
17 AD—A074 519 TEXAS UNIV AT AUSTIN CENTER FOR CYBERNETIC ST(~~IES FIG ta/iI OCTERMINING TIE ATTRIBUTES OF EFFICIENT APt INEFFICIENT SCHOOLS—ETC(U)I AUG 79 A BESSENT, • BESSENT N0001*—75—C—0616
UNCLASSIFIED CCS—3M Pt

_ N

~~~~~~~~ END
0* 10

_______________________________ E lk_ to

1-79

I 

00C



-T

1.0 ~~L

L

I I L.

I ~

11111’ :25 11tH Q~ii

~~~~~~~~~~~~~~~~~~~~~~~~



‘
~~~~~ LEVEL~~

CENTER FOR
I — ) ~~

• CYBERNETIC
k ~~ 

/ / STUDIES
/

1 / The Liniver sityof Texas
_______ 

- Austin ,J~ xas 78712

• 
- ________ 

‘-.--——
., a_ _ D D C

________ 

\\
\
\
\ )c

\
~

\ B

I DISTRIBUTION STATEMENT A ‘
~~~, ~~~

“
.

Approved lOt public releoieç 
~ Li”’ ‘.~DIStIII UtIO~ Unbmit.d 

~~
//•~ 

\ kw.
-

~~~~

‘Z 9 10 U j O ~”5



——--5---
Unclassified

F Se u u n ty  CIjs,ittc .lion

DOCUMENT CONTROL DATA . R & D
. I iua. f I r ~~tiqn aS 11*50 . body oS .h~ t,.t t nnd Ind ex I ng  ., I I n O t I I i o f l  flItI~~ be .nl.,ed when the oa.,aII repofl Ia ctns. iSi .d)

N.  AC ! IV I  T Y  (COtp ursIe AI~IhOr) 2.. R a PO R T  S EC U R I  T V  C L A S S I F I C A  T I OH

Center for Cybernetic Studies / Unclassif led
The University of Texas at Austin

I

Determining the Attributes of Efficient and Inefficient Schools ~hrough Data
7)~ 1velopment Analysis,

NOT ES (Typ. e*’ repoet jn d.~~ic1o.io. dli..)(7~
) -4~

,, fr( ~~~~~ i
a ~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~ m USh . 715? earn.) - - 

- /
~~~~~t~!n~,

Aeaaent .
~~~ wailanØeBaent

• en— s a l e  -7 7.. T O T A L  NO. OF P A G ES  I7b. NO o r far, .

Aug~~ 79/ 2? 12
CT ~~~~~~~~~~ / ~a. Q G1~~~~c~~~~~~ EP O R T  NUMSER lI

~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~ ~NROk7—071 and NRO 7—021 
___________________________________________

- 9?, . O T H E R  R E P O R T  NOISI (Any oth.r numb.,. b.t may b. Cesidn.d
this report)

di ~/dc~ 4-~ ‘/C-~ L 
~~~~~~~~~~~~~~~~~~~~~~ 9 

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

10 0 ~~~. .-TATL.. .. —

This document has been approved for public release and sale; its distribution is
unlimited.

I I  SUPPLEM E N T A R Y  NOTES 12 SPONSo RING M I L I T A R Y  A C T I V I T Y

Office of Naval Research ( Code k3~4)
Washington , DC

13 A B S T R A C T  /
~~~onventional methods for comparing the relative productivity of schools

employ least squares regression to find expected achievement of schools with
the same input characteristics. The result is that one typically contrasts
the relative effects of “predictor ” variables on achievement rather than
comparing school units with respect to their input/output efficiency.

A non-linear method for comparing the efficiency of decision making
units (school) is presented and is applied to elementary schools in an urban
school district. The method is cross-validated by means of discriminant
analysis and a rudimentary sensitivity test is made. The method is found to
discriminate between efficient and inefficient schools and is relatively robust
under changes in input measures.

,5

W% I’ ~~ P OE M 4 A 7 ’ ~J ‘PAGE I’L,IJ , HO V . 5 I~~III x~~ Unclassified /S/N 0101 -807-6811 •~;:i~;j c ~~~ ..z~’ 2’,?’ Secu rity CI~islFlca t ion

-- 
- -

~~~~~~~~~ -

. ______ - 
-~~~~~~~



~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
- _ --

Unclassified
~~ S.1 univ c1~~~’~Tl~~ iliun

4 L I S A  A L I S A  S L IN .  C
A S S  S O R O S

R O L E  S T  NO LU S T  R O L L  S Y

Efficiency
Pareto-Koopaans Optiasilty
Economic Definitions
Management of Schools
Resource Utilisation
D oiaion Making Units (DNU’e)
Public Programs
Mult iple Input.
Fractional Progra ing
Linear Progr’~~ir~gDual Simplex
Production Fu~ot ions
Estimation Techniques
L ast Square. Regression
Diecriminant Analysis
School Achievement
Data Envelopment Analysis (DEA )

DD “~ ‘..1473 (BACX ) Unclassified
~~‘N 0 101.0 1 4 $S00 Sri -unIv (‘ l...lflc.tin n 

~~- I I  

~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ i



(Z~
) LEVEL~

Research Report 3kk

DETER}IINING THE ATTRIBUTES OF EFFICIENT
AND INEFFICIENT SCHOOLB T1~ OUGH

DATA ENVELOPMENT ANALYSIS

by

A. Besaent*
W. Bessent*

August 1979

*The University of Texas at Austin

This research was partly supported by ONR Contracts N0001 k-75-C-061 6 and
0569 and NSF Grant SOC 76-15876 with the Center for Cybernetic Studies ,
The University of Texas at Aust in. Reproduction in whole or in part is

• permitted for any purpose of the United States Government.

DISTRIBUTION STATEMENT A7
Approved for public roleose

Distribution Unlimited D D C
CENTER FOR CYBERNETIC STUDIES f j ? ~ 111?L( OcT i 1979

A. Charnea, Director lilt
Business-Economics Building, 203E U UbU~16U 11
The University of Texas at Austin

Austin, TX 78712 B
(512) 1.71~ 1821

_ -5—- -



5 —  - . - -

ABSTRACT

Conventional methods for comparing the relative productivity of

schools employ least squares regression to find expected achievement of

schools with the seine input characteristics. The result is that one

typically contrasts the relative effects of “predictor” variables on

achievement rather than comparing school units with respect to their

input/output efficiency.

A non-linear method for comparing the efficiency of decision

making units (school) is presented and is applied to elementary schools

in an urban school district. The method is cross-validated by means of

dlscriminant analysis and a rudimentary sensitivity test is made. The

method is found to discriminate between efficient and inefficient schools

and Is relatively robust under changes in input measures .
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BACKGROUND

Methods for evaluating the relative productivity of decision making

units in the public sector have lagged behind similar applications where

production functions were more directly obtainable. Charnee and Cooper

in (3 1 recently reviewed relevant development in economic theory from

the standpoint of managerial economics . They also described the methodological

developments undert*ken with E. Rhodea (~i ,51 to measure the efficiency of

“decision making units ” with special reference to not-for—profit entorprisi~

and government agencies. This resulted ~n a technique that they cell

Data Envelopment Analysis for measuring and distinguishing different kinds

of efficiencies such as “program efficiency” and “managerial efficiency.”

The utility of the theory has boon demonstrated in the secondary ana~ysi8 of

Program Follow-Through evaluation data (~t ,1O1--an important federally-

funded intervention aimed at improved education for disadvantaged children .

In the works cited , Charnos , Cooper and Rhode8 succeeded in

quantifying the relative efficiency of decision making units (DMII’s) within

a set of like units and , further , conoeptuali!ed a method for comparing the

relative efficiency of two sets of units classified on some a p~4çri basis Pd .

Only a limited set of variables were selected for Illustrative purposes . the

objective being to show how one might compare two sets of schools operating

under different programs.

The present paper is directed to a study of the possible uso of

these measures by management at the individual school level . For this

purpose , a comprehensive set of variables will be employed and applied

to all schools in a single district.

- . -.
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We want to concentrate on the applicability of DEA in the manage-

ment of an urban public school district with emphasis on (a)  the Identif 1-

cation of school units which make better use of Input resources in terms

of measured outputs , and (b ) the obtain ing of estimates of the extent

to which ~.nputs are underutilized in DMU ’s which are relatively unproductive.

In addition , we shall contrast the results of DEA with those

obtained In the more usual manner , such as least-squares regression

models. We shall also cross-validate the resulting classification of

DEA by means of discriminant analysis. Finally, a rudimentary sensitivity

analysis is performed to test the measure-dependency of DEA .

DATA E~JVELOPMENT ANALYSIS

In their work , Charnes, Cooper and Rhodes introduce first a conceptual

model which , in ratio form , makes It possible to relate efficiency measure-

ment approaches in engineering, economics , etc. to each other. After

exhibiting this property of the conceptual model , Charnea , Cooper and Rhodes

then show how this model may be replaced by an equivalent ordinary linear

progr~~~1ng problem . The latter , which has all the power and convenience of

ordinary linear progr~niining is the one we shall employ , along with the

associated definition of efficiency which , in economics , is designated as

Pareto Efficiency .* The latter , as given in [3 1, may be paraphrased here as

follows :

“A DMU (Decision Making Unit) Is not efficient In producing its
output ( from given amounts of Input) if It can be shown that
some redistribution of resources will result in the same amount
of this output with less of some resource and no more of any other
resource. Conversely, a firm Is efficient if this is not possible.”

Also called Pareto-Koopmans Efficiency. See 131.

_  -
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This is the definition of efficiency we shall employ with a 100%

rating being achieved only by an efficient DMU . While we do not here detail the

argument from economic theory, it perhaps suffices to say that all of welfare

economics rest on this definition of efficiency , i.e. the so—called Pareto

optimality condition. In our case this has the advantage of not requiring

us to assign weights on an a priori basis to the various educational inputs 
- 

-

and outputs. Instead, as we shall see, these are obtained directly from

the data and the modes we shall employ in an objective manner.

In our example, let us consider four hypothetical schools whose

median percentile achievement scores for beginning and end of year are as

follows :

School A B C D

Poatteet Percentile 60 70 65 82

Pretest Percentile 50 60 65 80

If one wants to evaluate one school ’s Pareto efficiency with respect to the

other schools in the set for the single-input-single-output case, one does

not need a sophisticated mathematical model. Common sense suffices:

School Output/Input Output = f(Input)

A (60/50) = 1.2 60 = 1.2(50)

(70/60) = i.i~ 70 = i.1~ (60)

C (6 5/65 )  = 1 65 = 1(65)
D (82/80) = 1.025 82 = 1.025(80)

Clearly school A gets more output units per unit of input than the other schools.

Note that results here are descriptive. What Is “causing” the different

“production” rates is not known.
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It should be noted that regression of postteat on pretest is a

frequently used descriptive technique and, as is shown below , results from
such analysis for the same data are quite different.

F1f. 1
Lea~;t -~quares flegresslon of

~osttest on retest ‘thhievemen t core~

iostte~t (y

S

60

50 
~t ?It ti:~- Line,
~ + ~~~~~L~O

30

10

10 20 ~o L~o ~o ~o : rotest (x)  

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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Model for Hypothetical Schools:

Fractional Model Linear Equivalent

Objective (School A ) :

Max hA = ( 60u/ 5 (Yv) v = (6/5h A )u for f ixed h where
O <h ~�1

Constraints :

School A Constraint
(60u/50v) � 1 v � (6/5)u ... ~ u � (5/6)v

School B Constraint
(70u/60v) � 1 v � (7/6)ui~~~~u � (6/ 7)v

School C Constraint
(65u/65v) � 1 v � u u  v

School D Constraint
(82u/80v ) � 1 v ~ (8. 2/8)u4..~.u � (818.2)v

u ,v >  0; weights employed to produce
Pareto-efficiency comparisons with
other units in set.

Note that school A , the school being evaluated, is given the most favorable

weighting that the constraints allow; that is, the most favorable weighting

possible, given that all schools in the set are compared on the same basis.

The constraint set insures that the schools are evaluated relative to each

other by providing a maximum value for the objective (right-hand-side

constant of inequality constraints) to take for the school or schools doing

best relative to the set of schools. The choice of this constant Is

arbitrary in that whatever the maximum is, all schools will be compared to

that same value. A maximum of one was selected for modeling and

computational convenience.

Once the above model is solved, one can apply the Pareto optimality

criterion to determine whether or not school A is Pareto efficient or

inefficient :

~1u1 Iii ~~~~~~~~~~~~~~~~~~~~ - - —a. . - - 
~~~~~~~~~~~~~~~~~~~~~~~~~~ ~- .—•- ~-.- —~~~~~ —
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If hA ‘- 1 , then school A is Pareto ineff icient  because a school ~r

combination of schools has been foun d which can produce the same amount of

output wi th  less input .

If’ HA = 1 , then school A is Pareto efficient in that no such combina-

tion described above could be found.

In Figure 2 , one notes that i~ o-obj ect 1ve line for maximum hA 1 ~

coinciden t with schoo l A constraint and feasible ; thus school A is Pareto

efficient .  The graph in FIgure 2 can also be used to evaluate the efficiency

of the other schools , since the constraint set which defines the feasible

solution space remains constant--only the objective changes for each school.

Further , as h tends toward 1 for all schools, iso-objective lines become

“flatter” with the line coincident with the particular school constraint

boundary for maximum h = 1 for that school. Thus, by inspection it can be

seen that schools B, C , and I) are not efficient In that their respective

const’ ilnt boundaries lie outside the feasible solution space. The objective

function values for the other schools can be interpreted as the degree of

inefficiency for each school respectively ; in other words, hB = .97 , h~ = .85

and hc = .83 give for each school the proportion of input required for each

school’s observed output if these schools produced as efficiently as schoo l

A and the unused inputs (slacks ) for schools B , C , and 1) respectively are

2 , 12 , and 11. These values can easily be verified by fixing u at some

convenient value, for example 1 , and solving for v using school A ’ S objective

function since h is known to be 1 at all points on this line. The values

for u and v can then be used in the objective functions for the other

schools to solve for the respective efficiency values as shown on the

graph in FIgure 2. Slack values can be obtained by subtracting h times

measured input from the measured input .

---a - -
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Fip . 2
Graphic Solution to Linear Programming Model equivalent

V

/ Iso-objective for hA 0 .2

I Iso-objective for hA o.~,  
School A Constraint

/ / Iso-objective for /
~
j School B Constraint

I I maximum h 1 ~~~ /A School D Constraint

/ / is feas1
~
le
~~
,
~~~~~~~ S h l  ~ Constraint 

Fe~sibl~ Solution..
/ Space

1.2 - — 4 — —  4— — .— — — —I / hA = l.O

I , hB~~~
O.9?2

h
~~

= O.83
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A more complex graphic illustration and associated s~mplex t~ b l t ’att ~

a two input—single output example can be found In f 11 along with t .ht ’

genuraltaed form of the model for multiple inputs and outputs. Thi:; woth’l

is reproduced below for reader convenience .

Ueneral Model--Multiple inputs anti outputs.

Objective: Maximise h0 (E Ur7~~) / E v 1x 10
) ,  where

designates the rth output measure for school ~~~
--

the school being evaluated . There are s output
measures. x~~ designates the Ith input measure
for school 0. There are m input measur es . and
v~ are the desired weights .

Constrnints:(~~ UrY ”  v1x1~) 1 for .1 1 . ...
Note that there are n const raints , one for each of’
the j  I , . . . . it schools In the ~ it. .

~~ ~‘rj 
- ~~ 0 for all 1. J .  and r.

Not e  that the an a lyst s require s a model for each schoo l In the set as

~chooIa must be evaluated one at a t ime. Computational efficiency can be

gained by usin g dual-simplex mothods as described in I 1 O L  pp. H-1t~. The

1 t~u~ar programming model equivalent to the fractional programming mode l

given above which was used for the analysis under rev i ew is fu lly  described

in (51. pp. ~i ~I -~* l.~. model numbered (
~~~

) .  The particular l inear programm ing

model used was readily solvable by existing algorithms and provided (a)

relative efficiency-inefficiency values , (b) surpluses of resources under-

• uttitsed by inefficient schools and (c)  opportunity coats for oxh~usted

resources. MPOS (
~~fl was used to so l ve the Y~ ordinary l inear programming

models which were ref’ormulattons of the fractional programming models

described above.

— V ~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ -V
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AN URBAN SCHOOL DISTRICT APPLICATION

An urban school district with 60,000 pupils in attendance was

chosen for the application because a recent study by Jennings (8 )  provided

measures of input from school , community and pupils along with output

measures of achievement . Further , a close working relationship with the

upper level administration of the school district provided a means for

pursuing administrative response to the information provided by the analysis.

The 55 elementary schools in the district were taken as the decision

making units ( DMIJ ’s) and the level of aggregation of all data was the

school unit--outputs expressed as median percentile achievement scores for

the school and inputs expressed as school totals , ratios , or percents as

was appropriate.

As is usual for such schools , large amounts of federal funds were

allocated to schools on the basis of compensatory education efforts for

disadvantaged pupils. In other respects, state and local funds were

allocated to schools on a uniform basis except for some special program

funds available to schools for subventing attempts to improve instruction

on an R & D basis.

The measures obtained for the analysis were categorized as follows :

Output Measures

Four outputs measured by the California Achievement Test in May,

1977. *

y1 median percentile reading achievement for all pupils at the

school

median percentile reading achievement for only th se pupils

in attendance at the school for a full year

*Tw~ different medians were computed for reading and mathematics
achievement in ord er to have an indication of the “school effect” without the
influence of pupil mobility. Thus y2 and y~ achievement medians are based
on only those pupils who attended no other ~chool during the year, whereas

• y1 and y
3 
scores included pupils who attended other schools before transferring

• into the school.
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y
3 median percentile mathematics achievement test score for al l

students in attendance

y~ median percentile mathematics achievement test score for only

those pupils in attendance for a full year.

~~put Measures

Pupil inputs measured by the California Achievement Test in May , 1976.

median percentile reading achievement for all pupils at the

school

median percentile read ing achievement for only those pupils

in attendance at the school for a full year

x3 median percentile mathemat ics achievement test score for all

students in attendance

median percentile mathematics achievement test score for only

those pupils in attendance for a full year.

Proxy measures for neighborhood and home conditions (obtained from

school district records)

x5 percent Mexican-American students

x6 percent Black students

x7 percent Anglo-American students

x8 percent students from low income families

x9 total enrollment in schoool

x10 percent in average daily attendance

x11 mobility Index: (total enrollment - number entered late or

withdrawn) /total enrollment

Proxy measures for within school conditions (obtained from school

district records )

x12 pupil-teacher ratio 

~~~~~~~~~~~~ 
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age of school building

per pupil expenditures for instructional supplies

total expenditure for instruction

total federal funds for disadvantaged children

total funds for all major special programs in the school

x18 percent of funds for Instruction derived from local sources

School organizational climate indicators obtained from Organizational

Climate Description Queationnaire (5 1;  a high score on each dimension

Indicates the following:

disengagement--an indicator of’ lack of cooperation among teachers

120 hindrance--an indicator of the extent to which teachers believe

they are burdened with unnecessary tasks

121 esprlt--an indicator of job satisfaction

122 intimacy- -an indicator of how much social interaction exists

among teachers

123 aloofness--an Indicator of impersonal treatment of teachers

by the principal

x2~ production emphasis--an indicator that the principal is task

oriented and directive in supervision of teachers

125 thrust--principal motivates teachers by personal example of’

work orientation

x26 consideration--measure of the principal ’s friendliness and

• cooperativeness with teachers

Measures of’ classroom instructional processes (obtained from

• Individualization of Instruction Inventory [ 8 1~~ 
higher scores

indicate greater degree of individual rather than group oriented

• teaching methods)
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x27 intraclass grouping

128 variety of’ teaching materials

129 
pupil autonomy

x30 differentiated assignments

x31 tutoring

132 total Individualized instruction index

Fifty-five different models were solved--one for each school and

the comparative efficiency rating, h0, was obtained for each school. An

• h0 value < 1 indicates that the associated school is inefficient with respect

to the measures and the objective process employed in that a combination of’

schools have been found which can produce the same amount of output with less

input. An h0 value = 1 means that no such combination could be found and

thus the associated school is Pareto efficient. Slack and dual variable

values* were also obtained In order to (a) inspect the extent to which

inputs were being under-utilized by DMIJ’s and (b) inspect the opportunity

coats for exhausted resources . The obtained h0 values can be found in

Table 1 and slack values for inefficient schools in Table 2.

Variable Dependency of’ Resulta

It is clear that our intent has been to achieve a descriptive

treatment , but the question still remains--how good a description has been

obtained? Since the rationale has been very straightforward , with no

distributional assumptions about the data , the major threats to descriptive

validity are the adequacy of the variable set to fully describe the production

• system and the sensitivity of the classification of DMU’s to the inclusion

or exclusion of’ inputs which are observed to correlate with outputs.

0Note that for efficient schools all slack variable values = 0.

- —
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Table 1
Comparative ~ffi ciency Values for Schools

D~tJ Number it
0 DhU Number h0 DMU Thrnber

1 1.00 20 1.00 3C 1.00

2 1.00 21 1, 00 39 1.00

3 Q~77* 22 1.00 40 1.00

4 Ø, Q~* 23 1.00 41 1.00

5 1.00 24 1.00 42 1.00

6 O,97~ 25 1.00 43 1.00

7 0 ,96* 26 1.00 44 1.00

8 1.00 27 0.95* 45 1.00

9 1.00 23 1.00 1.00

10 0,97* 29 1.00 47 1.00

11 1.00 30 1.00 1.00

12 0,92* 31 1.00 49 1.00

13 1.00 1.00 50 1.00

14 1.00 33 1.00 5]. 1,00

15 1.00 34 1.00 1.00

16 1.00 35 1.00 1.00

17 1.00 1.00 54 1.00

18 1.00 37 1.00 cc i.OQ

19 1.00

* Denotes an inefficient nchool.

-- -•- -- - • - - • _ _ _ _ _
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Table 2
Slack Variable values for Schools with Low

Comparative El ft ciency Index
Varis.b1e/t*fl~’ J ‘3 4 6 7 10 17 27
h0 .77 .96 .97 .96 .97 .92 .95

5.3 2 . 2  l.~ 2 .5 5.9 1.0

12 1.4 2 .5 0.0 0.0 0.0 4,4 0 .2
0.0 7. 1 11. 5 4.6 4.6 0.0

x4 7.1 .3 ‘.4 15.7 7.6 0.]. 0.0

xS 0.0 10.0 10.3 0.0 0.0 2 1,7

29.1 21.1 6.6 25.7 70.6 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0

x3 34,0 0.0 0.0 “5.8 58.5 10.8 12.4

2.4 0.0 0.0 0.0 3.7 6.0

x10 21.6 26.4 16,7 17.6 52.4 15,3 20.5

xli 23.2 7.~ 0.0 17.3 69.3 0,0 6.6

x12 7, 2 8,2 2.5 3,2 13,6 2.7 6.7
2~ ,0 7.7 17.5 5.1 35.1 21.9 0.0

x14 0.0 2.0 0.1 2.5 3.2 0.9 1.2

1
15 2•q 47.0 14,6 17.0 36.2 261.5 376.0

42.5 0.2 0,3 74.1 0.0 145.7 0.9

72.7 0.0 17, 0 91.0 19.2 75.0 0, 0
x13 .1.4 28.0 ] .h,8 5,9 57,0 12.5 72.1

x19 ~?.4 ~2/ ,  1” .5 37,9 66 .9 9,4 17,5
• x20 12.0 70.7 19. 2 ~0.0 1,4.6 ~~~~

41.2 ‘31.2 “55 .7 ‘36 .2 53.4 74.5 17.4

122 30.6 27,1 26.3 32,-s 50.9 -~~~~~~~ 17.7
x
23 

‘31.3 19.6 22.2 24.9 43.2 0.0 12.5
x24 30.3 28.3 54,2 25.6 56 .7 l” .5 10.9
x~~ 39,4 22,2 30.3 11.7 50.6 ~-3. O 0.0
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Our procedure for this rudimentary sensitivity analysis was as
follows:

a. A least squares regression of each output variable on the set
of input variables to establish whether a predictive relationship existed

In the data set.

b. Given an affirmative result in (a) above, a teat of units found
to be in the less productive set to see if their classification changed with

a reduced set of input variables--excluding those having high correlations
with outputs .

c. A discriminant analysis to cross-validate the classification and

to provide management information on the input-output dependencies (in the

data , if not in the field).

In test one , the regression models showed a high relationsip of
inputs to outputs (R2 

> 0.92 ) for each output used one at a time as the
criterion variable and the complete set of input variables as predictors.
The standard error of estimate was S 6.0. As might be guessed, achievement
input (pretest) scores were the best predictors of’ output achievement ,

thus in step 6 we resolved the linear progremining models for all ten schools

in administrative area 1 of the district with entering achievement deleted

from the input set. Five of these ten schools had initially been classified

as eff icient (h
0 = 1) and five were inefficient (h0 < 1). The changes

resulting from the reanalysis are shown in Table 3.
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We see in Table 3 that dropping the input measures most highly

correlated with output did not change the classification of school units,

but did result in a shrinkage in h0 for less productive schools. This is

the result one would expect if the analysis is not highly sensitive to

changes in the input variable set (no change in classification). Shrinkage

in h~ values makes schools appear to be only slightly more inefficient when

a major pupil input was not considered.

The explanation for the robustness of classification offered here

is that the input variable set is broad enough to include correlates of

the input variable deleted , and the effects of the miss ing variable are

still accounted for.

It would seem, then, that if no correlates of the excluded measure

• were in the model, a change in classification would likely occur if the
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excluded input is an important predictor of output. A test of this

speculation was conducted by excluding all six variables correlated

(r ~ .50) with achievement measures :

a. entering achievement

b. percent minority group enrollment

c. percent students from low income families

d. percent students in attendance

e. total federal fund8 for disadvantaged children

f. total funds for major special programs

The model for school #1 , classified as eff icient, was reanalyzed

with the six achievement-correlated variables listed above deleted from

the input set. The resulting value of h0 was .999976 which might indicate

either round-off error or that school #1 would be reclassified as in-

efficient. In any event, the change in h0 was quite small.

The conclusion drawn from this result was that DEA should be

preceded by a preliminary analysis to ascertain that input measures are

correlated with outputs and that measures representing all important

aspects of the school production system are included in the model.

DISCRIMINANT ANALYSIS: EFFICIENT VS INEFFICIENT SETS

A unique contribution of the Data Envelopment Analysis is that it

provides a way to classify decision making units into efficient and in-

efficient sets when no a priori basis exists for such partitioning. That

is, beginning with a set of measures on units, those that are equally
• efficient are distinguished from the others. This is converse to discriminant

analysis which begins with a known classification of units into groups and

accounts for the grouping by linear combinations of measures obtained on
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the units. In DEA , no readily available means exists for judging the relative

success of’ the partitioning in terms of the discriminating power of the

measures employed to achieve the classification into efficient and in-

efficient sets. In the use of discriminant analysis, however , one has both

statistical indicators of discriminating power and a heuristic check by

using the linear discriminant function to replicate the classification.

Thus , it would seem that the two procedures are complementary with

discriminant analysis adding a cross-validation of outcomes. Accordingly,

a discriminant analysis was performed and interpreted as follows .

Procedure

Using SF58, version 7.0 , subprogram DISCRIMINANT [12), a two-group

analysis was performed for efficient (n1 = k8) and inefficient (n2 = 7)

schools. Classification was adjusted for unequal size of groups. The

same input variables defined earlier (xi to 132) were used as discriminating

variables with a single exception. Percent of Anglo enrollment was deleted

to eliminate the linear dependency of the variable with percent Black and

Mexican-American.

A discrim.tnant function with considerable discriminating power was

obtained: canonical correlation 0.88 and Wilk’s Lambda = .219.

One hundred percent success of classification of DMTJ’s into the

correct set was found . While there was likely some overfitting because

the same variables were used in DEA to create the subsets and in discriutinan t

analysis to classify DMU’s into the subsets, the results ind1~ate a high

discriminating power even allowing for some shrinkage.

To Illustrate the marked separation achieved by the diacriminant

function, the discriminan t scores for the ten schools in a single area

of the district (same schools as in Table 3) are given in Table ~4.

a
• ~~-• • - - S  ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~
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“able h
Dizcriminant Jcor~~ for ~ffIcientaM Inefficient ~chool~ in Area 1

DISCRI?!INA.NT S0OR~~D!~U r F?ICI~~T DI1U’:; TNEFFICI~ r’ DTU’Z

1 0.~6

2 0.51

3

4 -6.72

5 0,16

— ‘
~~.

-
~:‘

7

P -1.03

9 — 0 .54

10 - 7. lC

Cen trol~ 0 .91!;

DISCUSSION

We have shown that we can identify individual school units that

are less efficient than other comparable units in terms of measured achieve-

ment scores relative to input factors representing entering achievement,

school neighborhood characteristics, expenditures for instruction, type of

instruction, and attributes of faculty and principal. It is beyond the

scope of the present analysis to determine administrative reallocation of

resources in order to achieve greater overall efficiency. What we can do,

however , is a significant improvement in presently available management

information in the administration of schoolB--ve can identify inefficient

unite and show what school input factors contribute to their less efficient

status ~~ being underutilized. The administrative response to such

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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information should not necessarily be to reduce the slack resource. in

some cases the resource Is mandated by law and is allocated on a formula

basis and even when local leeway is present, the absence of causal e’vidence

would sugges t the need for a cautious management response.

What is suggested then, is a three step procedure t’or the use 01

DEA results in school districts: (a) Identification of’ inefficient units

by top—level administration and reporting of’ results to individual schools ,

(b) consideration of’ slack variable values by school unit administrators

and their interpretation In terms of’ changes in the school unit operation

targeted to the improvement of’ efficiency, and (c) reanalysis at the time

of the next achievement testing to determine if’ adjustments Indicate

improvements.

• Let us illustrate these steps by a discussion of a possible scenario

for school #3, the ~xst  inefficient unit.

• Step (a)--As was shownin Table 1 , the h0 value for school 3 is 0.77.

This may be interpreted to indicate that, compared to other units, school

#3 should be able to achieve its productivity rate by using only 77% of

the total inputs currently observed in that school. If achievement is

• low in school 3, this would suggest strong efforts are needed to improve

achievement without additional resource allocations. If achievement is

high relative to other schools, top administration might consider realloca-

tion of some resources to other low achieving but efficient units. School

#3 actually had 68% in reading scores and 76% in mathematics scores. These

are in the high average range of productivity. Looking further, however ,

we see that the school had higher reading percentile achievement scores

the previous year (75%ile). Thus the inefficient status of’ the school

• would seem to be part ly attr ibutable to lowered achievement (output) relat ive

~~~~~~~~
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to previous achievement (input). Other factors, of course, are involved

and we will, pass the results on to the principal and faculty of school

#3 for their on-the-scene interpretation.

The implication of the above, however, is that the school needs

to regain its previous achievement level without additional school

district resources under the threat that, since its achievement is not

among the lowest in the district, some reallocatable resources may be

removed. Efficiency ratios can also be brought into balance by reducing

underutilized inputs .

Step (b)-.-The staff of DMU #3 must now consider the indicators of
how they differ from more efficient units. Table 5 provides a profile

of’ variables that are illustrative of the inputs that the staff of the

DM15 might wish to consider. First, the mean values for the schools in

the eff icient and inefficient sets are shown, followed by the observed

value for the DMU. Finally, the slack variable value from the DEA results

for school #3 indicates “excess” resources. That is, if the production

rate of’ school #3 were the same as schools with the greatest production

rate, then input resource I could be reduced by as much as s~ without
any associated reduction in 7r (output).

S ~~~
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The staff might consider , for example, that two of the factors,

Disengagement and Hindrance, are negative attributes which they have in

greater measure than other schools. Accordingly, they might propose to

reduce the “excess” units by greater commitment to instruct ional efforts

( engaging in the central task of the school) and by reducing the amount

of hindrance caused by burdensome non-teaching routines. Supposedly,

• this gain in staff energy and attention might be employed to increase

the use of those underutilized instructional methods detected in more

efficient schools. Thus, increased pupil autonomy and individualized

instruction might be employed more effectively In an effort to increase

achievement.
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If’ some analysts such as the one suggested were made by the staff

of school #3, then they would be able to propose a modified operating

plan for the subsequent year . This, along with district-level modifications,

would become the goal-setting vehicle for the DM11.

Step (c)--After a year of operation under the modified plan,

measures would again be obtained and DEA computed for all schools. If the

efficiency-increasing steps have been effective, it would be detectable

by an increase in h0 or perhaps , in the best outcome, the DM11 would be

classed as efficient. Of’ course, in the unlikely event that all schools

In the district improved their effectiveness, no change or even a drop in

h0 could be observed, since it is a comparative measure. However, in

this case, an increase in outputs for all the schools should be observed.

In this fashion, the analysis provides the basis for needs identifica-

tion, program planning and evaluation. These are all needed management

tools for school di8trict administration.

SUMMARY

Management of schools has been hindered by lack of appropriate

analytical tools. A technique called Data Envelopment Analysis (DEA ) has

been employed to measure the productivity of’ individual schools in an

urban school district and to identify those that are less efficient than

others with respect to the Pareto-Koopmans Optimallty Criterion.

The results of DEA were cross-validated by means of discriminant

analysis and the results were confirmed. Finally, a diacuasion of

results presented the outline of a procedure for using DEA results as

management information for the improved efficiency of schools.

I
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