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Abstract

Two-thirds of education production function studies relating learning to school and parental inputs also include
parental income. This confounds demand and production functions, since in demand functions income determines the
school inputs used in the production function. In a comprehensive review of the literature, we show that with this
misspecification significantly positive school input coefficients are 39% less common. Then, with Project TALENT
student-level data from 1960 and pooled state data for 1987-1992, we examine the impact of including income with
no other change in specification. This causes most school inputs to become less significant. Hausman tests suggest tha
in OLS regressions there is a correlation between the school input measures and the error term, perhaps due to the
omission of a good measure of parental time with the student. This appears to bias the school input coefficients toward
zero, but can be corrected with IV methods. [JEL 121, H52, H42]999 Elsevier Science Ltd. All rights reserved.
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1. Introduction reexamine the educational production function literature,
focusing on the role of specification in determining the
Many academics seem to have accepted the con-significance of education inputs.

clusion of Hanushek (1986, p. 1162) th#tére appears Estimates from an educational production function are
to be no strong or systematic relationship between most commonly used to assess the efficacy of primary
school expenditures and student performdr(g@ealics in and secondary school inputs on educational output. This

original). Hanushek’s rather startling statement con- production function relates a measure of educational out-
cludes his review of 65 regressions, found in over a put (e.g., standardized achievement test scores, gradu-
dozen articles, estimating how school expenditures affect ation rates, or post school economic achievements) to a
educational outcomes. Although this conclusion is now set of inputs. The parental, student, and school inputs
widely accepted by economists, voters continue to ratify appropriate for these studies must reflect the fact that
sizable educational budgets and spend more on educatiorbefore and during the primary and secondary years
when they have more income. Real spending per pupil knowledge is produced both at home and at school. Fol-

has tripled since 1960. Given this preference for lowing standard production function theory, each input
increased spending, perhaps it is premature to concludeis expected to boost learning. Children should acquire
that school inputs are ineffective. In this paper, we more knowledge when their parents spend more time

with them developing their skills, and more educated

parents are expected to be more effective in passing on

* Corresponding author. Tel+352-392-0117; Fax:352- knowledge. Similarly, students should learn more when
392-7860; E-mail: Kenny@notes.cba.ufl.edu they spend more time in class learning from teachers,
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at home being tutored by their parents, or studying by impact of deleting income from the estimated production
themselves. Students are expected to learn more fromfunction. Unfortunately, their regressions do not include
better teachers and in smaller classes, where each studenmeasures of parental or student time inputs. Gyimah-
gets more attention. Though it may be less obvious why Brempong and Gyapong (1991) also recognize the
there should be higher achievement in larger schools, endogeneity of these school inputs. They agnostically
Kenny (1982) shows that the cost of any level of estimate the effect of dropping four socioeconomic mea-
achievement is minimized by expanding the area served sures—family income, parental educational attainment,
by a school until the increase in transportation costs per poverty rate, and crime rate—from their regressibns.
student is equated to the savings in in-school costs that Their results suggest that multicollinearity between
accompany a larger school. This reduction in in-school income and school spending leads to a negative coef-
costs implies that schookhouldoperate in a region of  ficient on spending when income is included and a posi-
increasing returns to scale and accordingly that studentstive coefficient when income is excluded. Further, they

should learn more in larger schools, holding other
inputs constant.

The lack of support for these predictions in the edu-
cation production function literature may be caused by
misspecification. In two-thirds of the studies that we ana-
lyze below, family income or socioeconomic status has

find that dropping parental education results in a statisti-
cally significant loss of explanatory power in all cases,
while all of the others can be dropped with no loss if
parental education is retainéd.

Although these studies, particularly the Gyimah-
Brempong and Gyapong paper, suggest that including

been included as an independent variable. Perhaps thisincome may contribute to concluding that school inputs

stems from a belief that family factors “tend to be highly
correlated with socioeconomic status of the family”

are ineffective for student achievement, there is no sys-
tematic evidence on whether this form of model mis-

(Hanushek, 1971, p. 281) and therefore either income or specification is a problem. We provide evidence on this
socioeconomic status can be used as a proxy for anyissue, using a variety of statistical techniques. In Section

inputs which families might provide outside of the
school environment, but which are difficult to identify

3, we summarize, using meta-analysis, the empirical
findings from a larger set of papers than Hanushek

and measure. In the usual household production model, (1986) examined. Each regression studied is classified as

however, the parental time and income budget con-

either correctly specified (i.e., a ‘good’ study) or mis-

straints determine the time parents spend with each child specified (i.e., a ‘bad’ study), and results for the two

and quality of the school systefrin a Tiebout (1956)

types of studies are compared. In Section 4, we estimate

setting, parents select school inputs through the choice two educational production functions, using the Project

of the community; parents demanding better school
locate in school districts that provide better schools.
Accordingly, it makes no sense to include family income
in an educationgbroduction functioralong with the par-
ental and educational inputs that are jointly determined
by family income. Doing so confounds production and
demand functions.

We show in the next section that the inclusion of the
demandvariable ‘family income’ creates serious statisti-
cal problems that should make it more difficult to con-
clude that school inputs are significant. A few

TALENT micro data set and pooled state-level data, to
determine directly the sensitivity of our parameter esti-
mates to various specification errors involving the
inclusion of income. The results of the meta-analysis and
our regressions support our assertion that misspecifi-
cation has played an important role in concluding that
school inputs do not matter. We also use an instrumental
variables procedure to deal with potential bias of the
school input coefficients and find evidence of an endog-
eneity problem and that school input coefficients in even
the better specified education productions appear to be

researchers have recognized this specification problem.biased downward.

Strauss and Sawyer (1986, p. 42), noting an “extensive

public finance literature [in which] income [would be] a

causal factor in the expenditure equation,” conclude that 2. Statistical effects of inclusion of demand

educational production functions with income and edu-
cational expenditure mix a “demand-for-public-goods
relation...and a production relation.” They examine the

1 Although a number of papers provide support for this pre-

variables along with inputs

To illustrate the specification issues, consider the fol-
lowing simple household production model. The parent’s

21t makes little sense to drop educational attainment, which

diction, other research finds that costs fall and then rise as measures effective parental time.

schools become larger. This literature is summarized in Cohn

and Geske (1990, pp. 205-207).
2See, for example, Kenny (1982) and similar models in
DeTray (1973), Willis (1973), and Becker (1991).

4In a related vein, Hanushek (1996, p. 21) claims that school
input-earnings studies are marred by the omission of any par-
ental input measures, which leads to overstatement of the
impact of school inputs.
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utility depends on how much the child learns) (and
other consumption@).

U = U(L, C) 1)

Each is produced in a household production function.
The education production function is

L=1f(St;E) )

where S represents the quality of the school system,
the amount of time the parent spends teaching the child,
and E the educational attainment of the parent. An

increase in the parent’s education is expected to raise the

productivity of his or her time spent teaching the child.
This formulation reflects the reasonable belief that vir-
tually all of the parent’'s direct impact on the child's
learning occurs through the quality and quantity of time
spent with the child.

Similarly, the production function for other consump-
tion is

C =9t E) 3

whereX is the amount of goods purchased apds the
time devoted to other consumption.
The parent faces the time and goods budget con-

straints:
T=1t +tc+ ty 4)

wheret,y is the time spent working andl is available
time.

PsS + X = wiy, (5)

wherePg is the price of school quality in terms &fand
w is the hourly wage rate. Substituting Eq. (4) into Eq.
(5) produces the full income constraint:

(PsS + wt) + (X + wte) = wT

This shows how potential income is allocated to the time
and goods inputs into learning and other consumption.

(6)

5 There is substantial evidence that those who are more edu-
cated are more productive or more efficient. The labor market
acts as if this is true in the work place, since wage rates rises
with education. Michael (1973) found that the effect of edu-
cation on the demand for goods, holding income constant, was
consistent with a model of household production in which edu-
cation raised household productivity neutrally. Those who are
more educated are more adept at dealing with disequilibria
(Schultz, 1975), are better informed about the voting record of
their Senators (Husted, Kenny & Morton, 1995) and more likely
to not reelect Senators who have been too liberal or conserva-
tive for their constituency (Schmidt, Kenny & Morton, 1996).
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Maximizing utility Eqg. (1) subject to the production
functions Eg. (2) and Eg. (3) and the full income con-
straint Eq. (6) yields the demand functions for the two
outputs and their inputs:

L = D1(T, w, Ps E)
C = D2(T, w, P, E)
S= D3(T,w, P, E)
X = DA(T, w, P, E)
t, = D5(T,w, P E)
te = D6(T, w, P, E)

Note that all outputs and inputs are determined by the
same set of variables.

Now we can consider the issues involved in estimating
the education production function Eq. (2). Suppose we
first linearize it (ignoring error terms for the time being).

L =Dy + b,S+ byt, + bsE )

We are aware of no data set that has ideal measures of
all the variables entering the education production func-
tion. A few data sets examining the skills of young chil-
dren have qualitative information on the time the mother
spends teaching the child, but do not have good infor-
mation on the child’s school. The data sets with good
information on schools have no direct measures of how
much time the parents spend teaching their childtgn (

If a parental labor force measure (suchgsis available,

it can be used as an instrument fiprin Eq. (7), since

it is clear from the time budget constraint (Eq. (4)) that
these tend to be negatively correlated. The Project TAL-
ENT regressions that we report in Section 4 use this
strategy.

Suppose more typically that there is no parental labor
force variable. There are several ways in which to deal
with this problem. Most commonly, the production func-
tion is estimated using a measure of the parent’s income,
such asw, presumably as a proxy fdr. Then

L = by + b,S + bsE + bw (8)

The problem with this solution is that is unlikely to

be a good proxy for the parent’s time teaching the child.
Conflicting income and substitution effects accompany
an increase in the wage rate, making the net effedf on
quite uncertain.

Moreover, the introduction ofv into the production
function introduces multicollinearity betweenw
(‘income’) and the school qualitgthat it determines via
the demand functio3. Since income is an important
determinant of school quality, this problem will be sev-
ere. As multicollinearity may already be present in these

s purchased household goods account for a very small share Models, the estimators may lack precision even without

of the total cost of learning. Murnane, Maynard and Ohls (1981,

p. 369) found no evidence that these goods affect achievement.

the inclusion of income. Adding income then might
doom one to finding school inputs to be irrelevant, even
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when they are in fact highly productive. Inspection of fine our analysis to studies that examine cognitive skills,
the expression below for the variance of tite coef- as measured by a score on a standardized test. Thus,
ficient under standard ordinary least squares assumptionsstudies examining earnings and high school completion
will make the severity of this problem apparent. Here, are excluded from our analysis, but included in some
o? is the variance of the error term ariRf® is the R? other literature reviews. Hypotheses about various school
from an auxiliary regression oX; on all of the other inputs are confirmed in some studies, but not others. To
explanatory variables. allow testing for overall significance, we require that the
o2 result appear in a table in which tieatio was reported
Var[gj] = 1 RS04 — X)2 or from which could be calculatédThus, anecdotal
D% — %) statements that a variable was insignificant in unreported
Obviously, the inclusion of income will increas®?,

regressions were ignored; as Hedges, Laine and Green-
probably by a large amount. An analogous result may be wald (1994b, p. 9) note, in these situations “even the
obtained for theestimatedvariance as well. Inclusion specification of the model was often unclear.” We omit-
of income thus will increase the dispersion of estimates ted these ‘results’ because the level of significance could
obtained from repeated regressions and increase the estinot be determined and furthermore because it is unclear
mated standard errors in each individual regression. This how including the variable would have affected the sig-
means that more negative coefficients and fewer signifi- nificance of those variables that were included in the
cant coefficients will tend to be found when income is regression. Many studies report more than one
included. The subsequent analysis provides evidence onregression. If a paper reports several regressions using

these assertions.
Alternatively, the production function can be esti-

the same dependent variable and sample, only the ‘best’
regression is utilized. On the other hand, regressions

mated without a measure of how many hours the parent based on different dependent variables (for example,

spends with the child:
L =by + b;S+ bsE 9

The major econometric concern over this solution is the
bias in the school quality coefficient due to omittihg
Flyer and Rosen (1997) found a positive correlation
between female labor force participation rates and the
teacher/pupil ratio, suggesting a negative correlation
between school quality and parental time spent with the
child and a negative bias on the school quality coef-
ficient.

A third strategy is to use an instrumental variable pro-
cedure to estimate the demand function for school qual-
ity (D3) and then use the predicted values for school
quality (S) to estimate a production function that does
not include a measure of parental hours.

L =by + b,S + bE (10)

This procedure, followed in Kenny (1980) and in Section
4 below, should produce unbiased school quality coef-

math and reading scores) and/or samples (e.g., based on
grades or geographical area) provide complementary
statistical evidence. Accordingly, each of these contrib-
utes potentially one observation to our analysis. The
tables that follow are based on 127 regressions taken
from 46 papers. Note that the analysis of Hanushek
(1986) is based on 147 regressions from 33 publications.
Our study includes the 28 papers he surveyed which
included regressions meeting our criteria as well as 18
other papers.

These papers examined the impact of a variety of edu-
cational inputs. We collected results for teacher experi-
ence, teacher education, other teacher characteristics
(e.g., teacher test score, ranking of teacher’s college),
teacher salary, teachers per pupil, expenditure per pupil,
and school size. If a regression included several variables
from one category, such as science class size and non-
science class size, the result for each variable was col-
lected.

Classification of the regressions as correctly or incor-

ficients. Its success, of course, hinges on using good rectly specified was based upon inclusion of appropriate

instruments for school quality.

3. Meta re-analysis of education production
function literature

3.1. Study selection and classification

To examine the production of knowledge before the

child leaves the nest and ensure comparability, we con-

variables to measure the impacts of each type of input.
Many studies did not include any measure of the time
students devoted to learning. However, we did not use
this as a sorting criterion because such data have not
commonly been available. All of the studies we examine
consider the impact of school resources. The actual

8 Similarly, if a variable and its square appeared in the
regression and the estimated effect changed sign within the
range of the sample, the results were excluded. In this case, it

7 See Greene (1993, pp. 248, 267) for a thorough presentation was impossible to ascertain significance from the reported

of these issues.

results.
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screening then centered upon two criteria related to fam- teristics also are more commonly positive in correctly
ily inputs. The first reason for labeling a regression ‘bad’ specified studies.
was outright failure to include some direct measure of  Thirty-seven percent of the 414 coefficients are sig-
parental contribution, such as parent’s education and/or nificantly positive at a 5% (one-tail) significance level.
parent’s hours worked. The second reason was inclusion To facilitate comparison with Hanushek (1986), Table
of income or socioeconomic status, which as noted above 3 reports the frequency with which the coefficients are
are demand variables instead of input measures. significantly positive at the 2.5% level with a one-tail
Under these two weak criteria (failure to include a test (or, equivalently, at the 5% level using a two-tail
measure of parental inputs and inclusion of income or test). Almost a third of our coefficients are significantly
socioeconomic status), 92 of the 127 studies, nearly positive, far more than the 2.5% that would be due to
three-quarters, were labeled as bad. Income or socioe-chance. There is considerable variation in the frequency
conomic status was included in 85 studies; seven of theseof significance. Nearly half the coefficients on teacher
also did not have a variable specifically measuring par- experience, other teacher characteristics, and per pupil
ental inputs. Seven other studies were labeled as bad duespending are significant, but only a sixth of the coef-
to the omission of any parental input measungis- ficients for teacher education, teachers per pupil, and
specification, particularly the inclusion of income as a school size are significant.
regressor, thus appears to be a serious problem in this Once again, Hanushek’s summary was less favorable

literature. to educational inputs than ours. Only 20.3% of his coef-
ficients were significant. For each of the five input categ-
3.2. Analysis of results ories, his coefficients were less often significant than

were the coefficients in our re-analysis. The biggest dif-

The 414 coefficients from the 127 regressions are ference was for spending; his were half as likely as our
classified according to sign and significance level in coefficients to be significant. How much of this is due
Table 1. The reported significance levels are based on ato our slightly different selection and recording criteria
one-tail test; given the presumption that inputs have posi- and how much is due to the inclusion of 18 new papers
tive marginal products, such a test is appropriate. In is not certain. However, the fact that only five of the
Tables 2 and 3, our results are further summarized by papers yielding data in Hanushek’s survey were dropped
sign and significance level, respectively, and compared and 18 new ones were included suggests that the latter
with Hanushek’s summaries (Hanushek, 1986). factor is dominant.

If school inputs were truly ineffective, only half of the Specification is important to conclusions about statisti-
coefficients would be positive. The fact that over two- cal significance. Good studies were 39% more often sig-
thirds (68.8%) of our coefficients, collected for the re- nificant than were bad studies. The correctly specified
analysis, have the expected positive sign suggests thatstudies were much more likely to find that school size
school inputs have a positive impact. Over 81% of the and various indicators of teacher quality were significant.
coefficients for expenditure per pupil and for other Specification did not matter for conclusions about the
teacher characteristics (e.g., teacher test scores) are posieffect of smaller class size; few good or bad studies
tive, but less than half the coefficients for school size are found that to matter. Surprisingly, spending was signifi-
so. Hanushek, on the other hand, found only 56.1% of cant more often in bad studies than in good studies. The
the coefficients to be positive in the studies he examined. meager effect of specification on sign, together with the
The coefficients on teacher education, teachers per pupil, sizable impact on significance suggests that misspecifi-
and expenditure per pupil were much less often positive cation produces insignificant results largely through
in his summary than in the group of papers we examined. higher estimated errors.

There is generally little difference in coefficient signs Describing the frequency with which a variable is
between the studies we classify as good and those wehighly significant, called vote counting, provides some
classify as bad. In aggregate, 75.2% of the good studies information about the variable’s statistical success, but
and only 66.7% of the bad studies have the correct sign. does not result in a conclusion about its overall signifi-
Three quarters of this difference is attributable to the cance in the group of studies. Furthermore, “even when
school size coefficients, which are nearly twice as likely an effect is present in every study, vote counting typi-
to be positive in the good studies. Other teacher charac- cally has very low power to detect effects (it is prone to

type Il errors)” (Greenwald, Hedges & Laine, 1994, p.
10). We followed the meta-analysis literature and used
" 9 As Hanushek (1996, p. 21) notes, the importance of school the inverse chi-square test, known also as the Fisher test

inputs should be overstated in studies with no parental measure. O the Pearson Ptest, to assess overall significari€e.
Nevertheless mixing these seven studies that favor education

unduly with the 85 that we argue are biased against school Toon .
inputs does not affect our empirical findings. See Maddala (1977, pp. 47-48) and Hedges and Olkin

(1985).
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Table 1
Meta re-analysis: coefficient summaries, showing sign and significance levels

Positive Negative
1-tail significance < 2.5% 2.5-5% Insignificant  Insignificant < 5% Total
A: All 127 regressions
Teacher education 11 7 25 12 9 64
Teacher experience 27 2 15 15 5 64
Teacher salary 7 3 3 6 3 22
Other teacher characteristics 33 5 28 8 76
Teachers per pupil 11 5 30 10 6 62
Expenditure per pupil 21 1 13 4 4 43
School size 15 4 19 20 25 83
Total 125 27 133 75 54 414
B: 35 good regressions
Teacher education 3 0 5 3 1 12
Teacher experience 12 0 3 5 3 23
Teacher salary 0 0 0 0 0 0
Other teacher characteristics 10 1 7 1 0 19
Teachers per pupil 3 2 7 3 2 17
Expenditures per pupil 4 1 6 1 1 13
School size 8 0 7 4 2 21
Total 40 4 35 17 9 105
C: 92 bad regressions
Teacher education 8 7 20 9 8 52
Teacher experience 15 2 12 10 2 41
Teacher salary 7 3 3 6 3 22
Other teacher characteristics 23 4 21 7 57
Teachers per pupil 8 3 23 7 4 45
Expenditures per pupil 17 0 7 3 3 30
School size 7 4 12 16 23 62
Total 85 23 98 58 45 309

Let p, be the probability that the coefficient is, say, less sign. Economic theory, of course, implies that inputs
than or equal to zero (the null hypothesis). Assuming always should have a positive coefficient. To eliminate
that each coefficient represents an independent test of thethe influence of a few aberrant studies, we follow com-
null hypothesis, then it can be shown that mon practice in this literature and drop the 5% of the
3 — 2logp;, i = 1,2,.k, has ay? distribution with X results that were most significantly positive and the 5%
degrees of freedom. This statistic will be used to test the of the results that were most significantly negative; 370
null hypothesis that the parameter is less than or equal of the original 414 coefficients remain. Inconsistency,
to zero, based on evidence from the sek oégressions. not a major problem, was virtually eliminated by culling
The non-positive null could be rejected by many moder- the results in this fashion.
ately significant or a few highly significant positive coef- As noted above, the inverse chi-square test is based
ficients. This test has been used by Kenny (1980), Green-on the assumption that these coefficients are inde-
wald, Hedges and Laine (1994), Hedges, Laine and pendent. Since results taken from several studies that use
Greenwald (1994a), Hedges and Greenwald (1996), andthe same sample and dependent variable are not inde-
others to evaluate various education production func- pendent, we use the mean probability across the com-
tion results. mon-data studies which remain after deleting the
One drawback of our analysis is that one-tail tests such extreme positive and negative 5% to summarize the sig-
as the Fisher test can yield seemingly inconsistent nificance of the school input in that data set with that
results. That is, it is possible to reject the null hypothesis achievement test. Thus, only one probability is entered
that the coefficient is non-positive in all studies and also for each sample and dependent variable in the calculation
reject the null hypothesis that the coefficient is non-nega- of the y? statistic!* This solution to common-data studies
tive in all studies. Much of this is due to a small number reduces the number of ‘results’ from 370 to 333.
of highly significant coefficients with the unexpected The inverse chi-square tests based on these results are
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Table 2

Meta analysis: comparison of the frequency of positive signs
in Hanushek’s study and our study and comparison of the fre-
quency of positive signs in studies classified as good and in
studies classified as bad

Percent with positive coefficients

Dewey, Husted, and
Kenny meta re-analysis

Hanushek  All Good Bad

Teacher education 46.4 67.2 66.7 67.3
Teacher experience  69.1 68.8 65.2 70.7
Teacher salary 66.7 59.1 59.1
Other teacher 86.8 94.7 84.2
characteristics

Teachers per pupil 37.4 742 70.6 75.6
Expenditure per pupil 70.4 81.3 84.6 80.0
School size 458 714 37.1
Total 56.1 68.8 75.2 66.7

aHanushek (1986). Coefficients listed as having unknown sign
are excluded.

Table 3

Meta analysis: comparison of frequency of significantly positive

signs in Hanushek’s study and our study and comparison of
frequency of significantly positive signs in studies classified as
good and in studies classified as bad

Percent with significantly positive

coefficients
Dewey, Husted, and
Kenny meta re-analysis
Hanushek  All Good Bad
Teacher education 8.7 172 25.0 15.4
Teacher experience 35.1 422 522 36.6
Teacher salary 25.0 31.2 31.2
Other teacher 43.4 52.6 40.4
characteristics
Teachers per pupll 9.9 177 176 17.8
Expenditure per pupil 24.1 489 30.8 56.7
School size 181 38.1 11.3
Total 20.3 30.2 381 27.5

aSignificant at the 2.5% level using a one-tail test.
PHanushek (1986). Coefficients listed as having unknown sign
are excluded.

reported in Table 4. Panel A gives the evidence from
both good and bad studies on the coefficient being posi-
tive, where the null hypothesis is that the coefficient is
non-positive. The first and fourth columns indicate the
number of ‘results,” and the second and fifth columns
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report the probability of accepting the null hypothesis. It
is rejected for all school input categories for the good
studies and for all categories but school size for the bad
studies. Based on this test alone, there is strong evidence
from both correctly and incorrectly specified tests that
school inputs boost learning.

Evidence that the coefficient is negative is reported in
Panel B. The good studies accept the null hypothesis that
the coefficient is non-negative for the coefficients as a
group and for all input categories but school size. The
incorrectly specified studies reject the null for the group
as a whole and for school size and accept it for the
other categories.

Combining the results from both panels, there is
strong evidence from both good and bad studies that each
school input except school size has a positive impact on
learning. The results from the good studies do not pro-
vide consistent evidence on whether the coefficients on
school size are positive. The misspecified studies are
even less favorable to the hypothesis that students learn
more in larger schools; they suggest that the true coef-
ficient is negative.

Our analysis is based on a larger literature than was
summarized by Hanushek. With this broader set of
results, we find less inconsistency with the inverse chi-
square test than did Hedges, Laine and Greenwald
(19944a) in their analysis of the papers summarized by
Hanushek. In our full set of 414 regression results, there
were (unreported) inconsistent results on teacher edu-
cation and school size. Hedges, Laine and Greenwald did
not summarize school size results and report inconsist-
encies on teacher education, teacher salary, and the
pupil/teacher ratio for the full sample. With the inde-
pendent, middle 90% set of results reported in Table 4,
we find only the school size results in the good studies
to be inconsistent. Hedges, Laine, and Greenwald using
similar procedures find inconsistency for teacher salary
and teacher education.

4. Estimating production functions: sensitivity to
specification

In this section we estimate educational production
functions, based on two distinct data sets, to determine

11 We already have mitigated this problem by using only the
‘best’ regression for a dependent variable and sample from any
paper. We also tried using the median rather that the mean to
combine common-data studies. This did not change any of the
conclusions from the analysis; in fact the results were nearly
identical. We also tried combining all results from the same
sample using different dependent variables so that each data set
would yield only a single observation. However, this left too
few observations among the good studies to provide any mean-
ingful insight.
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Table 4
Meta re-analysis: inverse chi-square tests, based on middle 90% of results, testing significance of school inputs in group of good
studies and in group of bad studies

Good studies Bad studies

# Joint significance # Joint significance

(1) (2 3) 4)
A: Positive case (H B = 0)
Teacher education 10 0.003 41 0.000
Teacher experience 17 0.000 34 0.000
Teacher salary 0 19 0.000
Other teacher characteristics 7 0.000 48 0.000
Teachers per pupil 15 0.000 35 0.000
Expenditure per pupil 11 0.000 21 0.000
School size 20 0.000 55 0.392
Total 80 0.000 253 0.000
B: Negative case (§1 B = 0)
Teacher education 10 0.939 41 0.563
Teacher experience 17 0.476 34 0.999
Teacher salary 0 19 0.645
Other teacher characteristics 7 0.999 48 0.999
Teachers per pupil 15 0.839 35 0.976
Expenditure per pupil 11 0.997 21 0.999
School size 20 0.000 55 0.000
Total 80 0.178 253 0.000

aThe 5% of the results that were most significantly positive and the 5% that were most significantly negative were deleted.

the effect on the signs and significance of school inputs cedure is employed to ascertain the extent of this bias.
due to model misspecification. Three types of misspeci- The instrumental variable procedure is not used for the
fication are considered. Project TALENT data set, since it has seven measures
Although a number of micro (student) level data sets of the quantity and quality of parental time inputs.
contain reasonable proxies for the time parents devote Some comparison of these data sets is warranted. The
to their children’s education, many education production Project TALENT data come from an era when there was
function studies include income together with these time g stronger relationship between income and school
proxies and other socioeconomic variables. With the Pro- inputs, which would create a greater misspecification
ject TALENT micro data set from 1960, we determine problem than would be observed with recent micro data.
the impact of including income with no other change in  on the other hand, each school is represented by only
specification. Such a clean comparison generally is not geyen students on average in our Project TALENT sam-
possible with meta-analysis. Since the Project TALENT e \yhich produces some error in estimated community
data set was used in a number of studies reviewed above,characteristics for the school and thus less correlation
rewsmng this dgta set ha; spe:\mal relevance for evaluat- yonveen school-level income and school inputs than
ing the education production literature. ) would otherwise be the case. Husted and Kenny (1998)
With aggregate-level data, reasonable proxies for par- show that recent efforts to equalize education spending

ents’ time inputs are more difficult to obtain. Using state- have made schools less efficient: this would make it
level data for 1987-1992, we estimate educational pro- more difficult to find school inputs significant with the

duction functions, based on several different school input modern pooled state level data set used in this stud

specifications, to test for the effects of including income Hanusher|)< Rivkin and Taylor (1996) claim that a re-y.

in the production function regressions. We also estimate ! yior {2955 . 99

the impact of using family income instead of parents’ gate studies suffer from specification bias due to the

education, which may occur when parent's education omission of state regulations and other characteristics of
! the state’s education structure. What they fail to realize

is unavailable. . . . :
Concern over bias in the school input coefficients is that this problem also plagues the many micro studies
that use large multi-state data sets.

arises from their correlation with omitted parental time.
With the state-level data, an instrumental variable pro-
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4.1. Project TALENT production function

4.1.1. Sample and variables: ordinary least squares
The first data set is drawn from the Project TALENT
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ability groupings (TRACKING) is included to test
whether this increases school effectiventss.

As a student spends more time in class, there is an
increase in both his time input and school inputs. Class

data set, a stratified random sample of all U.S. students time variables used in this study include days in the
in grades nine through 12 in 1960. We use a subsample school year (SCHOOL YEAR), minutes in class in the
of nearly 4300 12th grade males with complete infor- school day (SCHOOL DAY), and self-reported data on
mation on relevant variables. The data come from a bat- the number of full semesters missed (MISSED
tery of tests the students took and from remarkably SEMESTERS) and number of days absent from school
detailed questionnaires filled out by both the student and the prior year (DAYS ABSENT). Hours spent studying
his high school principal. The dependent variables are each week (HOURS STUDYING) further measures the
(1) a verbal composite (C-003) that measures infor- time the student devotes to learning. If changing schools
mation about literature, vocabulary, spelling, capitaliz- disrupts learning, the number of times the student has
ation, punctuation, English usage, and effective changed schools since first grade (CHANGED
expression, and (2) a mathematics compositqe) SCHOOLS) should have a negative impact on achieve-
that measures information about mathematics, arithmeti- ment.

cal reasoning, and introductory and advanced high
school math.

The quantity and quality of parents’ time is measured
by the number of jobs currently held by the father
(FATHER'’S JOBS), time spent in the labor force by the
mother in the 1950s (MOTHER’S WORK), number of
children in the family (CHILDREN), the student’s birth
order (BIRTH ORDER), the father's and mother’s edu-
cational attainment (FATHER'S EDUC, MOTHER’'S INC) is used in the third and sixth regressions. The fits
EDUC), and the student’s race (BLACK). are good for micro data, and most of our hypotheses

Each student was asked to pick one of five categories are supported’
that best described his family’s income. Since the Family income is used in education production func-
resulting categorical data very crudely measure family tions as a proxy for parental time. Our regressions
income, we have instead used the common logarithm of include seven variables that more directly measure the
the summed median 1959 sex-specific earnings, for thosequality and quantity of parental time. If parental time in
working 50-52 weeks, in the parents’ detailed occu- the labor force comes at the expense of time with their
pations (LOG FAMILY INC)!2 To better approximate  children, then FATHER'S JOBS and MOTHER’S
situations where more aggregate income data are usedWORK should have negative coefficients. Nine of the
(perhaps because that is the only source of income data),12 coefficients are indeed negative, but only FATHER'S
we also use the school averdge our sampleof the log JOBS is significant, in the VERBAL regressions. The
of family income (LOG AVE FAMILY INC); since the parental time allocated to each child is expected to fall
4252 students in our sample come from 579 schools, as the number of children in the family rises, and CHIL-
these school-based means are based on only seven stubREN has the predicted negative impact on achieve-
dents on average. Since average income is more highly ment. Children of higher birth order typically are born
correlated with school inputs than individual income, when their parents are older and commanding higher
using average income should have a more deleterious wages; the negative coefficients on BIRTH ORDER sug-
effect on showing that school inputs matter. gest that children born later receive less help from their

Several variables cover school inputs. The impact of parents. The highly significant positive coefficients on
large schools is captured by LOG SCHOOL SIZE, the the parental education variables support the hypothesis
common logarithm of the number of students in grades that more educated parents are more effective in teaching
9-12 in the school. Average teacher experience their children. The coefficients on BLACK are negative
(TEACHERS’ EXPER), the fraction of teachers with a and are marginally significant in the MATH regressions;
masters degree (TEACHERS’ EDUC), and average class
size (CLASS SIZE) measure the quality and quantity of
teacher inputs. The tracking of students according to

4.1.2. Regression results: ordinary least squares

Six regressions are reported in Table 5 for the two
dependent variables. The first and fourth regressions do
not include any income measure. Our measure of the stu-
dent’s family income (LOG FAMILY INC) is included
in the second and fifth regressions, and our measure of
mean family income in the school (LOG AVE FAMILY

13 Note that there were serious problems with Project TAL-
ENT’s measure of spending per pupil, which is not used in
this study.

14The first and fourth regressions are very similar to a
regression which was included in the analysis of the previous
section.

12|f the mother did not work, the earnings of those with her
educational attainment were used.
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Table 5
Project TALENT projection function OLS regressions (absolusgatistics in parentheses)
Independent variables Mean (S.D.) Verbal Math
(€] @ 3 4 ®) (6)
Intercept 74.62 — 22.80 — 145.7 —1.378 — 238.0 — 4347
(6.87) (1.26) (5.09) (0.06) (5.97) (6.90)
Father’s jobs 1.191 — 1.053 — 1.001 — 1.001 — 0.104 0.025 — 0.00074
(0.494) (2.01) (1.92) (1.92) (0.09) (0.02) (0.00)
Mother’s work 1.880 - 0.037 0.024 — 0.0060 - 0.141 0.0087 — 0.080
(2.769) (0.39) (0.26) (0.06) (0.68) (0.04) (0.39)
Children 3.379 — 0.753 — 0.684 — 0.656 - 1.262 — 1.095 - 1.072
(1.915) (4.36) (3.98) (3.82) (3.33) (2.90) (2.84)
Father's educ 11.414 0.995 0.770 0.856 2.166 1.618 1.892
(3.159) (9.92) (7.30) (8.48) (9.82) (6.99) (8.51)
Mother’s educ 11.573 0.798 0.425 0.608 1.962 1.057 1.589
(2.478) (6.34) (3.10) (4.79) (7.09) (3.51) (5.68)
Black 0.016 — 4.169 — 4.307 — 4.836 - 16.01 - 16.34 - 17.32
(0.063) (1.01) (1.05) (1.18) (1.76) (1.81) (1.92)
Birth order 1.858 - 0.573 — 0.645 — 0.630 - 0.931 - 1.105 — 1.042
(1.336) (2.35) (2.65) (2.60) (1.74) (2.07) (1.95)
Log school size 2.922 2.217 1.989 1.030 6.257 5.704 3.922
(0.426) (2.23) (2.01) (1.03) (2.87) (2.63) (1.79)
Teacher’s exper 13.124 0.098 0.097 0.104 0.037 0.033 0.048
(4.129) (1.43) (1.42) (1.53) (0.24) (0.22) (0.32)
Teacher’s educ 0.599 1.019 0.905 0.111 6.936 6.658 5.149
(0.276) 0.77) (0.69) (0.08) (2.39) (2.31) (1.78)
Class size 27.690 — 0.156 — 0.161 - 0.114 — 0.244 - 0.257 - 0.161
(3.915) (2.00) (2.08) (1.47) (1.42) (1.51) (0.94)
Tracking 0.462 1.085 1.122 1.196 4.195 4.286 4.412
(0.262) (0.98) (1.02) (1.09) (1.73) (1.78) (1.83)
School year 181.31 0.117 0.111 0.098 0.160 0.144 0.123
(4.881) (2.00) (1.90) (1.69) (1.25) (1.13) (0.96)
School day 343.42 0.0091 0.0087 0.0079 0.025 0.024 0.023
(49.20) (1.65) (1.58) (1.44) (2.07) (2.00) (1.89)
Missed semesters 0.128 - 3.261 - 3.201 - 3.151 - 6.078 — 5.932 — 5.861
(0.542) (6.77) (6.68) (6.59) (5.74) (5.64) (5.57)
Days absent 6.085 - 0.173 - 0.175 — 0.180 — 0.602 — 0.608 - 0.616
(5.381) (3.55) (3.62) (3.72) (5.63) (5.71) (5.79)
Hours studying 9.120 0.617 0.605 0.595 1.751 1.723 1.708
(5.713) (13.4) (13.2) (13.0) (17.2) (17.1) (16.9)
Changing schools 1.508 - 0.301 — 0.306 — 0.403 —1.083 - 1.095 —1.284
(1.681) (1.91) (1.95) (2.57) (3.13) (3.18) (3.72)
Log family inc 3.948 26.94 65.42
(0.084) (6.68) (7.39)
Ave log family inc 3.948 58.43 114.9
(0.042) (8.31) (7.42)
Adjusted R? 0.1752 0.1836 0.1883 0.2081 0.2180 0.2181
Root Mean Squared Error 16.811 16.725 16.678 36.956 36.724 36.722
Number of observations 4252 4252 4252 4252 4252 4252

African-Americans may have lower test scores because supported in the ‘good’ regressions (Eqg. (1) and Eq. (4)).
their parents attended lower quality schools. In the In contrast to many educational production function
regressions where they are included, the two income studies, we find that students learn more in larger
measures have a positive and significant impact on test schools, as Kenny (1982) predicted. Achievement is also
found to be higher when students are taught in smaller
Most of the hypotheses regarding school inputs are classes. The evidence on which aspect of teacher quality

scores.
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is important is inconsistent. Students have higher verbal
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pattern, TEACHERS’ EXPER becomes more significant

scores when taught by more experienced teachers andwhen community income is included.

are more proficient in mathematics when taught by more

The inclusion of income often makes it more difficult

educated teachers; in the other regression, these variable$o conclude that school inputs are effective in part

do not affect test scores. The positive and significant
coefficient on TRACKING in the MATH regression is
consistent with students learning more when they are
placed in homogeneous ‘ability’ groupings; with track-
ing, fewer students are lost or bored. TRACKING is,
however, insignificant in the VERBAL regression.
There is much speculation but little evidence on the
efficacy of student time. The four variables capturing
student time together with school inputs generally have
the predicted effects. Achievement is higher when stu-
dents spend more time each day in school; a longer

school year produces higher verbal scores but has no

because it seems to bias the school input coefficients
toward zero. Adding LOG FAMILY INC lowers the
coefficients on school size, teacher experience, teacher
education, school year, and school day by 7% on average
and raises the coefficients on class size slightly. Adding
instead the more aggregate income measure LOG AVE
FAMILY INC, which is more correlated with school
inputs, reduces the LOG SCHOOL SIZE, TEACHERS’
EDUC, CLASS SIZE, SCHOOL YEAR, and SCHOOL
DAY coefficients by an average of 33% but raise the
TEACHERS’ EXPER coefficients.

impact on math performance. Students who have lost a 4-2- Pooled statewide production function
semester or have been absent many days have lower test

scores. Time spent studying at home or in study periods
is very effective. HOURS STUDYING has a positive
and highly significant impact on achievement. The sig-
nificantly negative coefficients on CHANGED

SCHOOLS suggest that there is some adjustment cost to

changing schools.

Since there are seven measures of the quality and

quantity of parental time in these regressions, there is
no rationale for adding income to these regressions. We
nevertheless examine the impact of doing so. The stud-
ent’'s family income measure (LOG FAMILY INC) is
used in the second and fifth regressions. Including family
income generally makes it more difficult to conclude that
school inputs have their predicted impact. LOG
SCHOOL SIZE, TEACHERS' EXPER, TEACHERS'
EDUC, SCHOOL YEAR, and SCHOOL DAY become
less significant, but thd-statistic for CLASS SIZE
becomes larger. In the VERBAL regression, use of LOG
FAMILY INC leads to the rejection of the hypothesis
that the school year is significant at the 2.5% level (with
a one tail test) and makes the school day coefficient
insignificant at the 5% level.

School inputs fare even worse when the more aggre-
gate school-based measure of income (LOG AVE FAM-
ILY INC) is added to the specification. This is expected,
since school inputs are more collinear with average
income in the school than with the family’s income. In
the VERBAL regression, the following important
changes in one tail significance levels are observed: (1)
LOG SCHOOL SIZE: 0.013-0.151; (2) CLASS SIZE:
0.023-0.079; (3) SCHOOL YEAR: 0.023-0.045; (4)
SCHOOL DAY: 0.050-0.074. In the MATH regression,
there were a number of instances where common sig-

nificance thresholds (0.025, 0.05, 0.10) were passed: (1) Kentucky

LOG SCHOOL SIZE: 0.002-0.037; (2) TEACHERS'
EDUC: 0.008-0.038; (3) CLASS SIZE: 0.077-0.173; (4)
SCHOOL DAY: 0.019-0.029. In one exception to this

4.2.1. Sample and variables: ordinary least squares

The second production function we estimate is based
on pooled statewide data, which have less measurement
error than is often found in educational production func-
tion studies. Since there is much less mobility of students
across states than across school districts or schools, the
state educational characteristics more closely approxi-
mate the students’ educational experiences than do cur-
rent district or school educational measures. On the other
hand, having better educational measures would be of
little value if student and parental inputs were more
poorly measured. In contrast to many other statewide
studies, we have good information on the test-takers and
their families.

Using ordinary least squares (OLS), we first estimate
several specifications of the simple education production
function traditionally found in this literatur®. Our edu-
cational output measure in each is the average state total
verbal and math SAT score. These test scores as well as
several of our independent input variables are obtained
from Educational Testing Service (ETS) reports on 37
states over 6 years. ETS did not publish reports on test-
takers from the other 13 states due to the small numbers
and percentages of students who took the SAT examin-
ations in each yedf With the ETS reports, we are able
to utilize the characteristics of the test-takers and their
families instead of the characteristics of the general state

15We do not attempt here to estimate the effects of different
state policies, which has been the subject of some recent
research (see Hanushek, Rivkin & Taylor, 1996; Husted &
Kenny, 1998).

16Since the thirteen omitted states—Idaho, lowa, Kansas,
Louisiana, Mississippi, Montana, Nebraska, North
Carolina, North Dakota, South Dakota, Utah, and Wyoming—
have a wide range of average SAT scores, omitting these states
from our analysis is unlikely to be a problem.
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population, found in many statewide studiésObvi- education, we include the fraction of test-takers who are
ously, statewide characteristics do not always correspond black (BLACK). Since educational systems often
with the characteristics of the state’s test-takers. With address the needs of the typical student, teaching may
test-taker data, we can better estimate the impact of fam- be less effective in states with more heterogeneous
ily inputs and student characteristics on achievement. pupils. We test this hypothesis with a Gini coefficient of
Our sample of 222 observations starts in 1987, the first test-taker family income inequality (FAMILY INCOME
year for which parental educational attainment was GINI), which is calculated from the reported grouped
reported by ETS, and ends in 1992. To complete the data on income.
basic specification, we combine these test-taker charac- To capture the students’ exposure to the major SAT
teristics with state-level measures of public school subjects, we include the fractions of test-takers who took
characteristics. The summary statistics for the inde- four or more classes in English (ENGLISH) and math
pendent variables from these models are reported in (MATH). We test the hypothesis that students in large
Table 6. schools learn more with the variable LARGE SCHOOL,
In the first set of OLS regressions, we examine the which equals the percentage of test-takers who attend a
basic forms of model misspecification. The first type that school with 500 or more students in the senior class.
we consider arises when important family characteristics  Public schools are much more regulated than private
are unavailable and family income, usually some meas- schools and should be less efficient than private schools
ure of state income, is substituted as a proxy measureif the regulations impose constraints on the production
for these missing characteristics. This form of misspeci- process. Public schools also may lose some of their best
fication is most prevalent when aggregate data like these students to private schools. A number of studies, most
are used to estimate the educational production func- notably Coleman, Hoffer and Kilgore (1982), have found
tions. Because the ETS data include a measure of par-that public school students have lower test scores than
ent’'s education, it is possible to estimate the effects of do private school students. Our variable PUBLIC equals
this misspecification. the fraction of test-takers who attend public school.

We measure parents’ education by the fraction of test-
takers’ parents with an Associate’s Degree or higher
(PARENT’'S EDUCATION). We use as our measure of
income real state per capita personal income in 1982—
1984 dollars (REAL PER CAPITA INCOME). In
addition to these variables, we incorporate other family
characteristics taken from the ETS data set. To allow for

A number of generapublic school characteristics are
taken from the annual issues of thegest of Educational
Statistics The quantity of teaching inputs devoted to
each student is given by the student/teacher ratio in the
state’s schools (PUPILS PER TEACHER)Teacher
quality is captured alternatively by (1) the fraction of
teachers with 10 or more years of teaching experience

any historical inferiority of resources devoted to black (TEACHERS' EXPERIENCE) and the fraction of teach-
ers with at least a Master's degree (TEACHERS'
EDUCATION), or (2) the ratio of teacher salaries to
average earnings in the state (TEACHERS' REL
WAGE). The latter measure follows Card and Krueger

(1992), who normalize state teacher wages by the aver-

Table 6
Summary statistics for state production function variables

Independent variables Mean S-D- age earnings of all employees in the state covered by the
Parents’ education 4.0519 0.1600 social security system to con;r_ol for ge(_)graphic diffe_r_-
Black 1.5982 0.9687 ences in cost of living, amenities, and in state-specific
Family income gini 1.2142 0.0452 opportunity costs of teaching. Finally, SPENDING PER
Public 4.3612 0.1035 PUPIL in 1982-1984 dollars is used as a summary meas-
English 4.3886 0.0500 ure of school inputs.
Math 4.0994 0.1136 Although often reported as performance measures of
Large school 1.5259 2.2927 state school systems, average state SAT scores contain
Pupils per teacher 2.8254 0.1195 a potential bias. States in which a greater share of high
Eg‘gﬂgg, géﬂigggﬁe 2'865?;99 8'21;'% school students go on to college, and thus take SAT or
T , : : ACT tests, draw students from further down the distri-
eachers’ rel wage 9.7780 0.1177 . . .
Spending per pupil 8.2086 0.2242 butlon' of skills, pulll'ng dpyvn average tesj[ scores. More-
Real per capita income 9.5375 0.1483 over, if a state’s universities do not require the SAT for
Participation 3.4771 0.7600 admission and instead require the ACT or some other

18 Pupils per teacher measures class size with error, due to
differences across districts in preparation periods, the use of
teachers in non-teaching functions, etc.

7Powell and Steelman (1984) and Graham and Husted
(1993) also use data on the test-takers.
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test, few take the SAT test and many who do take it are SPENDING PER PUPIL is the only school input vari-
applying to out-of-state universities. Since admission to able. In all nine OLS regressions, we get a very good fit
out-of-state universities is often more selective, this and most of our hypotheses are suppoffed.
effect also would cause the average SAT scores in the In the six regressions where they are included, PAR-
state to be higher in states with low participation rates. ENTS’ EDUCATION has the expected positive and stat-
Several recent empirical studies attempt to correct this istically significant effect on student achievement. In all
potential bias by including a measure of state partici- of the specifications, average test scores are lower in
pation rates directly in the regressions. Dynarski (1987) states with more black test-takers. In part, this result may
includes the state participation rate in his empirical edu- be because black test-takers or their parents went through
cational production function. Behrendt, Eisenach and worse schools than whites. It also may reflect the gener-
Johnson (1986) and Graham and Husted (1993) developally lower quality of education in many southern states

an alternate model of selection that yields a specific func-
tional form of the relationship between participation and
state SAT score¥. In all cases, the state test taking par-
ticipation rate has a significantly negative impact on

with large black populations. In addition, REAL PER
CAPITA INCOME has significantly positive coef-
ficients, consistent with its role as a proxy for parental
inputs.

statewide average examination scores. Our measure An increase in the Gini coefficient on the family

(PARTICIPATION) is the number of test-takers divided
by the number of public and private high school gradu-
ates®®

4.2.2. Regression results: ordinary least squares
Table 7 reports the results of nine OLS regressions.

incomes of test-takers (FAMILY INCOME GINI) is
associated with greater income inequality. The negative
and significant coefficients estimated on FAMILY
INCOME GINI in all of the regressions support our
hypothesis that the educational system is less efficient
when the student body comes from a more diverse back-

Each of the nine regressions uses the state average SATground.

score as the dependent variable and includes a common The estimated coefficient on PUBLIC is negative and
set of explanatory variables. All variables are measured significant in eight of the nine models. We, like others,
in logarithms. Each of three sets of regressions has afind that public school students have lower test scores
common form. Using the previous terminology, the than private school students. This may reflect the relative
specification of the first regression in each set inefficiency of the public schools or a sorting of the bet-
[regressions Eg. (1), Eq. (4), and Eq. (7)] is considered ter students into private school. The coefficients on the

to be ‘good.” That is, PARENTS’ EDUCATION is
included and REAL PER CAPITA INCOME is

fractions of test-takers who have had four or more
English courses (ENGLISH) or math courses (MATH),

excluded. The other two regressions in each set introduceon the other hand, vary in sign and significance.

misspecification. The second regression [Eg. (2), Eq. (5),
and Eqg. (8)] includes both PARENTS' EDUCATION
and REAL PER CAPITA INCOME. Finally, in order to
gauge the impact of the most egregious form of model
misspecification on the various school input variables,
REAL PER CAPITA INCOME replaces PARENTS’
EDUCATION in the third regression in each set [Eq. (3),
Eqg. (6), and Eqg. (9)]. The regressions also differ by the
included public school input measures. In the first six

PARTICIPATION controls for differences among
states in the fraction of seniors who take the SAT tests.
Our results are consistent with other research, which
finds that SAT scores fall as a larger fraction of the sta-
te’s high school students take the test.

The focus of our research is on the impact of this spe-
cific type of model misspecification on the various
school input variables. In our ‘good’ models [regressions
Eq. (1), Eq. (4), and Eq. (7)], there is strong evidence

regressions, school inputs are captured by teacher quan-that school inputs matter to student achievement. In

tity (PUPILS PER TEACHER) and the three measures

regression Eqg. (1), TEACHERS' EXPERIENCE and

of teacher quality described above. Teacher skills are TEACHERS’ EDUCATION have statistically significant
measured in the first three regressions by teacher edu-positive impacts on SAT scores. The coefficient on TEA-

cation and experience (TEACHERS' EXPERIENCE,
TEACHERS’' EDUCATION) and in second three
regressions by the relative salary of teachers
(TEACHERS’ REL WAGE). In regressions Egs. (7)—(9),

19 The specific details are outlined in Behrendt, Eisenach and
Johnson (1986).

20Qur correction, like others in this literature, adjusts for
selection in the group of high school seniors in taking the SAT
test but does not deal with those who dropped out earlier.

CHERS’ REL WAGE in regression Eq. (4) is positive

and significant as well. In both these regressions, SAT
scores are significantly lower in states with more pupils
per teacher. SPENDING PER PUPIL, the summary
school input measure, has a highly significant positive
impact on learning in Eq. (7). The positive and signifi-

cant coefficients estimated on LARGE SCHOOL support

21 Again, the first regression here was included in the analysis
of Section 1.



40 J. Dewey et al./Economics of Education Review 19 (2000) 27-45

Table 7

State pooled production function OLS regressions (absdstatistics in parentheses)

Independent variables Q) 2) 3) (4) (5) (6) (@) (8) 9)

Intercept 6.987 5.951 5.829 7.075 6.181 5.905 6.257 5.974 5.965
(44.4) (31.6) (22.7) (49.2) (32.5) (22.7) (43.6) (33.6) (24.6)

Parents’ education 0.200 0.135 - 0.200 0.163 - 0.160 0.149 -
(17.2) (7.98) (17.5) (13.8) (15.5) (13.5)

Black - 0.010 -0.012 -0.014 -0.009 - 0010 -0.013 -0.010 - 0.010 - 0.012
(8.32) (10.7) (9.48) (7.63) (9.21) (8.83) (9.20) (9.59) (8.88)

Family income gini - 0.116 - 0.080 - 0.072 - 0.113 —0.095 - 0.090 - 0.106 - 0.097 - 0.088
(4.74) (3.67) (2.44) (4.60) (4.16) (2.89) (4.83) (4.43) (2.97)

Public - 0.072 -0.039 -0.026 -0.073 - 0041 -0.015 - 0.078 - 0.061 - 0.037
(6.58) (3.74) (1.84) (6.91) (3.75) (1.04) (8.11) (5.30) (2.35)

English — 0.066 — 0.033 —0.055 - 0.037 - 0.002 0.002 0.018 0.023 0.023
(2.36) (1.31) (1.63) (1.41) (0.07) (0.05) (0.75) (0.97) (0.70)

Math - 0.011 0.009 0.046 — 0.026 — 0.007 0.032 0.008 0.012 0.030
(0.87) (0.84) (3.07) (2.06) (0.60) (2.00) (0.75) (1.12) (2.09)

Large school 0.0022 0.0012 0.0007 0.0024 0.0014 0.0004 0.0021 0.0015 0.0011
(4.29) (2.55) (1.02) 4.77) (2.84) (0.56) (4.56) (3.15) (1.64)

Pupils per teacher — 0.056 - 0.033 0.0114 - 0.075 - 0.054 - 0.007 - - -
(5.51) (3.53) (0.96) (7.23) (5.41) (0.56)

Teachers’ experience 0.018 0.030 0.0488 - - - - - -
(2.31) (4.31) (5.20)

Teachers’ education 0.0084 0.0077 — 0.0030
(1.80) (1.88) (0.56) - - - - - -

Teachers’ rel wage - - - 0.040 0.017 - 0.008 - - -

(2.62) (1.21) (0.43)
Spending per pupll - - - - - - 0.053 0.041 0.030

(10.2) (6.05) (3.29)
Real per capita income - 0.079 0.141 - 0.067 0.134 - 0.033 0.100
(8.09) (12.0) (6.51) (20.7) (2.63) (6.25)
Participation — 0.031 —0.046 —0.077 —0.033 —0.045 - 0.078 — 0.040 — 0.044 - 0.08
(12.0) (15.7) (31.7) (12.5) (14.8) (30.2) (15.9) (14.8) (31.6)
Adjusted R 0.934 0.950 0.907 0.934 0.945 0.895 0.945 0.946 0.900
Number of observations 222 222 222 222 222 222 222 222 222

the prediction of Kenny (1982) that schools operate in a input coefficients toward zero. Only the TEACHERS’
region of increasing returns to scale. EXPERIENCE coefficients become larger, and the coef-
The regressions summarized in the remaining columns ficients of the other five school measures fall by 32% on
illustrate the statistical problems that result when family average when income is included. Replacing education
income serves its dubious role as a proxy for family with income biases the coefficients even more toward
inputs. Including income in these education production zero; those coefficients that retained their sign fell by
functions causes four school variables to become less 65% on average.
significant and one variable (TEACHERS’ REL WAGE)
to lose significance. Replacing parents’ education with 4.2.3. Sample and variables: instrumental variables
average income has a devastating impact, with four As described in the Introduction, one problem with
school measures (LARGE SCHOOL, PUPILS PER using OLS to estimate these educational production
TEACHER, TEACHERS’ EDUCATION, and TEACH-  functions if parental time or other inputs are not included
ERS’ REL WAGE) becoming insignificant, three of in the regressions is that the school inputs may be corre-
these even changing sign! The only public school input lated with the omitted inputs and thus with the regression
that does not do worse when income is included is teach- residuals. An instrumental variable procedure offers one
ers’ experience. Contrary to expectations, the positive solution to the negative bias that is expected to result in
coefficients on TEACHERS' EXPERIENCE become the school input coefficients.
slightly more significant when income is included in We use separate regressions, corresponding to the
regressions Eqg. (2) and Eq. (3). The evidence strongly school input demand functiori33, to create instruments
suggests that the inclusion of income biases the school for the five public school input measures—PUPILS PER
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TEACHER, TEACHERS’ EXPERIENCE, TEACHERS’
EDUCATION, TEACHERS’ REL WAGE, and SPEND-
ING PER PUPIL. We use a common set of demographic
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was the inverse relationship between state per capita
income and the teacher’s relative wage.
The second stage involves incorporating these instru-

and political characteristics of the state population as mental variables into a standard educational production
determinants of the levels of these five educational function explaining variation in SAT scores. The coef-
inputs?? To capture income effects, we include the meas- ficient estimates from three specifications, differing by
ure of real per capita state personal income (REAL PER the included public school inputs, are reported in Table
CAPITA INCOME) that we used in the OLS regressions 9. The results for the family, subject preparation, and test
and the spread of income in the state. INCOME participation variables are virtually identical to those for
SPREAD equals the difference between the first and the comparable OLS regressions in Table 7 (regressions
third quartile family incomes divided by the median fam- Eq. (1), Eq. (4), and Eq. (7)). Also, these regressions
ily income. Since the political parties represent different provide additional, although somewhat weaker, evidence
segments of the income distribution, we include a meas- that students learn more in larger schools.
ure of which party controls state government. DEMO- Once again, we find that with correctly specified
CRATIC CONTROL equals one (negative one) if the regressions, most of the school input measures have a
Democrats (Republicans) control both the legislative and significant impact on achievement. The use of instrumen-
executive bodies and equals zero if control of state tal variables has little effect on significance. TEACH-
government is shared by the two political parties. Other ERS’ EXPERIENCE loses significance, but th&tatistic
socioeconomic variables that we include to reflect differ- on TEACHERS’ EDUCATION rises from a marginal
ences in demand for education are the percentages of thel.80 to 2.7%° The OLS coefficients on school inputs
state’s population who are black (PERCENT BLACK), appear to be biased toward zero, as predicted. When the
aged 65 years and older (PERCENT ELDERLY), live in instrumental variables are used, the absolute coefficients
metropolitan areas (PERCENT METROPOLITAN), and on PUPILS PER TEACHER, TEACHERS' EDU-
have a college education (PERCENT COLLEGE). The CATION, TEACHERS’ REL WAGE, and SPENDING
percent of the state’s population who own their homes PER PUPIL rise by 55%, 912%, 88%, and 34%, respect-
(PERCENT OWNER) is included to capture the ively. The instrumental variable procedure, however,
expected differences in tastes for education between produces larger standard errors on these coefficients.
owners and renters as well as to reflect the prevalence Finally, Hausman tests indicate that the school inputs
of the ability to itemize some costs of home ownership are endogenou’.
on federal (and some state) income taxes.
4.2.4. Regression results: instrumental variables 5. Conclusion

The coefficient estimates from the instrumental vari-
able regressions are reported in Tables 8 and 9. The The common academic perception that schools are
results from the regressions used to create the five public ineffective is inaccurate. In part, this is due to literature
school input instrumental variables are reported in Table reviews that are based on an old and somewhat incom-
8. These regressions explain between 18% and 61% of plete literature. Our more comprehensive summary of the
the variation in the five school input measures. literature is more favorable than earlier reviews to the

REAL PER CAPITA INCOME is the most consist-  hypothesis that school inputs have positive marginal pro-

ently significant variable in these regressions. Its impor-
tance in explaining school inputs points to the potential
econometric problems of incorrectly including income in
a production function equation with these school inputs.

ducts. Over two-thirds of our coefficients on school

inputs are positive and almost a third are significant at
the 2.5% level. These far exceed the 50% and 2.5% fig-
ures, respectively, that would be associated with there

The hypothesized demand relationships between incomebeing no relationship. Using a technique drawn from
and the school inputs are mostly supported. As expected, meta-analysis, we find that teacher education, teacher
holding other state demographic and political variables experience, teacher salary, other teacher characteristics,
constant, higher state per capita income leads to lower teachers per pupil, and expenditure per pupil each have
pupil-teacher ratios, a higher proportion of more experi-

enced and higher educated teachers, and larger real per

pupil education spending. The only unexpected finding msﬂngly the same changes in significance are

observed in unreported Project TALENT instrumental vari-
able estimates.
. 24The predicted school inputs are a significant addition to
22 Poterba (1997) included many of these same variables in OLS specifications 1, 4, and 7 in Table 7. ThRestatistics are
his model of the determinants of government education spend- 9.71, 7.64, and 6.14, respectively. See Maddala (1992, pp.
ing. 510-513).
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Table 8
State regressions creating the instrumental variables (abgedtaéstics in parentheses)
Independent variables Mean (S.D.) Pupils per Teach_ers’ Teache_rs’ Teachers’ rel Spe_nding per
teacher experience education wage puplil
@ @) (©) 4) ®)
Intercept 7.793 7.727 1.747 1.540 -5.440
(8.29) (6.10) (0.76) (2.33) (3.64)
Family income 9.537 — 0.686 0.146 0.270 - 0.234 1.124
(0.148) (8.80) (1.39) (1.43) (4.27) (9.08)
Income spread — 0.021 0.046 — 0.108 0.031 — 0.557 0.035
(0.077) (0.41) (0.71) (0.11) (7.05) (0.20)
Percent black 1.838 - 0.017 — 0.046 0.068 0.011 0.020
(1.131) (1.67) (3.35) (2.73) (1.57) (1.25)
Percent elderly 2.493 - 0.211 - 0.318 0.158 0.007 - 0.014
(0.227) (5.52) (6.18) (1.70) (0.25) (0.24)
Percent metropolitan 4.228 0.311 0.143 0.051 0.040 - 0.218
(0.315) (8.27) (2.82) (0.55) (1.52) (3.65)
Percent college 2.539 0.501 — 3.092 — 0.305 0.773 1.428
(0.036) (1.64) (7.50) (0.41) (3.58) (2.94)
Percent owner 4.175 - 0.109 0.646 — 0.098 — 0.288 0.056
(0.087) (1.01) (4.42) (0.37) (3.77) (0.33)
Democratic control 0.266 0.004 — 0.001 — 0.063 0.001 — 0.052
(0.568) (0.38) (0.09) (2.34) (0.13) (2.96)
Adjusted R 0.451 0.335 0.178 0.309 0.607
Number of observations 222 222 222 222 222

a significantly positive impact on test scores in the set when income is used in lieu of parents’ education than
of studies reviewed. Only the hypothesis that students when income is simply added to the regression. The evi-
learn more in large schools is unsupported. dence also suggests that this misspecification biases the
Misspecification is a problem in this literature. Two- school input coefficients downward by 7-65%.
thirds of the studies we review include income along  The Hausman tests suggest that in the OLS specifi-
with the parental, student, and school inputs that are cation that predominates in this literature there is a corre-
determined by income. The inclusion of this extraneous |ation between the school input measures and the error
variable should render finding school inputs significant term. This may be due to omitting some measure of the
more difficult, and that is indeed what we find. Signifi- time parents spend teaching their children. One solution
cantly positive coefficients are 39% less common in mis- s to use an instrumental variable procedure such as that
specified studies. - o followed here. We find that the OLS school input coef-
We conducted our own empirical analysis using the ficients are biased toward zero, which is consistent with
Project TALENT student-level data set from 1960 and o negative correlation between parental inputs and

pooled state data for 1987-1992. In regressions from g0 inputs suggested by the research of Flyer and
both data sets that were not plagued by misspecification, Rosen (1997)

there is. evidence tha}t each sc.hoollinput had an impact We agree with Hanushek and others that it does matter
on achievement. This conclusion is not altered when how money is spent on education; simply spending more

|nst'rumental variables replace the usual school input will not guarantee higher achievement in all cases. The
variables. However, when income was added to the OLS _ . N .
evidence on productivity is stronger for some inputs than

regression, most school input measures became less sig; : ) .
= . S . “for others. Further, while we find very strong evidence
nificant. Indeed, including income caused several vari-

ables to cross some critical significance threshold. In the of W|desp read and_ consistent posmve_ effects, the _number
Project TALENT data, this problem is more acute when of negative coefficients present even in good studies sug-
school-based family income is used than when the stud- ,QEStS that perhaps some schools d9 n.ot do a very good
ent's family income is used: this is not surprising, since job of aIIocgtmg the]r resources. Syll, if one wishes to
there is a stronger correlation between school inputs and @Sk the policy question ‘Do school inputs matter for the
the more aggregate income measure. In the state data €ducational attainment of children?’ the answer is a
school input results suffer more from the use of income "€sounding yes.
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Table 9
State production function instrumental variable regressions
(absolutet-statistics in parentheses)

Independent variables (1) 2) 3)
Intercept 6.481 6.870 5.935
(22.76) (44.92) (32.05)
Parents’ education 0.210 0.199 0.137
(10.52) (15.35) (11.12)
Black - 0.015 - 0.007 - 0.009
(4.71) (5.85) (8.01)
Family income gini - 0.116 - 0.077 - 0.071
(3.01) (2.67) (2.89)
Public - 0.034 - 0.057 - 0.048
(1.71) (4.89) (4.45)
English — 0.030 0.0078 0.031
(0.62) (0.27) (1.13)
Math - 0.023 - 0.027 0.022
(1.10) (1.93) (1.90)
Large school 0.001 0.002 0.001
(1.39) (3.82) (2.87)
Pupils per teacher - 0.088 - 0.115 -
(3.36) (6.17)
Teachers’ experienge 0.018 - -
(0.78)
Teachers’ educatién 0.085 - -
(2.75)
Teachers’ rel wage - 0.075 -
(2.21)
Spending per pugil - - 0.071
(7.89)
Participation - 0.032 -0.032 - 0.045
(7.17) (10.47) (14.52)
Adjusted R? 0.848 0.925 0.936
Number of observations 222 222 222

anstrumental variable.
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