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Scott Winship

Abstract

Many parents, policymakers, researchers, and other participants in educational policy debates are concerned with inequality in scholastic outcomes and with achievement gaps between advantaged and disadvantaged children.  The federal No Child Left Behind Act will also focus attention on these inequalities.  This paper explores the associations between measured child achievement levels at the start of schooling and scholastic outcomes in adolescence.  In so doing, it also considers the extent to which earlier inequalities account for unequal outcomes roughly eight years later.  Using the Children of the National Longitudinal Survey of Youth data, I first reproduce the finding from an earlier literature in psychology that scores of young children on tests of vocabulary, mathematics, and reading are strongly correlated with adolescent test scores.  I also show that high test scores in early childhood are associated with other positive scholastic outcomes in adolescence.  There is evidence that these associations vary somewhat for different categories of children, but in nearly all cases, the associations are not much diminished.  Finally, I show that where significant adolescent cognitive inequalities exist between categories of children, half or more of the gap in group averages is predictable from cognitive inequalities at the start of schooling.  The findings imply a fair amount of mobility within cognitive skill distributions, but also indicate that observers concerned with scholastic inequalities should focus on early childhood education and compensatory or universal measures that attenuate the links between initial and later inequalities.

The extent to which inequalities in cognitive skill among children just starting school persist over the course of schooling is an enormously important question for those concerned with education policies.  Many Americans view schools as engines of opportunity that provide disadvantaged children with the chance to achieve the American Dream (Scovronick and Hochschild, 2003).  A constant level of cognitive inequality as a cohort of children ages may be consistent with large absolute cognitive gains among the children who start with the lowest achievement levels.  However, to the extent that what matters for life chances is a child’s relative position in cognitive skill distributions, stable cognitive inequalities would cast doubt on the abilities of school to serve an equalizing role in society.  At the very least, they would require advocates of such a role for schools to identify the reasons why education policy does not lead to more egalitarian results.  

This paper pursues the question of how persistent cognitive inequalities are by examining the associations between scores of young children on tests of vocabulary, mathematics achievement, and reading skills and scholastic outcomes in adolescence.  I consider the extent to which test scores, measured at the start of schooling, predict outcomes roughly seven years later.  I also consider the extent to which adolescent cognitive inequalities between categories of students are predictable from inequality at the start of schooling.
Throughout the paper, I will interchangeably refer to the skills that test scores purport to measure as “cognitive skills” or “scholastic achievement”.  Other times I will simply refer to “test scores”, “vocabulary scores”, and the like.  I make no effort in the following analyses to distinguish “achievement” from “aptitude” or to parse genetic influences from environmental ones.  Children begin school with large variation in cognitive skills, and I am simply taking that variation as given.  It follows that I am unable to establish the causal significance of early cognitive skills, which might be strongly associated with adolescent outcomes but not be causally important.  If curious children, for instance, have high levels of scholastic achievement and also have advantageous adolescent outcomes, then policy interventions to raise preschool achievement levels – by getting children to learn more words, memorize numerals, or recite the alphabet – might not actually improve outcomes.  The curious might thrive while the uncurious continue to do worse.  Alternatively, scholastic achievement might be causally important, but successful efforts to improve achievement levels might be overwhelmed by other disadvantages faced by affected students after entering school.
  

If policymakers want to improve adolescent scholastic outcomes, they ought to be concerned with the causal significance of early cognitive skill levels.  But as an indication of how much temporal mobility exists within a cohort’s distributions of cognitive skill, validated test scores may provide the relevant information.  Similarly, test scores may serve as adequate measures for education professionals who are trying to decide how to allocate school resources among young children on the basis of their cognitive skill levels.

In the next section, I review the literature on the predictive power of test scores in early childhood.  I subsequently discuss my data and methods, devoting special attention to the test-score measures on which I rely.  After presenting my results, I close with a discussion of my findings and consider policy implications.
Previous Research

Numerous studies prior to 1965 considered the stability of scores on IQ and achievement tests over the course of childhood.  Benjamin S. Bloom's classic Stability and Change in Human Characteristics (1964) reviewed and synthesized this literature.  In general, the magnitude of age-to-age test-score correlations is a function of the age at which children are first tested and the interval separating the two testing points.  The pre-1965 research estimated the correlation between IQ scores at age two and age ten to be roughly 0.4, and two studies that examined even longer spans found correlations of 0.40 to 0.45 between IQ at age three and ages sixteen to eighteen (Bayley, 1949; Honzik et. al., 1948).  The Bayley study found that IQ scores measured at ages one and seventeen essentially were uncorrelated.  By age four, however, IQ scores were correlated 0.80 with IQ at seventeen after correcting for random measurement error.  Even more remarkably, when the researchers averaged IQ scores obtained at ten, eleven, and twelve months and correlated the composite with the average of IQ at age seventeen and eighteen, the estimate was 0.41.  Bradway (1944) found a correlation of 0.58 between IQ at age two or three and IQ at age twelve or thirteen, and Skodak and Skeels (1949) estimated the correlation between IQ at ages four-and-a-half and thirteen-and-a-half to be 0.72 after correcting for measurement error.  Bloom concluded that the "true" correlation between IQ at ages three and seventeen was probably around 0.65, suggesting that children who are one standard deviation above the mean at age three retain two-thirds of their advantage upon completing secondary school, on average.


Since Bloom's review, the most ambitious study of IQ-score stability has been the Fels Research Institute Study (initiated prior to the Bloom review), which repeatedly tested eighty children between the ages of two-and-a-half and seventeen.  The Fels study found correlations of 0.36 between IQ at two-and-a-half and seventeen years old, 0.63 between IQ at three-and-a-half and eleven, and 0.68 between five-and-a-half and fourteen (cited in Jensen, 1980).  


Bloom also reviewed evidence on the stability of achievement test scores.  Achievement tests are designed to measure the specific things children learn in school, as opposed to IQ tests, which purport to measure general intelligence or aptitude.  Alexander (1961) estimated the corrected correlation between first-grade and eighth-grade reading comprehension to be 0.72.  Similarly, Scannell (1958) estimated a corrected correlation of 0.74 between achievement test scores in fourth grade and twelfth grade. Bloom attempted to estimate the "true" correlations between early achievement and achievement at age eighteen, using a chain of correlations from disparate studies.  His best guess was that the correlation between achievement test scores at age four and eighteen was 0.39 and that the correlation between age-six and age-eighteen scores was 0.55.


Since the early 1960's, research on the predictive strength of early cognitive skills appears to have gone out of fashion, perhaps as a result of the consistency of the earlier studies' findings.  Instead there has been a shift toward studying changes in the mean test scores of successive cohorts of children, often using data from the National Assessment of Educational Progress.  Researchers using longitudinal data have directed their attention to questions of individual growth trajectories, aided by hierarchical linear modeling and other methodological innovations.  I was able to locate just a few studies that examined the association between early test scores and later scholastic outcomes.

Currie and Thomas (1999a) analyzed the results of the British National Child Development Survey, a longitudinal study that followed all persons born in Great Britain between March 3 and March 9, 1958.  Survey participants were tested in mathematics and reading in their schools at ages seven, eleven, and sixteen.  Currie and Thomas found that being in the top rather than the bottom quartile of age-seven reading scores was associated with more than a one-standard deviation increase in sixteen-year-old test scores.  The authors also examined whether early test scores predicted the likelihood of passing one or more "O-level" examinations (optional tests taken in Great Britain at age sixteen or seventeen to determine whether one will continue with one's schooling). Being in the top quartile increased the probability of passing at least one O-level exam by fifty percent.  The predictive power of age-seven math scores was smaller but still substantial. 

Boys who were in the top quartile of the math or reading distribution at age seven had wages at age thirty-three that were twenty percent higher than the wages of men who were in the bottom quartile at age seven.  For women the effect of early reading scores was a twenty-six percent advantage.  These associations are quite small.  When Currie and Thomas added controls to their models, they found that only one-fourth of the effect of early test scores was related a broad array of socioeconomic and demographic variables, including indicators of parents' and grandparents' socioeconomic status, birth order and birth weight, and the child's school district. They also found interactive effects between early test scores and socioeconomic status when they predicted academic outcomes.

Currie and Thomas also explored the importance of early cognitive skills in a working paper analyzing the Children of the National Longitudinal Survey of Youth, the same survey that I utilize (Currie and Thomas, 1995a; see also Currie and Thomas, 1999b).  They use a child's first available vocabulary, math, and reading scores to predict the probability of repeating a grade.  They find that children with a one-standard-deviation advantage in child vocabulary scores are 4.5 to 7.5 percent less likely to have repeated a grade.
  The effects of reading and math scores on being held back are 5 to 14 percent and 5.5 to 9 percent, respectively.  These estimates varied depending on whether the model was a linear probability model with controls or a sibling fixed effects model, and whether the model was estimated for blacks or for whites. It is difficult to interpret the authors' results, however.  Since they restricted their sample to children who were at least ten years old and had limited survey waves, many of the children in their sample had already reached middle childhood by the time the CNLSY began testing them.  The sample, then, over-represents children born to young mothers who were first tested at older ages.  The authors do not present estimates of test-score effects without controls, so the effects that they estimate are conditional ones.

In addition to these papers, a longitudinal study of African American children in Baltimore found that preschool cognitive skills strongly predicted literacy levels when the respondents were young adults (Baydar et. al., 1993).   Several studies have also linked early academic performance to higher rates of grade retention and school dropout later on (Ensminger and Slusarcik, 1992; Alexander et. al., 1997; Cairns, Cairns, and Neckerman, 1989).

Few papers have explored the extent to which between-group inequality at the end of school is accounted for by inequality at the beginning of school.  In a paper utilizing a number of data sets that tested children of different ages between 1965 and 1996, Meredith Phillips and her colleagues estimated that 56 percent of the math test-score gap between blacks and whites at the end of high school could be attributed to math gaps upon entering school (Phillips et. al., 1998).  For reading test scores, 43 percent of the black-white gap was predictable from inequality in reading scores at the start of schooling.  These estimates were derived from a meta-analytic model that combined cross-sectional data from each of the surveys, pooling multiple age groups.  None of the surveys available included longitudinal data from more than four years.  The authors did not use the Children of the National Longitudinal Survey of Youth data longitudinally due to unique aspects of the survey that I will discuss below.

While the pre-1965 literature established the moderate stability of cognitive skills over the course of childhood, it is potentially quite dated.  What is more, the earlier literature often relied on small convenience samples.  Few of these studies collected data on other scholastic outcomes or tested for differential predictive validity across groups.  Currie and Thomas's British study is uniquely valuable in the wide interval it examines between early test scores and later outcomes, but it too relies on a dated sample and one outside the United States.  Beyond the Phillips et. al. study, few researchers have examined the extent to which later test-score inequality may be predicted by early test-score inequality.

Methods

Data and Sample

In order to examine the importance of early cognitive skills, I analyze the Children of the National Longitudinal Survey of Youth (CNLSY) data (Center for Human Resource Research, 2002).  The CNLSY is an offshoot of the National Longitudinal Survey of Youth 1979 (NLSY), a survey initiated by the U.S. Department of Labor in 1979 that has followed over 12,000 men and women, collecting data every year through 1994 and biennially since then.  Participants in the NLSY were between the ages of fourteen and twenty-one as of December 31, 1978.  The survey included a nationally representative sample of over 7,000 individuals and over 5,000 additional black, Hispanic, and economically disadvantaged men and women (U.S. Department of Labor, 2001).

Beginning in 1986, the NLSY was expanded to cover the children born to women in the NLSY sample.  Every two years, the CNLSY obtains information about children’s social, emotional, and physical development and well-being.  It also assesses behavioral and cognitive outcomes and the quality of the home environment.  As of the 2000 wave, the sample included 11,205 children, estimated to represent 90 percent of the eventual childbearing by NLSY mothers (Center for Human Resource Research, 2002).

The CNLSY data has many advantages for the purposes of this paper.  It represents a large contemporary sample that is nationally representative in many ways.  It is longitudinal, with testing at multiple ages using several different cognitive assessments designed to be applicable across a wide range of ages.  The tests are individually administered rather than conducted in a group setting, so their administration may be more sensitive to individual needs or problems.  

On the other hand, the CNLSY suffers from some weaknesses as well.  While the survey interviewers undergo training designed to ensure that tests are administered correctly and uniformly, the interviewers are not professional test administrators.  The relatively complicated testing procedures (described in the appendix) were not always followed correctly prior to 1994, when the tests were administered via pencil and paper.  Based on the procedures the interviewers were supposed to use and the patterns of responses to the individual test items in the data, I excluded from my analyses a number of cases where it appeared that the administration was not conducted correctly.
  

  The advantage of individual test administration is also offset by the practical necessity of administering the tests in examinees' homes, which means that testing conditions probably vary widely between children.  The CNLSY data includes various indicators of the testing conditions in the interview setting (as assessed by the interviewer), and I report results that control for these conditions to examine whether such variation affects my findings.

Another disadvantage of the data concerns the unique nature of the CNLSY sample.  While the NLSY mothers were nationally representative of women who were 14-21 years old and living in the U.S. at the start of 1979, the child sample departs from a representative one in several ways.  It fails to represent any children born to those women who immigrated to the U.S. after 1978.  Furthermore, as with all longitudinal surveys, sample attrition over time -- both of mothers and of children -- affects the sample characteristics.  Nevertheless, as of 2000, over 83 percent of the original NLSY respondents who were still living continued to participate in the survey, and over 90 percent of eligible children who remained in the sample in 2000 received the tests.
  I constructed sample weights that attempt to correct for attrition and use them in many of my analyses (see the appendix for details).

Another problem is that some children of NLSY mothers have yet to be born, and far more children are too young to observe their adolescent outcomes.  In addition, the oldest children in the sample were not administered the tests when they were young because the CNLSY did not begin until 1986.  The CNLSY assessment data, then, over-represents the children of young mothers and first-born children, particularly among older test-takers.  Similarly, it under-represents the children of older mothers and youngest-children (in particular among young test-takers).  Because my samples include only children with both early test scores and adolescent outcomes, there is further selectivity involved.  The children in my reading and math samples were born between 1979 and 1987, and my vocabulary samples include children born between 1981 and 1990.  The mothers of the children in the reading and math samples were aged 15 to 30 at the time their children were born, and the mothers of the vocabulary-sample children were 16 to 33 years old.  

It is unclear what effect these sample restrictions should have on the distribution of variables in my data, since the excluded children of young mothers are disproportionately first born and those of older mothers consist disproportionately of later births.  Having a young mother is associated with lower test scores, but being first born is associated with higher scores.
  I estimate that the birth cohorts in my sample exclude the first ten percent of lifetime births to the NLSY mothers and the last thirty percent.
  In principle, this restriction of range should not affect my regression analyses, but it must be taken into account to the extent that I am interpreting the association between early and adolescent test scores in terms of correlations.  I discuss this further in the section below on the assessments.

Another data issue is the survey's changing testing policies.  Children do not take every assessment in every year, and the particular age groups to whom a test is administered have changed from year to year.  For some tests, reasonably representative data exists for only a few age groups, and the age combinations for which correlations between test scores over time may be computed are even fewer in number.   I wanted to select the widest possible age intervals for which data was available and which would yield a sample that would be reasonably representative of contemporary black and white children.
  

I analyze CNLSY children with vocabulary scores at age three or four and at age ten or eleven, and children with math and reading scores at age five or six and at age thirteen or fourteen.
  Because child age in a particular survey year depends on the time of the year children are assessed and on their birthdays, the modal early-age / later-age pattern does not always apply.  For instance, while most children in my sample have vocabulary scores at age three and age eleven or at age four and age ten, some have scores at age three and age ten or at ages four and eleven.  In the models that I estimate, I regress a child's adolescent vocabulary score (at either age ten or eleven) on his or her score as a young child (at either age three or four).  A handful of children have scores at, say, both age three and four.  In these cases, I used the earliest age at which young children had a valid score and the latest age at which adolescents had a valid score.  For consistency, I use the same procedure to recode age-specific covariates in my models.

The Assessments
The CNLSY includes a wide range of cognitive assessments.  The most useful for my purposes are the Peabody Picture Vocabulary Test (PPVT) and the Peabody Individual Assessment Test (PIAT) subscales in mathematics and reading.
 The PPVT was designed in the late 1970's to assess the "hearing vocabulary" of subjects between the ages of thirty months and forty years.  The examiner reads a word aloud, and the subject indicates the picture that conveys the word's meaning.  There is some question about what the PPVT in fact measures.  Ostensibly, it is a vocabulary test, but it correlates fairly highly with traditional IQ tests.  Jensen (1980) argues that vocabulary tests tap IQ because, other things being equal, a high-IQ child will absorb and learn more words than a low-IQ child.  Critics of IQ tests cite the correlation as evidence that IQ tests measure familiarity with the dominant culture rather than aptitude.  I will refer to the PPVT simply as a vocabulary test in what follows, but the results I present are relevant to this debate.  

All CNLSY children take the PPVT in the first survey year that they are eligible -- age three or four in the vast majority of cases.  The testing policies varied from year to year, but all children are eventually tested at age ten or eleven as well.  In 1990, no three-year-olds were tested due to budget constraints.  Nor were three-year-olds tested after 1994, though my samples are unaffected since such children do not yet have scores at age ten or eleven.

The CNLSY assessments include three subscales of the Peabody Individual Achievement Test (PIAT) -- tests of mathematics, reading recognition, and reading comprehension.  Children are administered the PIAT tests every two years between the ages of five and fourteen.  The PIAT tests were designed in the late 1960's to assess mastery of a typical scholastic curriculum.  They may be used to assess students from kindergarten through high school.  To keep my discussion manageable -- and because children only receive the reading comprehension test if they obtain a minimum score on the reading recognition test -- I do not analyze the reading comprehension test in this paper.  The math subscale ranges from identification of numerals to algebra, geometry, and factorials.  The reading recognition test begins with identification of letters and ends with pronunciation of challenging words.

The construct validity of the PIATs -- the extent to which the tests produce scores consistent with the theories of psychometric measurement -- suffers from the fact that the tests were developed and normed in the late 1960's.  Norming a standardized test involves administering it to a representative sample of examinees and transforming their raw scores so that they reflect some theorized distribution (usually a normal distribution).   Raw scores are first converted to percentile scores, and the percentile scores are then converted into standard scores, generally by assigning the z score that corresponds to each percentile.  

The importance of having a normal distribution of test scores derives from the assumption of classical psychometrics that the latent trait one is measuring is normally distributed in the population of interest.  This assumption, in turn, is necessary to justify that test scores measure the latent trait on an interval scale.  That is, it is not necessarily the case that a 30-point test-score difference in one part of the test-score distribution implies the same magnitude of “achievement” as a 30-point difference in another part of the distribution.  To justify measurement on an interval scale, psychometricians assume that the latent trait of interest is normally distributed in the relevant population and then attempt to obtain a normal distribution of raw test scores in a representative sample of the population.  If the assumption is correct, and if a normal distribution of test scores is obtained, then the resulting measurements are on an interval scale.  When members of the population subsequently take the test, their scores have interval-scale meaning with respect to other members of the population.
  

If a test is administered to members of a population other than that on which it was originally normed, there is little reason to believe that the resulting scores still measure what they were intended to or are on an interval scale.  Most eight-year-olds will do poorly on a test designed for seventeen-year-olds, as will most Americans on a test designed for Russians (i.e. written in the Cyrillic alphabet). A conclusion that follows from this idea is that if people learn increasingly more over the course of generations, one cannot administer a test constructed thirty years earlier to examinees and expect that the scores will still measure achievement on an interval scale.  In fact, there is ubiquitous evidence that people are learning more over time – people score higher on out-of-date tests than individuals did when the test was current, a cross-national phenomenon known as the "Flynn effect" (Flynn, 1987).  This means that to justify interval scale measurement, tests must be periodically revised so that the desired normal distribution of raw scores obtains in different generations.

Thirty-year-old standard scores, then, will not appropriately scale contemporary children if the cognitive environments of young children improved during the past three decades.  Too many children will score at the upper end of the standard-score distribution, and too few at the lower end.  Figures 1a-1f show the distribution of standard scores for the PIAT math and reading recognition tests among children aged five and six and for the PPVT among children aged three and four.  Figures 2a-2f show the corresponding distributions for adolescent standard scores.  The deficiencies of the PIAT tests – especially the reading recognition test – are obvious.  Not surprisingly, given Figures 1 and 2, the mean PIAT scores in the CNLSY data are above those for the 1969 norming sample for ages five and six, particularly the mean reading score.  The age-thirteen and age-fourteen reading scores are also about a fifth of a standard deviation above the norming sample mean.  In contrast, the mean scores on the PPVT among CNLSY children and adolescents are quite a bit lower than that for the norming sample, which was from 1980, reflecting the disadvantaged composition of the CNLSY sample more accurately.  

What is more, the gaps between the PIAT scores of young black and white children in the CNLSY are much smaller than those generally found using other achievement tests (Phillips, Crouse, and Ralph, 1998).
  I found that nearly the entire black-white reading gap among five- and six-year-olds could be explained by racial differences in family income even though large math and especially vocabulary gaps remained unaccounted for even after controlling for a range of other covariates (not shown).  Taken together, the evidence implies that the PIAT reading test -- and to a lesser degree the math test -- does a poor job of making distinctions among above-average children and adolescents, and as a result, the distributions of the PIAT scores are artificially compressed.  This biases their associations with adolescent outcomes downward.  More importantly, the questionable justification for interval-scale measurement of achievement for the PIATs – and potentially the PPVT – make statistical analyses using these measures problematic.
  

To address the shortcomings of the standard scores, I took advantage of the fact that the CNLSY data includes the actual item responses for each child on the PIATs and PPVT.  This allows one to construct alternate measures of achievement using the methods of item response theory.  Item response theory (IRT) methods model responses to test items as functions of item properties and person traits.  For each item in a test, one models the probability of a correct response to the item.  From these item-level models, the probability of different response patterns across all of the test's items may be specified.  Then maximum likelihood procedures are used to conjointly estimate the item parameters for each item, the population distribution of the latent trait, and the trait level, or scale score, of each person.

Thus, I had at my disposal two separate test-score estimates – standard scores and scale scores – for each age group and each assessment that both provided a measure of the relative ranking of each child independent of the CNLSY sample.  The scale-score distributions were scaled by BILOG-MG to have population means of zero and standard deviations of one.  I standardized the standard-score distributions to also have population means of zero and standard deviations of one by subtracting the norming sample mean (100) from each score and dividing by the norming sample standard deviation (15).  I consider below the extent to which raw test scores standardized on the CNLSY sample itself provide results similar to those using the externally standardized scores.  Ultimately, the utility of any measure of achievement comes down to questions of empirical validity, which I also consider below.

I also estimate models with dependent variables other than adolescent test scores.  These include whether children repeated a grade before age thirteen or fourteen, whether they had ever been in remedial or advanced classes, whether they expected to graduate from college, and an index of the child's academic self-perception.  The latter is constructed from responses to a series of six items asking whether children feel confident about their schoolwork, whether they feel smart, whether they find it easy to learn things, and other similar questions.  I standardize the raw scores on this assessment.  Finally, I include models predicting child-reported "average grades" at age fifteen or sixteen.  The child indicates a single letter grade and can distinguish between, say, a B and a B+.  I recode this variable to a four-point grade point average.
 For information on these and other variables in my models, see the Appendix.  See Appendix Table A1 for descriptive statistics on all variables.  Appendix Table A2 and A3 provide correlation matrices.

Results


How Well Do Early Test Scores Predict Adolescent Test Scores?


Tables 1a-1d present the results of equations predicting test scores between the ages of 10 and 14 from test scores at ages 3 to 6.  To test the robustness of these correlations, I estimated several different models for each test.
  Rows 1-3 of each table use different samples and weighting decisions.  In the first row, I use the all children in the CNLSY who had both early and adolescent test scores without applying any weights.  Because the NLSY oversampled blacks and Latinos and low-income whites, the full CNLSY sample is relatively disadvantaged.  To the extent that the correlation between early and adolescent test scores varies with socioeconomic status, the estimated overall correlation will be affected.  The second row also presents unweighted estimates, but only the children of mothers from the nationally representative cross-sectional sample of the NLSY are included.  Finally, the third row uses the full CNLSY sample but applies weights to make the data nationally representative of all children born to the NLSY cohort as of 2000.  It also attempts to adjust the data for attrition of mothers and their children.  (See the appendix for details on how I constructed the weights.)


I also use several different measures of achievement, including standard and scale scores as well as scores that standardize the raw test scores using the CNLSY cross-sectional sample.  BILOG-MG estimates the reliabilities of the scale scores, so I present results before and after correcting for random measurement error.
  I refer to the standardized raw scores as “internally standardized scores”; they are simply raw scores with age-group sample means subtracted out and then expressed as a fraction of age-group sample standard deviations.  To compute the means and standard deviations, I use all CNLSY children in the cross-sectional sample in a particular age group who have valid scores both as young children and as adolescents.  While the psychometric justification for this measure is weak – it makes no distinction between the difficulty levels of particular items or the extent to which they are able to discriminate among children with different achievement levels, and the population on which they are standardized features a restricted range of raw scores – it is possible that these weaknesses are less severe than those of the standard or scale scores.  In particular, the “populations” on which the standard and scale scores are based may be problematic because of the methodological difficulties discussed above and in the appendix.


For each assessment, the results are fairly consistent across the models and test-score measures.  The evidence implies that vocabulary scores at age three or four correlate about 0.55-0.60 with vocabulary scores at ten or eleven.  For math and reading scores, the correlations between age 5/6 and age 13/14 are roughly 0.45-0.55.  Table 1d shows correlations when children’s math and reading scores are averaged together – roughly 0.55-0.65.
 

One interpretation of the magnitude of these correlations is that children with vocabulary scores, for instance, that are one standard deviation above or below the mean at age 3 or 4 will on average retain 55 to 60 percent of their relative advantage or disadvantage by age 10 or 11.  That is, such children will remain 0.55 to 0.60 standard deviations above or below the mean by the later age (on average).  Alternatively, one could say that early vocabulary scores explain thirty to thirty-six percent of the variance in later scores.

Another way to interpret the strength of the observed correlations is to compare them to empirical relationships researchers have found in other familiar areas.  One study that repeatedly measured the heights and weights of children as they aged found correlations of 0.88 for height at age four and age ten, 0.77 for height at ages six and fourteen, 0.60 for weight at ages four and ten, and 0.64 for weight at ages six and fourteen (Tuddenham and Snyder, 1954, cited in Jensen, 1980).  Researchers have also considered the ability of SAT scores and high school grades to predict college outcomes.  One study examined over 45,000 freshmen from 38 colleges who were students in the mid-1980's (Ramist et. al., 1993, cited in Camara and Echternacht, 2000).  The authors estimated the uncorrected correlation between SAT scores and freshman-year grades to be 0.36 and the correlation between high school grade point average and freshman-year grades to be 0.39.  The researchers then corrected these correlations for the restricted range of high school grades and SAT scores within a college's student body, for measurement error in freshman-year grades, and for differences in course difficulty and grading.  The corrected correlations were 0.65 using SAT scores as the predictor and 0.69 using high school GPA.  Thus the models that I estimate imply that test scores in early childhood are not quite as strongly associated with adolescent test scores as SAT scores or high school GPA are with the grades of college freshmen.  They also imply that test scores are nearly as stable during childhood as body weight, but not as stable as height.  The correlations I estimate are somewhat smaller than those found in the earlier literature on IQ and achievement stability, which tended to find correlations of around 0.70 for age ranges similar to those I have examined here.

There are few consistent patterns across the assessments in terms of the results yielded by different models and test-score measures.  The standard scores yield bigger correlations than the uncorrected scale scores on the vocabulary and reading tests but the two measure yield similar results on the math test.  The internally standardized vocabulary scores show bigger correlations than the other vocabulary measures, but the reverse is true for the math scores.  The math score correlations are lower using the full CNLSY sample without weighting, and the reading correlations are higher when using the cross-sectional sample without weights.  In the remaining analyses, I consider only models that use the full CNLSY sample with weights.  The unweighted results vary depending on whether or not I include the oversamples in the CNLSY, implying that the correlations between early and adolescent test scores differ by race/ethnicity, income, or both.  Because I am trying to produce national estimates, it makes little sense to use the unweighted full sample.  Using the weighted full sample accounts for sample attrition and boosts my sample sizes compared with the unweighted cross-sectional sample.  I estimate robust standard errors where possible to account for the fact that weighting produces correlated errors.

Rows 4 and 5 of Tables 1a-1d attempt to determine the extent to which the measured test-score stability might be attributable to stable variation in testing environments.  These models control for the interviewer’s assessment – at both the earlier age and in adolescence – of whether a child had vision, hearing, or health problems; whether there were interferences during the testing; whether the child was tested outside his or her home; whether the child’s attitude, cooperation, perseverance, or motivation were below average; whether interviewer-child rapport was worse than average; whether the child was shyer than average; and whether a child had ever prematurely stopped a CNLSY test.  Row 4 presents (weighted) correlations for the sample with valid data on these variables to indicate the extent to which this sample differs from the previous ones.  Row 5 uses the same sample but includes the controls.  It is apparent that testing conditions account for extremely little of the observed test-score stability.  Indeed, even the small reductions in the correlations’ magnitudes could be a result of controlling for child characteristics such as motivation and persistence that are inextricable from “scholastic achievement”.


How Well Do Early Test Scores Predict Other Adolescent Outcomes?

Tables 2a-2d provide estimates of the associations between early test scores and six scholastic outcomes available in the CNLSY data.  The results indicate that early test scores are significant predictors of all of these outcomes, though the strength of prediction varies noticeably.  Once again, there are few patterns in terms of which test score measures best predict outcomes.  The math scale scores always predict outcomes as well as or better than the math standard scores or internally standardized scores.  On the other hand, the reading standard scores consistently do as well as or better than the other reading measures.  Finally, the internally standardized vocabulary scores typically do better than the standard or scale scores at predicting the various outcomes.  In general, the math and reading scores (at age five or six) predict scholastic outcomes better than the vocabulary scores (which are from age three or four), and the reading scores tend to be somewhat better predictors than the math scores.

Rows 1-4 present coefficients from logistic regression models that estimate the probabilities of having repeated a grade, taken a remedial class, or taken an advanced class in school by age thirteen or fourteen and the probability that a child expected to graduate from college at those ages.  First considering grade repetition, by age thirteen or fourteen, 13.5 percent of the vocabulary sample had been held back for at least one grade.  The coefficients shown in Table 2a imply that having early vocabulary scores one standard deviation above the mean rather than at the mean lowered the probability of repeating a grade by 3.7 to 7.0 percentage points, with the scale scores yielding the biggest association.  Similarly, Tables 2b and 2c imply that being one standard deviation above the mean on math or reading scores in early childhood lowered the probability of future grade repetition by roughly 6 to 7 percentage points from a sample probability of 17 percent.  A corresponding advantage when math and reading scores are averaged lowered the probability by 7.5 to 9.2 percentage points.  None of these figures have been corrected for random measurement error.

In the vocabulary sample, 13.5 percent of thirteen- and fourteen-year-olds had been placed in a remedial class at some point in their schooling.  Having vocabulary scores at age three or four that were one standard deviation above the mean reduced the probability of such placement by 2.7 to 4.4 percentage points.  A similar advantage in math scores at age five or six was associated with a lowered probability of 6.3 to 7.0 percentage points, from a sample mean of 14.1 percent.  A one-standard deviation advantage in early reading scores yielded a benefit of 6.7 to 10.1 percentage points (from a base of 14.5 percent), and the corresponding benefit using the math/reading composite was 7.9 to 9.8 percentage points.

The associations between early test scores and placement in advanced classes were somewhat smaller.  The coefficients in Tables 2a-2c imply that young children scoring one standard deviation above the mean were more likely to subsequently be placed in an advanced class by 0.8 to 3.3 percentage points for vocabulary scores (from a mean of 15.2 percent), but the coefficients for the standard and scale scores are actually not statistically significant at conventional levels.  The additional probability of placement in an advanced class was 4.2 to 6.3 percentage points for children with high math and reading scores (from a mean of 16.5 percent).  A similar advantage in terms of averaged math and reading scores yielded an increased probability of 6.5 to 7.2 percentage points.

Having early vocabulary scores one standard deviation above the mean was associated with a 5.7 to 8.0 point increase in the probability that an adolescent expected to graduate from a four-year college or university. Since 71.4 percent of respondents in the sample told the CNLSY surveyor that they believed they would earn a college degree, the results indicate that 63 to 65 percent of students one standard deviation below the mean believed they will earn a degree compared with 77 to 79 percent of their above-average counterparts.  The relationship between early test scores and actually earning a college degree is surely stronger than these figures imply, because the CNLSY adolescents are astonishingly overly optimistic in the context of recent college-going patterns.  As of March 2002, just 29 percent of twenty-five- to thirty-year-olds had earned a bachelor’s degree (U.S. Census Bureau, 2002).  The figures for early math, reading, and math/reading composite scores are similar: 8.0 to 9.0 percentage points for math, 9.6 to 13.0 percentage points for reading, and 11.0 to 13.9 points for the composite.

Rows 5 and 6 present coefficients from OLS models and are thus more readily interpretable.  A one-standard-deviation advantage in early vocabulary scores is probably associated with being 0.18 to 0.20 standard deviations higher on a six-item index of scholastic self-perception in adolescence after correcting the test scores for random measurement error.  Thus, scores on tests that are intended as objective measures of cognitive skill in early childhood correlate modestly with one's subjective feelings about one's scholastic competence eight years later.  Furthermore, since the scale that I constructed is based on just six items and is psychometrically simplistic, it probably does a relatively poor job of distinguishing adolescents from each other.  One-standard-deviation advantages in early math and reading scores are associated with advantages of perhaps 0.25 to 0.30 standard deviations and .30 to .35 standard deviations, respectively, in adolescent scholastic self-perception.  The rough estimates for math/reading composite scores range from 0.30 to .040 standard deviations.

Finally, the CNLSY asks adolescents what their "average" grades were the last year they were in school.  While this is not equivalent to cumulative grade point average, and while it may be a quite "lumpy" measure, one might expect that early test scores would correlate highly with responses to this survey question.  The estimates in Tables 2a-2d, however, imply that being one standard deviation above the mean among test-takers in early childhood rather than one standard deviation below the mean provided an advantage in adolescence that is equivalent to getting B+ grades rather than B's (i.e., 0.24-0.48 grade points).  A four standard deviation difference in early childhood meant, at most, the difference between getting B's and getting A's.  One might think that the strength of the association is underestimated because respondents may exaggerate how high their grades are.  This source of bias appears to be small however, at least if this sample is reasonably representative and if we can believe parental reports of child GPA from national surveys.
  A probable source of the weak association is the fact that children take courses of varying difficulty, have teachers who grade differently, and attend schools with different standards.

Are the Associations of Early Test Scores With Adolescent Outcomes Similar For Different Groups of Children?

The results of Tables 1 and 2 establish that early test scores have modest to strong associations with a range of scholastic outcomes in adolescence.  Nevertheless, early test scores could be more or less valid predictors for some categories of children than these tables indicate.  To check this possibility, I re-estimated the standard-score and scale-score models with terms that interacted early test scores with sex, race/ethnicity, mother’s education, mother’s AFQT score, father’s occupational prestige, region, urbanicity, and family income.  Tables 3a-3c summarize the results when models are run separately for each test in early childhood and each covariate, predicting adolescent test scores.
  I present correlation estimates derived from the models, setting up comparisons between groups of children that are more readily interpretable than the raw coefficients where appropriate (e.g., I compare children in families with $75,000 in income to those in families with $15,000 rather than presenting the coefficient on the interaction of early test scores with the natural log of family income).
  Bold-faced correlations are statistically different from zero at a significance level of p<0.05, while italicized estimates are statistically different from zero at a level of p<0.10.  Asterisks indicate that a correlation differs from that for the reference group, with two asterisks indicating a significance level of p<0.05 and one asterisk a level of p<0.10.

The reader should not spend inordinate amounts of time examining Tables 3a-3c.  For the purposes of this paper, the most important point is that correlations for each category of children are at least moderate in size for all outcomes and all three tests.  The extent to which differences between categories of children are statistically significant, however, often depends on whether one uses the standard scores or scale scores.  Furthermore, it is unclear how to interpret instances where significant differences were found.  Correlations between early and adolescent cognitive skills may truly differ between categories of children because other factors relevant to adolescent cognitive skills are more or less important for different children.  On the other hand, unequal correlations could indicate bias of some sort in the PIATs or PPVT.  If correlations differ between two groups, then children with the same test score in early childhood will have different adolescent scores depending on the group to which they belong.  The bias may work against children from one group among low-scoring children and against children from the other group among high-scoring children.  But because, as just noted, test-score correlations can differ for reasons having nothing to do with bias, and because test-score bias can produce across-the-board between-group differences in averages without affecting correlations, differing correlations are weak evidence for test-score bias.  Finally, test-score correlations could differ between groups because of aspects of the tests themselves.  If the psychometric properties of a test are not uniform across different ranges of cognitive skills – so that, for instance, interval-scale measurement may obtain for test scores above the mean but not below the mean – then between-group correlation differences might arise simply because two groups have different cognitive-skill distributions.

These caveats aside, for both the math and reading tests, standard scores and scale scores tend to show broadly similar results in terms of how the correlations for different categories of children are ranked.  On the math PIAT, the ethnoracial difference is notable – early and adolescent scale scores correlate 0.505 for whites but just 0.259 for blacks and 0.369 for Latinos.  On the reading PIAT, the differences are notably big for children whose fathers have different occupational prestige levels, for children from different regions, and for children whose mothers are merely high school graduates rather than college graduates.  The PPVT scale-score correlation differences are large comparing children of mothers who dropped out of high school to those of college graduates, and the correlations also vary with father’s occupation.  On the other hand, there are no statistically significant differences in PPVT correlations when I instead use standard scores.  

Where correlations differ significantly, they tend to be higher for disadvantaged groups than for advantaged groups on the PPVT and reading PIAT.  Vocabulary scale scores tend to be higher in adolescence for advantaged children than for disadvantaged children who have the same vocabulary scores prior to starting school (not shown).
  The difference in trajectories is largest among children with the lowest vocabulary scores prior to school.  This implies that advantaged children with the smallest measured vocabularies pull away from their disadvantaged peers over the course of elementary schooling to a greater extent than occurs among children with large measured vocabularies.  In fact, among children who start out with the largest vocabularies, those from advantaged and disadvantaged backgrounds tend to have the same adolescent vocabulary scores.  These inferences must be heavily qualified, however, by the fact that the standard scores show no statistically significant differences in correlations across categories of children.  Patterns for reading correlations were inconsistent across different comparisons.

In contrast, correlations tend to be lower for disadvantaged groups on the math PIAT.  Children from advantaged groups tend to have higher adolescent math scores than other children who have the same math scores upon entering school (also not shown).  This difference is highest among children with relatively high scores at the start of school.  Thus, young socio-economically advantaged children with high initial math achievement scores tend to outperform disadvantaged children who also have high early math achievement scores.  This growth in inequality at the “top” outpaces the corresponding growth in inequality at the “bottom”, or in some cases simply overshadows the extent to which low-scoring disadvantaged children are able to gain on advantaged children with low early math scores.  Once again, it must be emphasized that it is not clear whether these patterns reflect different trajectories taken by advantaged and disadvantaged children at different points in the distributions of early cognitive skill or whether they simply reflect psychometric properties of the PPVT and math PIAT.

Tables 4a-4c show how associations between early test scores and grade repetition differ by child categories.  (I omit results for other scholastic outcomes due to space constraints.)  The tables present coefficients from logistic regression, which are not readily interpretable other than the direction of the signs and the extent to which estimates are statistically different from zero or from each other.  In a few cases, coefficients for a particular category of children are not statistically different from zero, but there are few consistent patterns in this regard.  There are also fewer statistically significant differences between groups.  Where there are significant differences, associations between early test scores and the probability of having repeated a grade by age thirteen or fourteen are bigger for advantaged groups, except that associations between early reading scores and grade repetition are larger for urban than suburban children.  (The same is probably true for math scores as well.)

To What Extent Can Between-Group Inequality at the Start of School Account for Between-Group Inequality in Adolescence?

The fact that cognitive inequalities persist over the course of childhood implies that some sizeable share of inequality in adolescent scholastic outcomes can be traced to inequalities present at the start of schooling.  Tables 5a-5f and 6a-6b examine this question.  Considering vocabulary scores first, the first column of Tables 5a and 5b shows the magnitude (in standard deviations) of standard-score and scale-score gaps, respectively, between different categories of ten- and eleven-year-olds.  Many of these gaps are quite large, including gaps of one standard deviation or more between whites and blacks, between children of the most- and least-educated mothers, and between children whose fathers are at opposite ends of the occupational prestige continuum.  The second column shows how this gap changes when I control for math, reading, and vocabulary scores at the start of school.  Using standard scores, between 59 and 87 percent of adolescent vocabulary-score inequality is accounted for by early cognitive inequalities for those comparisons in which adolescent test scores differed significantly between groups.  Using scale scores, 39 to 78 percent of adolescent inequality is predictable from inequalities that predate schooling.  Controlling for early test scores cannot account for any of the gap between boys and girls in adolescence because girls actually out-perform boys on the early childhood vocabulary test.

Thus, for most comparisons of adolescent groups, early cognitive inequalities account for half or more of vocabulary-score inequality seven years later.  On the other hand, it is also striking that the magnitude of the reduction in inequality between some groups depends so strongly on whether I use standard scores or scale scores.  Using standard scores, 87 percent of adolescent vocabulary inequality is accounted for by early cognitive inequalities, while just 51 percent is using scale scores.

The standard-score and scale-score results when considering adolescent math or reading scores or grade repetition are much more consistent than is the case for vocabulary scores.  Tables 5c and 5d show results for adolescent math scores.  Regardless of whether standard scores or scale scores are used, early inequalities account for between 40 and 90 percent of adolescent math-score inequalities.  Adolescent inequality between whites and Latinos is reduced by 88 percent when one controls for test scores at the start of schooling.  A caveat is that the Latino children in the CNLSY are all second-generation children born to mothers who were in the U.S. as of the end of 1978.  The standard scores and scale scores rank comparisons in nearly the same way in terms of the amount of inequality explained by early test scores.  As indicated in Tables 5e and 5f, the reading results show patterns similar to the math results.

Finally, Tables 6a and 6b provide results when inequality in grade repetition is examined.  Early cognitive inequalities account for all of the inequality in grade repetition between whites and Latinos, and when standard scores are used, they account for over half of such inequality between whites and blacks and between the children of the most- and least-educated mothers.  For all other comparisons, however, inequalities at the start of school apparently explain less than half of adolescent inequality in grade repetition.  They explain hardly any of the discrepancy in grade repetition rates between suburbs and cities.

Discussion and Conclusion.

The analyses reported above show that there are strong associations between test scores measured between the ages of three and six and scores at ages ten to fourteen.  I found correlations of roughly 0.55 to 0.60 for scores on the Peabody Picture Vocabulary Test at ages three and four and at ages ten and eleven.  Correlations between test scores at five and six years old and test scores at thirteen and fourteen years old were roughly 0.45 to 0.55 on the Peabody Individual Achievement Tests of mathematics and reading recognition.  These correlations are somewhat smaller than those found in the earlier literature, and there is evidence that the PIATs suffer from poor psychometric properties.  My attempts to correct any shortcomings by constructing scale scores appear not to have been successful (see note 13 in the methods section).  Thus, there is every reason to believe that the PIAT correlations I report are downwardly biased as indicators of the persistence of cognitive inequality.  


With that caveat in mind, I also found that early achievement levels are associated with other adolescent scholastic outcomes.  The most reliable non-test-score outcome that I examine is the probability of having repeated a grade by age thirteen or fourteen, and early test scores have quite large associations with this measure.  Being a standard deviation above the mean in cognitive skill distributions at the start of schooling lowers the probability of grade repetition in the following eight to ten years by one-third to one-half.  It also substantially reduces the probability of being placed in a remedial class and increases the probability of placement in an advanced class.  Early achievement levels correlate about 0.20 to 0.30 with a subjective assessment of one’s scholastic competence in adolescence, and they also have small associations with reported GPA and educational aspirations.  The reduced size of these latter associations reflects, in part, the poor quality of the outcome measures.  Grades in school are self-reported as a single average from the previous school year, and even an accurate GPA measure will reflect variation in grading standards across schools and teachers as well as differences in course difficulties.  The adolescents in the CNLSY are far too optimistic about their chances of getting a college degree, and the scholastic self-perception scale that I constructed is not particularly sensitive, being a summary of responses to just six questions.  


The methodological difficulties in assessing whether these associations vary across different categories of children are considerable.  Nevertheless, I found that associations were almost universally at least modest in size.  In general there were few large differences across groups, and such differences often were confined to one measure of achievement or another.

Finally, there are large inequalities between many categories of children in adolescence.  Cognitive inequalities are particularly large between black and white children, between children of the most- and least-educated mothers, and between children with fathers at opposite ends of the occupational prestige distribution.  Controlling for the cognitive skills that children possess at the start of school, however, reduces adolescent gaps by at least half in most cases.  It often reduces them by well over half and sometimes accounts for nearly the entire gap.  

Policy Implications

Americans are increasingly dissatisfied with the state of the nation’s schools.  The “No Child Left Behind Act”, signed into law by President Bush in 2001, addresses these concerns by requiring schools to meet annual targets on achievement tests administered to their students.  Repeated failure to meet these targets will require school districts to allow children the option to attend alternate public schools or lose federal Title I funds.  In order to meet the targets, schools will have to focus disproportionately on improving the performances of children with the lowest achievement levels and from the most disadvantaged backgrounds.  This is true because NCLB requires that states work toward the goal of having all students perform up to a defined level of proficiency by the end of the 2013-2014 school year.  

The most efficient way to meet NCLB’s proficiency requirements will be either to reduce cognitive inequalities that exist before children begin school or to reduce the associations between initial achievement levels and later outcomes.  The first strategy calls for expanded early childhood education programs, such as Head Start or pre-kindergarten programs.  Such programs might be universalized in some way, or might be targeted toward disadvantaged children.  Evidence suggests, however, that many of the benefits of compensatory preschool programs dissipate within several years, as they are swamped by the disadvantages that initially necessitated the programs (Currie and Thomas, 1995; Barnett, 1992). 

The second strategy, reducing associations between initial and adolescent achievement, can also be achieved through compensatory or universal policies.  The former might involve redistributing teacher quality among students, redistributing resources among schools, or providing remedial summer learning opportunities.  Universal programs, however, can also attenuate the link between early and later achievement levels.  Research has shown, for example, that disadvantaged students fall behind other students more during the summer months than during the school year (Entwisle and Alexander, 1992).  Shifting to year-round schooling, then, might prevent this differential “summer slide” promote more equal scholastic outcomes.

Indeed, contra Scovronick and Hochschild (2003), the question of the stability of cognitive inequalities is not simply a matter of conflicting interests between socioeconomically advantaged and disadvantaged groups.  In the CNLSY data, roughly half the inequality in early math and reading achievement and 35 to 40 percent of inequality in early vocabulary achievement occurs within families.  The fact that children retain half of whatever disadvantage they bring with them to school even eight years later should be of concern even to parents who are able to provide their children with a range of advantages.

Or perhaps it should not be of concern to anyone.  For in order to make an assessment of whether the degree of stability in inequality found here is substantively large, we would need some basis for determining how much it is possible to reduce these associations.  Reliable historical data is unavailable.  It should be possible to compare the stability of cognitive inequalities in countries with varied educational systems, though I am unaware of any datasets that would currently allow for such an analysis.  Ideally, one might perform the analyses conducted here using educational data from Israeli kibbutzim, in which children are communally reared and schooled.

This question aside, the alteration of scholastic achievement levels via public education is one of the most important ways that a society attempts to affect the distribution of human capital.  We make no explicit effort to homogenize personality traits or tastes, and we make little effort to train or re-train adult workers.  Just because most variation in adult educational, economic, and social outcomes has to do with factors that are poorly understood or resist alteration, it does not follow that we should give up on improving or equalizing scholastic achievement levels.  Indeed, despite the strong to modest correlations between child achievement and adolescent outcomes, schools could very well have an equalizing effect on opportunity if the counterfactual involves the absence of publicly provided schooling. Even if achievement gaps fail to disappear or widen during schooling, it does not follow that the children falling behind would be better off if we left teaching entirely to parents.

Test-score stability increases as children age, and if stability of scholastic achievement does as well, it may be easier to alter the distribution of achievement when children are young.  Furthermore, the variance of scholastic achievement is likely to increase as children age, since much learning is cumulative.  Being one standard deviation behind as a five-year-old presumably involves a much smaller absolute disadvantage than being one standard deviation behind as a fourteen-year-old.  Thus, producing more-equal scholastic outcomes in an absolute sense is also likely to be easier if we attenuate the link between initial and later inequality as early on as we can.  The new educational landscape ushered in by No Child Left Behind may provide an opportunity for generating the public will to do just that.

Methodological Appendix

Assessment Scoring Procedures

Both the PPVT and the PIAT tests use somewhat complex procedures to arrive at a final score.  Items are ranked in order of average difficulty, and the first item examinees receive depends on either their age or their score on one of the previous assessments.  Examinees answer more or less difficult items as necessary until a "basal" of five consecutive correct items is established (eight in the PPVT).  Examinees then answer items in increasing order of difficulty until a "ceiling" is established.  The ceiling is a string of seven consecutive items, of which the examinee fails five (six out of eight in the PPVT).  An individual's score is the item number at the most difficult end of the ceiling, minus the number of incorrect responses between the extremes of the basal and ceiling.  This scoring method implicitly assumes that had the examinee been given any of the items that were easier than the basal items, she would have answered them correctly and that had she received any items more difficult than the ceiling, she would have failed them.  The reliability of the tests suffers when examinees make mistakes or guess correctly, when difficulty levels vary across people, and when the CNLSY interviewers make mistakes in administration or scoring.

Item Response Theory Methods

In IRT modeling, the probability of a response on one item is independent of the probability of a response on any other item except via the item parameters and trait parameters included in the model.  This is the condition of “local independence”, which is not an assumption to be tested, but rather defines the latent trait estimates as measures of the unobservable variable (or mix of such variables) that the test items measure in common.  Latent traits are analogous to factors in classical test score theory, and as with factor analysis, it is important to consider the dimensionality behind observed test score data.  If one estimates a single-trait IRT model when item responses in fact depend on multiple traits, then the resulting IRT scores will obscure the multiple dimensions underlying test performance.  In this case, a multidimensional model should be estimated, with scores reported on multiple traits for each examinee.  All of this is to say that if one purports to measure a one-dimensional construct such as “mathematics achievement”, one’s measure becomes less interpretable to the extent that a single latent trait fails to dominate other traits.

Researchers have traditionally specified either a logistic function or a normal ogive function (i.e., a logit or probit model) to relate item response to trait levels.  If one graphs the probability of answering a particular item correctly by the total score on a test, the empirical relationship is often, in fact, roughly S-shaped.  In IRT modeling, researchers typically specify one, two, or three item parameters.  The one-parameter model includes only item difficulty levels in the model.  A test item's difficulty level indicates the location of the curve relating trait level to response probability along the trait level (X) axis.  The two-parameter model adds item discrimination, or the sensitivity of item response to a person's trait level (the slope of the function).  Finally, the three-parameter model adds a guessing parameter that raises the probability of a correct response for persons with low trait levels.  When a test is in a multiple-choice format, guessing will keep the probability of a correct response above what it otherwise would be, raising the lower asymptote of the item response function.

To the extent that the data (both items and examinees) fit one’s model, the trait estimates that result from maximum likelihood estimation of the model are independent of the particular items administered or the particular pool of examinees.  The only consideration in sampling test items from the hypothetical domain of possible items, other than their fit to a model, is that the larger the variance in the item parameters and the more items included in a test, the more precise will be the estimates of the underlying trait(s).
  This invariance of trait estimates with respect to the items sampled is the basis of computerized adaptive testing -- used, for example, to administer the Graduate Record Examination (GRE) -- in which different examinees receive different test questions depending on their pattern of responses.

Scale scores provide a stronger basis than standard scores for justifying that interval scale measurement of the latent trait has been achieved.  The expected difference in performance on any given test item between individuals with different trait levels is proportional to the difference in their trait levels.  That is, a given difference in trait levels implies the same difference in performance on an item, regardless of the magnitude of the particular trait levels.  The actual values of the trait estimates are somewhat arbitrary, but they are on the same scale as the item difficulties.  A person with a trait estimate of 2.0 will have a fifty percent chance of correctly answering an item with a difficulty of 2.0 (greater than fifty percent when a guessing parameter is included).  Of course, all of these advantages of IRT methods depend on the specified model adequately fitting the data.  The nature of the “trait” being measured depends on the adequacy of one’s model.  Scale scores from IRT modeling are not without their own methodological problems, but they provide an alternative measure of “achievement” to use as a check against the standard-score results.

I used the IRT software BILOG-MG (Zimowski et. al., 1996) to estimate scale scores for the children in the CNLSY.  It was first necessary to recode item responses in the test data.  The PIATs and PPVT are designed so that test items are progressively more difficult, and children generally do not receive the same sets of test items (see the first section of this appendix).  The implicit assumption of the administration and scoring procedures is that if children were to answer every item on the test, they would correctly answer all items that are easier on average than those they receive and would incorrectly answer all items that are more difficult on average than those received.  For each examinee, I recoded test items that were not administered to the child in line with these assumptions. 

I then exported the item response data to BILOG-MG and examined the imputation patterns for each age group and each test.  BILOG-MG requires that each child receive the same test items (or that groups of children receive a small number of different tests that have overlapping items).  Because using the full PIATs and PPVT would involve substantial imputations of correct or incorrect responses on the easiest and most difficult items, I decided to define a common “test” for each age group and each assessment by restricting my analyses to a fixed set of test items.  In each case, I selected the set of items for which no more than fifty percent of examinees had imputed responses.  This criterion tended to yield “tests” of roughly the same length across age groups and assessments and produced sets of items that fit the data fairly well.

Next, I conducted IRT modeling separately for each age group and assessment, using models with guessing for the math and vocabulary tests (which were multiple choice), and models without guessing for the reading recognition test (which was scored as either correct or incorrect by the interviewer based on the child’s verbal response).  I examined the reported chi-square statistics for each item to remove poor-fitting items from my “test”, removing the smallest number of the poorest-fitting items as I needed to in order to yield a “test” with the best-fitting items.  I also confirmed that the maximum likelihood estimation converged in each case.  Finally, I exported the reported trait estimates for each person back to Stata 7 (Stata Corporation, 2002).

Model Specification.
  Let ui be an examinee's response to item i such that ui=1 if the item is correctly answered and ui=0 if the item is failed.  Assume for the moment that a single latent trait -- scholastic achievement -- can adequately explain variation in item response.  Let ( denote an individual's (unobserved) level of scholastic achievement and P(xi =1|() denote the conditional probability of a correct response to item i.  Assume that every individual has a specific proficiency Yi for a test item i that is a linear function of her general scholastic achievement ( and a Gaussian error term ( specific to the item.  Conditional on (, Yi is normally distributed with mean (i|( and variance (2i|(.  Finally, assume that a constant threshold level (i is associated with proficiency on an item such that xi =1 if Yi ((i and xi =0 if Yi <(i.  In other words, an examinee correctly answers an item if her proficiency on an item equals or exceeds a fixed threshold level.  It follows that the probability of a correct response to item i, conditional on ( is
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This expression can be restated in terms of item difficulty (bi) and discrimination (ai) by expressing the item parameters as  

    and  



    so that 

zi(() = ai((-bi).  Item difficulty thus refers to the magnitude of the threshold for passing an item while item discrimination relates to the rate of change in the probability of a correct response as ( increases.  Conventionally, zi(() is often expressed as ci + ai( , with ci = -aibi  (called the intercept parameter).
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This model is easily extended to incorporate multiple trait parameters.  In the multidimensional case, proficiency Yi is a linear combination of latent traits (1,...,(M -- each with weight (im -- and an error term (i.  The model is compensatory -- high levels of one trait may make up for deficiencies in another.    When all variables are standardized normal and (i is again assumed to be normally distributed, the multidimensional three-parameter model is
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where 


   , and (i is once again the threshold for proficiency Yi.  Using the item parameter notation and the three-parameter model, the multidimensional analog of Equation 3 is

(Eq. 5)
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There are as many discrimination parameters as trait dimensions but only a single intercept.  If Equation 5 gives the conditional probability of a correct response to item i, the conditional probability of an incorrect response P(xi =0|() is simply 1-P(xi =1|(), or

(Eq. 6)


By the condition of local independence, the conditional probability of any response pattern xj =(x1, x2,..., xI) is then
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Because both item parameters and trait levels are unobserved, specialized methods are required in order to obtain stable estimates of the trait levels.  The computational procedure involves marginal maximum likelihood (MML) estimation of the item parameters, followed by expected a posteriori (EAP) estimation of the latent trait levels.  MML involves a two-stage iterative procedure.  In the expectation stage, the expected number of persons at various “quadrature points” (locations in the distribution of the latent trait) and the expected number of persons passing each item are computed, using provisional estimates of ci and ai.  Then, in the maximization stage, these expectations are inserted into the likelihood equations to improve the estimates of ci and ai.  The process is repeated until the results converge, and a Newton-Gauss procedure is used to obtain the final item parameter estimates and standard errors.  The procedure estimates the mean trait level and standard deviation of the population from which examinees are sampled along with the item parameters.

The MML item parameter estimates are then used to estimate the values of the trait levels for each person.  EAP estimation uses the prior distribution estimated from MML.  Unlike MML, EAP is noniterative and involves the maximization of the posterior distribution rather than the data likelihood.

Construction of Sample Weights

The CNLSY includes cross-sectional weights that make the cumulative data release representative of children born to the cohorts from which the NLSY women were sampled, adjusting for sample attrition among the mothers and the children.  That is, the weights inflate, say, the number of three-year-olds in the 2000 data to be nationally representative of births to the NLSY cohorts.  Since I am using the data longitudinally, however – including three-year-olds from 1986, from 1988, and from all other survey years – the provided weights do not apply to my samples.  To construct weights for these analyses, I began with the sample weights for each survey wave.  In each wave, weights are equal to the mother’s weight in the 1979 survey wave multiplied by an adjustment factor based on child age, sex, and subsample (e.g., white cross-sectional sample, Hispanic military sample, black supplemental sample, etc.).  After first restructuring my data so that each observation represented a unique child/survey-wave combination, I obtained the adjustment factors by dividing the mother’s 1979 weight by a child’s weight for a given survey wave.  I then multiplied each child’s weight by the number of observations in the relevant survey-age-sex-subsample cell and summed these products to obtain the population size represented by the cell sample.  Next, I computed the average adjustment factor for each age-sex-subsample cell, weighted by the survey wave’s share of the overall age-sex-subsample population.  I then multiplied the 1979 mother weight by this new adjustment factor.  Finally, I recoded all weights to zero if the original child weight in a survey year was zero, indicating that a child was not interviewed in that year.  By restructuring the data again so that each observation represented a unique child, I had new weights for one or more survey years for each child, and I could easily convert these to age-specific weights.  In the analyses, I use weights that adjust the sample based on the child age rather than adolescent age, though my experimentation indicated that the results were insensitive to this decision.

Detailed Information on Variables

None of my non-test-score outcomes were available until the 1988 survey wave.  My grade repetition, remedial class placement, and advanced class placement variables are mother-reported, while the college expectation, scholastic self-perception, and GPA variables are child-reported.  Remedial and advanced class placement were unavailable in 2000.  GPA was unavailable until 1994.  All of these variables are measured at age thirteen or fourteen, except that GPA is measured at fifteen or sixteen.  The self-perception score is an age-standardized measure (using the unweighted cross-sectional sample mean and standard deviation) that is based on the number of affirmative answers to a six-question battery related to academic self-perception and confidence.

The race/ethnicity variable reflects whether the mother is black, Hispanic, or other (“white” in the analyses above), based on an interviewer’s subjective assessment in 1978, the mother’s surname, and her self-reported ethnic background.  As of 1994, children are asked to self-report their ethnoracial identity in the first survey year in which they will turn or have already turned fifteen years old.  Unfortunately, this variable was unavailable for much of my sample.

Mother’s educational attainment is measured as of 2000.  Mothers were between the ages of 35 and 52 as of December 31, 1999.

Mother’s AFQT score is a version of her score on the Armed Forces Qualification Test from 1980, when mothers were 15 to 22 years old.  The AFQT is used by the Armed Forces for placement decisions.  The official AFQT score is a linear combination of three standard scores – a verbal score (standardized after summing raw scores on tests of paragraph comprehension and word knowledge), a mathematics knowledge score, and an arithmetic reasoning score.  The AFQT is then expressed as a percentile score.  The version that I use in these analyses follows Herrnstein and Murray (1994).  I first truncated verbal, math, and arithmetic raw scores so that no one’s score exceeded three standard deviations above or below the means.  I then age-standardized each raw score using all examinees (including NLSY men) except those with nonstandard testing conditions.  I multiplied the verbal standard score by two and added the math and arithmetic standard scores.  I then normalized this composite score by converting to percentiles and assigning the z score corresponding to the percentile.  Finally, I truncated the scores so that no one’s score exceeded three standard deviations above or below the mean.  This version of AFQT was found by Herrnstein and Murray to correlate strongly with IQ tests taken by some NLSY participants years before the survey.

Father’s occupational prestige scores are taken from the General Social Survey.
  I downloaded variables representing 1970 census occupational codes and prestige scores constructed from 1970 occupational patterns.  I then merged this data to the NLSY data, linking on the 1970 census code variable.  In my analyses, the prestige score represents the maximum occupational prestige score recorded for the spouse of a child’s mother.

I also constructed my own family income measure.  I started with the NLSY "net family income" variable, which is itself constructed from nineteen different income questions.  If the response to any of these nineteen questions was missing or invalid, the variable is missing.  Even more problematic, the individual categories are top-coded, and the top-coding policies changed over the course of the survey.  The income of non-marital partners is excluded from this measure, and it is based on a woman's parental household in survey waves in which she lived at home.

I did not attempt to remove any of these inconsistencies, but I use as my measure the average of the reported incomes from the five years preceding the year a child took a test.  I first adjust all income to constant 2001 dollars, using the CPI-U-RS.  I then apply a common top-code equal to 1.5 times the lowest top-code for any survey year (equivalent to $189,000) and a bottom-code of $5,000.  After averaging the non-missing income values, I compute the natural log of income.  I recoded family income to missing if more than three of the five years had missing income data.

All covariates that are not constant over time are measured in the same year as the early test scores, except for mother's educational attainment.  I considered including in my models dummies for the year in which a child was assessed, but decided that any effect related to the survey would be confounded with the changing composition of the CNLSY sample as it grows more representative over time.  Finally, I drop all cases with missing values from my analyses.
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Figure 1a.  Distribution of Age 5 Math Scores

[image: image47.emf]Table A2.  Pairwise Correlation Matrix Including Early Math, Reading, and Composite Scores

(11) (12) (13) (14) (15) (16) (17) (18) (19) (20)

11 Mom Dropped Out of High School 1.000

12 Mom Graduated From High School -0.413 1.000

13 Mom Attended Some College -0.321 -0.426 1.000

14 Mom Graduated From College -0.243 -0.323 -0.251 1.000

15 Mother AFQT Score -0.467 -0.100 0.145 0.494 1.000

16 Father Occupational Prestige (0-100) -0.252 -0.099 0.060 0.331 0.379 1.000

17 Lived in Northeast at 5/6 -0.032 0.021 -0.007 0.015 0.075 0.029 1.000

18 Lived in North Central at 5/6 -0.055 0.033 -0.016 0.035 0.118 -0.035 -0.257 1.000

19 Lived in South at 5/6 0.023 -0.009 0.003 -0.017 -0.132 0.011 -0.350 -0.472 1.000

20 Lived in West at 5/6 0.061 -0.045 0.021 -0.032 -0.037 -0.002 -0.213 -0.287 -0.390 1.000

21 Lived in City at 5/6 0.0966 -0.0689 0.0497 -0.0726 -0.1882 -0.0828 0.1637 -0.0095 -0.0594 -0.0685

22 Lived in Suburb at 5/6 -0.1329 -0.0064 -0.0034 0.1524 0.2174 0.1611 0.0263 -0.0365 -0.105 0.1496

23 Lived in Rural Area at 5/6 0.0588 0.0721 -0.0429 -0.1034 -0.0689 -0.105 -0.179 0.049 0.1704 -0.1024

24 Ln(Family Income) at 5/6 -0.3416 -0.0361 0.1471 0.3103 0.5238 0.4264 0.0597 -0.0064 -0.0908 0.0669

(21) (22) (23) (24)

21 Lived in City at 5/6 1.000

22 Lived in Suburb at 5/6 -0.522 1.000

23 Lived in Rural Area at 5/6 -0.339 -0.626 1.000

24 Ln(Family Income) at 5/6 -0.154 0.294 -0.179 1.000


Figure 1b. Distribution of Age 6 Math Scores
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Figure 1c. Distribution of Age 5 Reading Scores

[image: image3.wmf]Fraction

5 rrcstd

-2.33333

2.33333

0

.083231


Figure 1d. Distribution of Age 6 Reading Scores
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Figure 1e. Distribution of Age 3 Vocabulary Scores
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Figure 1f. Distribution of Age 4 Vocabulary Scores

[image: image6.wmf]Fraction

4 vostd

-5.33333

3.66667

0

.082822


Figure 2a. Distribution of Age 13 Math Standard Scores

[image: image7.wmf]Fraction

13 matstd

-2.33333

2.33333

0

.069154


Figure 2b. Distribution of Age 14 Math Standard Scores
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Figure 2c. Distribution of Age 13 Reading Standard Scores
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Figure 2d. Distribution of Age 14 Reading Standard Scores
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Figure 2e. Distribution of Age 10 Vocabulary Standard Scores
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Figure 2f. Distribution of Age 11 Vocabulary Standard Scores
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[image: image25.emf]Table 1a.  Stability of Vocabulary Test Scores, Age 3/4 to 10/11

OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Full Sample, Unweighted 0.560 0.538 0.572 0.642

(0.016) (0.023) (0.017) (0.019)

2 X-Sectional Sample, Unweighted 0.555 0.532 0.566 0.596

(0.022) (0.033) (0.020) (0.025)

3 Full Sample, Weighted 0.560 0.524 0.557 0.586

(0.018) (0.024) (0.016) (0.022)

4 No Testing Conditions Var.'s Missing 0.555 0.511 0.543 0.580

(0.019) (0.024) (0.016) (0.022)

5 Controlling for Testing Conditions 0.536 0.485 0.520 0.557

(0.019) (0.023) (0.017) (0.022)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 3/4 scores is 0.94 -- estimated by BILOG-MG.  Sample sizes range from 1,547 to 2,501.

Table 1b.  Stability of Math Test Scores, Age 5/6 to 13/14

OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Full Sample, Unweighted 0.436 0.417 0.474 0.422

(0.021) (0.026) (0.025) (0.025)

2 X-Sectional Sample, Unweighted 0.467 0.493 0.560 0.440

(0.028) (0.035) (0.033) (0.031)

3 Full Sample, Weighted 0.478 0.485 0.551 0.446

(0.026) (0.030) (0.026) (0.026)

4 No Testing Conditions Var.'s Missing 0.486 0.487 0.553 0.449

(0.026) (0.031) (0.027) (0.026)

5 Controlling for Testing Conditions 0.460 0.457 0.523 0.422

(0.026) (0.031) (0.028) (0.026)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 5/6 scores is 0.88 -- estimated by BILOG-MG.  Sample sizes range from 1,168 to 1,985.


[image: image26.emf]Table 1c.  Stability of Reading Test Scores, Age 5/6 to 13/14

OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Full Sample, Unweighted 0.538 0.450 0.484 0.450

(0.029) (0.023) (0.023) (0.026)

2 X-Sectional Sample, Unweighted 0.565 0.462 0.497 0.459

(0.036) (0.029) (0.028) (0.035)

3 Full Sample, Weighted 0.524 0.435 0.468 0.412

(0.034) (0.027) (0.023) (0.029)

4 No Testing Conditions Var.'s Missing 0.525 0.432 0.465 0.409

(0.035) (0.028) (0.023) (0.030)

5 Controlling for Testing Conditions 0.490 0.406 0.439 0.381

(0.036) (0.028) (0.024) (0.030)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 5/6 scores is 0.93 -- estimated by BILOG-MG.  Sample sizes range from 1,074 to 1,829.

Table 1d.  Stability of Math/Reading Composite Test Scores, Age 5/6 to 13/14

OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Full Sample, Unweighted 0.615 0.521 0.548 0.530

(0.025) (0.023) (0.023) (0.024)

2 X-Sectional Sample, Unweighted 0.644 0.578 0.608 0.544

(0.030) (0.028) (0.028) (0.030)

3 Full Sample, Weighted 0.640 0.555 0.584 0.524

(0.028) (0.026) (0.023) (0.026)

4 No Testing Conditions Var.'s Missing 0.641 0.550 0.579 0.519

(0.029) (0.027) (0.024) (0.026)

5 Controlling for Testing Conditions 0.607 0.521 0.551 0.486

(0.030) (0.028) (0.024) (0.026)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 5/6 scores is 0.93 -- estimated by BILOG-MG.  Sample sizes range from 1,074 to 1,829.


[image: image27.emf]Table 2a.  Association Between Early Vocabulary Scores and Scholastic Outcomes

Logit and OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Grade Repetition, Age 13/14 -0.616 -0.754 -0.865

(0.063) (0.074) (0.106)

2 Been in Remedial Class, 13/14 -0.313 -0.428 -0.459

(0.068) (0.089) (0.113)

3 Been in Advanced Class, 13/14 0.154 0.065 0.237

(0.088) (0.126) (0.109)

4 Expects to Attend College, 13/14 0.334 0.360 0.444

(0.046) (0.068) (0.066)

5 Scholastic Self-Perception, 13/14 0.154 0.174 0.185 0.195

(0.024) (0.036) (0.034) (0.035)

6 GPA, 15/16 0.130 0.139 0.147 0.167

(0.024) (0.041) (0.038) (0.031)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 3/4 scores is 0.94 -- estimated by BILOG-MG.  Sample sizes range from 848 to 1,619.

Rows 1-4 are logit models, rows 5 and 6 are OLS models.

Table 2b.  Association Between Early Math Scores and Scholastic Outcomes

Logit and OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Grade Repetition, Age 13/14 -0.590 -0.549 -0.538

(0.079) (0.072) (0.089)

2 Been in Remedial Class, 13/14 -0.760 -0.791 -0.797

(0.103) (0.095) (0.133)

3 Been in Advanced Class, 13/14 0.293 0.290 0.316

(0.107) (0.126) (0.087)

4 Expects to Attend College, 13/14 0.468 0.469 0.427

(0.063) (0.065) (0.067)

5 Scholastic Self-Perception, 13/14 0.059 0.071 0.081 0.047

(0.018) (0.022) (0.021) (0.017)

6 GPA, 15/16 0.157 0.156 0.178 0.127

(0.035) (0.035) (0.033) (0.029)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 5/6 scores is 0.88 -- estimated by BILOG-MG.  Sample sizes range from 1,355 to 2,389.

Rows 1-4 are logit models, rows 5 and 6 are OLS models.


[image: image28.emf]Table 2c.  Association Between Early Reading Scores and Scholastic Outcomes

Logit and OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Grade Repetition, Age 13/14 -0.583 -0.513 -0.507

(0.087) (0.075) (0.083)

2 Been in Remedial Class, 13/14 -1.029 -0.809 -0.907

(0.117) (0.094) (0.106)

3 Been in Advanced Class, 13/14 0.436 0.417 0.363

(0.117) (0.106) (0.089)

4 Expects to Attend College, 13/14 0.662 0.557 0.518

(0.077) (0.067) (0.080)

5 Scholastic Self-Perception, 13/14 0.069 0.059 0.064 0.064

(0.019) (0.018) (0.016) (0.016)

6 GPA, 15/16 0.191 0.165 0.178 0.119

(0.034) (0.029) (0.025) (0.025)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 5/6 scores is 0.93 -- estimated by BILOG-MG.  Sample sizes range from 1,313 to 2,303.

Rows 1-4 are logit models, rows 5 and 6 are OLS models.

Table 2d.  Association Between Early Math/Reading Composite Scores and Scholastic Outcomes

Logit and OLS coefficients (standard errors)

Standard Scale Scale Scores Internally

Scores Scores (Corrected) Standardized

1 Grade Repetition, Age 13/14 -0.846 -0.731 -0.726

(0.098) (0.082) (0.096)

2 Been in Remedial Class, 13/14 -1.223 -1.072 -1.141

(0.124) (0.110) (0.133)

3 Been in Advanced Class, 13/14 0.462 0.475 0.426

(0.136) (0.139) (0.105)

4 Expects to Attend College, 13/14 0.752 0.674 0.605

(0.082) (0.076) (0.085)

5 Scholastic Self-Perception, 13/14 0.092 0.090 0.095 0.078

(0.022) (0.022) (0.020) (0.019)

6 GPA, 15/16 0.239 0.217 0.228 0.156

(0.042) (0.037) (0.032) (0.031)

Notes: Bold-faced coefficients indicate statistical significance at p<0.05.  Standard errors have been

adjusted for clustering of children within households in the uncorrected models only.  The reliability

used for the age 5/6 scores is 0.93 -- estimated by BILOG-MG.  Sample sizes range from 1,310 to 2,303.

Rows 1-4 are logit models, rows 5 and 6 are OLS models.


[image: image29.emf]Table 3a.  Stability of Vocabulary Test Scores By Categories of Children, Age 3/4 to 10/11

OLS coefficients (standard errors)

Standard Scale Standard Scale

Scores Scores Scores Scores

Sex Father's Occupational Prestige

Child is a Girl (Reference Category) 0.579 0.541 Father Occ. Prestige = 20 (1-100) 0.557 0.620

(0.026) (0.033) (0.042) (0.051)

Child is a Boy 0.547 0.509 Father Occ. Prestige = 80 0.460 0.269**

(0.026) (0.034) (0.050) (0.059)

Race/Ethnicity Region

White (Reference Category) 0.499 0.399 Northeast (Reference Category) 0.582 0.373

(0.029) (0.039) (0.108) (0.088)

Black 0.471 0.399 North Central 0.455 0.449

(0.037) (0.044) (0.059) (0.047)

Latino 0.481 0.465 South 0.603 0.435

(0.034) (0.043) (0.055) (0.054)

West 0.478 0.392

Mother's Education (0.070) (0.058)

Mother < Twelve Years of Educ. 0.530 0.578**

(0.035) (0.052) Urbanicity

Mother has Twelve Years of Educ. 0.513 0.515** Suburban (Reference Category) 0.545 0.434

(0.032) (0.039) (0.063) (0.053)

Mom has Some College Education 0.461 0.388** Central City 0.602 0.429

(0.036) (0.041) (0.095) (0.093)

Mom has College Degree (Ref. Cat.) 0.487 0.249 Rural 0.445 0.441

(0.059) (0.056) (0.058) (0.071)

Mother's AFQT Score Family Income

Mother has Average AFQT Score 0.427 0.340 Income $15,000 0.500 0.486

(0.023) (0.026) (0.030) (0.033)

Mother AFQT 1 SD Above Ave. 0.431 0.248** Income $75,000 0.477 0.349**

(0.035) (0.039) (0.036) (0.040)

Notes: All regression models use weights and the full CNLSY sample.  Bold typeface indicates coefficient is statistically different from zero at a significance level of

p<0.05.  Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Asterisks indicate that the coefficient is statistically different

from the reference category at a significance level of p<0.05 (double asterisks) or p<0.10 (single asterisk).  No scores have been corrected for random measurement

error.  Standard errors have been adjusted for clustering of children within households.  Sample sizes range from 640 to 2,501.  R-squared ranges from 0.25 to 0.44.



[image: image30.emf]Table 3b.  Stability of Math Test Scores By Categories of Children, Age 5/6 to 13/14

OLS coefficients (standard errors)

Standard Scale Standard Scale

Scores Scores Scores Scores

Sex Father's Occupational Prestige

Child is a Girl (Reference Category) 0.445 0.435 Father Occ. Prestige = 20 (1-100) 0.427 0.381

(0.039) (0.041) (0.065) (0.076)

Child is a Boy 0.505 0.529* Father Occ. Prestige = 80 0.460 0.573

(0.034) (0.042) (0.082) (0.106)

Race/Ethnicity Region

White (Reference Category) 0.469 0.505 Northeast (Reference Category) 0.351 0.421

(0.034) (0.042) (0.068) (0.149)

Black 0.267** 0.259** North Central 0.415 0.454

(0.040) (0.055) (0.054) (0.079)

Latino 0.411 0.369** South 0.377 0.380

(0.050) (0.053) (0.049) (0.069)

West 0.420 0.486

Mother's Education (0.078) (0.089)

Mother < Twelve Years of Educ. 0.317** 0.355*

(0.046) (0.059) Urbanicity

Mother has Twelve Years of Educ. 0.417* 0.444 Suburban (Reference Category) 0.404 0.463

(0.040) (0.045) (0.062) (0.087)

Mom has Some College Education 0.426 0.471 Central City 0.353 0.317

(0.049) (0.087) (0.068) (0.095)

Mom has College Degree (Ref. Cat.) 0.584 0.498 Rural 0.379 0.382

(0.087) (0.061) (0.051) (0.072)

Mother's AFQT Score Family Income

Mother has Average AFQT Score 0.393 0.412 Income $15,000 0.370 0.390

(0.033) (0.037) (0.040) (0.041)

Mother AFQT 1 SD Above Ave. 0.477** 0.492** Income $75,000 0.488* 0.460

(0.056) (0.057) (0.049) (0.057)

Notes: All regression models use weights and the full CNLSY sample.  Bold typeface indicates coefficient is statistically different from zero at a significance level of

p<0.05.  Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Asterisks indicate that the coefficient is statistically different

from the reference category at a significance level of p<0.05 (double asterisks) or p<0.10 (single asterisk).  No scores have been corrected for random measurement

error.  Standard errors have been adjusted for clustering of children within households.  Sample sizes range from 708 to 1,985.  R-squared ranges from 0.14 to 0.32.



[image: image31.emf]Table 3c.  Stability of Reading Test Scores By Categories of Children, Age 5/6 to 13/14

OLS coefficients (standard errors)

Standard Scale Standard Scale

Scores Scores Scores Scores

Sex Father's Occupational Prestige

Child is a Girl (Reference Category) 0.413 0.379 Father Occ. Prestige = 20 (1-100) 0.627 0.512

(0.049) (0.040) (0.078) (0.063)

Child is a Boy 0.612** 0.475* Father Occ. Prestige = 80 0.280** 0.241**

(0.044) (0.036) (0.087) (0.075)

Race/Ethnicity Region

White (Reference Category) 0.496 0.401 Northeast (Reference Category) 0.325 0.200

(0.044) (0.035) (0.104) (0.080)

Black 0.531 0.499* North Central 0.438 0.479**

(0.047) (0.042) (0.086) (0.078)

Latino 0.586 0.438 South 0.474 0.484**

(0.066) (0.052) (0.059) (0.052)

West 0.663** 0.615**

Mother's Education (0.081) (0.079)

Mother < Twelve Years of Educ. 0.409 0.385

(0.076) (0.068) Urbanicity

Mother has Twelve Years of Educ. 0.573** 0.463** Suburban (Reference Category) 0.538 0.523

(0.059) (0.042) (0.066) (0.065)

Mom has Some College Education 0.383 0.280 Central City 0.494 0.481

(0.075) (0.063) (0.100) (0.081)

Mom has College Degree (Ref. Cat.) 0.253 0.246 Rural 0.573 0.594

(0.084) (0.057) (0.076) (0.063)

Mother's AFQT Score Family Income

Mother has Average AFQT Score 0.413 0.332 Income $15,000 0.529 0.461

(0.037) (0.029) (0.055) (0.043)

Mother AFQT 1 SD Above Ave. 0.355** 0.284** Income $75,000 0.448 0.318**

(0.052) (0.041) (0.057) (0.048)

Notes: All regression models use weights and the full CNLSY sample.  Bold typeface indicates coefficient is statistically different from zero at a significance level of

p<0.05.  Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Asterisks indicate that the coefficient is statistically different

from the reference category at a significance level of p<0.05 (double asterisks) or p<0.10 (single asterisk).  No scores have been corrected for random measurement

error.  Standard errors have been adjusted for clustering of children within households.  Sample sizes range from 642 to 1,829.  R-squared ranges from 0.18 to 0.30.



[image: image32.emf]Table 4a.  Association Between Early Vocabulary Test Scores and Grade Repetition at Age 13/14, by Categories of Children

Logistic regression coefficients (standard errors)

Standard Scale Standard Scale

Scores Scores Scores Scores

Sex Father's Occupational Prestige

Child is a Girl (Reference Category) -0.649 -0.679 Father Occ. Prestige = 20 (1-100) -0.472 -0.482

(0.089) (0.104) (0.141) (0.171)

Child is a Boy -0.580 -0.819 Father Occ. Prestige = 80 -0.659 -0.986

(0.087) (0.104) (0.195) (0.222)

Race/Ethnicity Region

White (Reference Category) -0.693 -0.832 Northeast (Reference Category) -0.588 -0.358

(0.127) (0.152) (0.224) (0.235)

Black -0.518 -0.460** North Central -0.856 -0.809

(0.099) (0.104) (0.284) (0.289)

Latino -0.310** -0.399** South -0.603 -0.688

(0.108) (0.152) (0.301) (0.187)

West -0.545 -0.681

Mother's Education (0.304) (0.291)

Mother < Twelve Years of Educ. -0.584 -0.818

(0.113) (0.148) Urbanicity

Mother has Twelve Years of Educ. -0.670 -0.765 Suburban (Reference Category) -1.241 -1.139

(0.094) (0.114) (0.298) (0.265)

Mom has Some College Education -0.227** -0.212** Central City -1.421 -0.648

(0.198) (0.212) (0.360) (0.275)

Mom has College Degree (Ref. Cat.) -0.893 -0.866 Rural -0.205** -0.518*

(0.223) (0.240) (0.355) (0.272)

Mother's AFQT Score Family Income

Mother has Average AFQT Score -0.465 -0.569 Income $15,000 -0.515 -0.581

(0.103) (0.119) (0.085) (0.100)

Mother AFQT 1 SD Above Ave. -0.450 -0.583 Income $75,000 -0.631 -0.849

(0.162) (0.198) (0.155) (0.174)

Notes: All regression models use weights and the full CNLSY sample.  Bold typeface indicates coefficient is statistically different from zero at a significance level of

p<0.05.  Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Asterisks indicate that the coefficient is statistically different

from the reference category at a significance level of p<0.05 (double asterisks) or p<0.10 (single asterisk).  No scores have been corrected for random measurement

error.  Standard errors have been adjusted for clustering of children within households.  Sample sizes range from 449 to 1,619.  R-squared ranges from 0.07 to 0.15.



[image: image33.emf]Table 4b.  Association Between Early Math Test Scores and Grade Repetition at Age 13/14, by Categories of Children

Logistic regression coefficients (standard errors)

Standard Scale Standard Scale

Scores Scores Scores Scores

Sex Father's Occupational Prestige

Child is a Girl (Reference Category) -0.597 -0.580 Father Occ. Prestige = 20 (1-100) -0.374 -0.179

(0.122) (0.113) (0.178) (0.163)

Child is a Boy -0.571 -0.517 Father Occ. Prestige = 80 -0.608 -0.885*

(0.100) (0.093) (0.276) (0.265)

Race/Ethnicity Region

White (Reference Category) -0.487 -0.534 Northeast (Reference Category) -0.756 -0.727

(0.116) (0.116) (0.323) (0.280)

Black -0.508 -0.346 North Central -1.135 -0.852

(0.101) (0.085) (0.218) (0.257)

Latino -0.577 -0.439 South -0.292 -0.332

(0.147) (0.127) (0.142) (0.142)

West -0.306 -0.359

Mother's Education (0.183) (0.220)

Mother < Twelve Years of Educ. -0.458 -0.404*

(0.185) (0.131) Urbanicity

Mother has Twelve Years of Educ. -0.420 -0.396* Suburban (Reference Category) -0.351 -0.318

(0.112) (0.104) (0.211) (0.209)

Mom has Some College Education -0.423 -0.270* Central City -0.848* -0.604

(0.183) (0.187) (0.205) (0.262)

Mom has College Degree (Ref. Cat.) -0.852 -0.932 Rural -0.572 -0.461

(0.325) (0.286) (0.179) (0.174)

Mother's AFQT Score Family Income

Mother has Average AFQT Score -0.450 -0.497 Income $15,000 -0.384 -0.317

(0.122) (0.106) (0.116) (0.097)

Mother AFQT 1 SD Above Ave. -0.578 -0.693** Income $75,000 -0.433 -0.438

(0.219) (0.180) (0.177) (0.172)

Notes: All regression models use weights and the full CNLSY sample.  Bold typeface indicates coefficient is statistically different from zero at a significance level of

p<0.05.  Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Asterisks indicate that the coefficient is statistically different

from the reference category at a significance level of p<0.05 (double asterisks) or p<0.10 (single asterisk).  No scores have been corrected for random measurement

error.  Standard errors have been adjusted for clustering of children within households.  Sample sizes range from 736 to 2,305.  R-squared ranges from 0.04 to 0.11.



[image: image34.emf]Table 4c.  Association Between Early Reading Test Scores and Grade Repetition at Age 13/14, by Categories of Children

Logistic regression coefficients (standard errors)

Standard Scale Standard Scale

Scores Scores Scores Scores

Sex Father's Occupational Prestige

Child is a Girl (Reference Category) -0.541 -0.588 Father Occ. Prestige = 20 (1-100) -0.434 -0.429

(0.127) (0.121) (0.189) (0.181)

Child is a Boy -0.583 -0.434 Father Occ. Prestige = 80 -0.561 -0.449

(0.115) (0.096) (0.249) (0.283)

Race/Ethnicity Region

White (Reference Category) -0.558 -0.490 Northeast (Reference Category) -0.622 -0.500

(0.128) (0.114) (0.246) (0.260)

Black -0.576 -0.536 North Central -0.566 -0.607

(0.112) (0.100) (0.184) (0.234)

Latino -0.464 -0.395 South -0.579 -0.563

(0.174) (0.138) (0.158) (0.168)

West -0.409 -0.436

Mother's Education (0.196) (0.200)

Mother < Twelve Years of Educ. -0.604 -0.472

(0.166) (0.146) Urbanicity

Mother has Twelve Years of Educ. -0.311 -0.333 Suburban (Reference Category) -0.327 -0.280

(0.124) (0.118) (0.188) (0.197)

Mom has Some College Education -0.414 -0.298 Central City -0.921** -0.798*

(0.188) (0.154) (0.211) (0.246)

Mom has College Degree (Ref. Cat.) -0.890 -0.645 Rural -0.700 -0.733

(0.565) (0.456) (0.203) (0.214)

Mother's AFQT Score Family Income

Mother has Average AFQT Score -0.454 -0.423 Income $15,000 -0.441 -0.407

(0.133) (0.124) (0.137) (0.120)

Mother AFQT 1 SD Above Ave. -0.525 -0.507 Income $75,000 -0.427 -0.138

(0.249) (0.230) (0.240) (0.199)

Notes: All regression models use weights and the full CNLSY sample.  Bold typeface indicates coefficient is statistically different from zero at a significance level of

p<0.05.  Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Asterisks indicate that the coefficient is statistically different

from the reference category at a significance level of p<0.05 (double asterisks) or p<0.10 (single asterisk).  No scores have been corrected for random measurement

error.  Standard errors have been adjusted for clustering of children within households.  Sample sizes range from 705 to 2,216.  R-squared ranges from 0.04 to 0.10.



[image: image35.emf]Table 5a.  Extent to Which Adolescent Inequality in Vocabulary Scores is Accounted for

by Inequality in Early Test Scores

OLS coefficients (standard errors)

Standard Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls 0.007 0.105 1369.4

(0.059) (0.046)

Gap Between Whites and…

Blacks 1.236 0.495 -60.0

(0.062) (0.059)

Latinos 0.831 0.161 -80.7

(0.085) (0.064)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out 1.409 0.450 -68.1

of High School (0.107) (0.092)

Children of Moms who Graduated From 0.774 0.306 -60.5

High School (0.093) (0.077)

Children of Moms with Some Post- 0.605 0.187 -69.1

Secondary Education (0.094) (0.078)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score 0.655 0.266 -59.3

at the Mean (0.033) (0.033)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th 1.511 0.484 -68.0

Percentile (0.003) (0.002)

Gap Between Children from the North East

Region and…

Children from the North Central Region 0.061 0.108 78.9

(0.155) (0.116)

Children from the South 0.349 0.047 -86.6

(0.154) (0.117)

Children from the West 0.070 0.042 -40.5

(0.161) (0.122)

Gap Between Suburban Children and…

Children from a City 0.693 0.285 -58.8

(0.171) (0.120)

Children from a Rural Area 0.078 0.022 -72.1

(0.124) (0.096)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income 0.943 0.302 -68.0

of $15,000 (0.048) (0.037)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Standard scores have not

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 560 to 2,000.



[image: image36.emf]Table 5b.  Extent to Which Adolescent Inequality in Vocabulary Scores is Accounted for

by Inequality in Early Test Scores

OLS coefficients (standard errors)

Scale Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls -0.014 -0.071 427.3

(0.034) (0.027)

Gap Between Whites and…

Blacks 0.917 0.497 -45.9

(0.042) (0.040)

Latinos 0.608 0.217 -64.2

(0.060) (0.053)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out 0.918 0.343 -62.6

of High School (0.058) (0.052)

Children of Moms who Graduated From 0.405 0.156 -61.6

High School (0.047) (0.039)

Children of Moms with Some Post- 0.301 0.066 -78.0

Secondary Education (0.050) (0.042)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score 0.414 0.184 -55.4

at the Mean (0.017) (0.017)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th 0.940 0.384 -59.2

Percentile (0.001) (0.001)

Gap Between Children from the North East

Region and…

Children from the North Central Region -0.006 0.067 -1200.6

(0.080) (0.067)

Children from the South 0.287 0.139 -51.3

(0.079) (0.065)

Children from the West 0.025 0.078 208.5

(0.088) (0.073)

Gap Between Suburban Children and…

Children from a City 0.583 0.354 -39.2

(0.102) (0.086)

Children from a Rural Area 0.061 0.008 -87.3

(0.069) (0.056)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income 0.625 0.238 -61.9

of $15,000 (0.026) (0.023)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Scale scores have

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 561 to 2,001.



[image: image37.emf]Table 5c.  Extent to Which Adolescent Inequality in Math Scores is Accounted for

by Inequality in Early Test Scores

OLS coefficients (standard errors)

Standard Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls -0.106 -0.143 35.1

(0.071) (0.058)

Gap Between Whites and…

Blacks 0.746 0.391 -47.5

(0.067) (0.076)

Latinos 0.420 0.051 -87.9

(0.083) (0.081)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out 0.985 0.374 -62.0

of High School (0.133) (0.117)

Children of Moms who Graduated From 0.657 0.372 -43.4

High School (0.123) (0.103)

Children of Moms with Some Post- 0.427 0.202 -52.7

Secondary Education (0.129) (0.111)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score 0.485 0.250 -48.5

at the Mean (0.037) (0.045)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th 1.117 0.523 -53.2

Percentile (0.003) (0.003)

Gap Between Children from the North East

Region and…

Children from the North Central Region 0.004 0.018 308.8

(0.171) (0.141)

Children from the South 0.132 -0.038 -128.5

(0.168) (0.135)

Children from the West -0.016 -0.016 1.7

(0.197) (0.165)

Gap Between Suburban Children and…

Children from a City 0.313 0.183 -41.7

(0.185) (0.156)

Children from a Rural Area -0.020 -0.066 234.8

(0.139) (0.114)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income 0.574 0.204 -64.5

of $15,000 (0.064) (0.054)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Standard scores have not

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 271 to 1,028.



[image: image38.emf]Table 5d.  Extent to Which Adolescent Inequality in Math Scores is Accounted for

by Inequality in Early Test Scores

OLS coefficients (standard errors)

Scale Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls -0.092 -0.118 28.6

(0.059) (0.051)

Gap Between Whites and…

Blacks 0.742 0.397 -46.5

(0.075) (0.077)

Latinos 0.395 0.049 -87.7

(0.115) (0.107)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out 0.890 0.354 -60.2

of High School (0.106) (0.102)

Children of Moms who Graduated From 0.488 0.236 -51.6

High School (0.087) (0.080)

Children of Moms with Some Post- 0.319 0.139 -56.4

Secondary Education (0.092) (0.083)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score 0.440 0.223 -49.4

at the Mean (0.031) (0.034)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th 0.899 0.354 -60.7

Percentile (0.002) (0.002)

Gap Between Children from the North East

Region and…

Children from the North Central Region -0.005 0.028 -617.8

(0.143) (0.130)

Children from the South 0.089 -0.037 -141.4

(0.142) (0.128)

Children from the West -0.040 -0.007 -81.7

(0.159) (0.143)

Gap Between Suburban Children and…

Children from a City 0.374 0.230 -38.7

(0.182) (0.167)

Children from a Rural Area -0.053 -0.160 200.4

(0.122) (0.110)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income 0.454 0.093 -79.5

of $15,000 (0.052) (0.049)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Scale scores have

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 271 to 1,028.



[image: image39.emf]Table 5e.  Extent to Which Adolescent Inequality in Reading Scores is Accounted for

by Inequality in Early Test Scores

OLS coefficients (standard errors)

Standard Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls 0.069 0.028 -60.0

(0.081) (0.069)

Gap Between Whites and…

Blacks 0.748 0.358 -52.2

(0.079) (0.088)

Latinos 0.260 -0.187 -171.9

(0.106) (0.104)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out 0.854 0.138 -83.9

of High School (0.145) (0.135)

Children of Moms who Graduated From 0.406 0.073 -82.1

High School (0.116) (0.105)

Children of Moms with Some Post- 0.273 0.016 -94.3

Secondary Education (0.118) (0.108)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score 0.408 0.113 -72.4

at the Mean (0.040) (0.048)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th 1.184 0.552 -53.3

Percentile (0.003) (0.003)

Gap Between Children from the North East

Region and…

Children from the North Central Region -0.142 -0.180 26.3

(0.160) (0.132)

Children from the South 0.046 -0.141 -403.0

(0.163) (0.128)

Children from the West -0.314 -0.325 3.5

(0.205) (0.162)

Gap Between Suburban Children and…

Children from a City 0.207 0.140 -32.1

(0.202) (0.188)

Children from a Rural Area -0.011 -0.117 928.2

(0.173) (0.136)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income 0.651 0.225 -65.4

of $15,000 (0.071) (0.064)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Standard scores have not

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 255 to 979.



[image: image40.emf]Table 5f.  Extent to Which Adolescent Inequality in Reading Scores is Accounted for

by Inequality in Early Test Scores

OLS coefficients (standard errors)

Scale Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls 0.143 0.104 -27.7

(0.058) (0.049)

Gap Between Whites and…

Blacks 0.726 0.406 -44.1

(0.074) (0.073)

Latinos 0.333 -0.056 -116.8

(0.114) (0.103)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out 0.855 0.242 -71.7

of High School (0.103) (0.097)

Children of Moms who Graduated From 0.416 0.130 -68.8

High School (0.085) (0.076)

Children of Moms with Some Post- 0.241 0.034 -85.8

Secondary Education (0.090) (0.079)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score 0.418 0.172 -58.9

at the Mean (0.031) (0.033)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th 1.132 0.572 -49.5

Percentile (0.002) (0.002)

Gap Between Children from the North East

Region and…

Children from the North Central Region -0.031 -0.049 60.8

(0.147) (0.126)

Children from the South 0.167 0.000 -99.7

(0.147) (0.125)

Children from the West -0.165 -0.154 -6.7

(0.164) (0.139)

Gap Between Suburban Children and…

Children from a City 0.227 0.107 -52.9

(0.189) (0.148)

Children from a Rural Area 0.043 -0.136 -418.1

(0.129) (0.100)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income 0.649 0.259 -60.2

of $15,000 (0.051) (0.046)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Scale scores have

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 255 to 979.



[image: image41.emf]Table6a.  Extent to Which Adolescent Inequality in Grade Repetition is Accounted for

by Inequality in Early Test Scores

Logistic regression coefficients (standard errors)

Standard Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls -0.362 -0.260 -28.1

(0.187) (0.198)

Gap Between Whites and…

Blacks -1.183 -0.459 -61.2

(0.191) (0.234)

Latinos -0.528 0.242 -145.9

(0.244) (0.302)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out -1.675 -0.791 -52.8

of High School (0.478) (0.506)

Children of Moms who Graduated From -1.227 -0.855 -30.3

High School (0.465) (0.471)

Children of Moms with Some Post- -0.443 -0.089 -79.9

Secondary Education (0.505) (0.526)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score -0.882 -0.489 -44.6

at the Mean (0.147) (0.163)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th -2.718 -1.818 -33.1

Percentile (0.009) (0.010)

Gap Between Children from the North East

Region and…

Children from the North Central Region 0.300 0.373 24.3

(0.547) (0.536)

Children from the South -0.100 0.231 -330.8

(0.491) (0.507)

Children from the West 0.207 0.321 54.8

(0.592) (0.573)

Gap Between Suburban Children and…

Children from a City -1.217 -1.088 -10.6

(0.526) (0.662)

Children from a Rural Area -0.442 -0.333 -24.7

(0.465) (0.507)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income -1.387 -0.928 -33.1

of $15,000 (0.175) (0.194)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Standard scores have not

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 322 to 1,337.



[image: image42.emf]Table6b.  Extent to Which Adolescent Inequality in Grade Repetition is Accounted for

by Inequality in Early Test Scores

OLS coefficients (standard errors)

Scale Scores Controlling All Percent Change

No Controls Early Scores in Gap

Gap Between Boys and…

Girls -0.361 -0.280 -22.3

(0.187) (0.201)

Gap Between Whites and…

Blacks -1.180 -0.643 -45.5

(0.191) (0.224)

Latinos -0.528 0.126 -123.9

(0.244) (0.287)

Gap Between Children of Moms

who Graduated From College and…

Children of Moms who Dropped Out -1.675 -0.898 -46.4

of High School (0.478) (0.496)

Children of Moms who Graduated From -1.226 -0.913 -25.6

High School (0.465) (0.476)

Children of Moms with Some Post- -0.443 -0.135 -69.6

Secondary Education (0.505) (0.526)

Gap Between Children whose Moms

have AFQT 1 SD Above the Mean and…

Children whose Moms have AFQT Score -0.882 -0.526 -40.4

at the Mean (0.147) (0.160)

Gap Between Children whose Dad's Job is

at the 80th Percentile and…

Children whose Dad's Job is at the 20th -2.714 -1.864 -31.3

Percentile (0.009) (0.010)

Gap Between Children from the North East

Region and…

Children from the North Central Region 0.300 0.406 35.4

(0.547) (0.550)

Children from the South -0.097 0.165 -270.3

(0.491) (0.501)

Children from the West 0.207 0.312 50.3

(0.592) (0.577)

Gap Between Suburban Children and…

Children from a City -1.200 -1.159 -3.4

(0.525) (0.560)

Children from a Rural Area -0.442 -0.320 -27.5

(0.465) (0.500)

Gap Between Children with Family Income

of $75,000 and…

Child with Family Income -1.386 -0.942 -32.1

of $15,000 (0.175) (0.194)

Notes: All regression models use weights and the full CNLSY sample that has non-missing values on all variables in an

equation.  Bold typeface indicates coefficient is statistically different from zero at a significance level of p<0.05.

Italics indicate coefficient is statistically different from zero at a significance level of p<0.10.  Scale scores have

been corrected for random measurement error.  Standard errors have been adjusted for clustering of children within

households.  Sample sizes range from 323 to 1,338.


[image: image43.emf]Table A1.  Summary Statistics for Model Variables

N Mean Std. Dev. Min. Max.

Dependent Variables

Vocabulary Standard Score at 10/11 4,852 -0.564 0.025 -5.33 4.00

Vocabulary Scale Score at 10/11 4,852 -0.001 0.019 -2.79 1.40

Math Standard Score at 13/14 3,021 -0.188 0.019 -2.33 2.33

Math Scale Score at 13/14 3,023 -0.001 0.020 -3.01 1.87

Reading Standard Score at 13/14 2,922 0.065 0.024 -2.33 2.33

Reading Scale Score at 13/14 2,922 -0.001 0.022 -2.24 1.79

Math/Reading Composite Standard Score 2,921 -0.059 0.020 -2.33 2.33

Math/Reading Composite Scale Score 2,922 0.002 0.019 -2.63 1.83

Ever Repeat Grade at 13/14 3,464 0.251 0.008 0 1

Ever in Remedial Class at 13/14 2,732 0.155 0.007 0 1

Ever in Advanced Class at 13/14 2,731 0.148 0.007 0 1

Expect to Graduate from College at 13/14 3,482 0.634 0.009 0 1

Scholastic Self-Perception at 13/14 3,065 -0.015 0.019 -2.76 1.56

Self-Reported GPA 15/16 1,935 2.700 0.020 0.0 4.0

Independent Variables

Vocabulary Standard Score at 3/4 4,559 -0.894 0.026 -5.33 4.00

Vocabulary Scale Score at 3/4 4,559 -0.001 0.017 -2.40 1.55

Math Standard Score at 5/6 5,944 -0.057 0.015 -2.33 2.33

Math Scale Score at 5/6 5,950 -0.013 0.014 -4.59 2.19

Reading Standard Score at 5/6 5,588 0.331 0.014 -2.33 2.33

Reading Scale Score at 5/6 5,592 -0.017 0.015 -2.81 2.62

Math/Reading Composite Standard Score 5,584 0.139 0.013 -2.33 2.33

Math/Reading Composite Scale Score 5,592 -0.013 0.014 -3.70 2.23

Boy 11,200 0.510 -0.005 0 1

Girl 11,200 0.490 -0.005 0 1

White 11,205 0.531 -0.008 0 1

Black 11,205 0.277 -0.007 0 1

Hispanic 11,205 0.192 -0.007 0 1

Mom Dropped Out of High School 8,310 0.237 -0.009 0 1

Mom Graduated From High School 8,310 0.354 -0.009 0 1

Mom Attended Some College 8,310 0.249 -0.008 0 1

Mom Graduated From College 8,310 0.160 -0.007 0 1

Mother AFQT Score 10,617 -0.456 0.016 -3.00 3.00

Father Occupational Prestige (0-100) 10,096 46.577 0.216 12 82

Lived in Northeast at 3/4 2,780 0.174 -0.009 0 1

Lived in North Central at 3/4 2,780 0.257 -0.010 0 1

Lived in South at 3/4 2,780 0.377 -0.011 0 1

Lived in West at 3/4 2,780 0.192 -0.009 0 1

Lived in Northeast at 5/6 3,363 0.160 -0.008 0 1

Lived in North Central at 5/6 3,363 0.258 -0.010 0 1

Lived in South at 5/6 3,363 0.391 -0.011 0 1

Lived in West at 5/6 3,363 0.192 -0.009 0 1

Lived in City at 3/4 1,973 0.216 -0.011 0 1

Lived in Suburb at 3/4 1,973 0.499 -0.013 0 1

Lived in Rural Area at 3/4 1,973 0.284 -0.012 0 1

Lived in City at 5/6 2,450 0.220 -0.010 0 1

Lived in Suburb at 5/6 2,450 0.491 -0.012 0 1

Lived in Rural Area at 5/6 2,450 0.289 -0.011 0 1

Ln(Family Income) at 3/4 3,063 10.292 0.017 8.517 12.150

Ln(Family Income) at 5/6 3,049 10.252 0.017 8.517 12.150



[image: image44.emf]Table A1.  Summary Statistics for Model Variables

N Mean Std. Dev. Min. Max.

Hearing or Vision Problem at 3/4 4,883 0.013 0.002 0 1

Health Problem at 3/4 4,882 0.018 0.002 0 1

Interferences at 3/4 4,905 0.196 0.006 0 1

Attitude Below Average at 3/4 4,882 0.146 0.005 0 1

Cooperation Below Average at 3/4 4,865 0.162 0.006 0 1

Perseverance Below Average at 3/4 4,862 0.199 0.006 0 1

Rapport with Interviewer Below Ave. at 3/4 4,875 0.100 0.004 0 1

Motivation Below Average at 3/4 4,861 0.189 0.006 0 1

Shyness Above Average at 3/4 4,896 0.736 0.007 0 1

Tested Outside Home at 3/4 5,665 0.078 0.006 0 1

Hearing or Vision Problem at 5/6 6,116 0.021 0.002 0 1

Health Problem at 5/6 6,109 0.014 0.002 0 1

Interferences at 5/6 6,122 0.179 0.005 0 1

Attitude Below Average at 5/6 6,110 0.063 0.003 0 1

Cooperation Below Average at 5/6 6,107 0.054 0.003 0 1

Perseverance Below Average at 5/6 6,104 0.097 0.004 0 1

Rapport with Interviewer Below Ave. at 5/6 6,112 0.038 0.003 0 1

Motivation Below Average at 5/6 6,102 0.087 0.004 0 1

Shyness Above Average at 5/6 6,127 0.821 0.005 0 1

Tested Outside Home at 5/6 6,219 0.066 0.005 0 1

Ever Stopped Testing Prematurely? 11,205 0.090 0.003 0 1


[image: image45.emf]Table A2.  Pairwise Correlation Matrix Including Early Vocabulary Scores

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

1 Vocabulary Std. Score at 3/4 1.000

2 Vocabulary Scale Score at 3/4 0.848 1.000

3 Sex -0.041 -0.035 1.000

4 White 0.480 0.444 -0.003 1.000

5 Black -0.365 -0.331 -0.005 -0.659 1.000

6 Latino -0.191 -0.184 0.009 -0.518 -0.301 1.000

7 Mom Dropped Out of High School -0.300 -0.271 0.005 -0.193 0.072 0.151 1.000

8 Mom Graduated From High School -0.004 0.024 0.002 0.056 -0.006 -0.061 -0.413 1.000

9 Mom Attended Some College 0.037 0.027 -0.009 -0.050 0.047 0.007 -0.321 -0.426 1.000

10 Mom Graduated From College 0.287 0.231 0.002 0.209 -0.132 -0.103 -0.243 -0.323 -0.251

1.000

11 Mother AFQT Score 0.516 0.455 0.014 0.481 -0.353 -0.208 -0.467 -0.100 0.145

0.494

12 Father Occupational Prestige (0-100) 0.277 0.238 0.010 0.199 -0.166 -0.072 -0.252 -0.099 0.060

0.331

13 Lived in Northeast at 3/4 0.051 0.032 0.014 0.047 -0.034 -0.021 -0.025 0.004 -0.012

0.033

14 Lived in North Central at 3/4 0.150 0.118 0.002 0.207 -0.088 -0.166 -0.050 0.035 -0.027

0.035

15 Lived in South at 3/4 -0.177 -0.142 -0.016 -0.155 0.254 -0.091 0.020 0.002 0.007

-0.029

16 Lived in West at 3/4 0.006 0.015 0.005 -0.085 -0.182 0.317 0.055 -0.045 0.032

-0.034

17 Lived in City at 3/4 -0.2096 -0.1743 -0.0058 -0.3548 0.3226 0.091 0.0675 -0.033 0.041

-0.068

18 Lived in Suburb at 3/4 0.1417 0.1133 -0.0096 0.1492 -0.2082 0.0466 -0.0879 -0.042 -0.014

0.143

19 Lived in Rural Area at 3/4 0.0285 0.0283 0.0159 0.1585 -0.0637 -0.1347 0.0364 0.079 -0.023

-0.099

20 Ln(Family Income) at 3/4 0.398 0.3579 -0.0056 0.32 -0.3079 -0.0641 -0.3375 -0.071 0.110

0.351

(11) (12) (13) (14) (15) (16) (17) (18) (19) (20)

11 Mother AFQT Score 1.000

12 Father Occupational Prestige (0-100) 0.379 1.000

13 Lived in Northeast at 3/4 0.107 0.032 1.000

14 Lived in North Central at 3/4 0.101 -0.046 -0.270 1.000

15 Lived in South at 3/4 -0.151 0.006 -0.357 -0.458 1.000

16 Lived in West at 3/4 -0.029 0.012 -0.224 -0.287 -0.379 1.000

17 Lived in City at 3/4 -0.163 -0.091 0.170 -0.040 -0.034 -0.082 1.000

18 Lived in Suburb at 3/4 0.197 0.137 0.063 -0.042 -0.131 0.149 -0.525 1.000

19 Lived in Rural Area at 3/4 -0.070 -0.072 -0.225 0.083 0.176 -0.091 -0.331 -0.629 1.000

20 Ln(Family Income) at 3/4 0.539 0.416 0.053 0.039 -0.085 0.013 -0.144 0.260 -0.149 1.000



[image: image46.emf]Table A3.  Pairwise Correlation Matrix Including Early Math, Reading, and Composite Scores

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

1 Math Std. Score at 5/6 1.000

2 Math Scale Score at 5/6 0.851 1.000

3 Reading Std. Score at 5/6 0.516 0.457 1.000

4 Reading Scale Score at 5/6 0.531 0.559 0.842 1.000

5 Composite Std. Score at 5/6 0.873 0.755 0.868 0.786 1.000

6 Composite Scale Score at 5/6 0.777 0.878 0.741 0.888 0.873 1.000

7 Sex -0.057 -0.064 -0.101 -0.105 -0.090 -0.095 1.000

8 White 0.273 0.251 0.146 0.143 0.239 0.221 -0.003 1.000

9 Black -0.184 -0.177 -0.039 -0.034 -0.125 -0.115 -0.005 -0.659 1.000

10 Latino -0.130 -0.111 -0.136 -0.139 -0.154 -0.143 0.009 -0.518 -0.301

1.000

11 Mom Dropped Out of High School -0.228 -0.219 -0.251 -0.256 -0.277 -0.273 0.005 -0.193 0.072

0.151

12 Mom Graduated From High School -0.027 -0.011 -0.061 -0.040 -0.050 -0.030 0.002 0.056 -0.006

-0.061

13 Mom Attended Some College 0.034 0.049 0.079 0.074 0.066 0.073 -0.009 -0.050 0.047

0.007

14 Mom Graduated From College 0.246 0.198 0.264 0.247 0.293 0.253 0.002 0.209 -0.132

-0.103

15 Mother AFQT Score 0.388 0.342 0.362 0.348 0.433 0.395 0.014 0.481 -0.353

-0.208

16 Father Occupational Prestige (0-100) 0.255 0.222 0.253 0.224 0.293 0.253 0.010 0.199 -0.166

-0.072

17 Lived in Northeast at 5/6 0.026 0.0207 0.087 0.0865 0.0626 0.0601 0.0095 0.041 -0.030

-0.018

18 Lived in North Central at 5/6 0.0811 0.0738 -0.0037 0.0065 0.0473 0.0481 -0.0105 0.215 -0.085

-0.173

19 Lived in South at 5/6 -0.0724 -0.0699 -0.0242 -0.0278 -0.054 -0.0543 0.0022 -0.153 0.252

-0.094

20 Lived in West at 5/6 -0.0241 -0.0143 -0.0449 -0.0512 -0.0421 -0.0404 0.0001 -0.088 -0.190

0.326

21 Lived in City at 5/6 -0.0858 -0.0916 0.0016 0.0135 -0.0474 -0.044 0.0226 -0.357 0.275

0.142

22 Lived in Suburb at 5/6 0.13 0.123 0.1432 0.1262 0.1537 0.1409 -0.0209 0.186 -0.196

-0.013

23 Lived in Rural Area at 5/6 -0.0652 -0.0521 -0.1593 -0.1513 -0.1262 -0.115 0.0023 0.121 -0.035

-0.115

24 Ln(Family Income) at 5/6 0.2564 0.2405 0.2365 0.2199 0.2833 0.2622 -0.009 0.294 -0.300

-0.031


























� Research on compensatory preschool often shows that achievement gains produced by these programs dissipate over time, perhaps due to differences in school quality.  See Ferguson (1998) and Barnett (1992) for a review.  See also Currie and Thomas (1995b).  


� The authors used linear probability models.


� The models control for mother's AFQT score, mother's education, family income, child sex, and child age.


� My data checks excluded the math and vocabulary scores of 1 percent of both young children and adolescents, and the reading scores of 4 percent of young children and 3 percent of adolescents. 


� Mott (1998) indicates that low-scoring children and the children of less-educated mothers are relatively more likely to attrite.


� The AFQT scores of the mothers of children in my math and reading sample were 0.24 standard deviations below the weighted NLSY mean and 0.14 standard deviations below the mean for all mothers.  For the vocabulary sample, mothers’ mean AFQT score was 0.12 standard deviations below the NLSY mean and 0.02 standard deviations below the mean for all NLSY mothers.  The age 5/6 math and reading standard scores in my sample are 0.09 to 0.10 standard deviations below the mean for all children in the civilian sample.  The age 13/14 math and reading scores in my sample are 0.04 standard deviations above the civilian sample mean.  Age 3/4 vocabulary standard scores in my sample are at the mean for all children, while age 10/11 vocabulary scores are 0.13 standard deviations above the civilian sample mean.


� The eleven percent of children born before 1979 are omitted from my samples.  If the CNLSY children represent 90 percent of lifetime births, this implies that I am missing .11*.90=10 percent of births.  Twenty-two percent of the CNLSY children were born after 1990 and are also omitted, so I am missing (.22*.90)+(1-.90)=30 percent of births.


� Because the NLSY sample does not reflect recent immigration, the reader should use caution in interpreting the results presented for Latinos.  The sample is not large enough to allow an analysis of Asian Americans or Native Americans.


� Because the tests were not given to children over age fourteen after 1992, representative test scores for children aged fifteen to eighteen are unavailable.


� Dunn and Dunn (1981), Dunn and Markwardt (1970).  Other assessments involved a more limited range of age groups, were discontinued at some point, or were unreliable.


� There are several problems with this chain of logic.  Most obviously, if the assumption that the latent trait is normally distributed is wrong, the whole justification collapses.  See Jensen (1980) for evidence in support of the normality assumption in the case of general intelligence.  Furthermore, a normal distribution of test scores may be unrelated to any theorized normal distribution of intelligence – it could simply arise because the test designer sought it in creating the test or because random error and the things that test items uniquely measure push the score distribution toward normality.  In addition, this logic assumes that test scores measure a single trait, but if they measure additional traits, then the fact that test scores are normally distributed is only tenuously related to the assumption that the primary latent trait is so distributed.


� The Flynn effect itself raises a profound challenge to the assumption that a latent trait is normally distributed in the population, for it is low-scoring individuals who generally show improving test performance over time.  This is evidence that the normality assumption does not, in fact, hold everywhere and in all times.  Some psychometricians claim that the Flynn Effect is artifactual, reflecting growing familiarity with the procedures of standardized testing.


� Phillips and her colleagues indicate that the black-white math gap among first-graders in the federally-sponsored Prospects survey was 0.87 standard deviations in 1991, compared with a gap of 0.56 SDs among five- and six-year-olds in my data when I use standard scores.  In contrast, the gap among fourth-graders in Prospects was 0.67 SDs, while I find a gap of .68 SDs among nine-year-olds in the CNLSY.  I find even smaller gaps at both ages using scale scores.  The disparities between Prospects and CNLSY are even bigger for reading scores – Prospects found a 0.74-standard-deviation gap among first-graders versus a CNLSY standard-score gap of 0.23 SDs among five- and six-year olds.  The CNLSY gap is also 0.23 SDs when scale scores are used.  


� If the original norming sample was not actually nationally representative, normed scores will be even more problematic measures.  The PIATs were normed on students in one or two schools in each 27 districts stratified by Census division and urbanicity.


� For reviews of IRT, see Embretson and Reise (2000) and Thissen and Wainer (2001).  The appendix provides greater methodological detail.


� It was not possible to consider other adolescent outcomes, such as school dropout or teenage pregnancy, because very few respondents who are old enough to have had such outcomes were born late enough to have test scores between ages 3 and 6.


� I am actually estimating regression coefficients rather than correlations, since estimating correlations would present restriction-of-range problems given the sample available to me.  Both dependent and independent variables are constructed to have mean 0 and standard deviation 1 in some hypothetical population from which these individuals are assumed to be sampled.  That population is the one that the norming samples were intended to represent in the case of the standard scores.  For the scale scores, it is the population that would be most likely to generate the item response data given the assumed model relating item response to latent trait levels, under the further assumption that the sample has been randomly drawn from the population.  An alternative to this latter assumption is that the population distribution has a particular shape, such as a normal distribution.


� I have the published test-retest reliabilities for the PPVT and PIATs, but given that the test norms are out of date and that testing conditions are likely to vary widely across CNLSY children, I decided not to adjust the standard scores.


�Vocabulary scores at age 3/4 correlate about 0.30-0.45 with math and reading scores at age 13/14 (not shown).  


� I also estimated models using the adolescent weights rather than the young-child weights.  The results mirrored the weighted regressions that I present.  In addition, I estimated models using raw test scores standardized from the weighted CNLSY sample, which yielded results very similar to those I present for the internally standardized scores from the unweighted cross-sectional sample.  


� Because Stata offers no built-in routine for correcting for measurement error when a nonlinear model is specified, I show results for scale scores without measurement correction. 


� Sixty-one percent of fifteen year olds and fifty-eight percent of sixteen year olds in the CNLSY reported getting mostly A's or B's.  These figures can be compared to the National Household Education Survey of 1999, in which seventy-two percent of parents reported that their child was getting "mostly A's" or B's (National Center for Education Statistics, 2001).


� These models make no corrections for measurement error.


� For details on the actual measures used in the models, see the appendix.


� The results of Tables 3a-3c and 4a-4c were obtained by first running models with interactive terms to determine whether the differences between groups were statistically significant.  Thus, the models impose the same error structure on both groups.  I then estimated the standard errors for specific linear combinations of the main and interactive effects from these models to report estimates for different categories of children.


� The following discussion is based on my inspection of graphs showing the predicted relationship between early and adolescent test scores for different categories of children (available from the author upon request).


� Trait estimates’ precision also depends on the number of examinees and the variance in their traits.


� I did not check the fit of particular persons to the data.  I did consider the extent to which test scores for each age group and assessment measured a single trait, using the non-linear factor-analysis software TESTFACT (Wilson et. al., 1998).  Under the assumption that test scores measure a single trait, the proportion of variance explained by the trait were as follows: math5 – 38.8, math6 – 45.4, math13 – 53.1, math14 – 58.7, reading5 – 65.9, reading6 – 76.1, reading13 – 68.5, reading14 – 68.1, vocab3 – 45.9, vocab4 – 49.7, vocab10 – 45.5, vocab11 – 44.6.  Using the criterion that factors be extracted until no additional factor has the highest loading on at least two test items (Carroll, 1993), the first factor extracted from each test explained most of the common variance across test items:  math5 – 75, math6 – 88, math13 – 86, math14 – 89, reading5 – 82, reading6 – 86, reading13 – 97, reading14 – 92, vocab3 – 88, vocab4 – 95, vocab10 – 93, vocab11 – 93.


� This discussion relies heavily on Bock and Aitkin (1981), Bock, et. al. (1988), and Thissen and Wainer (2001).


� Technically, MML and EAP estimate the means of the likelihood and posterior distributions rather than the modes.  Also, for computational purposes, BILOG-MG uses a logistic model rather than the normal ogive model described here.  The two yield similar results however.


� See www.icpsr.umich.edu:8080/GSS/homepage.htm.
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