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Measuring Primary and Secondary School Characteristics: A Group-Based Modeling 
Approach  
 

Abstract 

In this paper we introduce a new way to conceptualize and measure the educational resources that 

young people encounter as they make their way from kindergarten to high school graduation. 

Using recent methodological advances in group-based modeling and a unique data set, we 

empirically test for and identify a series of categorically distinct school quality trajectories.  We 

find that these trajectories vary significantly in terms of their intercept and slope, their prevalence 

within the sampled population, and in the sociodemographic makeup of their constituent 

members.  We then present an extended empirical example illustrating relationships between 

school quality trajectories and important post-secondary educational outcomes, both before and 

after controlling for static, single-year measures of primary and secondary school characteristics.  

Our results suggest that the chronology of students’ exposures to different educational resources 

is significantly associated with college enrollment, college selectivity, and, in some instances, 

college completion.   

 

Keywords: School effects, school quality, life course, group-based trajectory models 
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Measuring Primary and Secondary School Characteristics: A Group-Based Modeling 
Approach 
 
Studies relating schools’ resources to students’ outcomes have a rich and longstanding history in 

the social sciences.  In fact, it requires only modest exaggeration to describe the “school effects” 

literature as unrivaled in terms of volume of scholarly output.  Researchers in sociology, 

economics, and education policy have modeled the relationship between a broad range of 

indices—including pupil-teacher ratio, length of school year, per pupil expenditures, and 

teachers’ education—and an even broader assortment of individual-level outcomes (Alexander 

and Griffin, 1976; Altonji and Dunn, 1996; Alwin and Otto, 1977; Behrman and Birdsall, 1983; 

Betts, 1995; Card and Krueger, 1996; Coleman, et al., 1966; Entwisle and Hayduk, 1988; 

Greenwald, et al., 1996; Grogger, 1996; Hanushek, 1989; Heckman, et al., 1996; Heyneman and 

Loxley, 1983; Hill, 2008; Johnson and Stafford, 1973; Lloyd, et al., 2003; Meyer, 1970; Rose and 

Betts, 2004; Ross and Mirowsky, 1999; Sorenson and Hallinan, 1977).   

 While these analyses have produced an impressive and methodologically diverse body of 

work, we contend that much of the existing research has failed to sufficiently account for 

important temporal dimensions of the relationship between schools’ attributes and student 

outcomes.  If we start from the premise that the salience of school resources varies by non-trivial 

amounts depending on the age and grade level of the student (Entwisle, et al., 2003; Entwisle and 

Hayduk, 1988), then it would seem inadequate to observe school characteristics at only one or 

two points in time, as is typical in the school effects literature.  This problem is further 

exacerbated if schools themselves change—in the resources they make available to their students, 

in their enrollment and attendance, and in the size, experience, and composition of their teaching 

staff—over the course of a given student’s career.  The primary contribution of this paper is to 

empirically test for the presence of distinct school characteristic trajectories, to describe the shape 
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and prevalence of these trajectories, and to consider whether they are predictive of subsequent 

attainments.  

 We draw extensively on group-based modeling techniques (or latent class growth models) 

to propose a new way of conceptualizing youths’ exposure to different types of schooling 

resources and environments (Jones and Nagin, 2007; Jones, et al., 2001; Loughran and Nagin, 

2006; Nagin, 1999; Nagin, 2005; Nagin and Land, 1993; Nagin, et al., 2003; Nagin and 

Tremblay, 2005; Nagin and Tremblay, 1999).  Rather than observing school characteristics at a 

particular moment in time, or taking the average over a fixed period, the group-based approach 

adopts a finite mixture modeling strategy to assign individuals to a limited number of 

“developmental trajectories” or “latent longitudinal strata” on the basis of continuities and 

differences in the primary and secondary schools they attended (Haviland and Nagin, 2005).  In 

addition to identifying a finite number of categorically distinct trajectories, the semi-parametric 

technique provides the statistical capacity to relate one’s trajectory group to distal outcomes like 

post-secondary enrollment, college completion, and so forth.        

 The remainder of this paper is organized into five sections.  In the section that follows, we 

present an abbreviated summary of research on school effects, focusing in particular on common 

conceptual and methodological limitations and opportunities for elaboration.  We then go on to 

describe our data set and key indicators of school characteristics.  In the third section, we 

introduce the group-based modeling technique, review its statistical foundation, and show how it 

can be used to identify and probabilistically assign students to distinct school characteristic 

trajectories.  This exposition of trajectory-based thinking and its practical application to school 

effects research is, in our view, the main contribution of the paper.  In the fourth section, we 

present results from the group-based models, describe the characteristics of each group’s 

constituent members, and, in a series of exploratory analyses, relate trajectory membership to a 
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variety of post-secondary educational outcomes.  Here we use the term “exploratory” decidedly, 

as our multivariate models of school effects are properly regarded as a starting point for 

subsequent data collection efforts, analyses, and discussion. We conclude by recapitulating our 

main findings and remarking on various avenues for further research.  

 
RECONCEPTUALIZING SCHOOL EFFECTS  
 
Questions concerning the efficacy of school resources are not new.  Since at least the release of 

the Coleman Report (Coleman, et al., 1966) social scientists have sought to link school quality to 

a variety of outcomes, including achievement on standardized tests (Elliott, 1998; Hanushek, 

1986; Wenglinsky, 1997), labor market experiences and lifetime earnings (Card and Krueger, 

1992; Grogger, 1996; Grogger, 1996; Heckman, et al., 1996), and educational and occupational 

attainment (Alexander and Eckland, 1977; Betts, 1995; Dearden, et al., 2002; Greenwald, et al., 

1996; Griffin and Alexander, 1978; Hill, 2008; Kerckhoff, et al., 1982; Meyer, 1970; Sander, 

1993).  The results of these efforts have produced a number of counterintuitive, and often 

controversial, findings (see, e.g., Hanushek, 1997; 2003).  Academic performance has been 

shown to be independent of school attributes and resources (Hanushek, 1986; 1989).  Similar 

conclusions have been reached with respect to earnings (Betts, 1995; Grogger, 1996) and 

employment (Dearden, et al., 2002).  Even in those cases where the available evidence suggests 

that additional resources significantly improve achievement and/or work-related outcomes, the 

effect size has often been relatively modest (Card and Krueger, 1996; Grogger, 1996; Heckman, 

et al., 1996; Hedges, et al., 1994).   

 While it is certainly possible that these findings reflect an underlying reality about the 

salience of educational resources, we suggest that inadequacies relating to the way investigators 

conceptualize and measure school characteristics make such claims premature.  Despite 
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longstanding disagreements over aggregation and variation in how administrators allocate 

resources (see, e.g., Card and Krueger, 1996; Condron and Roscigno, 2003; Hanushek, et al., 

1996; Heckman, et al., 1996; Murnane, 1991), school effects scholars have been remarkably 

consistent in one important respect: they tend to observe school characteristics at a single time 

point, usually early during the primary years or when students enter high school.  Griffin and 

Alexander (1978), for example, examined the effect of school characteristics during students’ 

sophomore year on their subsequent occupational attainment and earnings.  Wenglinsky  (1997) 

investigated dependencies between students’ eighth grade school environment and standardized 

test achievement.  Grogger (1996) and Betts (1995) asked whether educational inputs specific to a 

particular academic year can be used to explain future wage differentials.  In fact, in his extensive 

survey of the school effects literature, Hanushek (1997) reviewed nearly 400 estimates of the 

impact of school resources on student outcomes—all of which pertained to elementary school 

characteristics or characteristics at the secondary level, but never both.1   

 The validity of this measurement technique is unclear.  If the resources available to 

students remain stable over time and across institutional boundaries, then a single point in time 

measurement of school characteristics should suffice.  In other words, if students who attend 

advantaged (disadvantaged) high schools are the same students who attend advantaged 

(disadvantaged) primary schools, then the difference between a cross-sectional indicator and a 

variable that captures over-time variation in educational inputs should be empirically immaterial.  

If, however, education is better understood as a cumulative process (Entwisle, et al., 2003; 

Entwisle and Hayduk, 1988; Pallas, 2003), in which resources, enrollments, and institutional 

environments vary in non-trivial ways from one school year to the next, then ignoring the 

chronological patterning of students’ exposures would seem like a gross simplification of a more 

complicated reality.2   
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 The latter perspective is consistent with central analytic themes in the sociological life-

course tradition (Elder, 1985; Elder, et al., 2003; Elder and Shanahan, 2007).  Rather than 

adopting a cross-sectional or “snapshot” model of the association between educational resources 

and subsequent outcomes, a life-course orientation encourages explicit attention to the duration 

and timing of individuals’ exposures.  In recent years, this organizing framework has been 

profitably applied within a number of problem domains, including such diverse topics as 

economic deprivation during childhood (Duncan and Brooks-Gunn, 1997; Mayer, 1997; 

Wagmiller, et al., 2008; Wagmiller, et al., 2006), longitudinal patterns of marital quality and 

health (Wickrama, et al., 1997), the effect of family instability on the risk of premarital birth (Wu, 

1996; Wu and Martinson, 1993), and the relationship between work-related stress and longevity 

(Pavalko, et al., 1993).  We are not aware of any studies, however, that integrate life-course 

concepts into school effects research.   

 This failure to apply life course perspectives to school effects research is surprising, as we 

can imagine a number of instances in which an attention to temporal variability in students’ 

exposures might prove revealing. Although two students may enjoy equivalent educational 

environments at a particular moment in time, for example, the total duration of their exposures to 

these environments between kindergarten and the end of high school may vary in considerable 

and consequential ways.  Perhaps even more importantly, the timing of students’ exposures 

relative to their developmental stage may serve to independently facilitate or constrain 

subsequent attainments.  This may be true even among students who are the same with respect to 

educational environments at single points in time or who experience the same average 

educational environments across the schooling years.  Under these circumstances, we might 

expect the utility of a snapshot measure vis-à-vis a longitudinally-based methodology to depend 

on when in a student’s career the cross-sectional measure is obtained.  Whereas a single-year 
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measure describing school characteristics at one point in time may capture much of the 

meaningful variation in individuals’ exposures, an analogous variable obtained at a different point 

during students’ schooling years may obscure more than it reveals.  Our core objective is to 

understand whether (and in what situations) more dynamic measures of the attributes of students’ 

schools—measures that capture the level, duration, and timing of exposures to various school 

environments—are more closely related to various outcomes than single point in time measures.  

 If it is true that the duration and timing of exposures to educational environments matter, 

then longitudinal school characteristic data and a more dynamic measurement technique are 

needed to ascertain and model over-time variation in students’ resource exposures.  We discuss 

each of these needs in turn in the next section.   

      
DATA AND METHODS 
 
Constructing our data set and measures  
 
We analyze data from the Wisconsin Longitudinal Study (WLS), a long-term study of a random 

sample of 10,317 men and women who graduated from Wisconsin high schools in 1957.  The 

WLS includes detailed information about social background, youthful aspirations, schooling 

experiences, military service, labor market experiences, family characteristics and events, social 

participation, psychological characteristics, retirement, and health.  Survey data were collected 

from the original respondents by mail and/or telephone in 1957, 1964, 1975, 1993, and 2005 and 

from a randomly selected sibling in 1977, 1994, and 2004.  Retention across survey waves has 

been remarkably high, with more than three quarters of living respondents participating in the 

most recent round of surveys. 

 To supplement the limited amount of early school-characteristic data offered in the WLS, 

we collected archival data from annual district reports filed with the Wisconsin Department of 
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Public Instruction at the conclusion of every academic year.  These data are housed at the 

Wisconsin State Historical Society, and can be obtained for all years in which the WLS cohort 

was enrolled in primary and secondary schools (e.g., 1945-1957).  For each year our records 

include information (separately by level of schooling) on the number of pupils and number of 

teachers per district; the duration of the school year; the number and type of school facilities 

available; teachers’ salaries; expenditures on instruction; enrollment by grade and gender; number 

of graduates in 1957; and teachers’ education.  Because the vast majority of Wisconsin school 

districts were comprised of one elementary school, one middle school, and one high school, these 

district-level data are largely synonymous with school-level records.3   

 Two variables in the WLS allowed us to link the annual district data to members of the 

cohort: (1) a question from the 2005 telephone survey that asked a random subset of respondents 

to provide the name and location of the elementary school they attended the longest; and (2) high 

school district identifiers from the original 1957 survey (when members of the WLS cohort were 

high school seniors). Using only these two pieces of information to match respondents to 13 years 

of district-level data required us to make strong—but, as we discuss below, empirically 

defensible—assumptions about respondents’ geographic mobility. Namely, we were forced to 

assume that individuals remained in a single district—the district they reported attending the 

longest—for the entirety of their primary years, and that they spent all of their high school years 

in the secondary district where they were observed during their senior year.  In order to make 

these assumptions more tenable, we selected only those individuals who attended primary and 

secondary school in the same district.  The logic behind this criterion is straightforward: a 

respondent who can be placed in the same district for the majority of their primary years and for 

the completion of their secondary years would seem less likely to have changed districts at any 

point during the intervening period.4  Given the exceptionally high levels of geographic stability 
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among Wisconsin residents during the 1940s and 1950s, it is not surprising that this sample 

eligibility constraint eliminated only a minority of cases (9.5 percent).  

 After harmonizing the yearly district reports over time, we computed a number of 

frequently cited measures of school quality.  These time-varying variables, which represent the 

focal point of our analysis, include indicators of classroom characteristics (percent of teachers 

with 4 or more years of schooling beyond the 12th grade, and pupil-teacher ratio) and financial 

resources and outlays (per pupil expenditures, which we express in constant 2000 dollars).  In 

very rare instances, we utilized logical edits and imputation procedures to handle implausible or 

missing values.5  In the next section we describe how we applied these variables within a group-

based modeling framework.       

 
Measuring school quality as a group-based trajectory 
 
Our analytic strategy capitalizes on recent advances in group-based trajectory modeling.  Below, 

we briefly outline group-based modeling techniques as they will be used to identify and assign 

school districts (and, by extension, the students who attend them) to different school quality 

trajectories.   

 Since the attributes under consideration belong to schools—not the individual students 

who make up their student body—the unit of analysis in our group-based models is the school 

district.  Accordingly, let  represent the longitudinal sequence of 

measurements of some attribute of school district s (e.g., pupil-teacher ratio or per pupil 

expenditures) as observed over the T time periods (t = 1, 2, 3,…, 13) between 1945 and 1957 in 

which WLS respondents were enrolled, and let P(Ys) represent the probability of observing Ys.  

Group-based trajectory models assume that there are J underlying trajectory groups such that 

{ sTssss y     y ,y ,yY ,...,321= }
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where P j(Ys) is the probability of observing longitudinal sequence Ys given membership in group 

j and πj is the probability of group j (Jones, et al., 2001; Nagin, 1999).  The model assumes that 

the random variables yst (s = 1, 2, 3, …, S; t = 1, 2, 3,…, T;) are independent conditional on 
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trajectory of characteristics and resources, conditional on membership in the jth group, is equal to 

the product of individual probabilities over time:  
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The values of πj (j = 1, 2, 3,…, J) are estimated by a multinomial logit function: 
 

∑
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=
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where the parameters to be estimated, θj, can take on any value provided that (1) each of the 

resulting probabilities (e.g., πj) properly falls between 0 and 1; and (2) the values of πj sum to 1 

across the J trajectory groups (Nagin, 2005).  

 The functional form of pjt(yst) in Eq. (2) is determined by whether yst is measured on a 

continuous, count, or binary scale.  When yst is a continuous variable (censored or otherwise), as 

is the case throughout our analysis, pjt(yst) is assumed to follow a censored normal distribution, in 

part to allow for the possibility of clustering at the minimum and maximum (Jones, et al., 2001; 

Nagin, 1999; Nagin, 2005).6  The link between time—or year, for our purposes—and the variable 

in question is modeled as a polynomial relationship; the software that estimates these models 

allows for up to a quartic relationship.  For example, when yst is continuous, the linkage is 

established via latent variable  such that:  j*
sty
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where  are parameters that determine the intercept and slope of the jth 

trajectory, and where disturbance εst is assumed to be distributed normally with a mean of zero 

and constant variance σ2  (Jones, et al., 2001; Nagin, 1999; Nagin, 2005).  The parameter 

estimates are permitted to vary freely across the j classes, a feature that allows different groups of 

students to have distinctive trajectories of school characteristic exposures.   

jjjjj
43210 β and β ,β ,β ,β 

 After the model has been fit, the parameter estimates can be used to generate a school 

district’s posterior probability of group membership, denoted ( )sY|jP̂ .  The posterior probability 

records the likelihood that a district with the observed sequence of measurements Y belongs to 

trajectory group j.  In this respect, the posterior probability provides a criterion for assigning 

districts to their most likely trajectory group and for assessing the precision with which the model 

fits the data.  As described in considerable detail in Nagin (2005:79-92), the appropriate formula 

is:   

 ( )
∑

= J

j
ji

ji
i

jYP

jYP
YjP

π̂)|(ˆ

π̂)|(ˆ
|ˆ ,    (5) 

where  and  are calculated according to Eq. (2) and (3), respectively. )|(ˆ jYP i jπ̂

 Using the matching procedures outlined in the previous section, we subsequently mapped 

the school-level estimates obtained from Equations 1-5 onto the individual-level person records 

contained in the WLS.  All models were estimated using maximum likelihood, where the 

maximization was performed using a general quasi-Newton procedure (Condron and Roscigno, 

2003).  As described below, we relied upon the Bayesian Information Criterion (BIC) for model 

selection (e.g., to determine the preferred number of trajectory groups).  Model estimation was 
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accomplished using the add-on SAS procedure PROC TRAJ (see Jones, Nagin, and Roeder 

(2001) and Jones and Nagin (2007) for more information).    

 
RESULTS 
 
Results from the group-based trajectory models 
 
In this section we present results from our group-based models, describe the characteristics of the 

individuals assigned to each trajectory group, and then go on to relate trajectory group 

membership to a series of distal outcomes.  We began our analysis with the randomly selected 

subset of WLS respondents who were asked to provide the name and location of their Wisconsin 

elementary school (n = 3,520).  We subsequently dropped cases (n = 1,154) where the individual 

attended private or parochial schools during either their primary or secondary years; 

unfortunately, the district reports that we collected provide no information about the resources 

and characteristics of these schools.  We then eliminated respondents whose district could not be 

located in our district-level data (n = 181) or who attended a district that had more than three 

missing district years (n = 208).  Finally, as noted above, we deleted 337 cases where individuals 

changed districts at some unknown point between their primary and secondary years.7  The 

resulting analytic sample, which includes 1,640 individuals, is representative of WLS men and 

women in this birth cohort with no record of school transfers and at least a public high school 

diploma.8 

 Following convention, we relied on the BIC to identify the optimal number of trajectory 

groups (Raftery, 1995).9  The criterion, which offers a useful way to assess fit in mixture settings 

(D'Unger, et al., 1998; Múthen, 2003; Nagin, 1999; Nagin, 2005),  extracts a penalty for adding 

additional parameters (e.g., trajectories or higher-order terms) and thus tends to favor more 

parsimonious model specifications.  To calibrate the improvement in fit between a model with j 
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trajectories and a model with j + 1 trajectories, we treated the change in the BIC as an 

approximation of the Bayes factor (D'Unger, et al., 1998; Kass and Raftery, 1995; Kass and 

Wasserman, 1995; Raftery, 1995).  According to Raftery’s (1995) revision of Jeffrey’s (1961) 

scale, a Bayes factor of more than 20 represents “strong evidence” that model Mj+1 is preferable 

to model Mj.  As illustrated in Table 1, we added groups iteratively until further improvement in 

model fit (e.g., strong evidence) could not be achieved.  Our preferred models are shown in bold.   

 Figure 1 plots trajectories of per pupil expenditures from kindergarten through 12th grade.  

We obtained the optimal fit using a three-group model, in which 50.2 percent of respondents were 

classified as receiving “low increasing” expenditures (group 1), 13.8 percent were grouped into 

the “high” expenditure trajectory (group 2), and the remaining 36.0 percent were assigned to the 

“medium-flat” trajectory (group 3).10  Clearly, for some students, advantages (disadvantages) at 

the primary level translate readily into advantages (disadvantages) at the secondary level.  For 

instance, the trajectories characterizing groups 1 and 2 appear to run parallel to one another, with 

members of group 1 enjoying consistently higher levels of expenditures throughout the entire 

time frame.11  For other students expenditure levels during elementary school are not as 

predictive of expenditures during subsequent years.  Members of group 3, for example, begin 

their scholastic careers in relatively affluent primary schools but end up in environments not 

unlike those of group 1.   

 Figure 2 displays our preferred three-group model of teachers’ schooling trajectories.12  

The form of the expected trajectories—labeled for heuristic purposes as “low” schooling, 

“medium” schooling, and “high” schooling—reveals appreciably large between-group differences 

at the primary level, which taper off rapidly as students transition to high school.13  The 

attenuation is so substantial, in fact, that the roughly 60 percentage point deficit between 

members of group 1 and group 3 is erased over a matter of school years.  This patterning of 
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exposures would appear to contradict assumptions that underlie the usage of a single-year 

approach.  Unlike what one would expect to find in an environment characterized by perfect or 

near perfect stability in resources over time and across grade levels, a measurement pertaining to 

some point during the high school years produces a markedly different picture than a 

measurement taken during elementary school, and a different picture still than an approach that 

considers the entire duration. 

 One can draw a similar conclusion from Figure 3, which graphs pupil-teacher ratio 

trajectories for the preferred five-group model.  Although the results identify groups that run 

parallel to one another throughout the entire period, they also contain trajectories that converge, 

bifurcate, and intersect as students progress from grade school to graduation.  Consider the 

trajectory that characterizes individuals in group 1, for example.  Comprising just over 8.1 

percent of the sampled population, group 1 consists of respondents whose primary and secondary 

schools had uniformly low pupil-teacher ratios, ranging from 23 in kindergarten to just over 20 

during the twelfth grade.  This pattern departs sharply from that of group 5, in which pupil-

teacher ratios diminished sharply over time, falling from a maximum of 33 in the third grade to a 

level in high school that was roughly commensurate with group 1.  That these trajectories take 

variable routes to the same destination is, again, consistent with the notion that timing and the 

choice of measurement technique may alter how one portrays youths’ exposure to school 

resources.   

 
Individual-level characteristics of trajectory group members 
 
In the foregoing analysis we identified and described distinct school characteristic trajectories.  

Interesting questions about the individual members of these trajectories, however, remain 

unanswered.  Do persons in different trajectories differ with respect to socioeconomic 
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background?  Does family structure and urban-rural status influence the likelihood of belonging 

to one trajectory versus another?  The best way to answer these and related questions, at least at 

the bivariate level, is to use the maximum posterior probabilities calculated in Equation 5 to sort 

WLS respondents into their most likely trajectory group.  These assignments, in turn, permit us to 

cross-classify trajectory group membership with a number of individual, familial, and geographic 

characteristics.14  

 Table 2 provides the resulting cross-classification.  We expressed social background, 

family structure, and geographic characteristics in terms of father’s occupational status (measured 

using Duncan’s socioeconomic index or SEI) in 1957, father’s years of schooling, total parental 

income as derived from tax records, religious denomination (Catholic or otherwise), size of the 

respondent’s sibship as of 1957, whether the respondent’s family was intact for the majority of 

their youth, and whether the respondent is of farm origins.  Our three social background 

indicators, as well as our measure of sibship size, are all continuous.  Consequently, our 

assessments of whether those variables vary significantly across categories of trajectory group are 

based on Analysis of Variance F-tests.  Our assessment of whether intact family status, religious 

denomination, and urban/rural status—all of which are categorical—are based on χ2 tests.  The 

relevant p-values are reported beneath each subset of tabulations.   

 Comparing the profiles of each of the groups within the three school quality indicators, a 

number of significant relationships are apparent.  With rare exceptions, group membership is a 

correlate of farm residence, number of siblings, and social background.  Members of the “low” 

teachers schooling group, for example, are more likely to live on farms than members of either of 

the other two groups, belong to somewhat larger families, and tend to come from households with 

relatively poorly paid and poorly educated parents.  In fact, the 14.7 point gap in father’s SEI 
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between members of the “low” teachers schooling group and their more advantaged counterparts 

in the “high” group represents more than three-fifths of a standard deviation.  The only variable 

that does not correlate significantly with any of the three trajectory types is intact family status.   

This result is hardly anomalous given the low rates of marital dissolution in Wisconsin during the 

time period under consideration; just over 91 percent of our sample reported growing up in an 

intact family.  

 This descriptive analysis provides evidence that respondents are not distributed randomly 

to the trajectory groups we identified above.  Urban-rural status, socioeconomic background, and 

family size each correlate with the trajectory of educational resources that student experience 

from kindergarten through 12th grade.  Although we have not yet demonstrated whether 

trajectories of primary and secondary school characteristics are independently associated with 

post-secondary outcomes, it seems likely (albeit not especially surprising) that trajectories of 

school characteristics serve as an important mechanism through which educational advantage and 

disadvantage are reproduced across generations. 

 
 Group-based trajectories, single-year measures, and distal outcomes 

In the previous section, we related respondents’ trajectory membership to a number of antecedent 

factors.  It remains to be seen whether and to what degree different school characteristic 

trajectories are associated with distal outcomes.  Does one’s teachers’ schooling trajectory 

significantly affect their likelihood of attending college?  Are per pupil expenditure trajectories 

independently predictive of post-secondary educational attainments?  Do trajectories of pupil-

teacher ratio serve as a determinant of the type of post-secondary institution individuals attend?  

Finally, and perhaps most importantly for the purposes of this paper, are there specific instances 

where a trajectory-based approach conveys information over and above what more typical cross-
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sectional indicators offer?  To carefully consider these questions, we turn our attention to a series 

of multivariate models in which different post-secondary educational outcomes are expressed as a 

function of trajectory group membership, a set of individual-level covariates, and single-point in 

time measures of school characteristics. 

 As we suggested earlier, in some circumstances we expect the difference between 

trajectories and cross-sectional measures to be empirically immaterial.  We speculated that this 

result ought to obtain when there is a high degree of stability in resource exposures over time 

(e.g., when two students’ trajectories are characterized by parallel lines).  There are presumably 

other instances, we reasoned, where the relative utility of the two techniques is contingent on 

when the cross-sectional indicator is observed.  The exposures of two students who end up in 

qualitatively similar high schools despite attending widely discrepant elementary schools are not 

likely to be well summarized by a snapshot measure of characteristics at the secondary level; but 

may be adequately described by a comparable measure taken at some point during the primary 

years.  Finally, we anticipate a third instance in which the level of over-time instability in 

students’ exposures is sufficient to require the use of a dynamic, longitudinally-based 

methodology.  Examples of this kind of variability in exposures are evident in our five-group 

model of pupil-teacher ratio, which contains a number of complex and crisscrossing trajectories.   

 Our inferential strategy for testing these expectations is straightforward.  For each of our 

outcomes, which we generically refer to as Y in the following discussion, we estimate three 

subsets of models.  We begin with a baseline specification in which we regress Y on dummy 

variables indicating respondents’ trajectory group and a vector of exogenous controls, which we 

describe in more detail below.15  In the second set of equations we express Y in terms of 

respondents’ trajectory group, a vector of exogenous controls, and a cross-sectional measure of 

school characteristics from their senior year of high school.  The third and final group of models 
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closely resembles the second, except the additional single-year indicator reflects school 

characteristics as observed when individuals were in the first-grade rather than high school.  By 

comparing the second and third models to the baseline specification, we can make inferences 

about whether and in what circumstances the trajectory-based approach enhances our ability to 

predict respondents’ subsequent attainments. 

 Table 3 provides a list of the variables included in our analysis.  As shown in the first 

three rows, we consider three binary educational outcomes: college enrollment, and, conditional 

on enrollment, college selectivity and degree receipt.  Following a coding strategy employed 

elsewhere using the same data set (Brand and Halaby, 2006), we defined college selectivity using 

categorical national rankings supplied by Barron’s Profile of American Colleges 1969 College 

Admissions Selector.16 To adjust for potential confounding factors, all of the reported models 

include four measures of social background (parental income, father’s occupation status, and 

father and mother’s years of completed schooling), five demographic variables (the age of the 

householder, urban/rural status, parents’ marital status, and sibship size), and a dummy variable 

indicating religious denomination (Catholic).17   

 Figures 4 through 6 summarize the main findings.  Each panel contains a separate 

trajectory group comparison, with the vertical axis indicating the predicted effect of group 

membership on the log-odds of observing the three outcomes of substantive interest (as listed on 

the horizontal axis).  The solid circle reports the point estimate associated with the specified 

contrast in our baseline model, and the attached line segment provides the 95 percent confidence 

interval.  The hollow circle and hollow triangle represent the same point estimate after including 

single-year measures pertaining to respondents’ high school and elementary school, 

respectively.18  The first group listed in each panel heading serves as the reference category.    
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 Figure 4 presents findings for the three per pupil expenditure trajectories.  If trajectories of 

per pupil expenditures are a determinant of post-secondary outcomes we should expect the point 

estimate indicated by the shaded circle to differ significantly from zero.  Although this result is 

not evident with respect to college enrollment or completion, we do find evidence to this effect in 

our model of elite college attendance.  Respondents in the most advantaged trajectory, group 2, 

are, on average, three and half times [e1.25 = 3.49] more likely to attend a selective institution than 

their counterparts in the most disadvantaged “low-increasing” category (group 1), all else being 

equal.  Likewise, respondents in the comparatively disadvantaged “medium-flat” expenditure 

group (group 3) are [e-1.15 – 1 = -0.69] 70 percent less likely than members of the “high-

increasing” category (group 2) to attend a selective post-secondary institution.   

 Do the results for elite college attendance change when we enter cross-sectional 

expenditure measures from first grade or respondents’ senior year of high school?  In the panel 

summarizing estimates pertaining to the contrast between groups 1 and 2—two trajectories that 

exhibit extreme stability, running parallel to one another throughout the entire time period—the 

answer is quite clearly “yes.”  The effect associated with the trajectory-based indicator decreases 

in magnitude and fails to reach significance in either of the specifications that include additional 

cross-sectional expenditure measures.  The answer is slightly more complicated, however, for the 

contrast between groups 2 and 3.  Recall that these students begin in roughly the same location, 

only to bifurcate as they near high school graduation.  It seems reasonable to expect, then, that 

one’s expenditure trajectory will matter net of a single-year elementary school measure, but not a 

cross-sectional indicator from the secondary years.  This is in fact the case.  The significant result 

that we observed in the baseline specification is robust to the inclusion of a single-year indicator 

from the primary years, but, as indicated by the hollow circle, not a measure pertaining to 

respondents’ senior year of high school.  
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Figure 5 displays the relevant results for teachers’ schooling.  The estimates suggest that 

trajectories of instructors’ educational background are positively and significantly related to the 

likelihood of college enrollment; that the magnitude of these effects is pronounced; and that the 

choice of measurement technique matters.  Compared to those in the more disadvantaged “low” 

schooling trajectory (group 1), respondents in the “high” and “medium” schooling trajectories 

(groups 3 and 2) are, respectively, [e0.46 − 1 = 0.58] 58 and [e0.35 − 1 = 0.42] 42 percent more 

likely to enroll in college.  In both instances the relevant point estimates decrease in size and fail 

to reach significance after we include a single-year measure from the first grade (as indicated by 

the hollow triangle), but hardly attenuate at all when we enter a cross-sectional measure taken 

from respondents’ senior year (as indicated by the hollow circle).  This result is not surprising 

given the shape of the respective trajectory groups, which, as we described earlier, show 

substantial inequities throughout the primary years that dissipate almost completely upon 

students’ transition to high school.   

 Figure 6 displays results from comparisons between the five pupil-teacher ratio groups.  

Containing a number of intersecting pathways, this set of trajectories provides an ideal testing 

ground for our hypothesis concerning instability and crosscutting sequences of exposures.  For 

this reason and in the interest of space, we present only a select number of contrasts, all of which 

involve groups whose trajectories crisscross.19  These comparisons yield two clear findings.  The 

first involves the contrast between groups 1 and 4, in the leftmost panel.  Subject to relatively 

high pupil-teacher ratios during the primary years but comparatively low ratios thereafter, 

members of group 4 are roughly 60 percent [e-0.90 − 1 = -0.59] less likely than students in group 1 

to obtain a BA or higher, conditional on college enrollment.  The inclusion of single-year 
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measures does little to dampen or “explain away” this effect: in all three subsets of models 

individuals in group 4 are at a significant disadvantage with respect to college completion.  

 The second finding pertains to college selectivity and the comparison between groups 2 

and 4.  Recall, again, that members of group 4 enjoy lower pupil-teacher ratios during high school 

despite spending their primary years in comparatively crowded classrooms.  As summarized in 

the middle panel, this sequence of exposures corresponds to a significant reduction in the odds of 

attending an elite post-secondary institution, holding all else constant.  Once again, entering a 

single-year measure from the primary and secondary years does not appear to moderate this 

effect: in each model the coefficient associated with group 4 is significant and negative, ranging 

in magnitude from -0.99 in the baseline specification to -0.93 in the model with a single-year 

primary measure.  Together these findings provide evidence that trajectory-based indicators 

capture aspects of students’ exposures that could not otherwise be ascertained from a more 

conventional approach, particularly when students’ sequences of exposures reflect substantial 

over-time heterogeneity.  

 
DISCUSSION 

In this paper we have suggested that school effects researchers too often pay inadequate attention 

to temporal variability in educational resources across individuals’ academic careers.  In an 

attempt to overcome this inadequacy, we introduced a new way to conceptualize and measure the 

educational resources that young people encounter as they make their way from kindergarten to 

high school graduation.  Using a finite mixture modeling strategy and a unique longitudinal data 

set, we empirically tested for and identified a series of categorically distinct school quality 

trajectories.  The results indicate that these trajectories vary substantially in terms of their 

 22



intercepts and slopes, their prevalence within the sampled population, and in the socio-

demographic makeup of their constituent members.   

 The results also suggest that a dynamic measurement approach enriches our understanding 

of whether and in what circumstances indicators of school quality influence students’ subsequent 

attainments.  We documented a number of instances in which individuals’ trajectories of 

exposure matter net of their experiences at any one point in time; instances that conformed to our 

prior expectations.  Although this type of observation is hardly novel within the life-course 

literature (Elder, 1985; Elder, 1998; George, 1999; Moen, et al., 1992), and is becoming 

increasingly common in other substantive areas (D'Unger, et al., 1998; Laub, et al., 1998; Mayer, 

1997; Moen, et al., 1992; Mustillo, et al., 2003; Sampson and Laub, 1995; Wagmiller, et al., 

2008; Wagmiller, et al., 2006; Wickrama, et al., 1997; Wu, 1996; Wu and Martinson, 1993), to 

our knowledge the present analysis is the first to report such a result within the context of school 

effects research.  

 These conclusions deserve qualification in at least two ways.  First, the generalizability of 

our empirical findings is limited by the selective nature of the sample and a number of missing 

data issues (as we described above).  The data portray empirical patterns that are specific to a 

select group of individuals during a particular historical moment.  It seems reasonable to suppose 

that more contemporaneous conditions—in which migration is more commonplace, districts are 

larger and characterized by more heterogeneity, and school choice is increasingly abundant—

would produce an even wider and more variable assortment of student resource exposures and 

school characteristic trajectories.  Future research would thus do well to replicate our analysis 

using a more modern data source, preferably one that permits investigators to incorporate a fuller 

array of educational institutions (e.g., public and private schools), a more finely detailed unit of 

analysis, as well as more complete information pertaining to students’ transfer history. 
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 Second, we have no misapprehensions about our estimates of school effects being 

“causal” in the classic counterfactual sense of the word.  Although we performed covariate 

adjustments for a number of easily observed attributes, our specifications were still relatively 

rudimentary and likely omitted a number of less easily measured traits and motivations that 

influence selection into different trajectory groups.  The absence of these variables in our models 

and in our interpretation of the results is not meant to indicate their presumed irrelevance, as it is 

almost certainly the case that unobserved factors meaningfully influence where youth attend 

school and how they fare upon graduation.  Instead, it is a reflection of the exploratory nature of 

this particular project.  Building on the conceptual framework and methodological tools that we 

sought to introduce and elaborate in this paper, subsequent research stands to benefit by making a 

more concerted effort to model and adjust for this type of unobserved heterogeneity.  

 Nevertheless, we believe that our work makes an important conceptual and technical 

contribution to the well-developed literature on school effects.  Our results illustrate the 

feasibility and potential utility of a life-course orientation to the study of educational inputs and 

student outcomes.  Although there is admittedly much work still to be done in this area, we are 

optimistic that trajectory-based assessments of school characteristics will provide the scholarly 

and policy communities with new and valuable information concerning the presence of school 

effects, the mechanisms through which these effects operate, and the members of the population 

for whom they are the most relevant. 
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ENDNOTES 

1 Just over one-quarter of the studies Hanushek (1997) considered employed a “value-added” 

approach, in which the specified model included information about individuals’ prior 

achievement to “ameliorate any problems arising from missing data about past school and family 

factors” (p. 147).  While this class of studies is clearly an improvement over other approaches, we 

hesitate to call it a substitute for directly observing school data for each year between 

kindergarten and high school graduation.  Furthermore, it is not immediately obvious how such a 

design could be usefully applied in studies of other, non-achievement related outcomes, including 

educational and occupational attainments, earnings, and so forth. 

2 We are not the first to make this observation.  Hanushek (2003), for instance, notes that “current 

schooling inputs will tend to be a very imperfect measure of the resources that went into 

producing ending achievement.  This mismeasurement is strongest for any children who changed 

schools over their career (a sizable majority in the US) but also holds for students who do not 

move because of the heterogeneity of teachers within individual schools” (p. F77).   

3 Of the district records that we collected for the 1945 school year, for instance, 91.8 percent 

contained only a single elementary school.  The exceptions, of course, include large urban 

districts like Madison and Milwaukee, which encompassed a number of neighborhood schools 

and satellite communities. 

4 Of course, this strategy does not protect against the possibility of temporary transfers from one 

district to another.  For example, if a student attended primary school in Ripon until the fifth 

grade, then completed the sixth grade in Fond Du Lac, and then returned to Ripon for grades 7-

12, our scheme would treat them as if they remained in Ripon for the duration of their primary 

and secondary years.  However, in light of the low level of intra-state migration in Wisconsin 



 

 

during the time period under consideration, we are not especially concerned about this possibility.  

According to our own tabulations using public-use microdata from the 1950 census (Ruggles, et 

al., 2008), for example, less than 2 percent of Wisconsin residents with children between the ages 

of 10-12—an age range that corresponds roughly to the ages of WLS cohort members in 1950—

reported living in a different Wisconsin county during the preceding year. 

5 In some cases the microfiche from which the school district information was obtained was 

blurred or otherwise hard to read (due to illegible handwriting on the part of the district clerk, 

smudging, etc.), making it difficult to ascertain the appropriate value.  Rather than deleting these 

districts, a very basic imputation procedure—based on values from the same district in adjacent 

years, as well as non-missing information from the year in question—was developed.  Consider 

the district of Phillips, where the entry for total expenditures in 1951 was unreadable but the rest 

of the information (including teachers’ salary, which makes up the bulk of district expenditures in 

any given year) was intact.  We were able to impute the missing value by calculating the average 

ratio of teachers’ salaries to expenses for 1950 and 1952 and then dividing the amount given 

under teachers’ salaries in 1951 by the resulting ratio.  If, for example, the average salary-

expenses ratio in 1950 and 1952 was 0.80, and if total teachers’ salary in Phillips in 1951 was 

$72,000, then the district’s total expenses in 1951 would be set equal to $72,000/0.80 = $90,000.  

Fortunately, instances where this type of imputation was needed were quite infrequent: in total, 

there are 211 imputed values in the district-level data (out of a possible 193,623 values). 

6 Censoring and/or clustering about the minimum and maximum do not pose a problem for our 

measures of school characteristics and resources.  As Nagin (2005:28) points out, however, the 

model outlined in Eq. (4) “can also be used for data which is measured on a continuous scale 

without censoring.”  
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7 In a supplementary analysis we compared deleted cases to those in our final sample.  In terms of 

social background (father’s occupational status and parents’ years of schooling), family 

composition (number of siblings and intact family status), and geographic characteristics (farm 

versus non-farm), the two groups were statistically indistinguishable from one another.  These 

results are available upon request.   

8 Since there is left censoring at 12 years of schooling, we cannot estimate the effect of one’s 

school characteristic trajectory on their propensity to obtain a high school diploma, or, 

conversely, to drop out.  Thus any observed effect of trajectory membership on post-secondary 

outcomes may also reflect, at least in part, the influence of trajectory membership on high school 

completion.  Nevertheless, it should be noted that censoring on high school graduation in the 

WLS sample is less extreme than it would be had the sampling frame spanned all 50 states.  Data 

from the 1960 census indicate that 23.6 percent of Wisconsin residents between the ages of 20-24 

did not obtain a high school diploma, compared to 36.5 percent of individuals nationwide 

(Ruggles, et al., 2008).  This places Wisconsin third among all states in terms of lowest high 

school dropout rate, behind only Nebraska and Iowa.   

9 Following convention (Nagin, 2005, pp. 88-92), we also calculated a number of other more 

informal measures of fit.  These diagnostics, which are available from the authors upon request, 

suggested satisfactorily close fits for all of our preferred models.  For example, the average 

posterior probability of group assignment for each class never falls below .90, a number that far 

exceeds the recommended cut-off of .70 (Nagin, 2005, p. 88).    

10 Groups 1 and 2 employ a quartic polynomial, while group 3 was fit using quadratic function in 

time.  For the former two groups the quartic term was significant (α = .01), suggesting that further 
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refinement of our specification of the trajectory forms was not necessary.  For group 3, the 

quartic and cubic terms were not significant, and were thus removed from the model.    

11 We were able to confirm the presence of parallel trajectories using a Wald test, which indicated 

that the intercepts for the two trajectories differ significantly but coefficients on the higher-order 

terms do not.  These tests were executed using the user-written SAS macro TRAJTEST (Jones 

and Nagin, 2007). 

12 Each of the three trajectories was specified to follow a quartic function in time. 

13 It is not surprising, then, that Wald tests easily rejected the hypothesis of equivalent higher-

order terms (α = .01), indicating that the trajectories are not parallel.   

14 This procedure is not immune to misclassification (Roeder, et al., 1999). Individuals whose 

posterior probability places them on the margins of two or more groups, for example, are 

assigned to their most likely trajectory despite the presence of significant uncertainty.  In order to 

alleviate this concern we tried weighting each case according to its posterior probability of group 

membership.  The results were substantively identical.  For a more detailed discussion of this 

weighting technique see Nagin, 2005.  

15 We ran a parallel set of models in which trajectories were parameterized using individuals’ 

posterior probabilities of group assignment (e.g., Eq. (5)).  This approach, which is less prone to 

misclassification error, produced no material differences.     

16 Only institutions classified as “Most Competitive” or “Highly Competitive” according to the 

Barron’s Profiles were considered elite.  Of these schools, Lawrence University enrolled the most 

WLS respondents, followed by Northwestern University.  Several respondents attended liberal 

arts schools such as Carleton College, Dartmouth College, and Wellesley College, while several 

others enrolled in large research universities like Cornell, Duke, and the University of Chicago. 
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17 In total, there were 190 cases where parental income was missing; 15 cases where father’s 

occupational status was missing; and 10 cases where there was no information on father’s age.  

Rather than dropping these individuals, we used hot-deck imputation methods to impute missing 

values (Mander and Clayton, 2000).  In auxiliary analyses (not shown), we included measures of 

students’ intelligence (as measured in 1957 on the Henmon-Nelson test) and senior year class 

rank.  Because these variables did little to alter our substantive conclusions, and since they are 

each potentially endogenous, we elected to omit them in the models that we report above. 

18 Our choice of single-year indicators was largely arbitrary.  In supplementary analyses (not 

shown) we considered a number of other possible time points, as well as averages generated from 

multiple years of data.  The results from these analyses, which are available from the authors 

upon request, mirrored those reported above.    

19 With 5 trajectory groups there are [5 x 2 – 1 = 9] 9 potential contrasts per model.  It is 

important to note that a number of the omitted contrasts yielded non-significant coefficients.  

Nevertheless, the contrasts that were significant were typically large in magnitude and with the 

expected sign.  For example, conditional on having ever enrolled, members of the “high-flat” 

trajectory (group 5) were less than half as likely [e-.68 – 1 = -0.49] to obtain a BA than members 

of the “low-flat” trajectory (group 1), all else being equal.  Results for the full set of contrasts are 

available from the authors upon request.    
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Note : BIC is calculated as -2L +k *ln(N ), where L is the value of the model’s maximized likelihood,N is the sample
size, and k is the number of non-redundant parameters. Groups were added iteratively until further improvement
could not be achieved.  Preferred models are shown in bold.  See text for further details.

   BIC

   BIC

   BIC

Table 1. Model Selection

Model and BIC
Number of groups

Per pupil expenditures



Per pupil expenditures
  Group 1: Low increasing 29.7 (21.7) 9.4 (2.9) 3.8 (0.7) .21 (.40) 3.9 (2.1) .91 (.28) .31 (.46)
  Group 2: High increasing 40.6 (26.2) 10.8 (3.6) 4.1 (0.7) .18 (.39) 3.4 (1.9) .89 (.31) .09 (.29)
  Group 3: Medium flat 39.5 (23.7) 10.2 (3.5) 4.1 (0.7) .16 (.37) 3.3 (1.8) .92 (.27) .08 (.27)
     p -value from F -test or χ2-test

Teachers’ schooling
  Group 1: Low 24.4 (19.2) 8.8 (2.8) 3.5 (0.7) .30 (.46) 4.3 (2.1) .88 (.33) .45 (.50)
  Group 2: Medium 30.6 (22.0) 9.4 (3.0) 3.8 (0.7) .21 (.41) 3.9 (2.1) .92 (.27) .31 (.46)
  Group 3: High 39.1 (24.2) 10.3 (3.5) 4.1 (0.7) .15 (.36) 3.3 (1.8) .92 (.27) .09 (.28)
     p -value from F -test or χ2-test

Pupil-teacher ratio
  Group 1: Low flat 33.9 (26.5) 10.0 (3.6) 3.8 (0.7) .27 (.44) 4.0 (2.1) .93 (.25) .35 (.48)
  Group 2: Medium 36.3 (24.0) 10.0 (3.4) 4.0 (0.7) .16 (.37) 3.5 (1.9) .92 (.27) .17 (.38)
  Group 3: Low declining 27.8 (21.6) 9.5 (2.8) 3.7 (0.7) .34 (.48) 4.1 (2.1) .88 (.32) .29 (.46)
  Group 4: Sharply declining 31.5 (22.3) 9.7 (3.2) 3.7 (0.8) .17 (.38) 3.9 (2.2) .92 (.27) .34 (.47)
  Group 5: High declining 34.4 (22.3) 9.7 (3.1) 4.0 (0.6) .19 (.39) 3.4 (1.8) .88 (.32) .13 (.33)
     p -value from F -test or χ2-test

Entire sample 34.7 (23.6) 9.9 (3.3) 3.9 (0.7) .19 (.39) 3.6 (2.0) .91 (.28) .20 (.40)

(SD )

Note : The p -values reported beneath each set of tabulations correspond to tests for association between the relevant column and row variables. The p -values in columns with
continuous variables were derived from F -tests; the p -values in columns with categorical variables were derived from a χ2-tests. In total, there were 190 cases where parental
income was missing; 15 cases where father’s occupational status was missing; and 10 cases where there was no information on head’s age. Rather than dropping these
individuals, we used hot-deck imputation methods to impute missing values.  See text for further details.

Table 2. School quality trajectory group profiles, by selected sociodemographic characteristics (N  = 1,640)

Background characteristics

.00

School quality indicator and 
trajectory group

Father’s years of 
schooling
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income/100)

Catholic 
(Catholic = 1)

Number of 
siblings

Two-parent 
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Mean (SD ) Mean
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.00

.00

.00.15.00

.39 .00 .12
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.00 .00 .11 .00 .34

.00

.00

.00

Father’s 
occupational 
status (SEI)

(SD ) Mean (SD ) Mean (SD ) Mean



Variable Descriptions

Outcomes
   College enrollment Dummy variable (ever enrolled = 1)
   College selectivity given ever enrolled Dummy variable (attended selective institution = 1)
   Obtained at least a BA given ever enrolled Dummy variable (Bachelor's or higher = 1)

Measures of social background
  Average annual parental income (1957-1960) Top coded at $99,800
   Father’s occupational status 1957 occupation; Duncan SEI 0-96
   Father’s education Years of schooling completed
   Mother’s education Years of schooling completed
   
Demographic variables
   Age of householder Age of householder in 1957
   Urban/rural status Dummy variable (rural = 1)
   Parents’ marital status Dummy variable (intact for majority of youth = 1)
   Number of siblings Number of siblings in 1957
   Catholic Dummy variable (Catholic = 1)

Table 3. Descriptions of exogenous controls and post-secondary educational outcomes

Note : In total, there were 190 cases where parental income was missing; 15 cases where father’s occupational
status was missing; and 10 cases where there was no information on head’s age. Rather than dropping these
individuals, we used hot-deck imputation methods to impute missing values.  See text for further details.



Figure 1. Trajectories of per pupil expenditures
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Figure 2. Trajectories of teachers' schooling
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Note : The appropriate number of trajectories was determined according to the BIC, as per Table 1. All values represent predicted
values, as opposed to group-specific averages. Please refer to the text for additional details.



Figure 3. Trajectories of pupil-teacher ratio
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A. Per pupil expenditures group 1 (Low-
increasing) versus 3 (High-flat)
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Figure 4: The first group listed in each panel heading is the reference category for the given trajectory group contrast. The shaded circle indicates the point estimate
associated with the specified contrast in a model that only includes trajectory group and individual-level controls. The hollow circle represents the same point estimate
after including a single-year measure of teachers’ schooling during respondents’ senior year of high school. Finally, the hollow triangle denotes the point estimate for the
contrast after including a single-year measure of teachers’ schooling, as observered when respondents were in first grade. The latter two outcomes—attended an elite
college and completed at least a BA—are both conditional on the respondent ever attending a post-secondary institution. All models include controls for respondents’
gender, father’s education, mother’s education, father’s occupational status (Duncan SEI score), father’s age, parental income, sibship size, intact family status, urban/rural
status, and religion. In total, there were 190 cases where parental income was missing; 15 cases where father’s occupational status was missing; and 10 cases where there
was no information on father’s age.  Rather than dropping these individuals, we used hot-deck imputation methods to impute missing values.  
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B. Per pupil expenditures group 2 (High-
increasing) versus 3 (Medium-flat)
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C. Per pupil expenditures group 1 (Low-
increasing) versus 2 (High-increasing)
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A. Teachers schooling group 1 (Low) versus 
3 (High)
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Figure 5: The first group listed in each panel heading is the reference category for the given trajectory group contrast. The shaded circle indicates the point estimate
associated with the specified contrast in a model that only includes trajectory group and individual-level controls. The hollow circle represents the same point estimate
after including a single-year measure of teachers’ schooling during respondents’ senior year of high school. Finally, the hollow triangle denotes the point estimate for the
contrast after including a single-year measure of teachers’ schooling, as observered when respondents were in first grade. The latter two outcomes—attended an elite
college and completed at least a BA—are both conditional on the respondent ever attending a post-secondary institution. All models include controls for respondents’
gender, father’s education, mother’s education, father’s occupational status (Duncan SEI score), father’s age, parental income, sibship size, intact family status, urban/rural
status, and religion. In total, there were 190 cases where parental income was missing; 15 cases where father’s occupational status was missing; and 10 cases where there
was no information on father’s age.  Rather than dropping these individuals, we used hot-deck imputation methods to impute missing values.  
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C. Teachers schooling group 1 (Low) versus 
2 (Medium)
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A. Pupil-teacher ratio group 1 (Low-flat) 
versus 4 (High-sharply declining)
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Figure 6: The first group listed in each panel heading is the reference category for the given trajectory group contrast. The shaded circle indicates the point estimate
associated with the specified contrast in a model that only includes trajectory group and individual-level controls. The hollow circle represents the same point estimate
after including a single-year measure of teachers’ schooling during respondents’ senior year of high school. Finally, the hollow triangle denotes the point estimate for the
contrast after including a single-year measure of teachers’ schooling, as observered when respondents were in first grade. The latter two outcomes—attended an elite
college and completed at least a BA—are both conditional on the respondent ever attending a post-secondary institution. All models include controls for respondents’
gender, father’s education, mother’s education, father’s occupational status (Duncan SEI score), father’s age, parental income, sibship size, intact family status, urban/rural
status, and religion. In total, there were 190 cases where parental income was missing; 15 cases where father’s occupational status was missing; and 10 cases where there
was no information on father’s age.  Rather than dropping these individuals, we used hot-deck imputation methods to impute missing values. 
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B. Pupil-teacher ratio group 2 (Medium) 
versus 4 (High-sharply declining)
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C. Pupil-teacher ratio group 1 (Low-flat) 
versus 3 (Low-declining)
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