008 

Variances/Covariances      
Intercept 1.006*** 0.282  0.775** 0.249 
Slope 0.032** 0.010  0.026** 0.009 
Intercept with Slope -0.129** 0.044  -0.110** 0.038 

            
Note. SE = Standard Error; * = p≤.05; ** = p≤.01;*** = p≤.001 

     
Free/reduced lunch, parental education, and being Black/Hispanic significantly 

influenced both the within LEA intercept and slope growth factors. While receiving 

free/reduced lunch negatively affected where students started their reading growth, it 

positively influenced the rate at which they grew. In contrast, students with more highly 

educated parents started their growth higher, but it negatively influenced their growth rate. 

Gender was the only covariate that had no significant effect on either growth factor pointing 

to a questionable rationale for retaining gender in the model. Lastly, the negative intercept 

with slope correlation estimate of -0.960 suggests that the higher pupils start in grade 3, the 

lower their growth rate over the following grades. 

At the between level, both the average LEA starting point and the average LEA 

growth rate had significant variances. This suggests that LEAs do have different starting 

points and rates of growth. Moreover, the negative significant correlation of -0.719 between 

these growth factors implies that the higher an LEA’s students score to begin with the lower 

their rate of growth. Lastly, only one LEA covariate in the replication sample demonstrated 
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any significance. While providing little conclusive support for the hypothesis, the finding is 

interesting in that it implies that the higher an LEA’s starting point the less they spend per 

student. 

Mathematics results 

Demographics 

 Table 13 displays the demographics for the primary and replication math samples that 

were drawn according to procedures described in Chapter 4. Again, like the reading samples, 

both gender and ethnicity had exactly the same proportion in each category due to 

stratification. Both samples consisted of slightly more females than males (53.8 percent 

versus 46.2 percent). White students at 52.3 percent made up the majority of pupils. The next 

largest ethnic grouping was Black students who together with Hispanic students made up 

36.2 percent of the each math sample. Just over 40 percent of students in both samples 

received the federal free/reduced lunch program. Lastly, students whose parents had 

graduated from high school far outnumbered other categories and represented over 40 

percent in both the primary and replication samples.  

Table 13. Mathematics demographics for both samples 

  Primary Sample   Replication Sample 
  N Percent   N Percent 
Gender      

Female 2403 53.8  2403 53.8 
Male 2067 46.2  2067 46.2 

      
Ethnicity      

Asian 122 2.7  122 2.7 
Black 1349 30.2  1349 30.2 
Hispanic 267 6.0  267 6.0 
American Indian 152 3.4  152 3.4 
Multiracial 243 5.4  243 5.4 
White 2337 52.3  2337 52.3 
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  Primary Sample   Replication Sample 
  N Percent   N Percent 
      
Lunch      

Not eligible 2326 52.1  2298 51.4 
Reduced price 423 9.5  451 10.1 
Free Lunch 1465 32.8  1463 32.7 
No information 213 4.8  221 4.9 
School not participating 42 0.9  37 0.8 

      
Parent Education      

Did not finish high-school 440 9.9  399 8.9 
High-school 1913 42.8  1961 43.9 
Some after high-school 478 10.7  442 9.9 
Trade or business school 167 3.7  180 4.0 
Community college 496 11.1  480 10.7 
4 year degree 789 17.7  829 18.6 
Graduate degree 185 4.1  179 4.0 

 
As shown in Table 14, scale score means increased across grade level for both 

samples. Unlike reading, variances exhibited the typical ‘fan’ effect across grade levels. 

Scores from each grade were strongly correlated, suggesting that the tests were measuring the 

same underlying domain. Also notable, the correlations decreased as the distance in time 

between tests increased, a finding representative of auto regressive time series. 

Table 14. Correlations between mathematic scale scores for both samples 

                  
  M SD 1 2 3 4 5 6 
Primary Sample         

1. Grade 3 252.25 6.60 1.00      
2. Grade 4 257.20 7.50 0.79 1.00     
3. Grade 5 262.42 8.80 0.77 0.82 1.00    
4. Grade 6 268.08 8.10 0.75 0.80 0.84 1.00   
5. Grade 7 271.15 9.81 0.73 0.78 0.81 0.85 1.00  
6. Grade 8 274.38 9.75 0.72 0.77 0.80 0.85 0.86 1.00 

Replication Sample         
1. Grade 3 252.27 6.61 1.00      
2. Grade 4 257.22 7.52 0.79 1.00     
3. Grade 5 262.42 8.86 0.78 0.82 1.00    
4. Grade 6 268.09 8.10 0.76 0.80 0.84 1.00   
5. Grade 7 271.05 9.89 0.74 0.79 0.82 0.86 1.00  
6. Grade 8 274.25 9.79 0.73 0.77 0.80 0.84 0.87 1.00 

Table 13 (continued). 

       Note. All correlations p<.0001 
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Conventional growth modeling 

 Table 15 exhibits the fit statistics for the five growth models for both the primary and 

replication samples. Model 1 represented unconditional linear modeling. Similar to the 

reading results, neither of the samples demonstrated evidence of a good fitting model. 

Unconditional quadratic modeling did provide good model fit as indicated by CFI and TFI 

measures. Because only two measures indicated a good fit, further conventional modeling 

was done in an effort to find a better starting model for further analysis. First, individual level 

covariates were added to the linear and quadratic models. While some measures for the linear 

model improved, none surpassed recommend cutoffs. Indices for the quadratic model also 

improved with CFI and TFI still indicating a good fitting model. However, taking the reading 

results as an indication, the study examined non-linear models to determine if a better fitting 

model existed.  

 Like reading, time scores were freed for Mplus to estimate, and then these results 

were used in all further analysis. The non-linear model had better all over fit indices. Both 

CFI and TFI indicated a better fitting model than the quadratic model. Further, chi-square, 

RMSEA, AIC, BIC, SSABIC, and SRMR were all lower than any other model. Taking all 

factors into consideration it was decided to use the non-linear model as the basis for all 

further modeling. 
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Table 15.  Convention growth modeling fit indices for both mathematic samples 

  Model 1 Model 2 Model 3 Model 4 Model 5 

Fit Indices 

Linear Quadratic Linear with 
Covariates 

Quadratic 
with 

Covariates 

Non-linear 
with 

Covariates 
      
Primary Sample      

Chi-Square Value 2173.887 806.539 2208.277 827.568 577.870 
Degrees of Freedom 16 12 32 24 32 
P-Value 0.000 0.000 0.000 0.000 0.000 
CFI 0.926 0.973 0.928 0.974 0.982 
TLI 0.930 0.966 0.913 0.957 0.978 
Akaike Information Criteria 159102.010 157742.661 198643.995 197279.286 197013.588 
Bayesian Information Criteria 159172.466 157838.738 198765.692 197452.225 197135.286 
Sample-Size Adjusted BIC 159137.512 157791.074 198705.318 197366.430 197074.911 
RMSEA 0.174 0.122 0.123 0.087 0.062 
SRMR 0.765 0.603 0.492 0.390 0.428 
            

      
Replication Sample      

Chi-Square Value 2274.113 886.977 2301.367 901.551 622.408 
Degrees of Freedom 16 12 32 24 32 
P-Value 0.000 0.000 0.000 0.000 0.000 
CFI 0.923 0.970 0.926 0.971 0.981 
TLI 0.928 0.963 0.910 0.952 0.977 
Akaike Information Criteria 158691.459 157312.322 198221.854 196838.037 196542.895 
Bayesian Information Criteria 158761.916 157408.399 198343.551 197010.976 196664.593 
Sample-Size Adjusted BIC 158726.962 157360.735 198283.177 196925.181 196604.218 
RMSEA 0.178 0.128 0.126 0.090 0.064 
SRMR 0.812 0.657 0.522 0.424 0.456 

            
      

Latent class growth analysis 

 Table 16 shows the results of LCGA for models including between one and four 

classes for both mathematics samples. In both samples, all measures of model fit continued to 

improve with the addition of extra latent classes. In no case did any fit measure suggest that a 

particular class solution was preferred. Consequently, modeling was stopped for substantive 

reasons. The only slight indication of a preferred solution was the higher entropy for the 3-

class solution for the replication sample. In the replication sample, the entropy suggests that 

the 3-class solution classifies latent classes better than either the 2- or 4-class model. 
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Table 16. Fit indices for LCGA for 1-4 class both samples 

Model Loglikelihood 
Number of 
Parameters AIC BIC SSABIC Entropy 

Adjusted 
LRT 

Primary Sample       
1-class -89913.823 16 179859.647 179962.118 179911.277 -- -- 
2-class -83426.933 23 166899.865 167047.168 166974.083 0.885 0.0000 
3-class -80779.867 30 161619.735 161811.869 161716.541 0.881 0.0002 
4-class -79390.289 37 158854.577 159091.543 158973.971 0.876 0.0030 

                
Replication Sample       

1-class -89788.345 16 179608.689 179711.172 179660.330 -- -- 
2-class -83220.206 23 166486.413 166633.731 166560.646 0.878 0.0000 
3-class -80358.903 30 160777.805 160969.959 160874.631 0.887 0.0000 
4-class -79109.410 37 158292.821 158529.811 158412.239 0.872 0.0088 

                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    

Growth mixture modeling 

 Following the same pattern as for reading, the math samples were then modeled from 

a growth mixture perspective utilizing LCGA findings as starting values for the analysis. In 

contrast to the LCGA, Table 17 shows that both samples agreed on a 3-class solution as the 

best fit to the data. For the primary sample, AIC, BIC, and SSABIC were minimized for a 3-

class solution. For both samples, the BIC showed a clear dip around the 2- or 3-class model 

with sizable increases for the 4-class model. These results combined with non-significant 

adjusted LRT for the 4-class model for both samples supports a 3-class solution. 

Multilevel latent class growth analysis 

 Table 18 presents the analysis of both math samples when the LEA effect and level 

covariates were added to the LCGA analysis. As with the LCGA analysis, the MLCGA 

displayed no clear indicator to the number of classes present in the data. In fact, all numbers 

continued to improve. Again, it was decided to end the analysis to maintain meaningful 

interpretation of the data.  
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Table 17. Fit indices for GMM for 1-4 classes for both math samples 

Model Loglikelihood 
Number of 
Parameters AIC BIC SSABIC Entropy 

Adjusted 
LRT 

        
Primary Sample       

1-class -78048.851 19 156135.701 156257.386 156197.012 -- -- 
2-class -77997.616 26 156047.232 156213.748 156131.130 0.554 0.0001 
3-class -77967.666 33 156001.331 156212.679 156107.818 0.672 0.0239 
4-class -77962.803 40 156005.606 156261.784 156134.680 0.683 0.2788 

                
        
Replication Sample       

1-class -77832.262 19 155702.524 155824.222 155824.222 -- -- 
2-class -77780.290 26 155612.581 155779.115 155696.497 0.523 0.0000 
3-class -77750.907 33 155567.814 155779.184 155674.323 0.605 0.0019 
4-class -77731.302 40 155542.604 155798.810 155671.705 0.669 0.1219 

                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    

 
Table 18. Fit indices for MLCGA for 1-4 classes for both math samples 

Model Loglikelihood 
Number of 
Parameters AIC BIC SSABIC Entropy 

Adjusted 
LRT 

        
Primary Sample       

1-class -89901.428 20 179842.856 179970.946 179907.394 -- -- 
2-class -83414.157 29 166886.313 167072.043 166979.893 0.886 0.0000 
3-class -80736.646 38 161549.293 161792.663 161671.914 0.885 0.0050 
4-class -79355.263 47 158804.526 159105.536 158956.189 0.878 0.0019 

                
        
Replication Sample       

1-class -89767.484 20 179574.968 179703.070 179639.518 -- -- 
2-class -83199.211 29 166456.422 166642.171 166550.020 0.877 0.0000 
3-class -80337.438 38 160750.876 160994.271 160873.522 0.886 0.0001 
4-class -79070.443 47 158234.886 158535.928 158386.581 0.874 0.0183 

                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    

Multilevel growth mixture modeling 

 Using the starting values provided by the previous MLCGA, multilevel growth 

mixture models with different numbers of classes were analyzed. The results are presented in 
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Table 19. Surprisingly, in contrast to all previous analysis, the MGMM indicated a single-

class solution in both samples. For both samples, the adjusted LRT were decidedly non-

significant for the 2-class model. Although, Muthen (2004) argues that significant covariates 

should be included in mixture analysis to guard against model misspecification, one might 

equally argue that including the wrong or unimportant covariates could lead to misspecified 

models with the addition of ‘noise’ to the model. Therefore, the models without the inclusion 

of LEA covariates were tested and in both the primary and replication samples demonstrated 

a 2-class solution (Table 20).  

Table 19. Fit indicies for MGMM with LEA covariates for both math samples 

Model Loglikelihood 
Number of 
Parameters  AIC BIC SSABIC Entropy 

Adjusted 
LRT 

Primary Sample       
1-class -77988.733 26 156029.466 156195.982 156113.364 -- -- 
2-class -77921.620 35 155913.239 156137.396 156026.179 0.560 0.2856 
                
Replication Sample       
1-class -77766.145 26 155584.289 155750.823 155668.205 -- -- 
2-class -77700.308 35 155470.615 155694.795 155583.579 0.528 0.1868 
                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    
 
Table 20. Fit indices for MGMM without LEA covariates both math samples 

Model Loglikelihood 
Number of 
Parameters  AIC BIC SSABIC Entropy 

Adjusted 
LRT 

Primary Sample       
1-class -77989.654 22 156023.308 156164.207 156094.299 -- -- 
2-class -77930.134 29 155918.268 156103.998 156011.847 0.548 0.0483 
3-class -77899.291 36 158970.582 156101.143 155986.749 0.642 0.3875 
                
Replication Sample       
1-class -77767.208 22 155578.415 155719.329 155649.421 -- -- 
2-class -77706.320 29 155470.641 155656.390 155564.239 0.516 0.0110 
3-class -77673.467 36 155418.935 155649.520 155535.126 0.593 0.2095 
                
Note. AIC = Akaike Information Criteria; BIC =  Bayesian Information Criteria; SSABIC = Sample Size Adjusted BIC; 
Adjusted LRT = Lo-Mendell-Rubin Adjusted Likelihood Ratio Test    
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Final model 

 For the final model, the study interprets the 2-class MGMM without LEA covariates 

for both primary and replication samples. Unfortunately, without the inclusion of LEA 

covariates, hypothesis 4 for math could not be tested. As such, the following examines each 

class within each sample and explores the covariate effects on class membership 

probabilities. Like the reading sample, the invariant class structure is presented to provide 

added meaning and context. 

 Primary sample  Figure 17 displays the estimated means of the 2-class MGMM for 

the primary sample with the proportions of trajectories within each class. In contrast to the 

reading samples, most student trajectories fall into the class that starts the lowest and remains 

the lowest. The rest of the trajectories fell into a consistently higher class. The following 

explores the trajectories within each class separately. 

 
 

 

Figure 17. Estimated means for 2-class MGMM primary math sample 

 Class 1 captured the majority of students representing 74.9 percent of all trajectories 

(Figure 18). This class had a starting scale score value of 249.545 and an average rate of 
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change of 4.691. Consistently, this class displayed lower estimated means than the other 

class. In contrast to the reading samples that displayed decreasing variances with increasing 

grades, this class displays the classical ‘fan’ features usually associated with growth 

modeling. This ‘fan’ effect suggests that individual growth trajectories are become more 

different as time passes. 

 

Figure 18. Estimated mean and observed individual trajectories for primary math sample class 1 

 Class two represented 25.1 percent of students and characterizes a higher performing 

class of students (Figure 19). This class’ average starting scale score of 256.146. Moreover, 

class two demonstrated a higher average rate of change of 5.728 causing the gap between it 

and class 1 to increase over the grades. Although not as pronounced as in class 1, class 2 also 

demonstrates increasing variance with increases in grade level. 
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Figure 19. Estimated mean and observed individual trajectories for primary math sample class 2 

  Table 21 presents the individual level covariates estimates upon the categorical latent 

variable. In this 2-class analysis, Mplus fixes class 2 (high performers) as the referent class 

and so interpretation should be made accordingly. In the primary sample, two covariates 

show significant probability differences on class membership. The negative estimate for 

parental education implies that as parental education increases students are less likely to have 

growth trajectories in class 1 (low performing). In opposition, Black/Hispanic students are 

more probably found in class 1 (low performing) than class 2 (high performing). 

Table 21. Primary math sample covariate estimates for 2 classes with class 2 as the comparative class 

        
  Estimate SE   

    
Class 1 on    

Free/reduced Lunch 0.009 0.126 
Parental Education -0.362*** 0.059 
Gender  -0.159 0.208 
Black/Hispanic 1.203*** 0.342 

        
Note. SE = Standard Error; * = p≤.05; ** = p≤.01;  

  *** = p≤.001 
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Replication sample As with the primary sample, Figure 20 presents the estimated 

means and class proportions for the 2-class MGMM of the replication sample. Like the 

primary sample there appeared to be a consistently high performing and a consistently low 

performing class. The following further explores each class separately.  

 

 

Figure 20. Estimated means for the 2-class MGMM for replication math sample 

Class one represented 70.7 percent of student growth trajectories in this sample 

(Figure 21). With an average starting scale score of 249.636 and a rate of change of 4.616, 

this class characterized a consistently low performing class in which most students belonged. 

As with the primary sample fanning of growth trajectories can be observed suggesting 

greater differential in growth level as time passes.  
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Figure 21. Estimated mean and observed individual trajectories for replication math sample class 1 

 Class two captured 29.3 percent of student growth trajectories (Figure 22). This 

sample had an average starting scale score of 256.511. Like the primary sample, this class 

demonstrated the greatest rate of change of 5.605. Again, this difference in growth rates 

implies that while both classes demonstrate growth, the mean difference between classes 

increases over the grades. Further, the ‘fan’ effect suggests that within grade students’ 

growth become more differentiated over time. 

 

Figure 22. Estimated mean and observed individual trajectories for replication math sample class 2 
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 Table 22 presents the covariate estimates on the categorical latent variable holding 

class 2 (high performing) as the referent class for the replication sample. Like the primary 

sample, the replication sample shows that students whose parents have more education are 

less likely in class 1 (low performing) and Black/Hispanic students are more likely to be in 

this class. In contrast to the primary sample, this sample finds a significant finding for 

Free/reduced lunch implying that those who receive the program are more like to be found in 

class 1 than class 2. 

Table 22. Replication math sample covariate estimates for 2 classes with class 2 as the comparative class 

        
    Estimate SE 
   
Class 1 on    

Free/reduced Lunch 0.230* 0.104 
Parental Education -0.259*** 0.053 
Gender  0.150 0.212 
Black/Hispanic 0.574* 0.293 

        
Note. SE = Standard Error; * = p≤.05; ** = p≤.01;  
*** = p≤.001   

Invariant class structure 

 Table 23 presents the class structure for both the primary and replication samples. As 

with reading, since class structure was held constant, the estimates were the same for each 

class in the 2-class models. Examining the estimates of the outcome variable on the slope, we 

see that each sample had a similar non-linear growth pattern increasing in a roughly linear 

manner between grades 3 and 5. Growth appears to slightly accelerate between grades 5 and 

6 but then growth slows after this time.  

In both samples, all individual level covariates had significant estimates on the 

intercept growth factor. The negative estimates for free/reduced lunch suggest that the lower 
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a pupil’s SES the lower he/she started within a class. Similarly, Black/Hispanic students also 

started lower than other ethnic groups. The positive estimate for parental education and 

gender suggest, first, that students with more highly educated parent started higher than those 

with parents with less education. Second, males tended to start higher than female students. 

Examining the effect of the individual covariates on the slope factor reveal that free/reduced 

lunch was again significantly negative. This implies that not only do lower SES students start 

at a lower point, they also grow at a slower rate. Again, in both samples parental education 

was significant on the slope factor implying that students with more highly educated parents 

also grew at a faster rate. Gender was found to be significant only in the primary sample. 

However, the direction of the relationship was the same in both samples providing partial 

evidence that males grow at a slower rate than females despite higher starting points. Being 

Black/Hispanic had no significant impact upon students’ growth rates in either sample. The 

correlation between intercept and slope latent variables was 0.133 indicating that students 

who started lower tended to grow at a lower rate, thus exhibiting a “double barrel” effect. 

 Examining the between level variance we see that both the intercept and slope have 

significant variances. This points to the fact that difference in starting point and rates of 

change do vary by LEA. However, the insignificant covariance between these growth factors 

suggests that where an LEA’s average starting point is located is not related to its’ growth 

rate.  
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Table 23. Math invariant class estimates for both samples 

  Primary Sample   Replication Sample 
  Estimates SE   Estimates SE 
Within Level      
Intercept      

Grade 3 1.000 0.000  1.000 0.000 
Grade 4 1.000 0.000  1.000 0.000 
Grade 5 1.000 0.000  1.000 0.000 
Grade 6 1.000 0.000  1.000 0.000 
Grade 7 1.000 0.000  1.000 0.000 
Grade 8 1.000 0.000  1.000 0.000 

Slope      
Grade 3 0.000 0.000  0.000 0.000 
Grade 4 1.000 0.000  1.000 0.000 
Grade 5 2.068 0.000  2.055 0.000 
Grade 6 3.168 0.000  3.156 0.000 
Grade 7 3.816 0.000  3.786 0.000 
Grade 8 4.446 0.000  4.406 0.000 

Intercept on      
Free/reduced Lunch -0.665*** 0.138  -0.759*** 0.179 
Parental Education 0.559*** 0.075  0.488*** 0.094 
Gender 0.573* 0.269  0.682* 0.338 
Black/Hispanic -1.845*** 0.302  -2.279*** 0.395 

Slope on      
Free/reduced Lunch -0.181*** 0.035  -0.129*** 0.036 
Parental Education 0.044* 0.018  0.051*** 0.014 
Gender -0.148*** 0.041  -0.051 0.048 
Black/Hispanic 0.081 0.058  -0.092 0.089 

Variances/Covariances      
Grade 3 9.102*** 0.395  8.526*** 0.376 
Grade 4 11.166*** 0.317  11.103*** 0.371 
Grade 5 14.936*** 0.454  14.868*** 0.525 
Grade 6 9.714*** 0.312  9.939*** 0.276 
Grade 7 14.394*** 0.493  13.896*** 0.502 
Grade 8 13.680*** 0.468  14.108*** 0.492 
Intercept 20.373*** 1.120  18.865*** 0.933 
Slope 0.808*** 0.057  0.793*** 0.056 
Intercept with Slope 0.538** 0.190  0.336 0.188 

Between Level      
Variances/Covariance      

Intercept 0.508* 0.224  0.560* 0.239 
Slope 0.120*** 0.026  0.131*** 0.027 
Intercept with Slope -0.078 0.051  -0.043 0.061 

            
Note. SE = Standard Error; * = p≤.05; ** = p≤.01; *** = p≤.001  
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Chapter 6 – Discussion  

Introduction 

 This chapter presents the main study findings. Implications for education practice and 

policy, research, and I/O psychology stemming from the study results are discussed. Lastly, 

limitations of the present study are presented and future research extensions are explored. 

Main findings 

Hypothesis 1: Student achievement growth occurs in a quadratic manner. 

Study findings provided little support for this hypothesis. For reading, no measures of 

fit met commonly accepted standards for either linear or quadratic models. However, 

quadratic models did have better fit measures than linear equivalents but not enough to draw 

any conclusion. For mathematics, CFI and TFI did meet accepted standards for quadratic 

models but not for linear models, providing some support for the hypothesis. However, other 

fit statistics, in particular RMSEA for quadratic models did not provide enough convincing 

evidence for the study to conclude that a quadratic model fit the data. Because neither the 

linear or quadratic model fit particularly well, other forms of growth examined included 

cubic, piecewise, and non-linear growth models. In most cases, the non-linear model 

displayed the best fit statistics with at least three indices meeting or coming much closer to 

meeting commonly accepted standards or providing better fit than any alternate model. 

Plotting mean scales scores over grade levels did in fact show clear periods of accelerating 

and decelerating growth, confirming the reasonableness of using a non-linear model of 

development. Moreover, Stone and Lane’s (2004) finding of non-linear growth in the 

Maryland State Performance Assessment Program in math, writing, reading, science, and 
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social studies provided support for the use of a non-linear model. In conclusion, while the 

hypothesis of quadratic growth was not supported, the models clearly do not support the 

alternative of a linear model. In fact, growth seems to follow an erratic non-linear pattern, 

which has implications for education practice, policy and research. 

Hypothesis 2: Mixtures of latent class growth trajectories exist within the general 

student achievement data structure. 

 Unlike hypothesis 1, study findings well support the hypothesis of class mixtures. For 

reading, all forms of modeling implied the existence of unobserved classes. MLCGA 

supplied evidence of a 3-class solution for the first sample, while it suggested 2-class 

solution for the second sample. When examined using MGMM, both samples confirmed a 3-

class solution. 

 For the math test data, LCGA for both the primary and replication sample did not 

suggest a substantive class solution, but did point to a multiple class solution. GMM, 

however, did agree that a 3-class solution provided the best fit for both samples. With the 

inclusion of the multilevel components, MLCGA continued to support a multiple class 

solution, but MGMM did not find any classes of growth. It was thought that this could occur 

due to poor LEA level covariates that did not provide any value in terms of class 

identification and thus were causing model misspecification. Therefore, MGMM was rerun 

without the multilevel components, and two classes were again evident. As with reading, 

these findings provide evidence of multiple unobserved classes within math growth data. 
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Hypothesis 3: Gender, race, SES, and parental education as covariates predict class 

membership. 

Findings for hypothesis 3 present a picture of interactive covariate effects that differ 

depending upon subject matter. The following explores these finding in more detail for each 

sub-hypothesis. 

Sub-hypothesis 3a: Male gender predicts higher performance class probabilities for 

math while female predicts higher performance class probabilities for reading. 

 Findings for sub-hypothesis 3a were varied according to subject matter. The study 

found in both reading samples that females were significantly more probable to appear in the 

higher performing class than in the low performing class, supporting the second part of the 

proposition. However, the proposition’s corollary prediction for a gender effect in math was 

not supported. Examining the invariant class structure suggests that gender effects are 

dependent upon subject matter. In reading, no effect of gender was found on the intercept and 

slope growth factors. For math, male students exhibited higher starting growth points. 

Gender differences on math slope were found for the primary sample but not on the 

replication sample. This suggests that for reading gender differences occur due to 

membership in different latent trajectory growth classes, whereas, for math, gender 

contributes primarily through the intercept growth factor – males tend to start at a higher 

level of math proficiency than females.  

Sub-hypothesis 3b: Black and Hispanic ethnicity students predict lower performance 

class probabilities. 

 As with 3a, sub-hypothesis 3b support is dependent upon subject matter. For math, 

this hypothesis is supported, as both the primary and replication samples show that 
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Black/Hispanic students were more likely to be found in the low-performing than in the high-

performing class. In contrast, only the replication reading sample found that Black/Hispanics 

were less likely to appear in the high performing class.  Like gender, Black/Hispanic 

ethnicity appears to work through different growth mechanisms based upon subject matter. 

For math, not only are Black/Hispanics more likely to exhibit a lower class trajectory form of 

growth (be members of the low performing class) but are also more likely to start lower than 

other ethnicities. It should be pointed out that in math, the lower class coincides with the 

majority class of student trajectories. This suggests that Black/Hispanic are not necessarily 

underperforming the main body of students but rather are underrepresented in the high 

performing student population, reminiscent of Nowell and Hedges’ (1998) findings regarding 

gender. In contrast, for reading, it cannot be clearly determined whether Black/Hispanic 

students are more likely to be in a low performing class. Yet, like math, Black/Hispanic 

students are more likely to have lower reading starting points but progress at a faster rate than 

other ethnic groups. 

Sub-hypothesis 3c: Lower SES predicts lower performance class probabilities. 

 Findings were inconclusive for both reading and math subjects. In the primary 

reading sample, lower SES students were less likely to be in the higher class when compared 

to the lower class in the primary sample. However, this finding was not confirmed in the 

replication sample, with no significant findings for SES level. In fact, the only other 

supporting evidence for 3c occurred in the replication math sample where lower SES 

students were more likely to appear in the lower performing class. Interestingly, SES level in 

all cases significantly impacted class slope and intercept. This implies that SES level effects 

occur through impacts upon the growth parameters and not through membership in a 
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particular class of individual student trajectories. That is, while lower SES students tend to 

have lower starting points and slower growth rates, they cannot be characterized by particular 

class growth characteristics. 

Sub-hypothesis 3d: Higher parental education predicts higher performance class 

probabilities. 

 Unlike the other sub-hypothesis, Sub-hypothesis 3d was well supported in both 

reading and math areas and for both primary and replication samples. For both the primary 

and replication reading samples, students with parents of higher education levels were 

significantly more probable in the higher than lower performing class. Math findings 

confirmed this with students of higher educated parents significantly less likely to appear in 

the lower performing class. Further, unlike the other covariates, parental education also had 

significant effects upon both growth factors for both subjects. These findings suggest that 

parental education not only influences student membership in growth classes but also the 

actual growth parameters themselves.  

Hypothesis 4: Local education areas that expend more resources on student support 

have higher performing students. 

 Unfortunately, this hypothesis could not be explored for mathematics for reasons 

mentioned previously. Yet, even for reading this hypothesis was generally not supported. 

Because previous evidence was inconclusive, the study took the position that it logically 

follows that a cause must have an effect, and, therefore, expenditures should have an effect. 

Yet, in only one instance did spending have an effect on class membership which suggested 

an opposite relationship than that proposed by the hypothesis. That is, LEAs with higher per 

pupil spending were more likely to have lower performing reading students. Further, unlike 
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the individual level covariates, funding showed only one significant finding on the growth 

factors suggesting that LEAs with higher per pupil spending had lower average starting 

growth points. However, in general, it appears that funding, at least as operationally defined 

for this study, has no determinable effect on growth either through class membership or 

through growth factors. 

Implications 

Educational practice 

The study findings generate several implications for general education practice. First, 

the mixture results suggest that a ‘one-size’ type of education may not be appropriate for all 

students. This suggests that different educational practices be explored for different classes as 

it is reasonable to expect that something that works for higher performing classes may be 

ineffectual for lower performing classes. Second, the findings for reading and math have 

different implications. In math, for example, the majority class coincides with the low 

performing class suggesting that more effort placed on math education would potentially 

yield a higher rate of return than reading where the majority class is the high performing 

class or near to high performing class. Alternately, in reading since the low performing class 

has the smallest membership more fine discriminating diagnostics may be required to find 

these students. Lastly, and this is discussed later from a policy perspective, if growth 

trajectories are stable by grade 3 the focus should then be placed upon implementation of 

practice changes during earlier educational development periods rather than during the period 

studied.   
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One of the most consistent study findings was the effect of parental education level 

on student growth through both the growth factors and class membership. NCLB recognizes 

the importance of the parents but for the wrong reason. NCLB’s focus is upon increased 

parental involvement by providing more access to their students’ performance information 

and more decision making power. However, findings, such as those of Balli, Wedman, and 

Demo (1997), suggest that mere involvement does not appear to be the important factor. The 

continued importance of parental education as demonstrated by this study suggests that other 

factors be examined to mitigate the effect for students with less highly educated parents. 

Other studies (Bacete & Rodriguez, 2004; Marjoribanks, 2003) suggest the importance of 

parental education stems from the role played. For example, it is difficult for a parent to help 

their child succeed if they themselves cannot do the task asked of the child. If parents are 

truly to be a resource, particularly as envisioned by NCLB (Simpson, LaCava, & Graner, 

2004), then resources must be made available to help parents who may be unable to provide 

what their children need. Possibilities could include mentoring programs for parents so that 

they could provide real aid to their students. 

Several of the other findings suggest possible targeted interventions for certain 

populations of students. Examining male reading, development reveals that lower 

performance may not be attributable to their developmental growth factors. This suggests 

that the differences are not intrinsic to being male or female but are more likely to reflect 

external factors such as socialization. The equivalent situation for females and math does not 

seem to exist in that they are no more likely to be in a lower performing class nor are their 

growth rates impacted. The only potential area of improvement is the lower starting point for 

females. If this represents a natural developmental delay then little can be done. However, 
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considering that females show no difference in terms of growth rate, the lower starting point 

may more likely be due to early cultural inattention to female math abilities.  

For Black/Hispanic students the findings suggest several practice applications. For 

math, the study shows that Black/ Hispanic students tend to fall within the main lower 

performing class. Since this is the majority class, it could be argued that these students are 

not underperforming other ethnicities. Yet, within this class, Black/Hispanic students start at 

the lower end of the spectrum. Because Black/Hispanic student math growth rates are no 

different than other groups it implies that they continue to remain at the bottom of this class 

of growth. This leads to the conclusion that, if we wish to improve Black/Hispanic math 

education, early intervention appears to be required to insure that these students start from a 

level position relative to their peers. Moreover, if we wish to see these groups increase their 

representation in the higher performing math group, more educational opportunities must be 

provided and provided early. 

Educational policy 

Notable in development class patterns is that a class experienced a dramatic change in 

its relative class position in only one of the four samples. Considering that in all other cases 

classes maintained their relative position over grade levels, it is reasonable to consider this as 

an aberration rather than the rule. This stability in relative position suggests that class 

membership is determined by grade 3. In other words, average class performance between 

grade 3 and grade 8, although increasing, does not overcome initial class differences and in 

some samples exhibits an increasing deficit. Two possibilities explain this situation. First, 

interventions that occurred during this period did not have enough impact upon a class’s 
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trajectory and at the very least had equal effects across classes. For NCLB this is an 

unfortunate finding in that its aim is to provide low performing students the opportunity to 

catch up with their higher performing peers. That is, we would expect more than one class in 

one sample to start low and end high or we would at least expect faster growth rates for lower 

performing classes neither of which occurred. In NCLB’s defense, it was enacted half way 

through the period examined and results from the policy may have a significant lag.  

The second possibility is that by grade 3 students’ potential achievement, at least in 

reading and mathematics, is set. This possibility is supported by growth research at earlier 

grades than occurred in this study. Lerkkanen et al (2004) identified clusters of competent, 

technical, and poor readers in first and second grades. Moreover, they found that the 

competent and technical group of readers was stable over time. Even more disquieting, they 

found several regressive or slow learning paths even at this early stage. Fortunately, they did 

find that the poor reading group did tend to move in to the technical or competent category. 

However, other studies (Juel, 1988; Smith, 1997) found that students who were poor 

beginning readers remained poor readers. If in fact it is the case that students’ developmental 

paths are relatively stable by grade 3, then NCLB may be focusing upon the wrong period of 

student development.  

Attempting to catch student performance deficits at an earlier age may prove to be a 

difficult testing challenge. Testing could be frustrated in its endeavor to measure 

achievement across a population that may have limited abilities to take standardized paper 

and pencil based tests. Testing would have to rely upon multiple methods of examination and 

skilled practitioners to interpret the various results holistically, something already proposed 

by several authors (Abrams & Madaus, 2003; Goertz & Duffy, 2003; Hunter & Bartee, 
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2003). Unfortunately, multiple procedures are typically both more expensive and less 

expedient than the current testing program.  

The largely insignificant findings of funding in this study appear to support 

Hanushek’s (1996, 2003) contention of no benefit of increased funding. Further, this study 

had posited that the conflicting result of previous studies may be due to unobserved 

heterogeneity. However, the findings of this study would suggest that not only did funding 

not have an effect on the growth factors of students but neither did it have an influence upon 

class membership probabilities. Yet, the two significant findings do provoke an alternative 

explanation. These findings suggest that money goes where it is needed, in this case LEAs 

with lower performing students. Since these students start lower and tend to grow at slower 

rates finding effects may be harder and take longer to occur. Failing to regard different 

student performance groups may further obscure any positive impact of funding by hiding 

any effect upon these groups within the overall average. Moreover, these finding are similar 

to Unnever, Kerckhoff, and Robinson’s (2000) finding of a positive relationship between per 

pupil spending and math scores when they controlled for student ability. 

In both reading and mathematics the between level intercepts and slopes 

demonstrated significant variance. This suggests that the LEA in which students attend 

school can have an impact upon their growth factors. Potentially, this points to students not 

receiving equal educational opportunities across the state. At this point it is difficult to 

determine whether this occurs due to school based difference or a difference external to the 

school environment. This provides a major problem to NCLB policy of school accountability 

in that the school may not have control of the factors causing the performance problem. For 

example, we could have a school system that, when compared to all other school systems, 
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has no differences on school based variables. However, this school system resides in an area 

of lower parental educational achievement level which we have seen has effects upon student 

growth rates. Clearly, failure to consider this in the accountability policy would represent an 

unfair assessment of this school system. 

Research 

A clear implication for research is the need to examine results for unobserved classes 

or risk erroneous and/or incomplete conclusions. Using this study’s SES findings to illustrate, 

exploring without reference to different classes of growth we would conclude that lower SES 

students have lower achievement starting points and rates of growth than their higher SES 

peers. Yet, from a latent class perspective, to conclude that lower SES students were 

underperforming their peers we would need to see lower SES students exhibit a higher 

probability of appearing in a lower performing class.  That did not happen; lower SES 

students were no more likely in any class.  These findings indicate that lower SES students 

do not underperform on the whole but do underperform in relationship to their performance 

class. This does not mean lower SES can be ignored as it is still preferable to remove the SES 

impediment to achievement no matter where it occurs. The power of this type of analysis is 

its ability to make available the potential mechanism though which these factors work. In this 

case the findings propose, akin to previous studies (e.g., Coleman et al, 1966; Okpala, 

Okpala, & Smith, 2001), that lower SES is an impediment. Still, disparate from previous 

research, lower SES may not be as much of an impediment as once thought. 

Previous research has been criticized for it cross-sectional bias and the need for 

longitudinal studies (Aitkin & Longford, 1986; Goldstein, 1997). The non-linear findings of 
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this project provide further reason to be suspicious of conclusions drawn from cross-sectional 

studies. Studies done during periods of accelerated growth would potentially draw very 

different conclusions than those done during periods of deceleration. That is, if done during a 

period of accelerated growth, studies may find effects which they incorrectly attribute to the 

intervention.  

The present research represents an initial step in the exploration of heterogeneity that 

exists within student performance data. As such, this research has several possible extensions 

to provide further insight concerning the nature of the latent classes. The present study held 

the within-class structure invariant across classes, as it neither proposed nor knew if 

covariates would behave differently within the latent classes. For example, this research 

suggests that Black/Hispanic students are more likely in the lower performing math class. 

When we hold class structure to be invariant the results suggest that Black/Hispanic students 

start out lower than their peers and previous research would support this conclusion. 

However, it is completely possible that this maybe true for one class and not the other. That 

is, it is possible that in the low class it is true that Black/Hispanic students do start at the 

bottom, yet in the high class they may have different characteristics. For example, it could be 

argued that high performing Black/Hispanic students may have higher starting points and 

rates of change than other groups as to get there they had to outperform their peers to be 

recognized. Allowing variant within-class structure will allow exploration of covariate 

effects that can better inform theory building. 

In most cases the results from both the primary and replication sample pointed to the 

same conclusion. However, in certain cases results from each sample produced conflicting 

answers such as lower SES having a class effect in one sample and none in the other. Latent 
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variable modeling allows us to examine why these differences may be occurring. 

Specifically, samples can be treated as groups and included in one set of analyses to discover 

what differences exist.  Another question readily assessed through an extension to the current 

work is the interaction between reading and math growth. It can be argued that success in 

math is predicated upon the ability to read well enough to understand the problem asked. 

This could be examined by using a growth model of parallel processes that allows regression 

between each process’s respective growth factors. The present model did not examine if 

covariates moderated other covariate effects. For example, does parental education moderate 

the effect of gender or ethnicity upon growth performance classes? Lastly, the models could 

be extended to examine the influence of time-varying covariates such as the number of hours 

of homework a student does each week. Though, while this model would allow better 

specification on the whole, current techniques do not allow time-varying covariates to 

influence class membership. 

I/O psychology 

 The current study clearly meets Tuerk’s (2005) appeal for psychologists to use their 

skills to help evaluate the current state of education. Moreover, it is an attempt to increase 

influence in the educational arena as proposed by Sinclair and McCloy (2006). But can 

findings in the area help better inform the typical areas of study in I/O psychology? The 

clearest parallel would be the area of training effectiveness research. Like educational 

research, training could benefit from examination of effectiveness by taking longitudinal 

approaches to avoid incomplete conclusions. Similar models could be applied to job 

performance data to examine performance development. This is particularly important 
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considering previous research focused upon single rating events and the trend away from 

single incident appraisals to the regular collection of performance information (Dierdorff & 

Surface, 2007). The rubric of unobserved heterogeneity allows the examination of questions 

such as 1) whether individuals tend to have stable performance level class membership or 

not, 2) do interventions or situational contexts have differential impacts upon performance 

classes, 3) can predictors of class membership be determined to aid future selection efforts, 

and 4) what effect does class membership have upon distal outcomes such as turnover? 

 Not only does the methodology used in this study provide an attractive tool but the 

actual findings have certain implications to the I/O field. Examining the education arena 

provides clues concerning the characteristics for future generations of workers. For example, 

although speculative, examining math data suggests that the bulk of the future work force 

will have average math skills. Yet, while these may be average here in America, as 

mentioned earlier, we perform well behind the rest of the world (Organization for Economic 

Cooperation and Development [OECD], 2004). Thus, taking this as an indication, America 

will have a workforce that will not be competitive considering that our economy appears to 

be driven by increasing technological invention. For the nation and American business we 

have three possible responses to avoid this situation. One, provide heavy remedial training to 

get the deficient workforce to required standards. Two, compensate for national inadequacies 

by importing foreign nationals with required skills. Three, take education seriously and fix 

the problem before we are faced with implementing either of the other two scenarios. In any 

of the above cases I/O psychologists have a significant role to play. 
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Limitations 

 The clearest limitation to this study as mentioned in previous chapters is the relevance 

of the chosen covariates in terms of class membership. Failure to include important 

covariates leads to biased estimations. That is, by leaving out important predictors the 

relationships between the latent class variable and the growth factors are distorted. This 

distortion, according to Muthen (2004), causes improper individual classification because 

without important covariates the class variable is left to account for difference in the growth 

factors.  Clearly, the findings suggest the existence of classes however further research must 

occur to examine what variables better predict these class memberships. Covariates that have 

more influence may exist that strengthen/weaken the results or provide a clearer picture of 

the situation. Further, these missing covariates could explain some of the unexpected results 

as they may work in conjunction with the current covariates to produce a variety of results. 

 Funding should be examined at the school level and not the LEA level. It is felt the 

size of the LEA precluded the ability for the analysis to find any significant funding effects. 

While there exist differences in the funding of different LEAs, it is hypothesized that more 

variance in funding levels exists at the school level. Moreover, generic per pupil spending 

and capital expenditures may not be fine grained enough to detect any difference. For 

example, spending on special programs, teacher certification, or teacher pay may yield better 

results. 

 Lastly, the study was unable to assess the measurement equivalence of the tests and 

relied upon the vertical scaling. Unfortunately, subscale measure were not available 

preventing the determination of measurement equivalence. It was thought that since vertical 

scaling seeks to develop a scale on an underlying unidimensional scale that using these scale 
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scores would be appropriate. However, without the means to directly test measurement 

equivalence, problems associated with the original vertical scale may adversely affect current 

results.  

Conclusion  

In conclusion, this study demonstrates that student growth data do appear to have 

several unobserved classes of performance. Further, these classes have predictable 

differences in class membership covariates. Much work remains to better characterize these 

different growth patterns in terms of consistence over different contexts, determination of 

predictors of class membership, and effects of class membership on future or distal outcome. 

Nevertheless, this study represents an important initial step in identifying how factors may be 

affecting students’ growth in unforeseen ways as they were hidden due to a lack of statistical 

methods. It is hoped that researchers will continue to study and evaluate student growth with 

these newer methods to better inform practical implementation that, ultimately, affects us all. 
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