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I. Introduction

Schools differ markedly in quality and their ability to promote student
achievement. Yet, simple measures of school inputs, such as student-teacher
ratios and length of school terms, generally have not been found to capture
school quality differences that influence student outcomes. The 1966 Coleman
Report, the result of an extensive nationally representative study of schools,
showed little school quality effect on student test scores once family background
characteristics were accounted for. These results were bolstered by Hanushek's
(1986) summary of research on the impact of school characteristics on
achievement in which he found no measurable characteristic of schools that
consistently contributed to student achievement. A recent meta-analysis of the
same studies that Hanushek used indicated positive relationships between some
school inputs and student outputs, undetected with Hanushek's simpler summary
methods (Hedges, Laine, and Greenwald, 1994). Yet, even meta-analyses and
studies at the level of micro data in general that have found significant effects of
school inputs on achievement have tended not to find substantively large and
consistent effects (Childs and Shakeshaft, 1986; Glass and Smith, 1979). In light
of this history, the corresponding literature on the impact of school
characteristics on later earnings seems surprising. A series of studies using
aggregate school input data at the state or district level have concluded that

school inputs can substantially increase returns to education, as well as



educational attainment (e.g., Akin and Garfinkel, 1977; Card and Krueger, 1992;
Johnson and Stafford, 1973; Link and Ratledge, 1975; Rizzuto and Watchel,
1980. Card and Krueger, forthcoming, provide a review).

What accounts for the discrepancies between these two literatures? A
number of alternatives have been suggested (Betts, forthcoming; Burtless,
forthcoming). First, the two literatures examine different outcomes. Measured
school quality may increase the impact of schools on earnings, even if it does not
increase their impact on academic achievement (Card and Krueger, 1992).'
Second, studies that use earnings as the dependent variable and find positive
effects may have insufficient controls for family background. This potential
problem is particularly relevant in light of findings that there is generally a
positive raw correlation between spending and academic achievement but that
this relationship usually disappears after family background characteristics are
taken into consideration (Hanushek, 1986). Third, studies that focus on earnings
have either ignored the potential effects of local labor markets (Johnson and
Stafford, 1973) or, as in the case of the work by Card and Krueger (1992), have
identified effects by comparing the earnings of individuals who grew up in
different locations, but currently work in the same area. The first of these

procedures is potentially problematic since the returns to skills learned in school

' This explanation seems possible given the common findings (e.g., Griliches and Mason,
1972) that there is only a weak relationship between academic achievement and earnings
once educational attainment is controlled for.



may vary by location. The latter circumvents this problem, but may be biased
since migrants are self-selected (Heckman, Layne-Farrar and Todd, 1995).

Alternatively, the conflict between the findings of positive school quality
effects on earnings but not on academic achievement may be due to differences
in the nature of the data used. The data in the two literatures have consistently
differed in two ways. First, income analyses have tended to use historical
information on school characteristics, while achievement analyses have tended to
use contemporaneous data. This difference arises because more reliable data on
achievement 1s available for recent cohorts, while income information is more
stable for older cohorts. Second, earnings focused research almost exclusively
has used aggregate measures of school inputs, matching workers with the average
inputs in the school district or state in which they grew up.® Studies using
achievement as the outcome measure, on the other hand, have tended to use
micro level data, matching students to the precise school or classroom they
attended.

In the study presented here, we use aggregate historical data on school

inputs to predict the scholastic achievement of people in the same three cohorts

2 Two exception to this trend are recent studies by Julian Betts (1995) and Jeff Grogger
(forthcoming). Betts uses the National Longitudinal Survey of Youth and Grogger uses
High School and Beyond and the National Longitudinal Survey of the High School Class
of 1972 to look at earnings of young workers. Individuals in both studies are matched
with the specific high school attended. Neither study finds significant effects of
measurable school inputs on students’ later earnings; however, the instability of wages
of young workers is a potential problem for both of these studies.



used by Card and Krueger (1992) in their assessment of the effects of school
quality on income returns to education -- those born in the 1920s, the 1930s and
the 1940s. By doing this we will be better able to distinguish among some of the
possible causes of the conflicting findings on school input effects. Our measure
of scholastic achievement is derived from a simple, ten-item, vocabulary test
administered as part of NORC’s General Social Survey. Unlike most studies of
academic achievement, our estimates suggest powerful effects of measured
school inputs on school effectiveness. As such, these results would seem to
suggest that the difference between the two literatures arises, at least partially,
from differences in the nature of the data used: either differences in the historical

period covered or the extent of aggregation involved in measuring school inputs.

II. Model Specification and Data
The Data
The data source for information on individuals is the NORC General
Social Surveys (GSS). Each survey in the GSS consists of detailed interviews of
an independently-drawn sample of English-speaking persons 18 years of age or
over, living in non-institutional arrangements within the United States. Since
1972 there have been a total of 29,388 interviews, of which 6,032 were of people

born in the 1920s, 1930s and 1940s and included the relevant information for this



study.”> The most recent survey currently available was conducted in 1993. The
GSS contains information on the geographic division, where the respondent lived
at age 16, but not the school district or the state. Thus, we run our analyses
aggregated to the divisional level. Since most of the variance in school quality
among states is due to variation among the nine divisions, the use of divisions
instead of states should not substantially affect the results.*

We aggregate the state-level school quality data used by Card and Krueger
(1992) [originally obtained from the Biennial Survey of Education (1918-1958)
and the Digest of Education Statistics (1968-present)] to the divisional level. For
the aggregation, we weight using the average number of teenagers in each state
during the decade in question. For the three regions that had segregated school
systems, we obtain a separate aggregate school quality measure for black school
districts and white school districts. Nine geographic divisions, three of which
had segregated school systems, give us a total of 12 geographic/racial regions,
each with three cohorts.

The school quality measures that we use are student-teacher ratio and term

length. These measures should not necessarily be thought of as capturing the

* The sample of 6,032 is limited to those respondents born in the 1920s, 1930s, and
1940s, who have information on both educational attainment and test scores. The
vocabulary test used in this study to measure achievement was included in the 1974,
1976, 1978, 1982, 1984, 1987, 1988, 1989, 1990, 1991, and 1993 surveys only.

¢ Univariate regressions of the state-level quality measures on the division dummy
variables by cohort give R-squares of between 0.61 and 0.74.



same characteristic of schools. Student-teacher ratio or class size has been used
commonly in studies of the effect of school quality on both achievement (Finn
and Achilles, 1990; Boozer and Rouse, 1995) and income (Card and Krueger,
1992). Current education research shows, at best, only moderate impact of these
variables on achievement. Term length, on the other hand, appears to have play
an important role historically in the increased achievement of black students in
segregated school systems (Margo, 1990; Orazem, 1987). Due to limited
variation, term length has not been used in recent work on school achievement.
However, “time on task” has consistently been shown to matter (Denham and
Lieberman, 1980); and presumably term length is highly correlated with “time
on task”. Thus, while a finding using historical data that the student-teacher ratio
matters does contradict current research, a similar finding for term length does

not.

> Student-teacher ratio and average class size are not the same measure. Average class
size will almost always be larger than student-teacher ratio since more than one teacher,
but never less than one, are assigned to a classroom; and because many teachers have
duties outside of the classroom (Odden, 1990). In Ferguson's (1991) study of Texas
schools, for example, a student-teacher ratio of 18 corresponded to average class sizes in
the low 20s. In addition, the relationship between class size and teacher-student ratio
may be different for different groups of students. Boozer and Rouse (1995) find that
while student-teacher ratio is the same for black and white students in their sample, black
students tend to be in larger classes. Because of these differences between average class
size and student-teacher ratio, one measure is not a perfect substitute for the other.
However, especially for historical data in which there is much larger (and, likely, more
correlated) variation in class size and student-teacher ratio than exists today, the two
measures should be good proxies for each other.



Figures 1a and 1b present average school inputs, student-teacher ratio and
term length respectively, for each cohort in each division. From these figures we
can see that school inputs tended to increase during the time period in question.
For those born in the 1920s the average student-teacher ratio across divisions was
32.68. This measure decreased to 28.66 students per teacher for those born in the
1930s and to 26.54 for those born in the 1940s. Similarly, the average term
length across divisions for those born in the 1920s was 164.31 days, while
average term length was 172.94 and 177.08 days for those born in the 1930s and
1940s.

While the overall level of inputs increased over time, the variation across
divisions decreased dramatically as school systems, to a considerable extent,
converged in terms of measured inputs. The standard deviation of our student-
teacher ratio measure declined from 7.4 to 2.5 between the cohorts born in the
1920s and those born in the 1940s. Similarly, the standard deviation of term
length declined from 17.7 to 2.7. The most dramatic changes occurred in the
segregated black school systems, but the pattern holds for the white and
integrated school systems as well.

Correlation between the two school input measures is high (-0.91) but
appears to have decreased over time. For the 1920s' cohort the correlation is -
0.94, while for the 1930s' and 1940s' cohorts it is -0.79 and -0.54 respectively.

These high correlations are, to an extent, being driven by the inclusion of the



segregated black districts. The correlations for the white and integrated districts
are -0.63 for the full sample, and between -0.65 and -0.50 for the three cohorts
separately.®

The achievement measure provided by GSS is a ten-item test of
vocabulary knowledge. For each vocabulary word, the respondents are asked to
choose which of five other words is closest in meaning. While the test words are
not publicized, they come from a slightly longer vocabulary test developed by
Thorndike and Gallup (Thorndike, 1942; Thorndike and Gallup, 1944). The
longer test was designed to measure learning (Thorndike and Gallup, 1944) and
has been found to have a correlation with tests of general intelligence of
approximately .8 or higher (Miner, 1957). The shorter version used by the GSS
has an internal consistency reliability of .71 (Alwin, 1991). The mean score on
the test for those used in this study is 6.21, with a standard deviation of 2.16.
Figure 2 shows the overall distribution of this variable.” A standardized version
of the number of correct answers to the ten questions is used for the analyses

presented here.®

® The correlations between student-teacher ratio and term length are lower at the state
level than aggregated to the division level. For example, among states the correlation
excluding the segregated black districts is -0.49 overall, -0.54 for the 1920s’ birth cohort,
-0.33 for the 1930s' birth cohort and -0.20 for the 1940s' birth cohort. A decrease in the
correlation over time is evident.

’ Appendix Table 1 gives the means and standard deviations by division and cohort for
this and all other variables used in the analyses.

¥ For more complete discussion of the vocabulary test see Miner (1957) and Alwin
(1991).



The Model

Similar to many previous studies we use a two-tiered model for estimating
school input effects. The first-stage of the analysis is an OLS regression in
which test score for the 6,032 respondents is modeled as a linear function of
years of education, demographic characteristics, family background measures,
cohort-division group dummies, and interactions between the respondent’s
cohort-division group and education.” We include all 36 cohort-division dummy
variables and interaction terms and then restrict the two groups of coefficients to
sum to zero. As a result, the coefficients on the dummy variables can be
interpreted as deviations from the unweighted average of mean cohort-division
group test scores. Similarly, the coefficient on the educational attainment
variable measures the unweighted average of mean test score returns to an extra
year of schooling for each cohort-division group, while the interaction terms give
the deviations for each group around this average. The interaction terms then
capture the influence of each cohort-division group on the achievement returns to
years of schooling. The main portion of the analysis includes three first-stage
regressions: one without family background controls, one with linear family

background controls only, and one with interactions between all family

® The GSS consists of a random sample of households in the US, not a random sample of
individuals. Within each household, one respondent was chosen at random from the
eligible adults. In order to assess the possible difference between this sample and a
random sample of adults, we do our analyses both unweighted and weighted by the
number of eligible adults in the respondent's household. Our findings are similar in both
cases. We report only the unweighted results.
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background measures and years of education completed as well as linear
controls.'

The first-stage regressions control for three demographic characteristics:
gender, race, and age. We included a dummy variable for gender to adjust for
possible differences in education aside from years of schooling and for potential
differences in experience that could affect vocabulary knowledge. A dummy
variable for whether the respondent is black is used to adjust for a number of
factors including potential differences in education quality that white and black
students received in non-segregated districts and potential racial bias in the
vocabulary test. We include age at the time of the interview in order to adjust for
possible age differences in vocabulary memory that could bias cohort effects.
Since the interviews were conducted over a 20-year period this control is not
equivalent to the cohort controls.

Family background adjustments include measures of parents’ education,
family size and whether the respondent was raised in a single-parent household,
as well as a rough assessment of family income when the respondent was 16.
The parents’ education variable is the average of the respondent’s answers when

11

asked the years of education received by his/her mother and father.”” The family

' Due to the limited nature of the dependent variable, an ordered probit might be a more
appropriate first-stage method than OLS. We ran the analyses using both methods and
found virtually no difference in the results. The results from the linear regressions are
somewhat easier to interpret and so they are presented.

' For those respondents who only answered the question for one parent, the average
parents’ education variable is the given parent's reported education.
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size variable used is the log of the total number of children in the family. The
family income measure in the GSS is a five-level variable of responses to,
“Thinking about the time when you were 16 years old, compared with American
families in general then, would you say your family income was---far below
average, below average, average, above average, or far above average?” We treat
this income measure as categorical, including indicators for each level of income
in our models.

Of the 6,032 respondents used in this analysis, 601 did not report
information on either parent's educational attainment, 16 did not report number of
siblings, 118 did not report on the family structure of the household they grew up
in, and 44 did not respond to the income question. We handled this missing data
by including four missing-data indicators in our models.

The second-stage of the analysis addresses systematic variation across
divisions and cohorts in the impact of years of education on test scores due to
measurable school characteristics. We use the coefficients on the interactions
between educational attainment and cohort-division group from the first-stage
regressions as the outcome measure for assessing the effects of school quality.
For each of the first-stage analyses we run regressions that include one of our
two school quality measures and controls for cohort and/or division.

Due largely to differences in underlying sample sizes, there is

considerable variation across divisions and cohorts in terms of the reliability of
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our first-stage estimates of the impact of education on test scores. For this
reason, there are potential efficiency gains to be derived from weighting the data
by an estimate of the covariance matrix. If our model is not perfectly specified,
however, weighted and unweighted regressions will also represent, conceptually,
somewhat different effects. = The weighted estimate will downplay the
coefficients of the smaller segregated southern school systems. For this reason,
we present both weighted and unweighted second-stage estimates. The weighted
results closely resemble feasible GLS one-step estimates. '

In addition to performing the above analyses, we estimate two other sets
of school quality effects. First, we rerun the regressions on whites alone.
Second, we add controls for current geographic division of residence in each of
the first-stage analyses. Since local labor markets affect achievement to a much
smaller extent, if at all, than they affect earnings, we do not need to control for
current state of residence in order to accurately assess the effects of school inputs
on achievement. By including controls for the local labor market we can
estimate the impact of such controls on studies that have looked at the effect of

school inputs on later earnings.

'2 This result is hardly surprising. The models we estimated satisfy the conditions
necessary for the optimal one- and two-step estimators to be identical (Amemiya, 1978;
Borjas, 1982).
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III. Results

Table 1 summarizes the results of the first-stage regressions for the full
sample both with and without family-background controls. Although cohort-
division dummies were included in the regression, for simplicity their
coefficients as well as the coefficients on the interaction terms and on the no-
response dummy variables are not reported in the table. Table 1 shows that, on
average, an extra year of education corresponds to a 0.17 standard deviation
increase in the test score without adjustments for family background, and a 0.15
to 0.17 standard deviation increase once family background is controlled for.
Overall, women scored approximately 0.18 standard deviations higher than men
both with and without the family background variables included. Whites scored
0.38 and 0.35 standard deviations higher than blacks with and without family
background controls, respectively.  The results indicate no significant
relationship between age and test score in the multivariate framework.

Model 2 includes linear controls for family-background characteristics.
Of the measures of family background included, only average parents’ education
and log of family size show significant effects. A one-year increase in parents’
education corresponds to a 0.025 standard deviation increase in test scores.
Those with larger families, on the other hand, tended to have lower test scores.
A one-unit increase in log family size corresponds to a .063 standard deviation

decrease in test scores. In addition, while none of the income variables was
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significant at the 0.05 level, the dummy variable for no response indicated that
those who answered the question had on average 0.30 standard deviation higher
test scores than those who did not. Model 3 includes family background -
educational attainment interactions for all family-background measures. Since
the inclusion of these interaction terms makes interpretation of the coefficients on
the original variables difficult, the results of Model 3 are not reported in Table 1.

We use the coefficients on the interaction terms between education level
and cohort-division group for each of these models as the dependent variable for
the second-stage. These coefficients measure the average additional gain in test
scores per year of education associated with the division and cohort in which
respondents were born. Figures 3a and 3b show the coefficients from Model 2,
with linear family background controls, plotted against the average student-
teacher ratio and the average term length of the division and cohort. The black
districts are represented in these figures by light square points, whereas white and
integrated school districts have dark, diamond-shaped points. These figures
illustrate a positive, though imperfect, relationship between school inputs and the
interaction coefficients, suggesting that cohort and division groups with higher
average school inputs also tended to have greater returns in achievement for extra
years of education. The figures make clear that the inclusion of the southern

black districts adds important variation to the data.



15

The results of the unweighted second-stage regressions are summarized in
Table 2. This table reports the coefficients on the school quality measures and
White's standard error estimates for each of the 12 models discussed above." In
all 12 models the regression coefficient for student-teacher ratio is approximately
-0.4. This indicates that each extra student in a classroom decreases the test
score returns to an extra year of schooling by 0.004 standard deviations. An
increase in the student-teacher ratio of ten students, representing a drop in
resources of between 20 and 30 percent, would be associated with a 0.04
standard deviation decrease in achievement returns to education. For the average
respondent, this corresponds to a change from 0.15 to 0.11 standard deviations
greater test score for each additional year of education, a decrease of just over 25
percent. While the coefficient size on student-teacher ratio is largely stable
across the models, the standard errors increase as more controls are introduced
into the model. This is hardly surprising. Cohort and division dummies explain
84 percent of the variation in the student-teacher ratio.

The coefficients on term length range from 0.19 to 0.10, depending on
controls. These estimates imply that an increase in the length of the school year
by ten days, representing a 6 to 8 percent change in the length of the school year,

corresponds to a 7 to 13 percent increase in returns to education. Again, the

'* The White's standard error estimates may be biased downward (Chesher and Jewitt,
1987), though for our analyses they were still consistently greater than the OLS
estimates.
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limitations of the data are evident in these results. As more controls are included
in the model, the standard errors increase, though not by as much as for student-
teacher ratio. Unlike the coefficient on student-teacher ratio, the coefficient on
term length tends to decrease as more controls are introduced.

The inclusion of the family-background measures has limited effect.
When family-background variables are interacted with educational attainment in
Model 3, the coefficients on the school quality measures drop substantially for
those second-stage models that do not include division controls. However, once
division is controlled for in the second stage, the estimated effects of school
inputs are essentially the same whether or not family background measures are
included in the first-stage regressions. Thus, once studies, such as Card and
Krueger (1992), control for state and cohort of schooling, their lack of control for
family background or their use of rough aggregate proxies for such control may
not substantially bias their results.'* At the aggregate level, controls for cohort
and division appear to take account of most of the relationship between family

background and measurable school quality. In contrast, micro-level research has

'* Card and Krueger use average per capita income and median education for white
persons over 25 years of age in each state in each cohort as proxies for individual family-
background effects. Aggregated from the state to the division level, this measure has
correlation coefficients of 0.80, 0.45 and -0.04 with the division-level aggregates of our
parents’-education, single-parent-family and family-size measures, respectively. When
the residuals of a regression of Card and Krueger’s family-background variable on
cohort dummies and division dummies is compared with the residuals of a similar
regression using our parents’ education measures, we find no relationship (a correlation
coefficient of -0.13).
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tended to find that family-background measures often account for any univariate
relationship between school inputs and student outcomes (Hanushek 1986). This
paradox points to the potential influence of data structure.

Results from the weighted second-stage estimates are presented in Table
3. While conceptually the error from the second-stage equations includes both
equation and measurement error, our computations imply that measurement error
represents the bulk of the total. For this reason, we simply use the inverse of the
estimated variances of the first-stage estimates to form the weights. The
reliability of the first-stage interaction coefficients varies considerably; thus, it is
not surprising that the point estimates and their estimated reliability are
somewhat different for the weighted than for the unweighted second-stage
analyses. In general, weighting reduces the absolute value of the coefficients as
well as their standard errors. These reductions most likely result from down-
weighting the smaller segregated black districts. While weighting does change
the estimates, the substance of the findings remains.

Overall, though the reliability of some of the estimates we report is not
high, the point estimates suggest very large effects of measured school quality.
The implied elasticities of the effect of changes in measured school quality on the

value of education hover around one! These effects are substantially stronger
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than those found in most other studies of student-teacher ratio or class size.'’
Glass and Smith (1979), in a meta-analysis of class-size effects, find only an
approximately one five-hundredth of a standard deviation difference in
achievement between 20 and 40 student classes. Hanushek (1986), in a summary
of the research on school input effects, notes that of 112 studies of teacher-pupil
ratio, only nine found positive significant results. Fourteen of these studies
showed negative significant results and the rest had insignificant findings.'®
Studies of term-length effects are not as prevalent, presumably because term
length no longer varies significantly across schools.

The results also suggest that studies that use the same types of data and
similar models to assess the impact of school inputs on student outcomes may
find similar results, whether the outcome measure is achievement or later
earnings. Our research, as did the Card and Krueger 1992 study, uses aggregate
data on school characteristics to predict student level outcomes for cohorts born
in the 1920s, 1930s and 1940s. In so doing, we find effects on achievement, if

anything, somewhat larger in magnitude than the effects that Card and Krueger

'* As a note of caution, it is questionable whether the comparison of effects on different
test score measures is useful. Tests vary in what they measure and in how they are
affected by specific classroom learning.

'® Some studies find large effects. Finn and Achilles (1990) in their analysis of the
Tennessee class size experiment, for example, find a 0.15 standard deviation greater
score for white students and a 0.35 standard deviation greater score for black students in
classes with 13-17 students in comparison to those students in classes of 22-25 students.
Our estimates, on the other hand, imply a rise of 0.04 standard deviations associated with
a drop in class size of ten students.
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found using earnings as the outcome variable. Card and Krueger's results
indicate that a decrease in student-teacher ratio of ten students would, on
average, increase income returns to an extra year of education by between 10 and
20 percent, depending on the cohort. Results presented here estimate that a
decrease in student-teacher ratio of 10 students increases the effectiveness of
schools on raising achievement scores by over 20 percent.

17" While the estimates are

We repeat the above analyses for whites only.
substantially less consistent than for the entire sample, the general trend for
student-teacher ratio to have a negative effect and for term length to have a
positive effect is evident. The lack of significant effects when only cohort
controls are included, points to the importance of differences in achievement
returns to years of education among divisions. Once division controls are
included, the estimates are substantially larger than for the full sample and
significant at standard levels (the coefficients on school characteristics range
from -0.63 to -1.29 for student-teacher ratio and from 0.26 to 0.37 for term length
depending on the model). These results indicate that the convergence of the
school inputs in the segregated southern school districts is not the only force
driving the positive findings on the impact of school inputs on achievement.

Lastly, we find little change in the effects of the measured school inputs

when current division of residence is included as a control in the first-stage, both

'7 The results of the weighted and unweighted second-stage regressions for whites are
reported in Appendix Tables 2 and 3, respectively.
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linearly and interacted with educational attainment.'® With this control included,
the analysis, in effect, compares people who currently live in the same division
but were born in other divisions. These "migrants" may be systematically
different from people who remain in the division in which they were born. The
results of studies, such as Card and Krueger’s (1992), which control for current
residence in order to adjust for local labor market effects may, then, be biased
from these migration effects. The similarity between estimates that do and do not
control for current division of residence in the first-stage would seem to indicate
that migration effects are small and do not substantively change the findings.
This result may apply especially to Card and Krueger’s 1992 paper which uses
the same year of birth cohorts and measures of school inputs as those in this
study. Our analysis is not a direct test of migration bias for studies such as Card
and Krueger’s that use earnings as the dependent variable. Migrants may well
select to move on the basis of wage differences that we are not be able to capture
effectively using a measure of verbal ability. Yet, our findings suggest that
migration bias may not be the sole cause of the positive school input effects

found.

'® Appendix Table 4 summarizes the second-stage results for models which include
current division of residence as controls in the first-stage regressions.
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IV. Discussion

Our results point to the importance of data characteristics in explaining the
conflict in findings between income studies with positive school input effects and
achievement studies without consistent significant effects. Data characteristics
appear to be more important than differences in the outcome measure, biases
from missing family background controls, or biases from labor market influences.
Studies finding positive effects of school inputs typically use aggregate data on
cohorts educated before 1960, while studies finding no effects tend to use micro-
level data on more recent cohorts. Unfortunately, data limitations preclude us
from directly assessing the extent to which cohort effects versus aggregation
influence the results. While existing evidence supports the notion that both level
of aggregation and cohort differences may contribute to the conflict in findings,
only the aggregation effect appears potentially sufficient in magnitude to explain
the extent of this conflict.

The findings on cohort effects are mixed. Economic historians have
produced some direct evidence that school resources affected scholastic
achievement during the early part of this century. The difference between these
results and the inconclusive results of studies on more recent years suggests
possible cohort differences in the effect of school inputs. Schmidt (1995), for
example, using data from New York, finds evidence that increases in state

funding for local schools during the early 1920s had a positive effect on
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outcomes. In addition, both Orazem (1987) and Margo (1990) report positive
associations between term length and scholastic achievement; though, recall that
findings of positive effects of term length should probably not be seen as
conflicting with current evidence on achievement.

Non-linearities in the effects of school inputs on student outcomes are a
possible explanation for stronger finding using older cohorts. Ferguson (1991)
found that increasing student-teacher ratios above 18 had a negative effect on
outcomes, but that decreases below this level had no effect. If such threshold
effects exist they would provide a possible mechanism to explain systematic
variation between results of studies based on older versus more recent cohorts.
However, Glass and Smith's 1979 meta-analysis of 77 studies found substantially
greater effects of class size among classrooms with less than 20 students than
among those with 20-40 students, which would work in the opposite direction,
enhancing the contrast between our results and those based on more recent data. P

While the evidence suggesting the importance of cohort differences in
explaining the conflicting findings is limited, there is mounting evidence that

estimates of the effects of measured school inputs on school effectiveness are

' An alternative explanation for the source of possible cohort effects is that the greater
variation in school resources that existed at the beginning of the century may make it
easier to detect significant effects using historical data. Yet, diminished variation should
not bias estimates. In addition, there continues to be considerable variation in inputs
across schools and school districts. A more compelling argument for cohort effects,
especially when considering comparisons across states, is that the greater variation in
school quality may imply that measured inputs were more reliable indicators of school
quality at the beginning of the century than they are today.
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substantially larger when researchers use states rather than school districts,
schools or classrooms as the unit of analysis (Betts, forthcoming). The design of
several recent studies allows the direct assessment of the importance of
aggregation. Each of these studies finds evidence suggesting that aggregation
increases the estimated impact of measured school characteristics (Betts, 1995;
Grogger, 1994; Hanushek, Rivkin and Taylor, 1995).

The finding that relationships are stronger at the aggregate level is not
specific to this literature. When findings based on aggregate versus micro data
conflict, the presumption is usually in favor of the more micro analysis. Yet,
estimates based on micro data are not always preferred to ones based on
aggregate data (Grunfeld and Griliches, 1960). In the current context, it has been
argued that aggregation may decrease the endogeneity problem of parents
selecting the schools that their children attend since parents are more likely to
choose a district or a particular school than they are to choose the state or
division in which they live because of the school resources available (Card and
Krueger, forthcoming). For this reason, state or division level studies may
estimate more accurate effects than district or school level analyses. Moreover,
aggregation can serve to mitigate the biases due to errors-in-variables. For
example, micro-level studies assessing the impact of school inputs tend only to
have measures of that input for the particular classroom in the particular year that

the data cover. Yet, students attend numerous classrooms during their schooling
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experience. An average measure of the input for the district, or even for the
state, may be a more accurate assessment of the average school inputs received
by the student over his/her total schooling than is a single micro-level measure
that matches students directly to classrooms at one point in time.

While state and division level studies may have some benefits over more
micro-level studies that look at absolute measures of achievement, most recent
micro-level studies use value-added measurements, in which prior achievement is
controlled for either by introducing measures of prior achievement as a left-hand-
side variable or by using gain in achievement from being in a particular
classroom with specific inputs as the dependent variable. Studies with this value-
added framework appear to be preferable to aggregate studies by most measures.
The controls for initial achievement should diminish the endogeneity problem
evident with other methods, while data on the specific inputs that the student
receives substantially reduce errors-in-variables bias.

While criticisms of the micro studies in the literature are largely addressed
by the value-added approach, the problems that plague aggregate studies remain.
For example, arguments in favor of using micro-level data are based on the fact
that if there are aggregate effects that are correlated with the explanatory
variables of interest, aggregation will exacerbate the bias due to the omission of
these factors (Hammond, 1973). In the current context, it is natural to imagine

that measured school inputs are endogenous and may serve as proxies for other
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characteristics of the environment in which students grew up.”® Increases in the
investment in education that occurred in the first half of the twentieth century did
not occur randomly, but reflected increased awareness across various groups and
organizations of the importance of education (Goldin, 1994)!

In this regard, it is important to distinguish two potential aspects of the
environment that average school input measures may be capturing. First, school
input variables may be picking up features of the communities that are unrelated
to the schools themselves. As the southern economy came to more closely
resemble the northern economy (Wright, 1986), higher expectations about the
future and increased orientation toward the value of academic achievement may
have caused the increased test scores, quite apart from direct effects of the
schools. On the other hand, differences in measured school inputs may reflect
actual school quality difference. Findings of positive school input effects, in this
case, would reflect actual school quality differences, though not necessarily the
impact of the particular input measure in question. In fact, the crudeness of the

school quality measures used in studies such as this and the likely inaccuracies in

% For example, some quality of the state that one is raised in may both affect student
outcomes and be collinear with school inputs. If a state or region has a culture in which
the importance placed on education and academic achievement is growing over time,
then citizens of that state are likely to vote to increase teacher salaries and the length of
the school term. However, if students educated in this region after the growth have
higher achievement or greater later earnings than earlier cohorts, it is impossible to
separate out the effect of increased emphasis on education from the effect of increased
school inputs
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the Survey of Education data,?! together with the strong correlation among school
inputs, make it hard to imagine that measured differences in such things as the
average student-teacher ratio reflect only such differences and not also other
school quality differences.”?

In either case, it may still be appropriate to think of the kinds of school
inputs used by Card and Krueger as reflecting the level of human capital
investments. In this sense, increases in the length of the school year or decreases
in the pupil-teacher ratio that occurred over the first half of the twentieth century
are part of the dramatic increases in human capital investment that were
occurring over this period of time. There would seem to be little doubt that, in
general, such investment contributed importantly to economic growth (Griliches,
1970; Denison, 1985). However, while aggregate studies can point to the
importance of human capital investments, such studies cannot provide the detail
on the benefits of specific school inputs that is needed for informed policy

decisions.

2! Robert Margo (in personal communications, February 1995) cited such data problems
as double counting of students and teachers who move across districts and unweighted
aggregation of district level data.

2 For example, given the high correlation between our two school quality measures, it
seems plausible that both the student-teacher ratio and term length are proxying for the
time spent on learning, “time on task.”
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Table 1: First Stage Regression Results

Variables Means Model 1 Model 2
Education 12.60 0.17 0.15
(3.03) (0.00) (0.00)
Age 46.83 -0.002 -0.002
(10.86) (0.021) (0.002)
Black 0.14 -0.38 -0.35
(0.35) (0.05) (0.05)
Female 0.57 0.19 0.18
(0.50) (0.02) (0.02)
Average Parents’ 9.59 0.025
Education (342) -(0.004)
Income
Below Average 0.27 -0.027
(0.45) (0.039)
Average 0.49 -0.057
(0.50) (0.038)
Above Average 0.12 0.077
(0.33) (0.48)
Far Above Average 0.02 0.062
(0.12) (0.093)
Log (Number of Children) 1.39 -0.063
0.67) 0.017)
Single Parent Family 0.17 -0.003
(0.37) (0.029)
R-Square 0.39 0.40
F-Value 50.98 46.67

* 36 cohort-division dummy variables and 36 cohort-division by education level interaction terms were included
in each of the regressions although their coefficients do not appear in the table. In addition, Models 2

includes dummy variables for whether each of the family background measures is missing. The results for
Model 3, which includes interactions between educational attainment and each of the family background
measures, is not reported here. The sample size is 6032,



Table 2: Second Stage Regression Results: Unweighted

No Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.42 0.36 0.19 0.34
0.13) 0.07)
Cohort Controls -0.41 0.37 0.18 0.36
(0.15) (0.07)
Division Controls -0.41 061 0.15 0.59
0.17) (0.07)
Cohort and Division -0.35 0.63 0.10 0.61
(0.26) (0.09)
Linear Family Background Controls
Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.39 034 0.17 0.33
(0.14) 0.07)
Cohort Controls -0.37 0.36 0.17 0.35
(0.15) (0.07)
Division Controls -0.41 0.60 0.15 0.56
(0.18) (0.08)
Cohort and Division -0.38 0.62 0.10 0.60
0.27) (0.09)
All Family Background Controls
Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.25 0.18 0.12 0.21
0.149) 0.07)
Cohort Controls -0.20 0.24 0.10 0.26
(0.14) (0.07)
Division Controls -0.40 0.48 0.14 0.44
(0.19) (0.08)
Cohort and Division -0.38 0.51 0.10 0.49
(0.28) (0.09)

* The top left hand number for each set of three numbers is the coefficient on the school quality measure in the
second stage regression. The bottom left hand number is the White's estimate of the standard error. The
right hand side number is the R-Square for the regression. The sample size for each regression is 36.



Table 3: Second Stage Regression Results: Weighted

No Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100

No Controls -0.33 0.24 0.15 0.24
(0.09) (0.05)

Cohort Controls -0.25 0.30 0.12 0.32
(0.11) (0.05)

Division Controls -0.45 0.56 0.17 0.52
(0.15) 0.07)

Cohort and Division -0.20 0.59 0.08 0.60
0.22) (0.07)

Linear Family Background Controls

Student-Teacher Ratio / 100 Term Length /100

No Controls -0.31 0.24 0.14 0.23
(0.09) (0.04)

Cohort Controls -0.23 0.30 0.11 0.32
(0.10) (0.04)

Division Controls -0.44 0.58 0.16 0.53
0.14) 0.07)

Cohort and Division -0.23 0.61 0.07 0.61
(0.23) (0.07)

All Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100

No Controls -0.18 0.10 0.09 0.11
(0.09) (0.04)

Cohort Controls -0.08 0.22 0.05 0.24
(0.09) (0.04)

Division Controls -0.41 0.51 0.14 0.45
(0.14) (0.07)

Cohort and Division -0.24 0.54 0.07 0.54
(0.23) (0.07)

* The top left hand number for each set of three numbers is the coefficient on the school quality measure in the
second stage regression. The bottom left hand number is the White's estimate of the standard error. The
right hand side number is the R-Square for the regression. The sample size for each regression is 36.
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Figure 1a: Average number of students enrolled per teacher by cohort and division
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Figure 1b: Average length of the school term in days per year by cohort and division.
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Figure 3a: A plot of student-teacher ratio by additional achievement returns to education for each
cohort-division group as estimated by Model 2 (see Table 1).
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Figure 3b: A plot of length of the school term by additional achievement returns to education for each
cohort-division group as estimated by Model 2 (see Table 1).
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Appendix Table 1: Means and Standard Deviations of Analysis Variables by Cohort and Division

Percent Percent Parents’ SLevel # of Children  Single

Division/Cohort  Cohort  Test Score Education Age Black  Female Education Income in Family Parent
New England 1 6.68 (2.09) 12.06 (2.95) 5894 (6.55) 0.80 65.81 8.60 (3.73) 269 (0.77) 524 (3.08) 15.04
2 7.08 (2.28) 13.53 (2.66) 48.53 (6.52) 1.20 57.83  10.34 (3.33) 296 (0.74) 389 (2.88) 16.05

3 691 (2.08) 13.69 (2.94) 38.08 (6.41) 3.64 55.45  10.70 (3.06) 283 (080) 385 (2.14) 12.84

Middle Atlantic 1 6.56 (2.14) 12.15 (3.10) 58.87 (6.84) 5.28 53.47 8.57 (3.50) 266 (093) 475 (3.07) 16.16
2 685 (1.97) 1291 (290) 47.26 (6.82) 7.19 55.23 9.65 (3.01) 2.82 (0.79) 430 (3.15) 16.61

3 697 (1.94) 13.67 (2.57) 37.60 (6.54) 8.50 5729 1097 (2.62) 286 (0.79) 393 (2.56) 13.51

East North Central 1 6.39 (2.02) 1219 (291) 57.26 (6.76) 8.04 56.57 8.72 (3.11) 262 (0.86) 504 (3.13) 16.21
2 620 (2.00) 12.57 (248) 4798 (6.82) 8.00 56.86  10.02 (2.68) 271 (0.83) 487 (3.09) 1493

3 6.56 (1.89) 13.56 (2.46)  38.38 (6.65) 14.03 5246  10.68 (2.84) 281 (0.76) 467 (275) 1250

West North Central 1 6.30 (2.02) 1245 (2.81) 59.15 (6.44) 4.79 56.91 9.18 (3.15) 265 (0.82) 520 (3.45) 12.09
2 6.53 (2.09) 13.12 (2.79) 48.71 (6.42) 9.32 53.42 9.85 (3.13) 263 (0.86) 481 (3.06) 19.62

3 6.76 (1.86) 13.56 (2.58) 37.84 (6.99) 5.15 58.80 1099 (2.85) 2.82 (0.88) 447 (278) 13.79

South Atlantic 1 567 (2.15) 11.18 (3.55) 58.81 (6.83) 0.00 62.38 8.50 (4.13) 2.63 (0.83) 568 (3.25) 11.73
White 2 567 (194) 11.76 (3.14) 47.19 (6.86) 0.00 56.41 877 (3.68) 270 (0.77) 520 (3.44) 1451
3 6.37 (2.03) 1296 (2.89) 3791 (6.57) 0.00 54.04  10.39 (3.60) 280 (0.80) 450 (2.94) 1331

South Atlantic 1 403 (204) 9.51 (3.81) 5832 (6.17) 10000 57.97 744 (3.85) 208 (0.89) 659 (3.90) 37.88
Black 2 479 (2.04) 11.01 (3.23) 48.85 (6.25) 100.00 54.88 7.18 (3.37) 210 (086) 745 (5.13) 3457
3 466 (2.06) 1242 (2.72) 38,57 (6.54) 10000 60.18 840 (3.30) 245 (0.87) 679 (421) 36.04

East South Central 1 502 (208 1041 (3.19) 60.00 (6.79) 0.00 63.93 7.56 (3.48) 261 (089) 618 (3.39) 17.50
White 2 562 (2.28) 12.14 (3.10) 4875 (6.77) 0.00 58.82 8.87 (3.10) 268 (0.8s5) 534 (348) 14.00
3 559 (2.08) 1236 (290) 3834 (7.17) 0.00 59.33 9.38 (3.22) 273 (0.73) 497 (3.50) 8.78

East South Central 1 3.92 (1.96) 9.72 (3.70) 5949 (5.74) 100.00  59.02 7.02 (3.64) 2.13 (1.01) 6.62 (4.36) 39.66
Black 2 428 (193) 1078 (2.96) 49.23 (594) 100.00 65.00 7.21 (3.09) 1.98 (0.85) 723 (4.82) 31.66
3 477 (196) 12.60 (2.81) 39.17 (6.20) 10000 63.33 8.17 (3.92) 207 (092) 730 (3.87) 3051

West South Central 1 592 (2.12) 11.89 (3.16) 58.39 (7.06) 0.00 57.26 8.41 (3.85) 259 (088 521 (3.11) 23.08
White 2 589 (240) 12.10 (3.54) 4824 (7.14) 0.00 57.02 790 (3.93) 258 (0.92) 541 (299) 1453
3 596 (231) 1275 (3.07) 38.14 (6.71) 0.00 56.12 949 (4.17) 278 (094) 477 (3.01) 1392

West South Central 1 3.67 (2.20) 9.37 (3.50) 57.70 (7.36)  100.00  60.00 690 (342) 233 (080) 7.07 (3.72) 37.93
Black 2 467 (1.75) 1146 (2.87) 4831 (6.83) 10000 64.10 7.55 (4.09) 223 (099 750 (3.65) 28.21
3 510 (1.91) 1231 (2.60) 3743 (595) 10000 69.05 7.68 (3.23) 219 (086) 867 (4.32) 31.71

Mountain 1 6.18 (2.54) 1202 (3.28) 59.93 (6.16) 0.00 70.18 934 (343) 279 (0.88) 579 (3.69) 1.14
2 6.12 (2.36) 12.56 (3.87) 48.05 (7.51) 1.82 52.73 887 (297) 251 (0.80) 6.07 (3.91) 1569

3 6.51 (1.83) 1343 (2.39) 3949 (6.87) 1.22 50.00 10.79 (2.92) 274 (0.86) 546 (3.61) 8.97

Pacific 1 6.72 (2.03) 1259 (2.62) 57.51 (6.00) 1.69 55.08 960 (3.24) 276 (0.87) 453 (299) 2586
2 634 (2.21) 13.00 (2.69) 4784 (7.57) 6.72 46.27 9.68 (3.28) 276 (0.76) 435 (2.81) 2105

3 673 (2.02) 1370 (2.75) 38.22 (6.96) 6.83 5582 1095 (307) 288 (0.83) 433 (2.64) 16.26

Overall 621 (2.16) 12.60 (3.03) 46.83 (1046) 1398  56.66 9.59 (342) 269 (0.85) 499 (3.28) 16.66




Appendix Table2: Second Stage Regression Results, Whites Only: Unweighted

No Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.10 0.01 0.09 0.03
0.17) (0.06)
Cohort Controls 0.05 0.12 0.05 0.13
0.21 (0.05)
Division Controls -0.70 0.38 0.37 0.39
(0.23) (0.09)
Cohort and Division -1.29 0.46 0.36 0.45
(0.50) 0.11)
Linear Family Background Controls
Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.11 0.01 0.08 0.03
0.17) (0.06)
Cohort Controls 0.01 0.13 0.05 0.14
(0.20) (0.04)
Division Controls -0.66 0.44 0.31 041
(0.20) (0.09)
Cohort and Division -1.27 0.54 0.29 0.48
(0.42) 0.11)
All Family Background Controls
Student-Teacher Ratio / 100 Term Length /100
No Controls -0.11 0.01 0.07 0.02
(0.16) (0.06)
Cohort Controls 0.00 0.14 0.04 0.14
(0.18) (0.04)
Division Controls -0.63 046 0.28 0.43
(0.18) (0.09)
Cohort and Division -1.23 0.58 0.26 0.51
(0.35) 0.1

* The top left hand number for each set of three numbers is the coefficient on the school quality measure in the
second stage regression. The bottom left hand number is the White's estimate of the standard error. The
right hand side number is the R-Square for the regression. The sample size for each regression is 27.



Appendix Table 3: Second Stage Regression Results, Whites Only: Weighted

No Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.18 0.03 0.12 0.06
(0.16) (0.06)
Cohort Controls 0.09 0.22 0.06 0.22
(0.18) (0.05)
Division Controls -0.70 0.47 0.40 0.50
(0.23) (0.09)
Cohort and Division -0.73 049 0.30 0.55
(0.46) 0.11)
Linear Family Background Controls
Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.21 0.05 0.12 0.07
0.17) (0.06)
Cohort Controls 0.01 0.15 0.07 0.23
(0.18) (0.05)
Division Controls -0.67 0.55 0.34 0.53
(0.18) (0.09)
Cohort and Division -0.81 0.58 0.23 0.59
(0.36) (0.10)
All Family Background Controls
Student-Teacher Ratio / 100 Term Length / 100
No Controls -0.21 0.05 0.10 0.06
(0.16) (0.06)
Cohort Controls 0.00 0.21 0.05 0.22
(0.18) (0.05)
Division Controls -0.64 0.57 0.31 0.53
(0.16) (0.09)
Cohort and Division -0.87 0.61 0.20 0.60
(0.31) (0.10)

* The top left hand number for each set of three numbers is the coefficient on the school quality measure in the
second stage regression. The bottom left hand number is the White's estimate of the standard error. The
right hand side number is the R-Square for the regression. The sample size for each regression is 27.



Appendix Table 4: Second Stage Results Including Current Division
of Residence in the First Stage

No Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100

No Controls -0.39 0.27 0.18 0.28
(0.15) (0.07)

Cohort Controls -0.37 0.28 0.18 0.30
(0.16) 0.07)

Division Controls -0.41 0.62 0.15 0.60
(0.18) (0.08)

Cohort and Division -0.38 0.64 0.11 0.63
(0.28) 0.09)

Linear Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100

No Controls -0.35 0.24 0.17 0.27
(0.15) 0.07)

Cohort Controls -0.33 0.26 0.16 0.29
©.17) (0.07)

Division Controls -0.42 0.61 0.15 0.59
(0.20) (0.09)

Cohort and Division -0.41 0.64 0.11 0.62
(0.29) (0.10)

All Family Background Controls

Student-Teacher Ratio / 100 Term Length / 100

No Controls -0.21 0.11 0.12 0.16
(0.15) 0.07)

Cohort Controls -0.16 0.17 0.10 0.20
(0.16) (0.07)

Division Controls -0.40 0.53 0.14 0.50
(0.20) (0.09)

Cohort and Division -0.41 0.56 0.11 0.54
(0.30) (0.10)

* The top left hand number for each set of three numbers is the coefficient on the school quality measure in the
second stage regression. The bottom left hand number is the White's estimate of the standard error. The
right hand side number is the R-Square for the regression. The sample size for each regression is 36.



