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I Introduction

Most people consider student achievement to be the primary objective of the United State’s multi-
billion dollar public school system. A casual examination of the evidence suggests that a good portion of
those dollars are wasted - too many students drop out, the students who do graduate are not well-educated,
the proportion of administrators to teachers secms too high. In fact, more rigorous analyses support these
claims, For example, Hanushek (1986) in his review of the literature on educational production functions
found no systematic evidence for a positive correlation between educational expenditures and educational
outcomes. Not a surprising conclusion, but one that warrants a deeper examination. In this paper, we
provide a methodology by which individual schools can be evaluated on their use of inputs to produce
educati_(mal oulcomes. An examination of the individual scores yields information on the type of school
which is more likely to be wasting resources and hopefully suggests a useful reform policy.

We use a distance function to identify shadow prices and to test for allocative inefficiency in Texas
school districts. The methodology yields relative measures of resource misallocation for each school district.
We then compare the measures of inefficiency across different types of school districts to determine whether
school district inefficiency is correlated with characteristics of the student body or school district location.

In the following section, we discuss the contribution to the literature of an analysis of school efficiency
using distance functions. We review the distance function methodology and specify the estimating model in
section 3. We discuss the data for this analysis in section 4. Section 5 presents the results of our analysis

and section 6 concludes.

II.  The Literature
Most of the literature on educational production focuses on the relationship between a single output
(usually measured with achievement tests) and multiple inputs such as the characteristics of schools and
school personnel, levels of expenditures and characteristics of students and their families. Much of this work
assumes, either implicitly or explicitly, that schools are efficient in their endeavor to educate students.
However, some recent research on public school performance takes a different tack. Researchers

have refined their measurement and modeling techniques to allow for multiple schooling outputs and to



cxamine explicitly questions related to technical, allocative and scale efficiencies.

One group of these studies uses data envelopment analysis (DEA) to analyze the technical efficiency
of schools. This technique readily models multiproduct technology and identifies technical inefficiency as
deviations from best practice performance using mathematical programming techniques which ‘envelop’ the
data. In this group are Bessent (1980) and Bessent et al. (1982, 1983, 1984) who analyze public schools in
Texas. Fire, Grosskopf, and Lovell (1988) use Missouri school district data to illustrate how to implement
DEA for a cost-constrained technology. Fire, Grosskopf, and Weber (1989) use the same Missouri school
district data to analyze the technical efficiency of these school districts in transforming vectors of inputs and
characteristics into a vector of Missouri test scores. A modified version of this technigue has also been
employed by Ray (forthcoming) for a sample of Connecticut schools and by McCarty and Yaisawarng (1991)
for a sample of New Jersey schools. They calculate technical efficiency using standard DEA techniques but
include a second stage analysis to purge the technical efficiency measures of effects of home production and
factors which schools cannot control using regression techniques.

A second group of studies employs a short run variable cost function approach to analyze education in
a multiproduct setting. Included in this group is work by Jimenez (1986), who analyzed primary and
secondary education in Bolivia and Paraguay. He finds that these schools are not at optimal scale, and that
observed levels of fixed inputs are not consistent with long run minimum cost. Callan and Santerre (1990)
us¢ the same general approach applied to school districts in Connecticut. They are particularly interested in
allowing for disaggregated types of labor inputs in order to investigate substitution possibilities among
teachers and administration, for example. Among other results, they find that support staff are substitutes
for instructional staff,

We improve and extend previous research in four ways. First, we construct value-added measures of
output that allow us to isolate the contribution of the school to educational achievement by controlling for
previous achievement and home inputs to the educational process (see Hanushek and Taylor 1990). Second,
we employ an input distance function methodology rather than multiproduct cost functions or DEA to model

the production technology. Unlike a cost function, which presumes cost minimizing behavior, a distance
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function has no embedded behavioral objective and therefore lends itself well to analyses of the public sector.
Estimation of a distance function also has the advantage of examining efficiency in a stochastic framework
rather than the non-stochastic framework of the DEA approach. Third, our estimation technique allows us
to test for allocative efficiency by calculating district-level shadow prices for inputs that, when compared to
observed factor prices, indicate which factors (if any) are earning relative rents. Fourth, we employ

bootstrapping techniques to determine the statistical significance of our efficiency measures.

II.  The Distance Function
We model technology with a Shephard (1953) input distance function. This function is a mapping
from the set of all nonnegative input vectors x = (x,, X,, ..., Xy) and nonnegative output vectors y = (¥, ¥z «ns

yy) into the real line, ie,,

D(yx)= max {X:(x/(1)) is an element in L(y)} @

where

L{y) = {(x): x can produce y}. @
The distance function is perhaps most casily understood with the aid of a diagram. Consider Figure 1.
Observation K employs the input bundle (x,x) to produce output level y. The distance function seeks the
largest proportional contraction of that input bundle which allows production of the original output level y
(which may be a vector). In this example, the value of the distance function for observation K is OK/OK".

This illustrates the following characteristic of the distance function, namely

Dyx) =2 1 <=> xeL(y). &)

Furthermore, D(y,x) = 1 if and only if the input bundle is an element of the isoquant of L(y).!

The distance function satisfies fairly general regularity propertics (see Fire and Grosskopf (1990) for

'This measure is related to Farrell (1957) technical efficiency. In fact, the Farrell input-saving measure
of technical efficiency is the reciprocal of the value of the input distance function,




details), including being homogeneous of degree one in inputs, concave in inputs, convex in outputs, and
nondecreasing in inputs. The distance function is dual to the cost function; both functions completely
describe technology. Note that they have different data requirements; whereas both require data on outputs,
the distance function requires data on input quantities rather than input prices.” The distance function has
the advantage for our purposes of being "agnostic" with respect to the economic motivation of the decision
maker, unlike the cost function which presumes cost minimizing behavior. In that sense, the distance
function is much less restrictive; empirically, it merely identifies the boundary of the (best practice)
technology.

As discussed in Blackorby and Russell (1988) the first derivatives of the input distance function with
respect (o input quantities yield {cost-deflated) shadow or suppott prices of those inputs. Since the input
distance function is dual to the cost function, this follows from Shephard’s (dual) lemma, see, Fire and
Grosskopf (1990). We can use these shadow prices to test for cost minimizing behavior. Let w =
(W1, W,,..,Wy), Where W is positive, be the vector of observed input prices. If a municipality is minimizing costs

then the following holds:

D(yx)/Dyx) = w,/w, for all ij = 1,2,.N. Q)
D, is the first derivative of D(y,x) and is interpreted as the virtual or shadow price of the ith input.
Alternatively, we can define a measure & as the degree to which the shadow price ratio agrees with the

actual price ratio, where the formulation in (5) follows the nonminimal cost literature,’

Ky = (Di(.)/Dj(')) / Wi/Wj, (5)
see for example Toda (1976) or Atkinson and Halvorsen (1986).

If ky = 1 for all ij then the observation is said to be allocatively efficient. When «,; » 1 we can have

% In a cross-section setting where prices do not vary, the distance function provides a good empirical
alternative to the cost function.

® In this literature, firms are assumed to minimize (unobservable) shadow costs given (unobservable)
shadow prices. This is achieved by introducing additional parameters into the cost function that essentially
allow input prices to "pivot". These parameters are used to construct the x; in equation 5. Unlike the
distance function methodology, this technique cannot identify firm-specific relative shadow prices.




the following non-optimal situations. If

K. > 1 (6)

factor i is underutilized relative to j at observed relative prices, and if

k. < 1, Q]

factor i 1s overutilized relative to j at observed relative prices. Figure 2 illustrates for x; < 1. In this
diagram, relative shadow prices are less than the observed relative prices. In other words, the absolute value
of the slope of w'w' is less than the absolute value of the slope of ww, Based on observed relative prices,
cost minimizing employment occurs at the tangency of the isoquant and w'w’ which is parallel to ww. At this
point, employment of input i is lower and employment of input j is higher than at the observed employment
levels. Another way of interpreting a value of «; < 1 is that the marginal product per dollar paid for input j
exceeds the marginal product per dollar paid for input i at the observed input mix and prices. That is, input
1 s relatively underpaid and input j is relatively overpaid at the observed input mix and prices.

Thus, the input distance function can be used to model multiple-output, multiple-input technology
without information on factor prices. By adding information on observed factor prices, the distance function

can be used to test for allocative inefficiency.

V. The Data

The Texas Research League provides data for the 1988-89 school year on the number of teachers,
administrators, staff and teacher aides employed in each Texas school district, the average salaries paid to
each type of employee and other school characteristics. Such labor data represent roughly 80 percent of
operating expenditures and probably capture all of the short-run decision parameters for school districts.

Although capital stocks are practically fixed in the short run, school district decisions regarding the use
of labor clearly depend on the {exogenous) stock of non-labor inputs. Unfortunately, there are no direct
measures of the quantities or prices of non-labor inputs. Therefore, because expenditures on maintenance
and operations should be a function of the size of the capital stock, we use data on school district

expenditures on maintenance and operations as our proxy for the quantity of non-labor inputs




(M&OINPUT). By construction, the observed price per unit of these non-labor inputs is one.*

The Texas Education Agency uses the Texas Educational Assessment of Minimum Skills (TEAMS)
tests to collect data on student achicvement. However, as shown by Hanushek and Taylor (1990), raw test
scores are a poor proxy for the actual output of the school system. We use the residual analysis techniques
in Hanushek and Taylor (1990) to estimate the value added by Texas school districts. This approach also
yields an estimate of predicted achievement. We consider the estimates of predicted achievement as
exogenous fixed effects representing home production or the student input to the production process.

Specifically, we estimate four measures of school district output, using TEAMS scores in mathematics,
reading and writing, and demographic data on the racial and socio-economic composition of the student body
(Texas Education Agency, 1987, 1989). For each of four grade levels - 3rd, 5th, 9th and 11th - we estimate
the value added by the school district according to equation (8).

TEAMSS9, = o + 5, NONWHITE, + 8, SES, + j%au TEAMSS7, , + €, @
where TEAMSS9,, is the average total TEAMS scores for school district i for grade level g in 1989,
TEAMSSY,;,, is the average TEAMS score in subject j (reading, writing and mathematics) for the same
cohort two years previously, NONWHITE, is the fraction of the student body of school district i that is a
member of a minority group, SES, is the fraction of the student body of school district i that is receiving free
or reduced-price lunches (the best available proxy for socio-economic status), and the estimated residual, €,
represents the average value added in school district i. Because the four value-added equations share
common regressors (NONWHITE; and SES)), we suspected a cross-equations correlation between the error
terms, and therefore among our output measures. We found that the correlations between error terms were
surprisingly low (in the neighborhood of 0.20), but significant and therefore estimate the output measures
simultaneously using the standard SAS package for seemingly unrelated regression (SUR). We present these
equation cstimates in Table 1.

Estimating school outputs as equation residuals generates output measures that represent deviations

‘Callan and Santerre (1990) use a similar proxy for capital stock.




from the state average. School districts that add less value than the state average have negative output
measures. Since the distance function methodology cannot handle negative outputs, we transform the value-
added residuals into tractable output measures by adding the estimated value of the intercept from each

equation to the value-added residual for that equation. Therefore,

OUTPUT,, = a +e, 9

g 1

and

~ ~ S (10)
STI.]II‘TI“‘U"I'ig = 81'3 NONWHITE, + 52.8 SES, + Eam TEAMSE&7
§ =

ig-2
Thus STUINPUT is our measure of the contribution of home production, which we treat as a quasi-fixed
input, i.e., an input over which the school district has no control® OUTPUT is our proxy of the value-added

of the school district. It is the net gain in achievement purged of the effect of home production and earlier

achievement test gains.®

V.  Estimation
To estimate the distance function a functional form for D(.) must be chosen. In this analysis we use a

translog form for the distance function. To avoid numerous econometric issues in the estimation of the

*We also specificd a model in which the variables included in the right hand side of (10) were included
directly in the distance function as quasi-fixed inputs. Our qualitative and quantitative results were very
similar.

“We note that this general technique was also employed by Callan and Santerre (1990) to arrive at a
measure of educational quality. However, Callan and Santerre did not have access to pretest information
and therefore were unable to derive a value-added quality measure.




distance function,” we proceed by estimating only the share equations which are derived from D(y,x) using
Shephard’s Dual Lemma (see Fire and Grosskopf (1990)). Suppressing the observational subscript, the

system we estimate is:

11
S, = 8, 38,0, + o day, Syjue, v § =13 )

where X, is the quantity for endogenous inputs (teachers, administrators, staff and aides), z, is the quantity

for exogenous inputs (STUINPUT, for g=3,5,9, and 11 and M&OINPUT), and y,, are the output quantities (OUTPUT,
for g=3,5,9 and 11). We impose homogeneity in the inputs: %8, = 1, 28, = 0, T, = 0, as required by

the definition of the input distance function.

Dividing the predicted values from the share equations by the observed input quantities yields input
shadow prices that when compared to data on the observed factor prices generate point estimates of the x;
for each school district. However, we would also like to be able to indicate whether or not those «; are
significantly different from one, i.e., whether or not allocative efficiency is significantly violated. Therefore,
we performed a bootstrap based on the residuals of the SUR estimation of (11) to produce confidence
intervals for our point estimates. The bootstrapping procedure involved estimating the system 100 times
using randomly-selected residuals which were added to the predicted values of the dependent variables to
create new "pseudo” dependent variables. We maintained the original covariance structure by using the
residuals from the same (randomly-selected) observation for each of the four dependent variables (see
Freedman and Peters (1984)). For each observation, we calculated every «;; 100 times.

Briefly, the bootstrap generates a new distribution for cach of the observations in the sample. We can
then construct the empirical probability density function and cumulative distribution for each observation {sce

Efron 1982). If 95 percent of the estimated s for an observation are greater 1, then we consider the mean

7 Estimation of a system of equations including the share equations and the distance function raises

several difficult econometric problems. First, the left-hand side of the distance equation is unobservable,
Second, an intercept cannot be estimated. While estimation of the distance function by setting the left hand
side equal to unity is feasible (see Grosskopf and Hayes (1991)), we felt that the required instrumental
variables approach could introduce additional problems and lead to erroneous predictions from the share
equations,




value of that x; to be statistically greater than 1. Similarly, if 95 percent of the estimated x;;s for an

observation are less than 1, then we consider the mean value of that & to be statistically less than 1.

VL. Results

Mean «;s that are statistically different from one signal allocative inefficiency.® For example, when
the marginal productivity of teachers per dollar paid is significantly greater than the marginal productivity of
administrators per dollar paid(x,acnerm, saministrators > 1), then the school district is using relatively too few
teachers and relatively too many administrators ceteris paribus. Similarly, when the marginal productivity of
teachers per dollar paid is significantly less than the marginal productivity of support staff per dollar paid
(Kteachers, star < 1), then the school district is over-utilizing teachers relative to support staff. Put differently, at
the observed personnel mix, x; > 1 implies that factor i is relatively underpaid and factor j is relatively
overpaid given their relative productivitics. By the same token, if «; < 1 then factor i is relatively overpaid
and factor j is relatively underpaid given their relative productivities.

Given four types of labor input (leachers, administrators, staff and teacher aides), there are six
dimensions in which a school district could be allocatively inefficient and therefore six relevant «ijs
(K reachers sdmiistrators s Kreacherstatts Kreachersaidess Madministratorsstafts Kadministratorszides s Sistat sites )- We report the
distributions of the mean x;s in Tables 3 and 4.

We find that only 2 of the 604 school districts in the sample are allocatively efficient, ie. x; = 1 in all
six dimensions. On the other hand, no school district violated &; = 1 in all six dimensions. When
comparing one type of personnel to any one other type of personnel, Table 3 indicates that roughly 20
percent of the school districts choose a cost-minimizing mix of any two types of the labor inputs,

Interestingly, some patterns emerge from the information on school districts that misallocate their
resources. For example, if a school district is not using teachers efficiently relative to administrators, the

school district is 20 percent more likely to be relatively underpaying its administrators than it is likely to be

*Technically, allocative efficiency obtains if all double ratios equal unity. Once any double ratio does not
cqual unity, however, it is not necessarily true that other ratios becoming closer to unity implies an
improvement in efficiency or that fewer violations are better. That is, we are in the world of the second best.
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relatively underpaying its teachers (%ieaomers aqminisrmons 15 greater than one 36 percent of the time and is less
than one 44 percent of the time). If a school district is not using teachers efficiently relative to aides, it is
almost 70 percent more likely to be relatively underpaying its aides than it is likely to be relatively
underpaying its teachers. In fact, school districts that use aides inefficiently relative to any other type of
personnel are more likely to be relatively underpaying their aides, That is, these school districts could reduce
costs by substituting aides for the other employment category, ceteris paribus.

We would Like to know why some school districts are not cost minimizers and why particular resources
are relatively overpaid or used relatively excessively. We suspected that rural school districts might be able
to exploit more monopoly power in the delivery of school services than urban school districts, and thus that
rural school districts might be subject to less consumer pressure for efficiency than urban school districts.
Therefore, we divided the sample based on the census definition which is based on the county in which the
school district is located and tested for differences in the distributions of the «s.

From Table 3, it is clear that when school districts misallocate their resources between teachers and
administrators or between teachers and staff, rural school districts are more likely to overutilize teachers
(icachersj < 1) while urban school districts are more likely to underutilize teachers(K comers; > 1). Further,
when school districts misallocate their resources between teachers and aides, both rural and urban school
districts tend to underutilize aides (Kpepermaizes < 1) but the tendency is particularly strong in rural school
districts. An analysis of variance on ranks of the & variables in the urban and rural sub-samples using the
NPARIWAY procedure in SAS support these conclusions.

These results snggested that those rural school districts that are overutilizing teachers and those urban
school districts that are overutilizing staff would be fruitful. Specifically, we were curious about whether or
not the same school districts that overutilized teachers relative to administrators also overutilized teachers
relative to staff. Further, we wanted to determine the number of school districts that overutilized staff
relative to teachers as well as staff relative to administrators. From Table 4, it is clear that rural school

districts are much more likely than urban districts to overutilize teachers relative to other types of personnel.
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Urban school districts have a higher probability of wasting staff relative to other types of personnel.’

We also investigated differences between rural and urban school districts by examining the Pearson
correlations between the double ratios (x;s) and various revenue and demographic variables (the amount of
state aid per pupil, the total enrollment, and the racial and socio-economic composition of the student body).
We found two interesting relationships that apply to both rural and urban school districts and one
relationship that was significant only for urban school districts.

First, we found evidence that smaller school districts have larger relative productivity wage gaps than
do larger school districts. For both urban and rural school districts that misallocate their resources between
teachers and administrators, the size of the productivity wage gap appears to decline as the size of the school
district increases. For school districts that overutilize teachers relative to administrators
(K teachers administrators < 1), We found a positive correlation between enrollment and &,y pers aaminisirators-  Simnilarly,
for school districts that underutilize teachers relative to administrators (K eaners saministrators > 1) we found a
negative correlation between enrollment and &y qew saminstrators - WE found similar patterns in the correlations
between enrollment and the ;s for school districts that misallocate their resources between teachers and
staff and for school districts that misallocate their resources between administrators and staff. The tendency
for smaller school districts to make greater allocative errors than larger school districts may reflect either an
indivisibility problem at smaller schools or the relatively greater ability of urban school districts to exert
market power over input prices.

We also found some evidence that state aid may encourage school districts to misallocate their
resources between teachers and staff and between administrators and staff. For both urban and rural school
districts that misallocate their resources between administrators and staff, the size of the productivity wage
gap appears to increase as the level of state aid increases. Further, in urban school districts that overutilize
staff relative to teachers, we found a positive correlation between K o senr and the level of state aid per
pupil. Similarly, in rural school districts that overutilize teachers relative to staff, we found a negative

correlation between £, u and the level of state aid per pupil. These relationships suggest either that

®Again, we note that these are second best situations.
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something in the state aid formula encourages inefficiency, or that school districts have fewer incentives to be
efficient with the state’s money,

We found one interesting relationship that appears to hold only for school districts in urban counties.
Whenever an urban school district underutilizes aides relative to some other type of personnel, the
productivity wage gap for teachers, administrators and staff (relative to aides) increases as the percentage of

minority or low-income students increases.

VIL. Conclusions

Using an input distance function to model the relationship among the multiple inputs and multiple
outputs of Texas school districts, we find evidence of widespread allocative inefficiency. Only 2 of the 604
school districts in our sample efficiently allocated their labor resources among teachers, administrators, staff
and aides. In all other school districts, the ratio of relative marginal productivities to relative wages was
significantly different from one for at least one combination of labor inputs. This suggests that observed
relative input prices do not reflect relative productivity in Texas school districts and could cause bias if used
to estimate a cost function, for example. Violation of allocative efficiency also implies that Shephard’s
lemma is no longer valid; shadow prices should be used instead of observed prices.

We found evidence of a few patterns in the distribution of the ratio of relative shadow to observed
input prices. We found that when school districts misallocate resources between administrators and teachers,
urban school districts tended to overutilize administrators while rural school districts tended to overutilize
teachers. We also found that urban school districts were particularly prone to overutilize staff and that
larger school districts had smaller gaps between relative shadow and observed wages than did smaller school
districts, Finally we found some evidence that the school financing formula in the state widened the
productivity wage gap and that school districts in urban areas with disadvantaged student bodies had
systematically higher productivities per dollar paid to teachers aides relative to all other types of labor.

Our work provides an alternative to DEA analysis or the estimation of cost functions in the
multiproduct setting typical of the education sector. Further, our results suggest that estimation of a cost

function using observed input prices may cause bias and violation of Shephard’s lemma.




Intercept

TEAMS87

math,j

TEAMSSET,

writing,j

TEAMSS87, sy

NONWHITE

SES

Table 1

Output Estimation

3rd Grade 5th Grade Oth Grade 11th Grade
1570.60 1800.8 1311.90 859.16
(80.74) (75.81) (96.51) (41.76)
00 0.02 0.20 0.45
(0.16) (0.13) C(0.11) (0.05)
0.43 0.52 0.49 0.01
(0.16) (0.12) (0.11) (0.03)
0.25 033 0.72 0.46
(0.17) (0.14) (0.18) (0.07)
-0.16 0.12 .15 -0.18
(0.21) (0.18) (0.17) (0.07)
-2.03 -1.80 -1.08 0.49
(0.28) (0.25) (023) (0.10)

System weighted R-square is 0.4169
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Intercept

L _Teachers
L_Administrators
L_Staff
L_Aides

L _QUTPUT,

L OUTPUT;
L_OUTPUT,

L _OUTPUT,,
L _STUINPUT,
L_STUINPUT;
L STUINPUT,
L_STUINPUT,,

L_M&OINPUT

Table 2
Share Equation Estimates
Teachers Administrators
0.83 0.11
(0.01) (0.01)
0.01 0.03
(0.003) (0.003)
001 0.01
(0.003) {0.000)
0.02 .02
(0.001) {0.001)
0.02 .01
(0.001) (0.001)
-0.07 0.002
(0.02) (0.01)
0.02 0.02
(0.02) (0.009)
0.07 -0.02
(0.01) (0.008)
0.02 -0.003
{0.02) (0.01)
0.07 -0.001
(0.01) (0.005)
0.01 -0.03
(0.01) {1.008)
0.03 0.01
(0.03) (0.01)
0.09 0.02
(0.02) {0.01)
-0.03 0.01

(0.002) (0.001)

Staff

0.16
(0.01)

-0.04
(0.003)

001
(0.002)

0.003
(0.000)

0.01
(0.001)

0.05
(0.01)

-0.01
(0.01)

0.05
(0.01)

0.001
(0.01)

-0.04
(0.01)

0.01
(0.01)

-0.05
(0.01)

0.06
(0.01)

0.02
(0.00)
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K\ eachers, administrators

rural
urban
total

‘Nt:m:herl, staff

rural
urban
total

L reachers, aides

rural
urban
total

Kadmiuistmtors. staff

rural
urban
total

“;administrntom, aides

rural
urban
total

K'mﬂ, aides

rural
urban
total

Table 3

Distribution of the x;

k. =1

64 (20%)
56 (20%)
120 (20%)

68 (20%)
46 (17%)
114 (19%)

79 (23%)
56 (21%)
135 (22%)

66 (20%)
49 (18%)
115 (19%)

71 (21%)
49 (18%)
120 (20%)

53 (16%)
53 (20%)
106 (18%)

Kij

165
100
265

146
95
241

178
116
294

139
103
242

151
124
275

152
124
276

<1

(50%)
(37%)
(44%)

(43%)
(35%)
(40%)

(53%)
(43%)
(49%)

(42%)
(38%)
(40%)

(45%)
(46%)
(46%)

(45%)
(46%)
(46%)

105 (31%)
114 (42%)
219 (36%)

120 (36%)
129 (48%)
249 (41%)

77 (23%)
98 (36%)
175 (29%)

129 (39%)
118 (44%)
247 (41%)

112 (34%)
97 (36%)
209 (35%)

129 (39%)
93 (34%)
222 (37%)




K teachers, sdministrators
K eachers, statf

<1
>1

Kadminimators. teachers

K pdministrators, staff

<1
=1

Kstaft, teachers

K ctatf, sdministeators
<1
> 1

Kteachers, administratars
Et:m:hers, siaff
Kteachers, aides

<1
>1

K‘admhismtms, teachers
K 2 dministrators, staft

K aministrators, aides

<1
>1

’csraﬂ, teachers
K statt, sdministrators

K groft, nides

<1
>1

Table 4
Distribution of School Districts

Based on consistent over(under)- utilization
relative to more than one other input

2 of Rural

215
173

149
215

2715
35.0

159
30

114
12.5

251
275

% of Urban

174
24.0

19.2
20,7

377
28.1

7.0
103

222
16.9

352
256
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Expenditure Shares

Teachers
Administrators
Support Staff

Teacher Aides

Input Per Student

Teachers
Administrators
Support Staff

Teacher Aides

Output
n

Y2
¥:

Yq

Fixed Inputs
Z

Z,

2

Appendix Table 1

Descriptive Statistics: Variables in Estimating Equation (11)

Mean
(Standard Deviation)

Rural

76
(04)
A1
(02)
L6
(03)
05
(02)

06
(.007)
006
(.001)
005
(002)
01
(.006)

659.17
(26.33)
600.28
(23.66)
441.14
(22.06)
43194
(14.44)

157,36
(17.70)
202.48
(16.90)
351.23
(16.77)
353.69
(15.29)
378.01

(137.84)

Urban

76
(04)
a1
(02)
08
(.02)
04
(.03)

06
(.006)
005
(002)
006
(.002)
009
(007)

654.87
(25.27)
598.68
(21.69)
436.33
(19.34)
42943
(11.93)

160.08
(23.71)
205.95
(24.27)
351.58
(21.41)
354.37
(20.27)
369.59

(100.71)

Total

76
(04)
A1
(.02)
07
(03)
05
(03)

06
(01)
006

(.002)
005
(.002)
01
(.007)

657.25
(25.93)
599.57
(22.80)
438.99
(21.008)
430.82
(13.43)

158.57
(20.63)
204,03
(20.57)
35138
(18.97)
353.99
(17.96)
374.25
(122.62)
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Teachers vs. Administrators
Rural

Urban

Total

Teachers vs. Support Staff
Rural

Urban

Total

Teachers vs. Teacher Aides
Rural

Urban

Total

Administrators vs. Support Staff

Rural

Urban

Total

Appendix Table 2

Descriptive Statistics: Ratios

Mean
{Standard Deviation)
Ratios of:
Bootstrapped
Mean of Shadow
Employment Wages — Prices

11.68 .61 60
(2.72) (.05) (.13)
11.64 60 62
(2.99) (.05) (.13)
11.66 61 61
(2.84) (.05) (.13)
14.91 87 .84
(7.72) (07 (34
12.55 85 89
(6.51) {.06) (.35)
13.85 R6 87
(7.15) (.07 (:34)

8.28 2.56 2.52
(12.71) (37 (2.53)

994 2.49 2.58
(10.46) (36) (2.39)

902 2.53 2.55
(11.78) (3D (2.49)

135 142 14
{32) (.16) (.51)

115 1.42 146
{(71) (.15) (.56)

1.26 1.42 1.43

(78) (16) (.53)

22




Administrators vs. Teacher Aides
Rural

Urban

Total

Support Staff vs. Teacher Aides
Rural

Urban

Total

Appendix Table 2 (Continued)

73
(93)
93
(1.80)
82
(122

63
(93)
89
(94)
75
(94)

421
(.70)
4.15
(64)
4.18
(67)

2.96
(47)
2.93
(46)
295
(47

439
(4.99)
438
(4.30)
439
(4.90)

355
(4.52)
3.19
(3.45)
339
(4.08)




9001

9002

9003

9004

9005

9006

9007

9008

9009

9010

9011

9012

9013

9101

9102

9103

9104

9105

RESEARCH PAPERS OF THE RESEARCH DEPARTMENT
FEDERAL RESERVE BANK OF DALILAS

Available, at no charge, from the Research Department
Federal Reserve Bank of Dallas, Station K
Dallas, Texas 75222

Another Look at the Credit-Output Link (Cara §. Lown and Donald W.
Hayes)

Democpraphics and the Foreign Indebtedness of the United States (John
K. Hill)

Inflation, Real Interest Rates, and the Fisher Equation Since 1983
(Kenneth M. Emery)

Banking Reform (Gerald P. O’Driscoll, Jr.)

U.5. 0il Demand and Conservation (§.P.A. Brown and Keith R. Phillips)
Are Net Discount Ratios Stationary?: The Implications for Present
Value Calculations (Joseph H. Haslag, Michael Nieswiadomy and D.J.
Slottje)

The Aggregate Effects of Temporary Government Purchases (Mark A.
Wynne)

Lender of Last Resort: A Contemporary Perspective (George G. Kaufman)

Does It Matter How Monetary Policy is Implemented? (Joseph H. Haslag
and Scott E. Hein)

The Impact of Differential Human Capital Stocks on Club Allocations
(Lori L. Tayler)

Is Increased Price Flexibility Stabilizing? The Role of the Permanent
Income Hypothesis (Evan F. Koenig)

Fisher Effects and Central Bank Independence (Kenneth M. Emery)
Methanol as an Alternative Fuel (Mine K. Yucel)

Large Shocks, Small Shocks, and Economic Fluctuations: OQutliers in
Macroeconomic Time Series (Nathan S. Balke and Thomas B. Fomby)

Immigrant Links to the Home Country: Empirical Implications for U.S.
and Canadian Bilateral Trade Flows (David M. Gould)

Government Purchases and Real Wages (Mark Wynne)

Evaluating Monetary Base Targeting Rules (R.W. Hafer, Joseph H. Haslag
and Scott E. Hein)

Variations in Texas School Quality (Lori L. Taylor and Beverly J. Fox)




9106

9107

9108

9109

9110

9111

9112

9113

9114

9115

9116

9117

9118

What Motivates 0il Producers?: Testing Alternative Hypotheses (Carol
Dahl and Mine Yucel)

Hyperinflation, and Internal Debt Repudiation in Argentina and Brazil:
From Expectations Management to the "Bonex" and "Collor" Plans (John
H. Welch)

Learning From One Another: The U,S., and European Banking Experience
{Robert T. Clair and Gerald P. O0’Driscoll)

Detecting Level Shifts in Time Series: Misspecification and a
Proposed Solution (Nathan §. Balke)

Underdevelopment and the Enforcement of Laws and Contracts (Scott
Freeman)

An Econometric Analysis of Borrowing Constraints and Household Debt
(John V. Duca and Stuart S. Rosenthal)

Credit Cards and Money Demand: A Cross-Sectional Study (John V. Duca
and William C. Whitesell)

Rational Inflation and Real Internal Debt Bubbles in Argentina and
Brazil? (John H. Welch)

The Optimality of Nominal Contracts (Scott Freeman and Guido
Tabellini)

North American Free Trade and the Peso: The Case for a North American
Currency Area (Darryl McLeod and John H. Welch)

Public Debts and Deficits in Mexico: A Comment (John H. Welch)
The Algebra of Price Stability (Nathan S. Balke and Kenneth M. Emery)

Allocative Inefficiency in Education (Shawna Grosskopf, Kathy Hayes,
Lori Taylor, William Weber)






