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This publication is a discussion of the concept of an

educational production function, a mathematical formulation of the
relationship between inputs and outputs in education. A description
of how a production function can direct decision making toward
economic efficiency precedes a theoretical discussion of the nature
of actual estimation. Several statistical estimations which
demonstrate the empirical counterpart of the theoretical discussions
are made using one sample of data. The author concludes the paper
with a summarization of the work. (Author/SHM)
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Here the response of ¥ to incrcients of X, depends on how mch X, is present.
Other cowplications arise when other foms are tested.  Non-linear re-

Tationships can be approximated with higher order polynomials, such as

In this casc, %}il o b] X i.c., the response of Y to X4 depends on
how mich X] there is to begin with, Typically, the exponent S in such csti-
mates is negative but small,  The result is that for small values of Xl, bl'
dominates, and Y responds, positively to increases in Xl. As X1 increascs,
the effcct of added X diminishus.s

The mathoratical fomm of 1h€ production cquation, then, is crucial {or
detemining 1ts partinl derivetives. These, in turn, give the information we
are seeking:  an cstimaie of the cliwge in output given a specific input

chanzre. In Pari 1), thescfore, this discossion on [unctional forms is con-

tinned, .

c
"Lxamnles with his progerty will appear in Part 1V,
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Since the entry of sociologists and cconomists into educational re-
scarch--which dates from the late 1950's--te concept of an "educational pro-
duction function" has paincd cver increasing mention.  Yet nowhere is there
a clear discussion of what such a function would do if there were onc, what
its characteristics would be, and how one would go about finding (estimating)
onc.l In the first Part of this paper, T will discuss the reasons wﬁy one
might want a mathematical formulation of the relationship between inputs and
outputs in cducation, In Part II T will bricfly discuss somc of the properties
of such a fomulation. That discussion will be the most meager of all, thus
failing to [111 a gap that has existed from the beginning of the attempts to fit
these functions. The reasons for this continued failure will be discussed.

Third, T will present some theorctical discussion about the nature of
actual cstimation, Much of this discussion is a straightforward translation
of traditional production theory into terms dircctly relevant to educational
production, Some, however, is a novel attempt to deal with a nuber of prob-
deins which have been skirted by ﬁrcvious researchers,  ‘These include the
problem of identifying frontier (“best practice") institutions, the problem
of multiple outputs, and the problun of siwultancous determination of inter-
related outputs,

The fourth Part will presont some statistical estimations demonstrating

the aupiricol comterpart of the theoretical discussions of Parts TJ and 111,

—e e y mLm S e nn in e wears metnra ave ¢ s s v = e

1, : . .

Kershane end Melcw do shaeteh clearly uses Cor sach a function in
(12), and Bowles discussce estination in (1) and (2). "These papers do not
discuss mny of the issves covered below, however.
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Hovever, no useful education:d production function will he presented here.,
Indeed, it is my contention that there never has been even a reasonable mathe-
matical fornalation, not to mention an adequate cstimate of such a Iunction,
Nor will there be for some time 1o come,  The reasons for this are found in
Parts 1 and 111 below, although the crucial element may be detcermining a
functional form as discussed in Part 11. A fifth scction will sumarize the
work of the paper. The reader inight be advised to skip to Part V first,

and then return {o Part 1.
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. 1 usks A ABUSES OF EDUCATTON Y, PRODICT I ON FUNCTTONS

In general, o functional relutionshi p betveen inputs and Oitlputs in

production is expressed thus :
. Y = [ (Xl, Xo o v X))

Y is a megsurable ouf put or index of outpm:s;2 the Xi are inputs into
the process. Since pProduction adds value to 1aw materials, the inputs arc
the fuctors of production (1abor and capital, in quantity and qualit ¥), and
the output is the value added by these imputs,  No account is tak~n of the
initial value of the haterials in this formulation, The initial value js
expressed in the same units as the output value, and if the initigl value
is the same for a1l obscrved production wits, then it makes no di fference
if one thinks of Y g5 Yo - Y, (output vatue at the end of the process less
output valuce at the beginning), or as Yt (output value at the end of the pro-
cess).  The difference Ls & constant term i the expression I (... XJ e ).

Since the raw waterials in cducation are pupils whose initial values
(in output terns) differ, some account must be tualen of thcsc*'dif ferences in
education functions, However, this is an cstimation prolilem, \\;h‘ch poscs
no difficulty in the conceptualization of the value adéed function,  The edu-
cation:l productjon funciion, then, thogh dip estimation requires ;uljushncnt

for critical values, ip piesentation should ppear as value added being a

Z'I'hc: conditions v r which indes of outputs ay be formulated js

discussed in Part 111 of tuis puper,

ERIC
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function of production jnyms' enly.,

The Xi are ¢le wenis of the production process duriig the time peried
being considered,  Since a student in Bon-boarding scheols spends most of
his time not at school, ey any production period exceeding one school day
hust account for value added outside the school. As an exawple, consider
the output Y to be the incranent to vocabulary between the oth and 1210
grades. The conceptaally correct educational production function would ad-
just inputs for &ifforvnccs among pupils in vocabulary at the ch grade, and
consider items outside the school--say literacy of parents--as an input to
the production process during the high school years,  Thus variables
describing the "social class" of pupils serve two conceptually scparate functions:
They might correct for differences on eniry to the production period, or for
oulput production ﬂﬂfiﬂg.fh“ production period, but not at school. This
distinction is crucial. To the extent that output differences are due to
differcnces in production during the period under consideration, then pro-
grams to get more resources to children who have fow outside-school r¢-
sources, preferably during the times the other children arc getting the

outsidc-school resources, vould have an obviously good chance of success.

To the extent that differonces in final output are due to diffcerences in
!

mitial value of the ontput reasure,  a different produciion process centirely

may be called for.3 Al we Foow 1ittle about this process. Tt

BeES S MM Trem cstmme 6 wemnt e i mimte e m o e am—

51hjs sinple point scams Titile sppreciated, 1t conld be moye cost-
effective, for cxample, for a piblic school charged vith getting children to
SO i reading Jevel, 1o Tmnch pre-schivol prograns than to place
reredial teachers iy efeon ntary schools, - (In arcas  with great mobility, of
course, it might not ke cont effective for any one school to do this, since
1t will still have children vithaut pre-school experience in (heir elementary
schools,  Jor the systew, however, this policy would still beawost efficient.)




The neat step dn specifying the proluction fuaction is to indic.ate

. - - . . oY
the signs of jts First purtial derivatives, —,:-«;-(- :
: e A

i

+ + -
You L0, Xy, Xy )
A partial derivative indicates the rate of chaige of Y when X; is incremented
. by a smali amount, other variables staylug the sme. A negative sign indi-
cates that an incrcase in only X,:l produces a loss in Y. If muny outputs arc
to be investigated, then it would not be swprising to {imd nc:gativc-« deriva-
tives for some variables with respect to some outputs. Thus incrcasing the
average verbal facility of tcachers might produce a reduction in ranual skills;
increasing the brovn of assistant principals might reduce some kinds of crea-
tive expression, cte. Yet, of course, such losses i ght be an acceptable
"price" to puay for gains in other outputs.,
The Just juportont feature of the production function is actual esti-
mates of the partial derivatives.d Thus we have to knox the functional fom

of the input-ouiput relationships. Yor cxample, a lincar function
Y = H? + blkj + bzxZ + P

has partial derivetives b] , 1)2, cte. But a lincar function with multiplicative

intcraction tepms:

-

4]1: 15 casicr to diseuss Chenges in ters of derivatives than in Lo s
of differenies between initial cnd final ¥ vahes, Whiege the derivatives thei
Selves me ne! constant, Uen mn estivale of the change in ¥ should proceed
by dnscriing initial and final values of the ,\Zj into the cquation,
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Here the response of Y to incranents of )Zl depends on liow much XZ is present.
Other cowplications arise when other foms are tested.  Non-linear re-

Tationships can be approximated with higher order polynomials, such as

Y = a4 Ul>‘1 + (..]>\J 4 bz)«2 .
In this casc, —:—)‘ b1 4 c‘lX; i.c., the response of Y to )(1 depends on

how much ,\'] there is to begin with, Typically, the exponent < in such csti-
mates is negative but small,  The result is that {or small valucs of Xl, bl'
dominates, and Y responds positively to increases in Xl. As )(1 increascs,
the ef feet of added ,\'J dimini_shcs.s

The mathuratical foym of _th'e, production cquation, then, is crucial for
detemiining its partinl derivetives.  These, in turn, give the infomation we
are seeking:  an estimie of the change in output given a specific input

chinae. In Part 1), thescfore, this discossion on function:l forms is con-

tinued, ..

Gascmm in srse s = s e - s “ mm e er am=m .=

c
“Ixenles with (this progerty will appear in Part JV,
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Suppose we have estimated a production fencticn for o school orgomi-
zation, That is, we have defined an output, and have estimated puw tial de-
rivatives of that output with respect to the inputs affecting that output
during the time of production. We are now con--*dering changing Xl, or, al-
ternatively, changing Xz. That is, we arc considering some changes in inputs,
say a curriculum change on the one hand, a class size change on the. other.
1f the a]tcmatj;:(‘z; are constructed so as to cost the same, then one might
simply choose that which is the nost “ceffective," If, in fact, only onc
output (or an output index) is to be considerad, this is precisely what
should lLuppen.  So in th'c simplest example, one wants to know the derivatives
;'Jf an educational production function to cheose the most of fective among cqual
cost alternatives.,

JY

day = -Jx—l- d,\'1 is compared with d&y = ")\-- d\ vhere Xm and dX

arc the (small) cqual cost chanees just described.  Whichever calculation

2

is larger indicates the estimote of the better--more productive--option.
Seldom are the alternatives before us so ¢lear cut. In the first
place, there are many outpute, and the "preferred cqual cost change might be
different depending on which eoiput is considered. Tn theory, increments to
these ountputs are weighied by a set of preferences (Lhoush vhose 1eferences
1 iH /7 L LT

is not clear), Jf cach output js Yj’ and its dndex veight s V.‘,;, then

LETRITS

can be calenleted for aiery canel cost proposal, K, and the larpest I}‘ cen b




chosen.  Such an abstract, precise procedurce, of conrae, does pot duscribe
reality, Jut it does desonstrate a real problems suppose dilferent sclools
(or districts) prefer dificrent outpuls. What does this .5 to our ability to
cstimaie production functions? This question will reappear in Part 111,

1 will continue to assume that the problem of judging multiple outputs,
is taken care 0f.6 Still assuming that we have a well-defined function, with

quantitative cstimates of its partial derivatives, we can investigate the more

general question of cheice of program option, Censider two options, Py and
Py which do not cost the saue, Py we will call the option of hiring teachers
with more advanced d\n)ccq than the present average. P, is the alternative

option of adding tcachnr aides 1o less "qualificd" tcachers. Consider the

Yq
Y

o

where Y represents an oulput,  Consider the case in which the ratio of outputs

. . d
1s greater thun the ratio of costs, ¢ ¢ In the first exawple discussed
. A

above,

v mramame o . b saied simn s w8 mmmmeem e T aees s v e am———

61\ul11v;v that this subject JHJUV(CHM(h}N]U atteption than is
ordinarily paid it. To what extent wre high scleols unable 1o choose different
outputs, becavse the p‘.x' gonl of e porepts e adumission to college and col-
]cwv cnlran<c is bared onooovery Inmxltd set oof sLills?  Indeed, Kot ruen (1)
<ons1dﬂ1s ataission UW’nu'UH Letin Scheol (which, with Buston Faglich, con-
prises casentiodly a "collogs Lack') as one output of Boston elenentary schools.
Scheols wat ing 10 masivs e U Figwre - entrance being detenained by o com
petitive ¢Xwediotion--mrc catrenely 1iaited in ous put Choices at very carly
grades, hough 1 ds oo that the more Tiwited the ontpot set, the wore usc
can be mde of wo Il estivated pxodw-1|(1 funclions, it is alwo troe thul this
struclure serivus!y conatraing the [recdoun of JHdJVldhll parcats and children
to develop in alternat ive CYS.
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we said "buy }‘d." We now have the more general case.  Vhen the ratio of the
outputs is greater tlhum the ratio of the costs, then more value per dollar is
achicved by buying the project of the nuwierator. When tiw incquality is the
other way around, the denominator is the better buy.

Sug.posc, ?hcn, that aides are 4 more efficient, but more expensive pro-

7 . , oY . . .
posal,” Remembering that Y = 2.0 gx , Where X is the iput "aides," and
a 22\ a a ’

Py a .
- ) ; e ¢ LT} serge 11 o g P S . Py .3
Yy = -,(;;X-d d.\d where X4 is "degrees," we cim estimaic a loss in output if
we reduce the degree level of teachers (by yeplacing retiring teachers with
new ones lIess "qualilied" than the average) enough Lo save the extra moncy.
Now we can consider cqual cost proposuls in which, where /.-.Yd Ja indicates the

change in Y from reduction in d given a, the aides would produce an additional

Y - A
a Yd/a
(gain in ouiput Jess (Joss in ontput duc to
due Lo aides) - less qualified teachers)

and hiring new  teachers with higher degrees would produce Yy . If
(&Y, - /"'Yd/-x) =AY then the aides are a betier solution, md the in-
< [4

e ¢ 00 ar et w s = P

Tone might be teoptad 1o vint to adjust the quantity  of.the aide pro-
gram dewn to the cont of e advenced degress progran. Jut it could well be
the case 1hat o pregras s o wiuiie feasibie sine, or thai the costs con-
sidered heve are for o ranoe of sizes, all higher than that cqual to the cost
of high e dgicea, For a wall project, the cast of aides might he higher,
and blind obidience to the salio rule above would Lead to preferring more
Pqual TRed™ e bors, This weold be a poor solution, as we shall scee,  Thus
one should cumpere such projrets at efficiont sizes first, which is why wo need

.

the goneral foranlation vhich Jues noi assuae cqgnal costs,
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struction staff chould b adjusted dvassards in nuninal qualifications.

Econonic vs, Technical LEiTiciency

The probloms of choice discaseed

above have iuplicitly assimed that

all options were utiliz

¢d to produce the maxim output, or outputs in sone

detemined proportions. In other words

» the question asked was un cconomic

cnc: what is the best mix of well used resources Lo produce given outputs.

We will have to probe into the possibility that resources are not always well

used. A school comitiee

» Of course, has to balance the gain from greater

cfficiency against the cost of better managenent, in determining its cconomically

cfficient production mix,

Maximun output for a given se

L of resources is technical of 7 iciency.

Two schools with cquivalent resources could produce different outputs with te

¢ch-

nical efficiency. I€ wve consider tvo outputs, Y

and Y,, then for a given
1 2? <

sct of resources

» @ preduction f ronticr defines the locus of efficient output

combinations., lor a different sct of ro

sources, a different frontier is de-
fined, In Figure 1-1, one swh fronticr js

pictured, Tt is somevhat different
fron an ordinary production {ronticr in that it

assures that for low levels

of cither output, there is no tredde- off of outputs.

That is, improvement in

one output. docs not necessitute loss in the other, Where both are bevond

minime levels, the trade-of| docs occur,  More resources devoted to one neces-

sitates a reduction in ihe oither outpol,

Technically efficient fpoiction simply me

s production on the pro-

duction fronticr, Techmical inetficiency, thon,

is a condition where more of

ERIC
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one oulput could be gaived without lors of any othcr‘output.g A frontier
could be convex o the axes, This would meon that as additional cqual size
sacrifices are nade in one output, Jarger and larger gains can be made 5n>
the other.  Although this is not impossible, it leads only to specialization
in very few outputs., 1 do not think this kind of trade-off exists in public
schools, although it may be the case in graduste schools.

Technical clliciency, then, means maximuns (frontier) production, given
an input structuie, Jconomic efficiency means choosing the best input structure,
given input-output relations and prices of inpuis. Production functions arc
ec .mijc toels: they are uscd to purchase the correct inputs, asswaing they
will be managed correctly. It should be obvicus that if some inputs are typi-
cally mismonaged, then an ex post production function analysis may advocate
purchase of other inputs,  Yet the truly efficient solution might be to use
the current inputs difloréntly, depending on the cost of better management.
This could be the case, for example, where mathenatics and science teachers
arc scarce, and other teachers are used in their place. There is no reason to
belicve that production of mathemutics cutput is technically cfficient,
given the resources, We would "find" that, to produce math skills, we nust go
into the market and "boy" pl'crpz‘u‘cd math teachers,  But it could be' true that
anotheyr combination (szy, more materials with inferior teachers) is more
cost-cficctive,  Since principils "cover” the math class, but do not add non-
hunan researces to subagitute for jnferior haman Yesonrces, it is Tikely that

mathenatics production is tecdmically dnefficient given the resources of the

8 rodition on the dashed Jines, then, is ineificient, and thesc lincs
are not actually part of the fronticr,
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schools. Not obsesving, efficient preduction, we comol estimnte its effoci.

It is then ashed of the production function analyst o reconmend pro-
duciion changes.  That Is, be is asked 1o muke technical recommendations about
substitution of resources, | want to stress that this is not the function of
such analyses, and Ly und Jarge there is littie to say for a rcecumendation pro-

. 9 . . g . o
ceeding from such an approach,” Where there is technically inefficient pro-

T,

duction--and more importantly, where some outputs (say, math) arc produced
»
(in public schools) with less technical cfficioncy than others (say, recading)--

% the real managomeat alternatjves arc much greater than the production [unction

.

analysis inplics,

For this reason, onc ought to observe only technically efficient
schools,  One cau then determine both what a cost-effcctive input wix would be
Jike with good managenent, and what returns could be expected from better
management (ol inefficient schools) itself. In production theory, this is
called observation of "best practice finns.]o In Tart TJT T will present a

method of isolating hest practice schools, and in Part IV 1 will attempt to

.

actually pick some from my data, The exercise is merely illustrative of the

problem, and not a good solution to it,

9 . . .

s we shall sec i Pac TV, there s a role 10 be pliyed by a well
specilied production Hmeiion pravoting technieal efficiency.  1he problom,
againg is hnowine hos vol ), sed the schools are which provide the deta for

the production e ion ost .o,

O Sulter (20),

ERIC
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I Lave shown so fa thctInxﬂuvthnifmu%jnns(un]dlx:almumgomwﬂ
(or policy) 1ool to premote waye precise definition of alternatives, and
more cconomic efficiency in production. But estimation of such a4 function
must. follow detiiled technical knowledge of input-output relationchips which

. does not yet exist, A compleic technical description is not necessary:  we

do not estimate production functions {rom blucprints, but from data. Still,
the production fwction must appear reasonable to the experienced cducator, or
there must be a good cxplanaiyon of why it does not appear so. A short discussion
of -properties of funclions appears in Part 11, so this discussion zboul reason-
ableness can bogin,

bupirical estimates are not without value absent the luowledge of forms
(and measurcuent, and a host of ofher technical items) one would like to
have, I @n mevely distinéﬁishing regression estimates as they have appearced
in the Iiterature from production function estimates, which have never appeared.
A lgngggifggngygnrpgygﬁijgﬂ'on all obscrvations (not just best practice oncs),
not adjusted for initial velves of the output measure, may give a good estimate
of average relationships, Thus the typical equation:

Y = a 4 .., 4 bX. o+ ... + c.Z. + ...

‘i) 373
vhere Xi are scheol jnots, wxl

Zj are puopil Lackercund variobles

. . . . . 11
JVes enaverage relationship betveen the output . Y and the inputs X, and Z..
1» < b 1] 4 1 b ]
]] , 4 3 Yol ' P PN .o gy ~rrcce 3 .4 Yigree Cragn
For a nen- tedhnical woanry of seventoon regression stalics, see
Gutbric, ct a1, (8), Chapter 5. Thise sunlies agrec thal ihere g goe
avirage rélotonship betveon wohonl resonrces md copnitive slille,

ERIC
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I

How machy 20 s prodoccd dusing school yown is seldom distinenished {yom Y
predoced before schiool. Nory even givea this distinet jon, has any at Leupt
been iade to dist inpuish between the offect of home resources during non-

scheol periods, vs, the effect of hewe resources as producing an interaction

”

“during school. ™™ The kuowledge that howe resources explain more varimnce

than school resowrces was, predicied wel? before ay empirical results were

.

knowr “Khat is dmporiant is to discover the production relationships
which do occur in schools as presently constituted.

A1l of these dmporiant rescarch topics can be investigated with cur-
rent theorctical and statistical tools. Detemining thesc average relation-
ships would be vital for enlightened educational policy. T only wish to
stress that they would not help in meking detailed production decisions, which
involve marginal estinates.  Cougress and the Office of Lducation want to
know vhat arca, o _t_lxg_’g_\_'g_}'_:l_g‘;’q_, deserves support (say, hetwecn SWsheI Care,
pre-school, after-school programs; teacher training in skills or in bchavior.
ctc.). School systems and purticularly school principals vant to know what tu
do on the maryin. Congress and the Office of Lducation need to deal with stu-

dents in general, but principals deal with very particular students. A gencral

]/l-'ur‘ a stizolating atfoept 1o distingsish between school year and
SUener Jearnug, see Haves wed Geother (9 )0 T koo of no attemptl to separate,
within the school yorr, inrschool fron ont- of-school offects, Onet micht begin
Lo do so with o wovpte of chitdien who had been deprived of school for some
period of time end o cogracable simple i boarding school,

]'*'“JL Is probable that @l the other variables taken together will have
only a fication of th drpect on achiovenent thet cither 10 ¢ the intellertual
atmosplere of e pupd P D widl Jene Koyl and Mekean (12, p. 27,




Al A

) . 16
Y . -
solution is Lound 1o e incorrect in mmy placos, The aim of preduction
function amdysis is fo be sble to determing those places before the danoe
is done (or the OpposLuni Ly wiasted), Average regression estimten ape i
portant tools, but they don't, help to wswer that particular guestion.,
/
O
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FULCTTONAL TOMNS 10 PACE AND FICTJON

The need for discussing the wathomaticul suructure of an cducational

production function has alrcady been demonstrated, To estimate Changes in

output which arc expected to oceur with input changes, one needs Lo know the
actual cquation expressing Y as a function of thc inputs. Tor small changes
in inputs, we can approximaic estimates of outpul. changes from the derivatives
of the output with respect to the inputs.  There are a nuiber of other proper-
tics of functions.which arc Jmportant, ‘These properties oxist iﬁplicjtly in
any functional foim, H;ncé, vhether a rescarcher wishes to discuss these
propertics or not, his "“wode!" of input-output relationships in education
contains estimates of them, which may or may not be reasonable. Jn some
forms, in fuct, the values of these properties are iudependent of the values
of the parameters (the values discovered ewpirically by fitting the functional
form to the data)., Thus Duportant properi ics may be unknpowingly specificd
apriori. 1 will discu.s the following propertics: deyivatives, elasticity

of output, clusticity of substltutiun.]

DeriVu(ivOH

L4 ’

o .. . . ., , Y
The Lirst pmtial derivative of Y vith respect to Xi, ';3\'”’ denotes
!
the instantuncous rate of chiznge of Y with respect (o changes in kj, vhere o1l
X: # Xo are held coustant, As abo.e, with snall cumges in X, one can ignore
J i b < ]'

the fact (hat 1Lis yate of chioge roy Je10 cienge, and estCumnle a disorelo

e e G mhe o see ., . L

lih;rc are iy oitor wrens deserving oF inveselieotion:  what the cqua-
von says abaul roivms tooneode, for cunte,
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chauge du Y, dv, by
5 N
dy - X, d\i .

When Y is a sinple (no interactions) lincar function of the X's, this for-

m:la is exact, The coefficient of Xi, b., is its derivative. Thus with

1'
lincar estimations, researchers give estimates of changes in Y from the
above formula without having to calculate Yt (after change) and Yo (before
change). And this presentation is valid no matter what the values of the Xoi
and YO -~inputs and output before hypothetical adjustnents.

The independence of the ¢ffect on output of an input adjustment {rom the
initial valuc of thut input is an important property of an educational production

function. We hove alrcady scen two functions of which this is true:

@y

1

a o+ blxl 4 szZ + .

i

(2) Y=2+DbX, +bY. +c¢

1Pt b)Yy XXy

17172 t

In cquation 2, changes in XJ may offect Y differently depending on the valucs
. . s 2 . .
of X2 etey, bui wot depending on its own initial value.® One might ask, is

this a reorondile chirecioristic of an edusational production function?
Thee ansaeer Js coufvoenl. 1y dopends, Largely, on the definition of

T Sema ot mieie i vmas . PR - - .

Z'J'hu moliiplicative intericUion (era shown here will he the only intev-
action discuacd, 11 is not the only possibioe interas tion, hewever:  Tor
exaple, Gt jg omanetric: Lo high vatoos have ciuadly strone effect ae o
Tow value: (e b i Opposibe diveciions),  This might not be the case, In-
teractions vhich warl ine Timited renges can be defined Lo test for this PUss -
bility,
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Jil

inpuis,  Yhus nercasivg teader Lyaining by one SL‘thC may have diminish-
ing effects, the higho . the Lriining lewvel lthxnlly. JU is unreesonuble to
assime that training hos a lincor relationship to output, However the “irain-

ing" variable can be partition-d, Define two varisbles: the Tirst was the value

~11f the teacher has ¢redits beyond the badiclor's degree, the second is 1 if the

teacher has credits beyond the Master's degree.  Each variable is zero othors1<e.‘
There arc a nwber of good slatistical reasons why mnon-lincaritics arc better
estimated by non-lincar forms than by sets of binary coded variables, but
this does not obviate the fact that sonctimes onc can have Jevel dependent
estimates within the confines of a siwple lincar cquation. The crucial cle-
ment here, then, is whether the definition of the variables is such that
the equation defines only one or more then one derivative for a particular
policy. A prograw of "training" can have tuo different estimated results,
but a program of "credits bevond an MUALY can have only one.  ‘There is no
rcason 1o be critical of a lincar additive foﬁn, per_se, on the question of
whether effects of dncremenis 1o Xi should denend on the Jevel of X..

U51n3 a free definition of variables, and the interaction temms of
]xluu1»(u1 2, we can 1h(11])JVC an additive form which accomnts for dependence
of changes in Y on both jis cen tevel and the level of other variables.  Since

amedior of otier properiie: are not accoenied for so simply, we should in-

”

K . .
Jie complete oot ol vagiehles s
Tess than BA

el .i""_i l\ .l.l’.f.\. .r- ‘“ _(l‘i_'(;&' Mj\ 1L - d_l 1..‘ -
var, ] 0 | 1
vir, ? 0 0 1

Thus these tvo vadiohler doline thiee vacs, and they are noi Tincar dopendent,
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vesticale at least one othr o

1)1,1),
3) Yy = u\l RZ -
An extension of this form is
b, b, bL.X
My = aXllxzze S

Form 3 scuns to imposc a severc interacticos restruction: when XI or X2 is

zero, there is no output, However, this form cammot be estimated in the first

place vwhere Xl or XZ is cver zero, Form 4 takes carc of this problem by allow-
b.X

oy . . 3 1 .. . .
ing ks to be zero, in which case ¢ 33 . 1.7 ‘Thesc cquations arc estimated

by taking logaritlms:

it

!
3) logyY a + bl(]og Xl) + bz(]og Xz) + .

4') Log Y

a + by (log X;) + by(log X,) + bXy ...

, o ' . 5
The derivatives arc dependent on the valuce: of all variablces:

b.-1Dh

Y v 1Ty 2
>,'()' ‘)\']" = bld.)(l k?, o e

e am G esimer 4t e e w5 e wew s oo e s . -
.

41%15 form is ot veclul when X, ¢ notes time,  Then b, is an estimate
of (1 + r) vhere v is o compeund dnterest rote. In oan educalion production
function vhese thore io Cine series dota, Jis term could usefully estimate
the general cdvcationst offect of groving vp in a literate socicty.

Needess Lo wiy, this copression ¢ s not hotd when X, is 2 funclion
of 'X,, Put ihisx ! v disconsion assuaes that only Y is a fuiction of the X,:
they @re 1ot Ducticoas of cach other, or of ¥, A brief discussior on esti-
mation when N, are not exopcnois - by, do not tele on values independently of
the other variehlen - -oprars i Part 111 of this poper,




DY by.by ebsxs

% b X

The change in Y when X1 is changed is, then, a function of the original

value of Xl, and of all other independent variables. Alternatively, it is as-

sumed that each variable interacts multiplicatively with all other variables.
This is fairly general » though one could complain that the way in which g)y(

_ 1
is a function of.Y is restrictive: B

~

P

/

4

A . : .
N Suppose, for example, that a school increased reading scores by 10%

by hiring more qualified teachers. The predicted increment to scores from now

hiring more experienced teachers has necessarily increased, if the effect of
experience was positive to begin with. That is, if the sign of the direct ef-
fect of two variables is positive, the sign of their interaction nust be

6

positive, I do not wish to judge this property, merely to expose it.

Eiasticity of Qutput

The elasticity of output with respect to some input variable X » Which

i
I will denote ¢i, is a straightforward extension of the first derivative. One
might want to define a measure which is independent of the units in which X;

and Y are measured, Thus

6Bowles (1, footnote, P. 11) explains this as the requirement that ''an
increase in the quality of teachers be more effective on chijdren of well edu-
cated parents than on the ch*ldren of illiterate parents."




dyny | dY

cl)\j//\ d)(i

This pives the proportionate change in Y whean Xi chonges by a siall meount.

For cxample, il yﬂj = %5, then a 10 percent increase in Xi leads to a 3 perceat

“increasc inY, If ¢j = -,3, then a 10 percent iucrcase in Xj leads to a 3
percent decre ¢ in Y. Just as it was truce thei the simple tincar form defined a
constant derivative, the simple multiplicative fomm (cquation 3, above) de-

v

fines a constant clasticity of output, The equation

b]
Y = aX; "X

b

2

forces an estimate of the percentage incressc in Y, given ¢n increasc in Xl,
to be by tines that percentuge increase in Xq- Where a constant output
clasticity is assumed as a matter of production theory, this gives a con-
venient way of estimating it. Elasticitics given for lincar equations arce
usually calculated by setting the variables at their mcans. ‘though the presen-
tation way mention “the elasticity," it really means an clasticity. One might
want to tuke cxtreme values of his data, and calculate the range of clasticitics
implied.,  Of course, the value of Y used in this calculation depends on the
values of other variohle . Unless other dimportant vuriables in the cquation
are negatively correlated with Xy» then the elasticity of output with respect
to X.l Wilh be fouind (o decicase as XJ increascs,  This should be' obvious:
since increonis of X] have o constant absolule offect on increments to Y,
then (bauring extrawe negative correlations in the data) a Tincar function
will estimate a amal) clasticity of output with respect to Xy for a resource-
rich school compared. . ith a recource.poor school.
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1T this is a sensible prop vty then defining the clusticity of output
as the same for resource-rich and resowrce-poor $.,0018 is not sensible.  On
the other band | it muy Le that there are more intcractions in rich schuols,
.a.ml the output clusticity actnally Increases (i.e., resource rich schools are -
better able to utilize a small addition to resources than poor schools), 1f
this is the cu.s(:', the lincar. fomn could give ceven worse estimates of the iscrease
in Y for schools at one extreme or the other than the muliiplicative form.

The general coaclusion about clasticit y musi be the same as about
rates of change:  For large pulicy purposcs, an average estimate is goud
chough, Tt would not sceom to matior materially  whether one estimates clasticity
from a Iincar function, with variobles at their mean values, or from a constant
clasticity function. For siaicmente ahout cdvcational preduction, however,
and fov an ideu of what (¢ cxpoct in schools vwith input characteristics dif-
ferent from the mean, the difference does matter,  Jetailed studies of extrome
schools woald be necoessary 1o deteimine which functional form best described

the chinges in output clasticity over rages of inputs,

-

The Muginal Rate of Terhnienl Substit o ron (MRIS) between 1wo inpats
is the satio of the respective First derivative of the production fimetion.

Recalling that this o tion With, in pencral,
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let us denote the pactict of [ with respect to variable Xi’ as Fi. The

marginal yoie of substiiviion of inputs j for isput 1 s

[
e Mpate

This is, as the nawe dwplics, the rate at which one can substitute two inputs
vithout sacrifice of ouiput, This is n obviously important concept. For
exasple, from eqhation 1 above, the simple lincar form, the 'RIS between i

and j is

b.

A
b. .

i

Since the derivatives vere independent of the Jevels of the variables, so is
the warginal rete of techical substituiion. No matier how mch or how littice

X. there s, the same amount of X. can substituic for a wit of X., leaving
h 4 J 1' ¢

puls chinpes as the _l;_}::;:_‘&i'_g'i}.y_m(;_f__S}j’!'_’::_[i._t|_1_1._i__o_n, T, it 3s clear that this

measure Js infinite in the simple ncar form, recardless of the paremcters:

7. L (R 23 S -
Ihe comlition is dy = . . d}.i L 5 d\"l 0. Thereiure
‘e - [ LY

Ry . . 1 .
UY/ \\1 d.-'.’ "

oA F e e dvooaed AN denoee the mmaunte of X, and X, which
,,)/ '\] U.'i ’ L) i ‘ 3 G i j < i

creosted loeed winley e condition thit Gatput rereine constimi,

Ve Tlaiicity of Substiadtion, ¢ y s actunlly the reciproonl of the
for. alatien drprticd by thin sGocamnt, in ordor 1o made it valucs s cord vih
Cloin St
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Before discussing other forms, let us pausc to think what this_concept im-
plics, and what ¢ = @ iwplics, in cducational production functions. The reason
we want to substitule inputs is because their prices vary from place to place,
or tihme to time, The variation in nominal input mix, however, is not ob-
served to vary in adjustment to these prices. ‘lhis is prima facic evidence
that schools arc not making cconomicslly efficiont adjustmcnts.g On the
other hund, it means that the range of substitulion pussibilitics which we
observe is very limited. To say that the MRIS is constant (¢ = 03) over this
Tange may not be a bad approximation at «11. 17 ve had moge precise definitions
of inputs, su that we could e curately assess the real range of vaiation of
instructional quality, frow fac Hities, peer influence, teachers and other adul te,
then infiniice substitntion l)::iv;c(-n imputs at a constant rate vonld le uacceeptable,
The Autroduction of interaction produces m clasticivy of substitution

which ¢ pends on the cetimatos of the parvasciers of the equation.  TFor Iquat ion

91,(*\'in ( 1) pevsaesively orgies that the ma ket adjusts  whether

schools do o1 not, Ui diifore,, - being in the goality of the inputs.  Jhus,
for curple, wire ile oot Price of mathemadics teachers is high relative
to Enndish teachvrs, e soliont shenld perhiops poy more for the nath teacher,
perios subs Ut e ner hon jeco rees. Subatitoting a non-path teacher and
calling the positios "1 ed" s e Posan dnferion quality 1esousce,  There s
no reason 1o heljeve thei ihis s o good solution 1o the searcity of mathes
matics teadhers, Ouon (19 sl prevests evidence that scwol boards do not
consc iousTly atteapt tu parchase qu ] ity duputs,
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This clasticiiy tends to be smallest in ubsolute value when X and
)(2 are present in aboui cqual amounts, and largest when there is more of one
input than the other. Vhen ¢y is negative, then some values of XJ or X2
could produce a negative rate of substitution, This weans that rather thuﬁ
give up, say, X1 for an increment to Xz, one pcods gﬂg}}igpﬁj_xl Just to main-
tain the output, Surely no school wants to have such an input structure.
Once again, given the yange of variation we obscrve, this possibility is wn-
1ikely to occur, Onc mjgﬂt want to take extreme data valucs from a daia samplc
to calculate the range of rates of substitution implied. This is not possible,
of cowrse, in the simple lincar form,

The Tivear forn with interactions then can produce a positive or negative
clasticity of substivuiion, deponding on the value of the interaction Lemm
(where XJ i Ny are defined so that b] and bz arc positive), .Substitution
possibilitics tond Lo be greatest when there is an abundance of one input
relative to the oty Ihi~ is por sally considered a more reasonable charae-

teristic of prodoction than assuciny no dopendence of subsi  ution on the lovels




of imputs,

The multiplécutivc forms have elosticitios jn gencral related to th.
cquation's parumcicrs.lo A high € indicates that substitution Call occur at u
rate which dees not vary much over o large range. This would scomn 1o be a
desirable property of schools, If we had refined data on inputs, we would
hot wan®. to define this situation into existence. On the other hand, as
before, we could define variables as ranges of input measurcs, and derive
different substiiution rates for the dif ferent ranges.,  The lincar form vith
interactions and higher powers of variables is capable of assuning paraseter-
dependent values of imporiant statistics, though of course the typeof dependency

is restricted.

Conclusions

This biief discussion of functional foyus of educational production
functions has barcly scratched the surface of this subject. 1t has gone far
encigh Lo show the great hporiance of the way iu which variables are defined.
In general, the sinpler Uue fonctional forwm, the nore dependent statistics
derived from the estinated Cquation will be on the particular definition of
variables, This is true froa (he sinplest adjustuonts, 1ike mﬁltiglicutivc
interuction, o more Goplicated wljustnents, Like detemining relevant
ranges of Goput geeconres which ahonulid be enpress<ed as separate variables. In
regicraimg alulicer, to arte, Jitile attention hae boon piid 1o the scaling

01 ranze of the varizbhilos- - thaph o greti deal to their construction in tems

“\]h”lJ(l”:! fora of wltiplicaiive cqration, the Cobb Douglas, hasg
aconstant C= 10 This does nol ocour in genersT, however,

ERIC

Aruitoxt provided by Eic:




ERIC

PAruntext provided by eric

o
oo

of educational Scose-1hite Sople cquationnl £o)ms bave heen utilired. have

tried to show thuy effort in

definition of the variable gi

these o areas, the form of the fuet ion and the

v an input neasure, are somovhat substitutab)e,

We ought to obscrve one or itk other, We generally observe neither,

The reason for this je obviovs: There is no theory vhich vould lead

a researcher to prefer one ferm over another, one scaling over anotler., There

arc theorics of how children

them dcvclop.Jl Indeed, it j

develop, but none uhout what we can do to help

£ ot teo strong to say that not only do we

not know if schools work, and not only do we not know, if they do, how they

* 9
doi we do not even have @ theory about it., W have tuxonu;sn_cs,l" and

average relaiionships be tween inpuis and outputs which might be useful for

some policy pusposes. But it ig too much to ask of a productjon analyst that

he go wiguided in choice of functional form, vhen that Toym defines cortain

characteristics of schools i
gest that cducators lend a Lz

with the analysts, A theory

tich may be knoan to be incorrect.  Thus 1 sug-
uit by discussing production aspects of thuir schools

0i school product jon could then proceed by sug-

gesting not on'y which inputs mieht be important, but how these dinpuls are

1clated dn product joi, Until some p ORress 1s rade in this direction, there js

little Lape of secing ent i g

production finctions.,

™ At e e gl e . - .

l.\'cc Brancs (4 ) 1

theory of inet i ion o O

12

See, for cample, 1

es vhich bave ény pretension of being education

o e

oo thus distindtion, and o start at developiog o
o1 1o ](-mning:.

oo (1), or Mool (17).
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The purpose of this Par of Uy PAper is to discuss s ¢ thooretical
issues vhich are vital to s0ud production funciion esi mntion, This is not
an claborate discussion, beceuse by wnd Targe there is litile 1 can do about
the problems raised heje, soe differences hetween one City and mild i-city
studies wi.ll be g-wo.;(:d. The followiny .1'<.\pic.s will be bricfly contidered:

(1) multiple school ()mp Us wiih single regressions, (2) sinultincons systems,

and (5) non-Tr om e obsorved tons,

_3‘}..1.1:}”.,"-_.0.".1P.‘.’.i_.‘ and e Sinele Fquation

Stice it is obvieo, 1t schools produce many outputs, one should raise
the question:  Under what comditions misht it Le sat istactory 1o anilyze school
production with relation Lo one Loput? 1 wili append to this questicn e
poisibility of using one Fiaed veicht dndex of {\ut.put. Thus, for exemnle, one
might have used factor an: dysis lo derive g weighting of the three 1995 acq -
demic tesie (A yoal, Peading, -m‘ Mathematics), and used the factor veighted
suas (0 averepss) of these e Sl as output ohyervations, 2 The condition cam
Le siunly e inod witl prodocdiva Cronticrs, o introduced iy Part g,

Woschools are sane . (o specialize iy one ougput or eaother, then

the dnpot chavace i fice proocmandy )1 favor the owpul disired.  For ex-

. - . . s e . . N .-,

JI'm' Uiy sonate i i o thie der e sdioveiohes, Thay v re
. ’ “ ? .
e pegertion 1500, (o) Bt the arder i Ue uu, (.ml
Voue Cconeaiinliy cqaivat g e iiinn ithe scores, As will be Keen !,\.h.;,
foctor unlyuc \u"‘ e s Cleviiee o the regaived dnden, Thas b dia
HoU uiiline there el T i e o L

0y

o,

LRIC ' o
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A A B A. (k‘x-l&put 7\—

A, = Ay indicates Toon of output A in o 1esow ce schopl

7 i
freavemeces el doseretion (stress on outpul B).

A.% B /\2 P ocon ot e e ol ol pet difference etween th se

tve ccho Ay,
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can be devoied 10 ore use on!y al sore sac o fiee (o e othor, Jet us ack
what these the schiools ape .Hl.c'l’)' to prodece. Edocaims, for reasons vhich
I have nover wdersteod, thinh that a certzin kind of classrvon doecorum is
a4 necessary precondition for learning.,  1herefore they ave 1ikely to cipend
their resovrces on producing that behuvior [irs » and only afler some success
will they produce wore academic achicvesent.  Between citics, where the
amounts of resources are certainly correlated with social cluss,3 v can
talk of an cypansion path of oniputs, This is drawn as the curved line from the
origin in Figure 111-1, It describes the Jocus of points on successive fron-
tiers, that is, the relationship between choice of outputs und total resources.
More resources are associated with mre amhasis on output A.

Now consider a regression estinntion using, as an oulput, only output
A (i you will, achicvancut).  The appropriate output measwe from the nearer
schoel, for a productica [ unction estimation, would not be the ol;scr\-od test
score hed thet schoovl produced oulputs in the swme proportions as the more en-
doved school, The distince A, - /\l shoss the ot of acadeaic outpui which
was ot produced oidy becenae of mencgernmi discretion, as oprosed to the
amount vhich conld have Leen produced with the resources at hand. Only when
The eaprnsjon path ds lineor ¢ a sinele oulpii mausirs produciion,  Othervisc,
we would hir e to Tuow (he movni of outpai B p)'uJ:.zc'(-d, and correct for it be-
fore deternining, the off « ¢ of the renources Jin prodacing ottt A
’ The contition wetoy i o (ed veight indes of outymts con be used

as a single o ove ds th i e pyodoction Dronticr iae!f b of constant

3 : ‘ o
See, Tor exiaple, Gueen (199,



slope (i.e., fronticrs are pavalicl). In thut case, when one output was
sacrificed for another, the index would not chenge, using the dencminator

of the slope as the vertical anis welght, the mumerator 55 the horizontal

axis weight. This is c%cur]y possible when the production frontier is lincar,
but it may also be true if the curves arc "parallel" and the expansion path

is linear. Thus a lincar cxpansion path or parallel straight line production
fronticrs arc alternative conditions for using a single output mcaéufc, the

v

latter casc allowing a non-lincar cxpansion pach, if we index the outputs ap-
propriately,

The outputs considered here, behavior and academic achicvement, are
exaggeratedly dirfcrcnt.- Within the sphere "academic achicvement," however,
output differcuces are casy to obscrve, Shaycroft, for examplc, gives us
cerrelations among 49 different output measurc:. in both the ninth and twelfth
grades (us well as test-retest correlations) scparately [or boys and girls.4
Among a1l the tests, I have looked closely at the three vhich she brackets as
"Matheimatics Test™ and the five bracketed as "Inglish Test." ‘Ihe highest
corrclation within the methematics tost battery for an age-sex subgroup is .74
for ninth grade boys. At the twelftl grade, the highest correlation is .64
for the smme two tests, the arithmetic reasoning and intemmediate high school
math. Within the Inglich battery, the highest correlations occur between
punctuation and English usage, at .63 for ninth gradc'girls, .60 for ninth grade

boys, and .54 for twellth grade boys and gjr]s.s Petveen individual tests in

- PROPI— - - ra——

4Shuycruft (21), Tables G.1a and 6.1b. In this pecuvliar Project Talent
data there js no informalion on the race of the child+en.

Sﬁvclfth grade girls actually reiated the punctuation test sliphtly bet-
ter with spelling, correlation of .55.
Q
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the Inglish and maihematics Lotteries, the hishest correlations per subgyroup
occurred alvays between punctuation and cither aritheetic reesoning or intey-
mediate high school math, all highest scores in the .60 to .62 ronge.  Thus
variations in scores on one test are not extremely well related to variations
in scores on another, (Average correlations were considerably lower, in

the ,40-.50 range.) Whether this is explainable by inherent "talents,' by
background, or by resource specialization in schools, it is a good indi-
cation that, at the margin, resources (home and school) produce onc output
or the other, Of course an addition to resources can produce more of all
outputs. The curved expension path in Yigure T11-1 indicates that more re-
sources producce more of both outputs A and B. Thus onc can expect con-
siderable correlation between output scores. But this correlation will be
reduced to the extent that different children are in systems with different
expansion paths (even if lincar), in systems with schools with varying re-
sources and a single, but non-lincar expansion path, or just in homes which
stress different outputs,

The question remains, however, if within a city resources are dis-
tributed randomly cnough 1hut';n expansic 1 path is essentially linear. Fven
in this casc schools may, indecd, chopse to produce different outputs,  Sup-
pose vie observe two well-mmused schools with the s inputs producing dif-
ferent amounts of the output.  The output measure in the regression is the
horizonta) axis, and the soue apomt of school resources are observed 1o pro-
duce different arounts of that ontput. Suppuse the reaszon (or the managerial
discretion appears in our data as o "bachprownd! variable.  Then sose part of

the estimated production relation betieen backgramd and acadamic achicvement




actually indicetes that bohiavior was acceptabde, and therefore the output of

. the school was foursed on the measnre we are usjng.o The social class measure
picks up the effect ascribed to managerial discretion in Figure 1I1-1, and its
cocfficient is biased. However, the school coelficients may not be affected,
'according to the assuaption that this discretion is random with respect to

these resources.

This, of coursc, overstutes the case, It is unlikely that’ resources are
distributed cqually within a city.7 If onc can argue that they arc morc
cqually distributed within than among citics, then this at least argues that
a onc-city anu1ysis will be less biased, Since it is difficult to make that
argunent until one hnows what is a resource, and how much of a resource it is;
and since the effort here is to muke that deteuvmination by estimating production
relationships; the whole process scems circular. I will therefore flatly claim
that resources arc nore cquilly distributed within than between citics, by
social class of child., This makes the one city analysis scer. viable, though
not admirable, As noted in Part 1, the best data sample would have already
ascertained the output focus of the schools, and chosen those along a single
ray from the origin, covering a wide range of resources.,

In concJusion, it generally uppoarg inaduissible to investigate one out-

put or output index with @ single cquation regression, I will indicute in the

P AT et ii i e x memim e .- o e mmi

QH'chﬁL the boctoromd of the school might be the relevant measurce,
but since thit is higher the pore high sociul class children there are, the
sociol clans of the child js corvelated with that of the school . But not all
students are treated aliley so that cven within a Jower clase school a high
cliss student might receive on acadenic focus, i€ it is dnstitutionally possible,

1 e given evidonee that within FBastmet resources are correlated
with socinl class,  Sce Michelson (15).
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next section how one might accermdute severul oulputs,  Since the major effort
of this paper is direcied at cctimarion under di ffevent specifications of the
production relationships, and since these poinis arve valid whatever other esti-
mating proc ures arc omployed, no wore mention of Simultancous estimation

of multiple outputs will be made after the next section.

Simultancous 135‘}}_)}!211"1’ on

v

In a recent Us S, Office of Nducation volume, Henry Levin and 1 pro-
duced sbmultancous cquations cstimations of several outputs, using the Eastmet
du‘cm.8 The major fecus of our models was an attempt Lo incorporate 'altitudc
variables into the production ostima tjon.g In this case, attitude measurcs pro-
duce test scores, and test scores produce attitudes. Although this no doubt
dees not actually occur stmultancously, a siumltancous estimntion is required
1f it ocenrs within the time period of our investigation, As these are
modcls of school productivn, {rom first through the measured grade, certainly
attitudes and outcames hove inferacted, and are considered s bmultancous"
within the production period,

The need for a chmftancous estimation of separate outputs which are

not inputs dnto cach other's preduciion lwictions is sumewhiat more complex.  One
85'(;(' Leving (15), end MichoTs »
h . N & y I 180N (](l), v
9 " . .
Cheddes had proviea y conrecily noted that’ ineTneion of atlitule mo-
stes dnto a sivgle 1o rension Cquni o produccd bicved estimutes, e diject ly
estiprviod pediewd for,, evoTetine ihe D10 Gude pusimes (1) The advaniaee
of Shadioneas esting fion is (o somrnic the direct offeel of schoo! T soirces
on acbowmic achicve, wr fro: oo vpretine andirsctly el attitudesn
as well oo to coideo e the (fieots of resources on (Lo attitudes, which could
be the moe irpoitant calptl goaure .




would wunt to control for the production of soe other oulput in assensing
the inflévnvo of the T¢seurces on the ontpnt of interest. ‘dhus a negutive
relationship would be eapected between some outputs and others, net of the
influence of the total wounl of resources which induces a pusitive relation-
ship between outputs.  The best way to do this, as has been indicated, is to
choose data points alony a- lincar cxpansion path. Otherwise, tlic procedue
for unbiased cstimation iuvolves a two-stage regression equatjon, in which
alternative outputs are considered endogenous in an estimate of the ovutput
of interest,

The relationship between outputs in this systom is not a production
relationship of the sort "a positive self-image produces higher reading
score” and Ma higlier reading score produces a positive sclf-image."  Rather,

ngiven the resources observed, and the amount of oulput B which these re-

sources ordinarily arc associated with, awount of output A is produced."

Two stage least squarcs was the algoritlm used to solve the simuliancous

systoms in thae references given above. The reader is refersed there for wore

explanation, The point lere is that, despite the different interpretation,

several outputs can be inserted into one cquation with proper estimation tech-

nigues to dexive resource effects onoone output nei of the other.
1t is doubiful thet this tedmigue could be use fully employed to deter-
mine cepivically Ui mavpinal trade-of fts between cufpuls uni i1 -better outpat

meast e are amvaitebles dhoeee vt certaindy be o could deal of work on school

otpnt weasuren in the futere, moLivated by the Jack of relationships between

y . : 10 R
cuprent oniput measwies cnd Jaiers Life suceess, With these beitler measnres

e L i AP

o 1(500 Poctes (2), for cawple, for soue evidencn on this questhien.
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we Will alsoe be forther aloug in estinating production functions, and will
be able to attespt to talk aboat a production syslow in which sceeral outpats
arc produced by their jdentified cquations, and a solvable set of cquations

is cstimated,

Isolating Fronticr Schools '

We ohserve output in children from scveral schools, not all technically
efficient. T assune away the trivial case vhere the difference between the
efficient output and our obscrved output is a constant for all schools, 11 I
will discuss the following two exclusive and eahaustive cases:

(1) Inefficiency is random with respect to all the variables we measure.
Inefficiency just strikes some schools, or some school districts, in-
dependently of the numinal characteristics of teachers and principals,
and independently of the social class, race, nativity, ctc., of the
school population,

(2)  Tnefficiency is related to some characteristic which ve meastire.,

In the first case, estisates of the "fronticr' of production from a
given set ol dinputs will strictly speaking not be the fronticer at all. It
will be a Kind of average oniput aticwinable vith an average auwount of inef-
ficiency. This is juhereni in estivstion technigues in which the "best fit"
places the fitted hyperpline vithin the data observat ions, nﬁx)hﬁjgjng a measure
of'crrurlunh above aid below the olserved ouipat.  The solid 1ine in Figure
bheve the Tie e Tow s used o0 Lrans formed variebles, and as

logaritihvie of obscivations, | oavseie the technical “inefTicioncy is not
describad by a sinilay tean o lion. .
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111-2 i usteates a typical regression fil.]z However, the dashed line in
dicates a smooth Tocus of maxbun obscvvations. ALl "error' must le re-
g R
ductions from a true (ronticr,
This fronticr is not found by tuking a1 high outpul. ohservations.
Point "a," for cxample, has o lower Y value than point "b," yoil "a' is on
the fronticr, whereas "b" is not. An casy way to find these fromtier schools

is to estimate the solid linc, and consider only schools with positive crror:

A
A
¢c = Y -~-Y

defines error,
Divide cach X, variable into ranges, and find the schools with the largest
errer in cach aange,  This gives a series of schools which do better than ex-
pected, where by assumption this is not because we have omitted somc important
variable, but because these schoods use theirl resowrces most ef ficiently.
Since by construction incfficiency was random with respect to the Xi
characteristics, the sample of«officiert schools should be a runden subsaple

its slope with respect Lo any N, variable dndicate an advance in precision of

2. qo. - ; N . R . . .
1 Mhis chould be considered a partiel relatveship vhere-the other inputs
arc held constant, A one inpol preduction function would nol be very interesting,

1AHu-prd;hm{ufnwwunu«ﬁxn crror, which com still vary cromd the fron-
tier, s negiecicd heow, TN e consi0cving differnmees s of Ficioney as creating
all the ohsepvad ervory Horeasures at ervor is Toge relaiive to efficicwy dif
fevepecn--a yeid poibiTity With chocetional datas then this proceduse fails
to Luctate frontior sohnols, ' '
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the ubtjmutjﬂn.l4
Onw could foltow the seie procedure under case noidbier 2, vhere in-
efficiency is reloted to a weasured diuacteristic, vy Xj. Now, houvever,
there arce two muajor problens. TPirst, to the exient that Xj is in fact a
“proxy for technical efficiency, then the remaining observed crror must be
measurcament crror or due to variibles we have failed to measure., As men-
tioned above, this crror is legitimately found on both sides of the ''fron-
tier." "hus cho;sing poéitivc error schools is a matter of chance, not of
precision., lurthermore, the sunple that will result may not he a random sub-
sample of the orjéjnal.popu]allun, but may be those schools with high values
of Xj.ls A regression esthwite on these schools will hopelessly confuse effi-
cient mmagement with the specific abilitics of these pupils to progress with
or withoul efficient munageyant, or anything else that stratifying on Xi
might accomplish, Thus if Xj were social class--i,¢,, if the upper cluss
schools had better resource mwmagement. (for thc outputs considered) than
lower class schools-- then ve would have no woy of cstimating a fronticr for
lower ¢luss schoole,
1€, in addition, the schools with better resouwrce management alse have
more inputs, then the existonce of these inputs will appear vore highly cor-

“

related with outputs than they would be under average mavagenent., T is dif-

ficalt (o te1l wheile s there is o real difference moong principals' abilities

— e b e i 2 - - . - e

14

Yo teroneedn Creily, vhich is o caraonly analyred  as nof alfestine the
stope of o segsension cothate, vonld podedly effed the <lopes here. I
vir{e) dncrenoo bwith oy for el ihen Ui original b estinate woold be
Tower il 4 revises D.oentimie,  Noselheless, one coutd not say thet error
was correlatod vith Y. - d violaiion of the asqumptions of constructicn: - 15 the
original hotepoece s dde varimed was tiuly syoacirical around the fitted re
gression e,

gg:éé; ]hfhi. will b e 30 the Croe actalionship Lotwean Ny and cutput is
pa b i aee i ot the vt b e, J
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1o mmage thelr resources, in termms of producing outputs, To the extent that
this is true, and kuon, it will be reflected more 4n analyses  involving more
thin oie district, tha in analyses confined to one district. The arguncnts

for this problem of mulii-district analyses have alrcody been presented,  If

the real resources purchascd vary butween distiicts, then the variables repre-

senting social class (or, possibly, race) will incorpurate the managerial
gains in these districts, A malti-district study, then, correuponds to case
muber 2, vhere techmical officiency is correlated with variables in the
analysis, probably with social class variables. A frontier camot be de-
temmined, nor can the offecis of "social class" variables be jnlclpfctcd.
Within a district, as 1 have argued, the situstion appears to be

closcr tou case nuber one,  Principals are probably approxiutely randomly
distributed with respect to their tecimical manegerial ability. An attoapt

to lecate true fronticr schools appears in Part 1V of this paper,



Aruitoxt provided by Eic:

ERIC

IV

INTRE Vg | IR i

N 3 v
FRNE N [ O SIS I

W thiv Pari of Une e Twibl pree YeLIesSion Calin L dos of
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ded waipuie in o Cily. I call ihig cily

MLastre " and Juve heen selyirg iU md seothe city, Northret, for some
peried. This paper presents g First resulis using weighted regyvssions

on this sample, and ¢loo (he Ciret resulis neing a variety of functional
foums.  In the séction thue folher 1 will (1) diconas the or
data, end definition of the variahles which witl apear; (2) discouss the

igin of the

effect of using one ciiy; (3) present regression osi imates of simple Tinsar

cquitions for two diffe,ent ouipIt moesnvesy (47 ald interaction tenas (o the

simple ooy form; (5) considey ransforations of the variables; (6) con-

sider squaved terms interastions together; (7) attempt to isolate fron-

ticr observaiions; and (8) ansess the results conclnsions to be deawn Crom

this experizentation.

The Data Sty le

T data coployed 1o con o Iy che eripint doga tapes of e bgoal

Ednerticy 1 ¢, TR S (L0035 Vi e, condocte gy Septemher ) 100h,

Tho Gl i prciontalion of ool frea this Gy @ red B ety

9
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this aialysis, One thing jmst . said, havover, strongly in its favor: at

no peint did the author, contend that they wore estivating funct topa] causal

reletionships betwoon sChool dnpuis m their outpot neasre, a verbal

facility tese, They reporied averone associations, not estinntes of productijon

Lunctions,

The major difrerence betecen the work reported here amd moagt other
work with this data is the devigion to use one city only, ‘Ihe clfect of this
decision iy dis-nsacd in the next SCCtion, There ayc o MY of other data
refinements wich 1 Conziae: vital (o PYOper estimitiv of npui- output 1 -
Iationships, oy eximple:

One wourld have 1o male sure that tlee schonl chasocteristics,
aseoviated with cueh PUPTT vere those of ¢he school actuvally
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There 3s no way to know in what year a pupil transferred into the
school Le is now in, and of course tracing pupils to other schools would not
only have been expensive, bul in most cases virtually impossib]c.s We do

know, for our sixth grade sample, how many children had been to other

‘schools; the present sample climinates those that answered that they had

been in morc than one school.® )

We divided the sample by race, climinated those children who reported
no sex, those in'schools with incomplete records, and those in suburbs of
Eastmet.7 From a city and suburb saiple of 4505 children, this left a sample
of 1055 black and'white children, of which the 597 whites are used here. Of the
original 36 Eastmet city schools, 35 could have appeared in the white sample, as
only onc school was all black. However only 30 schools survived the pruning.
Several schools, in fact, arc rcpresented by only one child. In previous regres-
sions this has not been a major concern, but in this paper it is.

A major problem when one wants to cstimate a production relationship
is detennining the appropriate production wnit. If each unit is an observa-
tion, then each unit should havc,cdual weight, When we are talking about
average relationships facing children, then children are the appropriate unit.
Each child is equal weighted, and his situation is recorded, If many children
arc in the same situation, but respond differently--i.e., have different out-

put scores, but the same dnputs--then the correlation between inputs and outputs

s emern ——————Am v dms w4 e e eh | cm o S Sn et o o e

e major guestion here is what if the student came from a school not
in the original sample?  Should school-wide data be collected for that one
child?

6The question read: "ow many different schools have you gone to since
you started the [first grad " The (irst possible wanswer to this question was:
"Onc--only this school." Ouly children who checked this answer remuin in our data
sanplc.

7Somo schools sent cae set of records, say, from children, but not another,




is reduced.. Although rescarchers vho use individnal data as opposed to
grouped data complain thaet their R2 arc low (I have been Jnown to be aong
them), it properly is $0, for it says that these children are not subject
to a {im relationship indicating their test score. Although statistically
onc likes to have a perfcct fit of his regression equations, one does have
to wonder morally what kind of a world it would be if we could predict per-
fectly a child's rcading scorc from knowledge of his social class and school
resources. . The ﬁz we get are high enough. 1 would be frightened by a more
detcnninutc WOrld.9

The task at hand is not to estimatc relationships averaged over chil-
dren, but to estimate technical relationships of production. In this case,
the production unit is the school. Each school should have cqual veight. On
the other hand, cach child should be allovied to enter his own background.
That is, some correction can be made on a per-child basis for differences in
quality upon cntering the production process, and differences in ability to
respond to the production process. As has alrcady been indicated, I can correct
fur both of these effects to Some extent, but T camnot casily distinguish
between them, The following fénnu]a weighted cach school cquﬁ]ly, and each
child equally within cach school:

T T T e FeEet et e e e m e - smes pemaen

8()n the other hand, these is a great deal of crror in individual scores
which is reduced by grouping. I1f cerror dominates the individual child regres-
sions, they are of no advimtege, We do not know that this js the casce, how-
ever, and until somcone shows that it is, T will contimme to aceept the logic
which ¢alls for using U individual variations which ve can observe,

glt vould also be frightening to £ind that the world is, after all,
incar, 1 will give cnotigh evidenee helow 10 dispel that noiion, however.
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where N& = muiber of childien in school ]

.Wij took the extreme valucs of 19,90 (for the one-child schools), and .13

(for the largest school). Some children were there” re weighted over 150
times others. As shockingly explicit as this &cighting is, it is not un-
usual. Those rescarchers who use data grouped by school are doing the same
thing, except they ignore intra-school variation indicated by background
variables. Unless thcy weight their obscfvations by N (or onc could arguc

for V'N), they arc using per-pupil weights similar to those used here.

Production function cstimates, then, require a different kind of data

sct than was collected here. I am correcting as well as I can for that deficiency.

In a survey designed to produce data for production function estimation, we
would want to take a representative sample {rom each obscrvation, to try to
get approximately cqual-sized samples per school. 1In one school this might
mean saupling 1 in 100, though ip'unothcr school the sample might be 1 in 10.
There is no need to get more observations just because the school is bigger,
if it is treated as a produ:tion wit. If there arc cconomics or diseconcmies
of scale, this should be indicated by @ scale factor. 1f different kinds of
children go to big than to Jittle schools, this should be corrected for by co-
varjance techaiques,  But the theory of swapling for production information is
diffcrent frow that used in the FLOS report, which was investigating average
characteristios of childien. Mobile ¢hildren nust be treated separately, in

production function estination, or not at all,
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Four kinds of variables have been defined. First there are control
variables for sex and age. These are binary coded variables. The children
arc in the sixth grade, where it is a well-known phenomenon that pirls do
better than boys on achicvement tests,  Students who reported that they were
12 ycars old or older u*c separated by a binary variub]c.lO

Sccond, therc is a sct of student background variables. These control
for the quality of the input upon entering the production process, for con-
tinued production during the period of schooling, and interaction with resources
in schéol. An Index of Possessions, the child's report of his Father's Edu-
cation level, the child's repurt of the muber of People Living in his Home, and
his report of whether he attended Kindergarten appear as background variables.
Four school variables arc used as production estimates: Teacher Tost Score,
Teacher's full-time Teaching Lxperience, Teachers' Racial Prefercnce,
and the Principal's report of whether the school cngaged in tracking.

Teachexr's Racial Preference is, as it says, a question which asked what racial
composition the tecacher preferred, A higher answer indicates prefercnce for
whites, 'The Test Score was a 30 question vocabulary quiz.

The teachers were sc]ocicd for this sample if they indicated that they
taught in the third throngh fifth grades, Their individual responses were

averaged, and the average appliced to cach student. 1! Teachers in the third

e e an S e @ & wovs Y} tm e e = Sram s ¢ A=

]OOthvr ferms for the ape variahle were experimented with, but in a
bipary coded classification a variable denoting exceptionally yowg children
was not sienificant, wherces the one for old children was, Thus this one
binary variable sufficues,

l]n future woill by Levin and mysc1f we will discuss the implications
of this averaging, with some cstinetes of the kinds of observational crror
it can imply,
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grade vwho reported they had not been in this school when the sixth grade
students were third graders are not eliminated. There is a bias cither way:
to climinate them would make the saimple too old and experienced, as there is
a good deal of turnover of young teachers. Including them makes the sample
too young and inexperienced, as to some extent young tcachers replace old.
Furthemmore, the biascs arc different in different schools. This means

that a really carcful data collecting job for production cstimates should

collect data on tcachers who were there, in lower grades, when the students

- g 2o =

were,

The final variable type is a binary variable which describes a certain
amount of interaction, By listing the schools and their characteristics, 1
was able to discern four in which the school resource measurcs were somewhat
low relative to the social class of the students, and four in which the re-
sources were quite high though the students were of quite low social class.12
For each sct of schools I defined a binary variable if the student was himself
of above average social class, and another variable if he was below. Thus the
student's class is interacting with a general description of the match between
his school's resources and his peers' social class. Of all these variables, two

survive into this exposition: HiSes-LoRes-MlPeer indicates an above average

social class student in a school with low values of resources and middle ranec
R C

of peers,  loSes-liRes-loPeer jndicates @ below average student in a high

.

resource school, with Jow cluss peers.

Means and standard deviations are given in Table 1V-1 for the two output
variables and the school variables. The means in the first two columas are cal-
culated per child,  That is, this is not the average teacher characteristic, nor

PR et At B s & A B el g ® L Weis Al e chetwe s e

12Ano1hcr group hud high resource values and middle social class.
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the average school characteristic, but the teacher or school characteristic which,
on the average, is faced by an Fastmet sample child, The "Total Sample" columns
refer to the sample of white children in Eastmet gj}x:j}_l_c}“f_lﬂ“)}_gp_s_ with complete
school records, The "Regression Sample colums arc averaged over the 597 chil-

dren who attended one central. city school from the first grade. The statistics

-presented here are so close because the one-school only sample in the central

city represents higher perfoming children than the city children in general,
Thus the mean scores are lower in the city than in the suburbs, but hj gher among
onc school children than more-than-one school children, and these diff: crences
about balance out. Similarly, Teacher Test Score is lower in the suburbs than
in the city, but higher in the city for these children than for the entirc sum-
ple. Experience is lower in the suburb, and this difference is not corrected
by taking this sclect sample.  Similarly, Tracking is more prevalent in the cen-
tral city,

The third column of Tal;lc IV-1 contains the means of the weighted vari-
ables as they actually cnterced the rcg;'cssion cquation. These are averages over
schools, Apparently the higher scoring clxi]dz‘*on are in larger schools, in this
sample, than the lower scoring children. Since, as the comparison of coluns 1
and 2 shows, the pupils are 1‘(:p1*qséxxt:zztive of the Eastmet sample, the question
arises whether the schools are representative of the Eastmet schools., I have
not been able to detemmine the extent of representativeness for this paper.
Since there is no test of the representativeness of the entire Eastmet sample,
it is not clear how much inf: ormation would be gained by knowj ng how like the
Eastret smple the sub-saple is, |

Additional vasiables will be defined below, but in all cases they arc
transfomuations of these variables, What a variable means should not be con-
fused with its name. The tracking variable, for example, defines {ywo groups of
schools, Twenty-two schonls had the value 2 (track for all student's), scven
the value ¢ (o tracking), and enly one between,  But what characteristic

about these two groups makes tham different is not necesearily the degree of
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TABLYE 1V-1

Mecans and Stundard Deviations

of Production Variables

Eastmet City Whites

Regression Weighted
’ Sample Total Sample Sample
TNE 597 N= 1727 W= 597

Mcan " S.D. Mecan S.D. Meai, S.D.

Verbal Scorc 35.1 10.1 35.4 10.4 25.3  11.9

Reading Scorc 23,6 7.1 23.4 7.3 17.8 8.2
Tcacher Test 24,7 1.8 24.6 1.7 23.0 2.4
Teacher Experience . 15,1 5.1 13.6 5.0 10.8 4.6
Teacher Race Preference 6.9 1.0 7.0 1.0 5.8 1.1

Tracking 1.5 .8 1.2 1.0 1.5 .8
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tracking. Indeed, all these schools probably engage in a fom of tracking.
The difference could be in the principals who admit it and the principals who
do not, or in any number of unimagined characteristics which happened to be
picked up by this classiflication. For this rcason, I will follow this con-

vention: Vhen T am referring to the veriables in the cquations, I will

‘cupitalize them, no matter what the context, Thus Experience always means

the Lxperience Measurc in my schools, whereas experience means real tcaching
expericnce. I will simply avoid beginning a sentence with the word Experience
if T mean oxperiénce. At times T usc diffcrent words to mean the same thing,
such as Preference for Whites instead of Racial Preference. The meaning should
be clear, and tho.cupita]ization rule will always apply.
The One City Suwiple

Most analyses using ELOS data use many cities. Some, in fact, like
the original presentation by Coleman and his allies, do not cven investigate
the city roprcscntation.13 Therc seem to be good rcasons to include a mumber
of citics in onc analysis, and good rcasons on the other hand to study onc
city only. Sowe of the differences in results are revealing, and deserve some
exposition,

In Part 11T the importance of knowing the focus, the object of the
school's cducation was cxplained, Thus, for a crude cxample, one would not

mix academic and vocationnd or technical high schools in the same production

Cememsn e & St s+ wemmme ® v meAmjemscas ¢ s W W e

Ve are never inforned, for example, how many schools are repre-
sented in Colaran's sanple of 1000 stwlents, nor, besides Jarge regions, where
these schools are, :




function analysﬁs.14 One might expect that different kinds of cities aim at
different kinds of outputs. ‘That is, at the high school level--and therefore
indircctly at Jower levels--the politically dominant group deteymines the
focus of the school, That this focus is rcal and definable and political can
casily be seen in cities which change their nature. Brockton, Massachusctts,
for cxample, in changing from a blue-collar to a white-collar city, as the
industry changed from shoes to electronics, has had corresponding
changes in the f;cus of its high school with recasonably open political debate.
To the extent that the input structurc of a school reflects the aim of
that school, then the onl& problem with including schools of different aims
in onc analysis is one of interpretation. As a production function, the
measurc would still be incorrect. As a determinant of average relationships,
it would not be bad, For example, suppose schools which tricd to place their
students into prestigious colleges deliberately hired teachers with academic
majors in college, and schools which tried to place their graduates in the
labor force deliberately hired teachers with education majors.]s As an
average relationship, we would.find that academic majors of teachers are associ-
ated with college-type skills--say, Verbal Score. It would be wrong to assunc
that a school which hizcd wore academic majors would necessarily »roduce as
much of these skills, as indicated by (heir association, without a conconitant

change in policy. The estimates, as production cstimates, would Be biasad

14Burkhcad ( 5, for exasple, specifically excludes 12 technical and
vocational schools, and v school for the physically handicapped, from his
analysis of Chicago high schools,  On the other himd, he excluded only two
vocatiora] high schools fvon his MTlanta sanple, appr cutly nol recopnizing
that the five Negro schouls were also ™ecmical" scl s in that peculiar
cuphemism of the South, The T'1OS high school data does not identify the school
as acalemic oy vocational,

]SOthnr types of schools are assused Lo fall in the middle,
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upwards becausc they had not accownted for managerial discretion. On the
other hand, these particular types of teachers presumably are hired because
they have an effect in the da oction which the school is cwphasizing. There-

fore it would still be currcct to assume that there would be some effect on

college-type skills from-hiring more academic-major tcachers, cven with no

managerial change. :

This explqnation, however, asserts morce rationality and technical com-
petence on the part of school authorities than probably exists. Indecd,

John Owen has recently attempted to identify supply and demand characteristics
of tcachers, to see if he could find if schools deliberately sought "quality!
teachers by offering higher pay. He found that this was not the ca:-. 16
Thus between cities we might expect the relationship between the focus of schools
and their input structures to be essentially random. This could leau to un-
biased estlimates of real production relationships.

The problem with this argwment is that, though as far as school board
demand is concerned the charucteristics of tcachers is not a function of the
focus of the school, they still may be so. A blue collar school on a bluc collar
budget has a smaller supply of academic major teachers, and therefore has a
structure dominated by education-majors, cven if the school would like {(but
cannot affo.sd) more academic majors. There will be variatiovn within that school
listrict, and a school with more acadomic majors may produce mdre‘collcgo type
outputs, But il thic systan was poeled vith others, then in some other system

this «ame percentage of acadaaic-major teachers might produce more college type

o e emmemme it 4% mas meen g tidmtetm s s 8 i men e A

16800 Owen (19),
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output; and cducation majors would produce Jess blue-collar output than
found in the first school. The result could be no acadenic effect found
for‘acadcmic majors, or bluc-collar effect from cducation majors cven though
both effects occur in both dislricts.17

Jt would be convenicnt to argue that this dilcmmé disappears in a one-
city analysis, becausc the focus of the schools is constant. As we know,
however, this is'not the case, 1n fact, we can be rcasonably certain that
within the 30 elementary schools in the Eastmet white s..aple, some schools
arc morc oriented towards producing the skills tested by the EIOS tests
than others. The best analysis, clearly, would involve choosing from
scever:l cities those schools with cammon skill goals, and testing the pro-
duction of thosc skills. There are, nonctheless, some further arguments
for using a one city sample, which can be reproduced from Burkhead:l8

A ércat many of the variables whose influence on output
is difficult to isolate are held constant for a single
city. The labor market for tcachers and the market for
other {. ctor inputs is reasonably unifom for the city
as a whole and . .. [therefore] a given outlay will
pu. chase inputs of similar quality,

Soie aspeats of Madministrative responscs' may
also be unjform within a single Yarge-city system,
Since in preparation of the lastmet sunple ] experimented with regres-
sion estimates inchuding subwban schools with the Eastmet, city schools, I had

a chauce to notice some differences in results., One will be stressed here, be-

T E M S memeecmre sse Sies a com b v eewits  6e 4 ene s mme

17I-‘or a diagramatic cxposition of this problem, sce Michelson ( 16 ),
pp. 123-125,

i

Wy ikhead (5, p. 3.
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ause it points to an important problem of interpretation. The importance
of Teacher Experience--importince defined as regression cocfficient, Keota
coefficient, or increment to R2—~is'groatcr in the single city sanple than
in the city-suburb sample,  There scoms to be a good cxplanation for this,
which casts considerable doubt on an interpretation of the Fxperience cocef-
ficient as indicating a production rclationship.

Suburban systems tend to have younger teachers than central city
systems. That is, among districts, social class and cxperience are nega-

'

tively correlated, This is only partly cxplained by the rate of population
growih of the suburbs, i.e., the rclative newness of the positions occupied,
naturally, by relatively new toachers.l9 The rest of the explanation pre-
sumably lics in deliberate policics of suburbs to maintain a turnover in staff
SO as to minimize the cost of expensive expericnced teachers. Given a
surplus supply of tcachers to sulirban systeis, they can operate this way.

Within any system, city or suburb, a positive corrclation exisi, between
teacher cexperience and pupil social class. This is due, at least in part, to the
well-known scniority choice system: the more scnior teachers can choose to
i1l vacancics in schools before the ncw teachers arc assigned. This is vir-
tually wniversally true; and it is observed to occur. Thus the experienced
teachers?) are found in the schools which produce- -or {rum which emanate- -
academic skills, at least partly because they associate themselves with

children who will, with them or without them, acquire these skills.

9. . . .
19600 Owen (19 ) for evidence on this point.

ZOStrictly spealting, experience in present systain, not over-all experi-
enee, is the correet measure of scuiority, These measures arc highly correlated,
however, :
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Since this scoms to be a description of the sys.em at work, we would
expect that regression resvlts would show Laperience mose associated with
output within than between systems. As noted, this is exactly what we do
find, The inter-city cstimate would therefore be better for determining
the actuzl production effect of Lxperience than the onc-City estimate, For
this rcason 1 will de-cmphasize the strikingly significant rclationships
between Experience and the lest score outputs found below,

This arguﬁent docs not pertain to any variable cther than Experience.
To the extent that tcachers with higher Test Score want to move to higher
class schools, they arc perhaps morc able to do so between than within
districts, By their personal appeal in interviews, they may be preferred in
new hiring by the suburban schools. But they would not have seniority in
a single district. So th? association between Test Score and output Scorcs
of children probably better describes production in one-city estimation,
and has morc of a component of deliberate and prior association in the multi-

district analyses. This argument holds for Race Preference also, and

. probably g.fortjori.21

e S e

Simple Lincar Equations

The "simple Linear' equational form has been aplicitly defined as
that where the variables are Tinearly additive, not trensfomied, and not in-
volved in interactions, Since this does not exclude dividing variables into
categorics and entering these categorics separately, the simple Jinear fomm

)

docs not necessarily mean that the relationship between output and the ori-

ZlBy a similay argusent, school management efficiency is likely to be
randoa Wit in & city, but associated with social ¢lass hetween citics,




ginally coded variable is lincar. For cxample, Experience as a scaled

variable might be independent variable Xl in the following cquation:

149

Y = a+ boX, + b.X, +
¢ ™ bzxz d
where Y is a school output
X is a school resource
Z is a background measurc
The effect of an increase in one wnit of X1 is to increasc Y by bl units.

*

However Experience could be a categorized variable, where:

Xl is 4-8 ycars of experience

X2 is morc than 8 ycars of experience.

We can no longer consider "a unit increase' in Experience, but must consider a
shift of catcgories., The constant, a, includes the effect of having 0-3 ycars
Experience. The effect of moving into the 4-8 category is bl’ and the effect
of moving into the 8+ category is b,. Thus in temms of the scaled Experience
variable, non-lincar cffects are allowed for, In the equations presented
here, T do not take advﬁntugc of* this possibility, and present scaled variables
for inherently scaled mcasurcs,

As mentioned in the section describing the data sample, 1 will add
two binary coded "interaction” variables, Being in the éﬁtcgory defined by
the interaction pives a child a value of 1, and not being in that category
gives him the value off 0. ‘Ihe coefficient, then, indicates the gain or loss

in output, other things cqual, from being in that category, i.c., from having

that particular type of interaction,
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Two equations are presented in Table V-2, in a format which will be
continved throughout this Part of the paper. The coefficients
are listed in a colum, and wdemeath cach cocfficient is its standard error,
The standard crror is cssentially man estimate of the standard deviation of
the random crror around the regression coefficient, If this standard devi-
ation is "large," then {horc is a great deal of crror, and the coef-
ficient may well not be what the estimate says it is. '"Large'" can be defined
in temms of the cocfficient itself, implicitly testing whether the orror is
such that the truc cocfficient may likely be zero, the estimated coefficient be-
ing a result of sampling error. A convenient rule of thunb is to reject a coef-
ficient if it is smaller in whsolute value than its standard error (i.c., if
zero lies within one stahdard crror of the estimate of the cocfficient). Almost
all coefficients presented will be larger than their standard errors.

Random crror is assumed distributed according to the normal distri-
bution, or "bell-shaped" curve. The bulk of the crror lics close to the mcan.
In fact, less than 5 percent of the error is more than two standard errors
from the mean, Thus if the cecfficient (in absolute value) is more than twice
its stundard error, it is highly improbable that the true coefficient is zcro.
"True" here does not refer nccéssuri]y to the rcal production relationship, but
the cocf(icient which would be found if what wo measure as crror is truly
Tandoi, and we sampled 100 pereent ol the relevant population.

The dependent variables, or outputs of production, arc Verbal Score
andd Reading Score of these sixth grade chitdren,  The first iwo columns of
Tuble JV-2 Lict the cquations for these two variables, the specification of

the cquations (i.e., which variahles arc included) ditffering because of the
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TABLE 1v-2

Siwple Linecar Regressions

Regression Coefficients * Beta Weights
Yerbat, Reading Yerbal Reading
Sex 2.54 3.35 .106 205
(.69) (.48)
Age 12+ -8.82 -4,12 -.207 -.141
(1.17) (.87)
People in Home . ~. 221 -.056
(.12)
Possessions 1.00 1.66 217 .495
(.17) (.11
Father's I, .572 .219 .123 .069
(.14 (.10)
Kindergarien 3.26 .131
(- 79)
Teacher Test .999 .347 .201 .102
(.18) (.11)
Teacher Experience 490 <329 .189 .185
(.076) (.00)
Racial Preference 1.38 .126
(.39)
HiSes-LoRes-Mdpy 4.63 3.08 .074 072
(1.86) (1.3
LoSes-Hikes-1obr -10,94 -.190
(1.87) ‘
Tracking -1.63 - =170
(.28)
Constant 27.52 0,81

R 611 524
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statistical considerations (the coefficients relative to their standard
crrors) just discussed. 1 see no theoretical rcason vhy People Tn Home should
be related to the Verbal Scorc of the children, but not to Reading Score; nor
Teacher Race Preference nor whether the child went to Kindcrguytcn. One

could argue, after the fact, that this makes some sense, but 1 had no par-
@ticular expectation a priori about these variables, Similarly, whatever it

is that the Tracking variable indicates scems related to Reading, but not

to Verbal Score ?f these children, although I have no thcoretical explanation

for this.22

At the bottom of these first two colums is the constant of
the equation (a), and the Rz, or mcasure of the percentage of variation in Y

which has been accounted for by the X; and Zj. Although the specification of
2

the variables in the cquation did not proceed in an attompt to maximize R®,

the algorithm which estimates the paramcters (the cocfficients), given the

specification, docs do so. These cocfficients then are the set of co-

efficients which best eXplains variations in Y, for the given list of input
variables,

The third and fourth columns present "Beta Weights." These are the
regression cocfficients weighted by the relative size of the standard devi-
ations of the input and output variables. Onc can say "a onc standard devi-
ation increase in X; will produce a /7i standard deviation increase in Y"

(assuning /3 is positive). Since the wiits of the variables sometimes have

-
e et & et o e et mrmracn v e mme—— o - .

Zzlhoso results show, however, the extrane weakness in most presenta-
tions of these analyses which concenfrate on onc output, The justification often
is that all the 1108 output mcasures are correlated.” This is certainly trac:

For this sample, the correlation by pupil between Reading and Verbal Score was
845 for the entire Justmet sample, not stratificed by race, mewber of schools
atlended, cte,, 89, Nonctheless, hioh corrdJation Joes not mean that input-
output specifications will be identical, nor cven that inputs will have the
swic relative effect on both ontputs,

ERIC
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no particular intuitive meaning, capressing them in tems of Beta weights can
be quite helpful., With an unrepresentative sample, as this surely is, the
Beta weights are considerably more suspect than the regression coefficients.,
In addition, onc may not care about historical variation: Not "what is the
reaction of Y to one standard deviation increase in Teacher Test," but "What
would Y be if Teacher Test were at 30--the maximum' might be the relevant

question. The regression coefficients arc used to answer this, Hewever,

absent prices--which cventually become the crucial element in judging ef-

fectiveness of one input vs. another--the Bctﬁ weights give some sense of
the relative import of one variable as opposed to another, All cquations will
present both sets of coekficicnts, but the discussion will focus on the re-
gression coefficients.

The effects of the control variables for sex and age are striking.
Girls arc 1/4 a standard deviation ahcad of boys in Verbal Score, and
nearly 1/2 a standard deviation ahead on Reading Score, adjusted for social
class, age, and access to school resources. The 27 exceptionally old children,
adjusted for sex, cte., alv‘vi{tua1ly a standurd deviation below the mean in
Verbal Score, and 2/3 of a standard deviation below in Reading Scorc.23 of
the back;round variables, Kindergarten attendmnce is quitce important in tems

of generating Verbal Scorc poiuts, Father's Education could be important in

N St - wemm e metesr sk s ¢ % G rmmams e o .

tho cquation estimtes the mean output measurce exacily--except for
rounding ci1rore when the irput veriables are set at their mean levels,  The
effects reported here consider et reme vitlues of the control variables, as
compaved to thedr mean valwes, the estimate of Lhe difference between boys
and pirls is obtained by setting this variable at 1 for girls, at 0 for boys.
The mean of the age control is 085, and therefore one can think of the dif-
ferences reporied here as diffeying from other children or differing from the
mean of all children with little consequence to the results.  The standard devi-
ations come from Tuble IvV-],
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.

the case of large differences, but Possessions is the most Important in tems
of observed variation,

Of the school variables, Teacher Test scems the most important, Experi-
ence is suspect, for reasons detailed above., But for what it is worth, two
years of experience would seem to "trade" for one Test Score point in producing
Verbal Score, and one year of Fxperience is worth one Test point in producing
Reading Score, The shjrt from average (er pupil) to maximum quality teachers
would produce an average of about 5 Verbal Score points--onc half a standard
dcviatjon——ggg_lcss than two points--about onc quarter of a standard deviation--
of Reading Score.24 Using per-school averages, the gains would be somewhat
greater, Teachers who preferred all-white schools would prosumubly'producc
about four more points of Verbal Score than the mean Racial Preference, or two
fifths of a standard deviation, ‘Ihe difference in Reading Score between Tracking
and Not Tracking would be nearly one half a standard deviation, though the antici-
pated improvement of not Tracking over the mean would be three quarters of that
amount.,

The interaction tems included in the' simple linear form as simple
variables also have striking values. The combination of having low background
and being in a school with Jow background will produce eleven points Ioss of
Verbal Score than would othervise be predicted, if the school has high re-
sources,  That is, thesc resources seem to uffect other children, but not
these particular children,  That. could be because they do not recejve the high

resources in the school, and )i« variable corrects for an error in the resource

T e e e - A v ., IE— e it w—— .t o - .

ZASjncc neither cquation held constunt the other outpnt, the effects of
inereasing resources arc additive betweon’ equations,  This is, to be honest,
an indication that e original coefficients shoald have been est imated by wore
involved simnltancous provedures, which vere discussed in Part 111 of this Paper.
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variables for thesc children, or because the combination of their own back-
growd culture plus a similar dominant school Culture simply swamps the effect
which resources has on other children, Yleven children had this Characteristic,
possibly too few to draw.any conClusions about. Thirteen children in this sample
with higher than average backgrounds were in schools with 1ow resource values and
average pecrs. They did better than the cffect of the low resources would have est;
mated. This is possibly because they in fact had high resources within their
schools, masked by the averaging process. It is also possibly becausc the
Culture of the school was not such as to prevent them from learning, and

their learning was derived from their background charactcristigs. Since the
effect of within-school resource allocation cannot bHe separated {rom that of
pcer-individual-interaction, therc is no way at present to choose one interpre-
tation over the other. But the magnitude of these cocfficients suggests

that the assignmcnt of these children into Scparate classifications did in

fact reflect some reality, cven if I cannot without being arbitrary explain

what that reality is,

Two things which have been emphasized over and over should be more

clear now, First, in discussing the '"trade" between a ycar of Experience and
a point of Teacher Test Score, no decision could be made on which was a
better buy--assuning both repfcsentcd production estimates--without knowing
how much .they cost. Second, the idea that there is oﬁc rate of ‘trade between
these two items, independent of the amounts currently present in a particular
school, scems especially fur fetched when the nmuibers are at hand. In this
Paper T will do nothing to add information about prices, However, let us pro-
ceed inmediately to consideration of cquations which allow for level- dependent

estimates of the larginal output cffect of input changes.
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Interactions
sodactlons

As discussed in Part 1 abové, the multiplicative interaction tem
allows an estimate of the effect of mn increment in one variable to be de-
pendent on the ‘level of another variable present,  Needless to say, inter-
action temms could be defined in tems of a product of more than two vari-
ables, or in categories of interactions. For this demonstration, simple
Products of two variables have been entered, and equations have been refined
on consideration of these variables.25 The interaction equations appear in
Table 1V-3,

In the Verbal equation, Teacher Test does not appear as a variable

except in the interaction temms, We Can calculate the rate of change of

Verbal score of students with smalj changes in Teacher Test as follows:

%;; = .165 (Experience) « -.116 (Race Prefercnce)

It is appropriate to consider the value of this expression at the

weighted means, or the average of school means of the variables,

This value is 1,10, The regression coefficient and hence partial derivative
of Teacher Test in the simple lincar estimate wus 1.0, The standard error of

this estimate was ,18, Thus the value from this equation with interactions,

evaluating at the Means, is well within one standard crror of the value csti-

mated from the simple lincar fom, and thercfore npt Statistically distinguishable

T e e A v 0t e b & e A £t £ twmir  qapng—

25Onc should pay morc attention to the units in which onc defines multi-
plicative interaction than 1 do here.  One variable may dominate the interaction
cither by the size of its uits, or hy a lmrge variance relative to the other
variable, The cocfficient will be interpreted as applying to both, however,



TABLE 1V-3

Lincar Regressions with Interactions

Regression Coefficients

Verbal
Sex 2,77
' (,69)
+
Age 12 -8.47
. (1.16)
Pcoplc in Home -.173
(.12)
Posscssions ' . l.o
.17) -
Father's Lducation .532
(.14)
Kindergarten 3,65
(.79)
Teacher Test
Tecacher Experience -3.53
(1.18) -
Race Preference 4.23
(£.20)
HiSes-LoRes-MidPeer 3.42
(1.86)
LoSes-HiRes-Lolcer -10,20
(1.83)
Tracking
(Experience) (Test) .105
(.048)
(Test) (Ruce Preference) -.116
(.091)

(Experience) (Possessions)
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A Weights

Reading Verbal -
3.61 .116
(.47)

-3.79 -.199
(.85)

T 044

.918 . 225
(.27)

.196 C 114
(.098)

<146

-1.30
(.41

-3,02 -1.363
(.83)

» 385
1,522 ,054
(1.36)
~.177
-1,18
(.33%)
.134 1.652
(.030)
0252 -,336
(.013) )
L0798

(.013)

Reading
.221

-.130

.274

.062

’0383
-2.045

.035

- =.122

1.972

.106

.483




from that estimatc, In this sense we can sce that the simple lincar fom
may give average estimates of parameters,

I have selected two schools with near the lowest and near the highest
Experience levels with which to investigate the range estimates. Thus the
values which T will give below are neither the highest nor lowest values
obtainable, to be conservative in the face of a sanple and sampling process
which lcaves much to be desired.  Since my school coding is arbitrary and un-
related to the o;iginal ELOS code (which, even so, does not identify schools
by name or location), 1 will use my code numbers for this exposition. School

#79, with average Teacher Experience of 3.7 years, and school #86, with

average Tcacher Lxperience of 17.5 years, will be the demonstration cases

throughout this. scction,

School #79 would respond negatively, though hardly at all, to a
small change in average Teacher Test Scorc, Jts derivative is -.10, indi-
cating that a 1 point gain in Teacher Test Score would produce
a .1 loss in pupil Verbal Score, if all other values stayed the same. TFor
exampic this assunes that Teacher Preference for White Students, which is about
at the mean of schools, would be unchanged.  If Preference for Whites increased
when higher Test Score teachers were hired (these two'factors are vorrclated
greater than .4), then the cestimated decline in Pupil Score on account of

et . — . s e i

Teacher Test Score would be lavger, assiming these teachers with higher Test

Score wnd greater Preference for Whites viere as equally Experiepced as current

school #79 teachers. Of coursc the direct effect of higher preference is




positive. The correlation between Test Score and Lixperience is lower than
that between Test Score and Race Preference (being less than ,2), so random
selection of teachers on the basis of their Test Scores might seem to indicate
a negative cffect on pupils in this school (and with regard to the output
""erbal Score," though we shall find a negative relationship between Reading
and Test for this school, also). . n
This is not so, as onc can easily sce by picturing the distribution.of
teachers with re;pcct to Expericnce. Picking "randomly' from a pool of
teachers with Test Scores higher than that in school #79--which has an average
Score higher than‘the mean school in Eastmet or, for that matter, the nation26-~
onc is picking from teachers also with higher than mean Expericence. This is
true becausc of the correlation between Expericnce and Test Score. Since the

school in question is well below the mean in Experience, then the actual net

effect of picking tecachers with higher than average Test Scores, but otherwise

randomly, will be to increment pupil test score.

The point of this discussion is to make clecr the limitcd meaning of
the "partial derivative" in assessing policy. 1t would take a very non-random
selection of teachers to actually produce a decline in Pupil Verbal Score:
all characteristics but onc, Test Score, would have to remain constant. And
since thpsc chqracteristics arc extreme values to begin with, there is a
natural tendency for them to become less extreme with random selection. If,

on tie other hiud, School 79 is a school which always gets inexperienced

- - L IRy e

26Lo]cmtJ, et al, (7)) do not actually give the mean teacher Test

Score, but the 9(010 “of the teacher of the average pupil, in Table 2.33.1, page
131, My School 79 has a higher averape 1hdn that facing any group of children
listed in this teble, '
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teachers, . i.e., teuacher sclection is not random, a deliberate policy to

increase experience will piove beneficial, even j{ average Test Score would .
e 27 . . e .

decline, We con sce this by taking the derivative with respect to

Experience;

) Eé%%%ience= = +3:53 + 165 (Teacher Test)

At the average Teu hor Test for school #79, this value is +.04, or'indicating
over six times the gain in Verbal Score for a year's experience than the loss
in Verbal Score from a point of Teacher Test: score,

Once again, however, we should take account of the fact that g randomly
selected tcacher witlh higher experience will $till have a lower test score
than the avcragé teacher in School #79,2%8 jioy low would it have to be to decrease

the Verbal Score of pupils? Ihere the derivative is g {unction of one variable

orly, as in this case, we can solve for the level of that variable a‘ which the

derivative changes sign (in those cases in which it does). Setting 5?%§; =0

and solving the cquation imnediately above, we find that Test Score must fa1l1
below 21.4 before this expression becoies less than zero. Since this figure
is below the average Test Score for this sample {or the nation), and since 1

am sampling only teachers above a minimun level of experience, it would require

——— " ey f—

zthis discussion, of course, assumes that 1 have cstimaled a real pro-
duction relationship,  From preceding comnents on Experience above, it should
be clcar that ] give Tittle credonce 1o the estimated relationship between
Experience and outputs being a production relationship,  Tais discussion is
procceding, however, to demonstrate the use of production estimates if we had
any,

28This effect s actunlly a function of the distributicns of the two
Tactors, We are selecting randomly from teachers with more than 3.7 years cx-
perience, and asking vhether, on the average, these teachers have Jower than
25.3, the current School #7¢ riean, on the Teachey Test,
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a negative cérrc]atién between kxperience and score to produce an expected
Test Scorc low cnough to reduce output. As we know, there is a slight posi-
tive correlation between Ixperience and Test Score. So éne could randomly select
teachers on the criterion that they be more experienced than those in School
#79, with confidence that this will improve the output of that school. Fur-
thermore, such a selection will induce a higher payoff to the already high
Test Score present in that school, as seen in the derivative of Verbal
Score (of studcnés) with respect to Test Score (of teachers).

Note that all this makes some scnse with regard to how schools
might actually work, School #79, this discussion indicates, could profit
greatly from a sclection'procedurc which brought somc cxperience to the
school, even at: the loss of some Test Score. If onc selected randomly among
applicants with high Test Score, there might be some improvement also, but
this is just bccause that Test Scorc is likely to be associated with Experi-
ence. If onc sclected nonrandomly, for tcachers like those in this school
but with higher Test Scorc, the improvement would be small or even negative,
The school might be churactcriapd as having far ahove average teachers in teims
of their talents, but far beluw average teachers in temms of their abilities
to put that talent to usc in producing school output. A couple of Expericnced
teachers, even if not as capable.of scoring well on tests, could direct the
talents of the inexperienced teachers. There is, in other words, a real inter-
action between experience and talent, vhich corresponds to the cquation's in-
teraction between Experience and Test Score.  Although on the average the
school system would use these equations to look for teachers with higher

Score, in this particular case, it should lcok for teachers with greater

Q
FERIC Fxperience.
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I should note here that the interactions as defined are the product
of school means, not of individual teachers. In fact, the average of tcacher
interactions will equal the interaction of teacher averages only if there
is no corrclation between teacher attributes within schoo]s.zg Although it
is. important to consider the real-world conditions that might produce the
significant interaction cocf{icients, it is facile and not altogether justifiable
to consider them as indicating interaction between different tcachers. With-

out considering the characteristics of the different teachers, there is no way

to know if Expericence and Test Score interact in that onc teacher with both char-

acteristics is a super tcacher, or because two teachers, cach with one charac-

teristic, complement cach other. To detcrmine this difference, I would have had
to go back to the original teacher data, and re-aggregate by school, taking
interactions for each teacher, and averaging. When the variables are posi-
tively corrclated, the average of individual interactions is larger than the
interaction of the means; and conversely when negatively corrclated, it is
smaller. I would expect that in most schools ihe values of Test Score and
Experience would be positively correlated. I see no reason to expect that they would
be positively correlated botwccn'schools, but negatively corrclated within.
However this might not be the cascin all schools, and it might be the case

to varying degrees. Thus the average of individual interactions would not

be a lincar transform of the interaction of uvcragcs,'and could 'bc expected to
produce different results, For the purposes of this paper, 1 felt this point

~ould not be investigated further. 1t does bear keeping in mind, however,

¢ ) . .

2‘)'l'his is a well-known probability theorem that the cxpected value of a
product is the product of the expected values only if the elements‘in the
product ave uncorrelated,




when it comes to interpreting the results.,

We return now to the derivative of the Verbal equation with respect
to Test Score, and consider a school with high Experience, #86. Despite
a higher Preference for whites, and consequent negative effcct, the rate of
increase in Teacher Test Scorc is 1.93. Thus School #86, which has an above
mean Test Score, could gain a great boost in output from sclection of high
Test Score tcachers. This sclection, if random, will reduce the average
experience lcvelvof the school (which was selected as having a high experience
level), and thus reduce the incremental effect of further increases in Test
Score. Nonetheless, the Test Score in this school is lower than in School
#79. While the Experienced but lower scoring tcachers should be assigned to
School #79, the higher Scoring (if less Experienced) new tecachers snaould
be assigned to School #86.

This discussion has abstracted from price considerations. As Part I
of this paper suggested, the cconomic cfficiency criterion necds prices for
a solution. If a ycar of Lxperience costs more or less than a point .of Test
Score, then the simple suggestions made above arc not strictly relevant.
The method by which prices are accounted for was outlined in Part I. However,
to the extent that general productivity énd cost considcrations have led to
hiring those qualities in tcachers which are most cost cffective, and there is
now a pool of new teachcrs to be assigned, the considerations above can pro-
ceed without reference to prices, They are po]icics of resource
allecation given resources. This, we have scen, is the concept of Technical
Efficiency. Jt assumes proper monagement in Schools #79 and #86, after the

policy, and in all schools (for estimation purposes) before the policy is




enacted, 1t is onc usc to which a good production function could be put.

In addition, of course, the derivatives offered here could be conbined with
price data--which might also be different for different schools-- to determine
the most effective resource mix for a given budget. If cither the prices
facing the schools or their output reactions are different, then different
resource allocation decisions apply to different schools.

The derivative with respect to Experience became negative at a value
of Test Score not far below the mean. In fact, ninc of the thirty schools take
on a negative value of this derivative, i.c., would lose output given morc experi-
ence, and nothing else, At the means of the variables, the rate of change .
of Verbal Score with respect to Experience is ,36. Once again, this figure
is closc to that of the coefficient in the simple linecar regression, .49. In
Table 1V-4 I have calculated the derivatives from the linear function at the
mean valucs of'variablcs, and indicated how far (in tems of standard errors of
the coefficicents from the simple lincar equation) this estimatc is from the
regression coefficient in the simple linear form. In all cases where school
resource variables interact with other resource variables, the difference from
the lincar estimate is insignificant, Why the interaction with a background
variablc-sO should so diffcrcnt]y affect the resource estimate 1 do not know;
but this issuc will be discussed below.

Before leaving the Verbal Score equation, we might look at 'its last
interaction derivative, that with respect to Race Preference.  The equation
for this derivative appears in Table 1V-4. Calculating where it turns ncga-

tive, we get a Test Score of 36.5--on a thirty question test! .In other words,

Oy, s . . . . . .
3 The interaction between Experience and Possessions in the Reading

Equation,




TABLE 1V-4

Partial Derivatives from Interaction lquations

Comparison with
partial from
Evaluated simplc linear
Equation Partial at Means cquations
' T (within--standard errors)

Verbal -~

oY .165 (Exp) - .116 (Race
D Test Pref)

oY -3.53 + .165 (Test)
O Exp
2y
ORacePref

+ 4,23 - ,116 (Test)

Reading

CA -1.30 + 134 (Lxp) + .0252
OTest . (Racc)
Pref

-3.62 + 134 (fest) +
0798 (Posses)

2Y_ o L0252 (Ixp)

© Race Pref

= L9018 + ,0798 (Iixp)




there is no really negative effect induced in the return to output {from ad-
ditional Race Preference, és Test Scores are higher. There is & non-linear
relationship such that at higher Test Scorcs the effect of additional Prefcrence
for Whites is diminished; but an increment of the Preference never results in
a lower score. At the maximum possible value of Test Score, 30, the return to
an additional point of Race Preference is .75 of a point of pupil Verbal Score.
At the mean Test Score, the return (remember, these are white children) to ad-
ditional White P}efcrcncc 1s approximately 1,57 points of Verbal Score, insig-
nificantly differcnt from the simple linear estimate.

In terms of comparing equations, note first that the coe{ficients
of the two "interaction““terms which had been entered, because of their form,
into the original simple linear cquations, are hardly affected by these multi-
plicative interactions. Of the other variables not involved in the interaction
temis, only People in the llome was particularly affected., The coefficient. in
the interaction cquation is not significantly different from zero at the

generally accepted 5 percent level. This variable had originally appeared in

the Reading equation also, with non-weighted estimation.31 With estimation

by weighted regression this variable became insignificant in relationship to
Reading, and now with interaction its importance with respect to Verbal Score
is diminished,  Given the stability of the effects of the other background
variables, onc is inclined to ask just what People In The Home is ‘measuring.
It.is one of the muny questions to which I have no answer, however.

The derivatives from the Reading cquation can be calculated, and have

been presented for those variables with interaction in Table IV-4, above. Once

31500 Michelson (16), Table 1.
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again the partial derivative of the output equation with respect to Teacher
Test is negative for School #79 (- +66), positive for School #86 (1.25). 1t
is positive at mecan values, and very close to the value of the Test cocf-
ficient in the simple lincar cquation.  Race Preference now can be sig-
nificantly entered into the Reading cquation. There is no coeflicient to

Compare it to in the reading equation.32

The introduction of an interaction between a school variable and a
background variable has more policy significance than might at first be ap-
parent. The previous interactions had refined the notion of a derivative,
so that the best policy for a particular school depended on the icvel of re-
Sources already at that school, But there was no mention of requiring a dif-
ferent mix of resources for each school depending on the kinds of children
in that school, Yet just as teachers interact with cach other, so that one's
experience might add to another's talent, so tecachers and children interact.
It might be that some resources arce particularly appropriate to some chil-
dren, other resources to other children. 1In a previous paper I have developed
this idea, calling it "Resource Specificity." The point 1 am making herc is
a further development of that conccpt.33

"Specificity" means that different children react to different re-

sources differently, In general this can be tested by asking whether the same

.
Sttt hme ¢ B uw st ewmnes o -

321 did specify a siwple Tincor Reading equation with Race Preference
to determine a coefficient: It was 55, and the two derivatives diverge by 1less
than one standard error. If a researcher had a theory about instruction which
included Roce Preference as an Important wariable, then he would not pay such
obeisance to statistical significance in determining the specification of his
cquations, .

335ec Michelson (16 ).
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production function describes cducation for different types of children.
These may be by ethnic group, urban-rural background, language in the honme,
ctc. If some grouping pruduces a different relationship between resources
and output, then different resources are specific to these groups.

Specificity implics that an intcraction occurs between the charac-
teristics which define the group and all school variables. One is best off simply
saying that their production relationships are different. In the present case,

I am claiming a éuch more limited interaction. There is, for example, no
conflict in sign: Experience is not a positive resource for some children, a
negative resource for others, But therce could be some difference between
schools which would makcﬂmore Experienced teachers more effective in some
than in others,-

If this were a production function, the implication would bc that the more
experienced tcachers function better in interaction with higher social class stu-
dents. However, notice that the derivative of Experience, at the means, is
essentially zero, whercas the derivative with respect to Possessions has in-
creased closc to two standard errors (with respect to the simple linear
equation). This might be used to strengthen my previous argument that Experience
was rcally a social class variable. On the other hand, two additional factors
should be noted heve. The first i« that in this interaction, unlike the others,
there is within school variation, Each pupil has a Passessjons'iﬁﬂex, whereas
cach child in a school has the same Experience measure.  Though this is true,

I do not sce why this argues that Posscssions should tuke away the effect of
Experience in interaction.,  The second factor is that, given the units of coding,
the values for Experience were generally two to three, and at times more than
four tines the valucs entercd for Possessions, . This does strain the task of

the single interaction coefliciont, to mean the gume thing for un increase in
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one unit of cach variable. On the other hand, the difference between Test
Scorc and Race Preference was as scvere, without such i1l cf{ects,

I have, then, no strong explanation for the difference between this
interaction and the others, in temis of estimating, at the mean values, the
simple linear cocfficient {or Experience. However the important point is
x-nade that part of the interaction invcstiéated here is among resources them-
selves, and part is between resources and children, Given this latter inter-

action, therc is no reason to think that all schools within a district should

have the same resources. A good production function estimation would help

determine which resources are bost employed where,




Non-Lincar Trans formations

Some non-lincar forms can be brought within the estimation capabilitics
of linear regression by transfommations of the data. Two such trans[lorma-
tions have been discussed, and will be presented in this section: parabolic
(i;e., second degree polynomial) and logarithmic (or multiplicative). To
justify one form or another, onc ought to discusslthc type of error assumed,
though this is scldom done, For cxample, the multiplicative form aséwnes

that error also has a multiplicative effect. Error is otherwisc assumed ad-

ditive. I have no theorctical basis for assuming error is additive or multi-.

plicative and, like my predecessors, will say no more about it.

The equations utilizing squared temms appear in Table IV-5, and their
partial derivatives in Table 1V-6. It can be seen that adding one term in the
Verbal equation, threc temms in the Reading equation, raisecs Rz, though not
by much. The effects of the background and control variables remain fairly
much as they were. The effect uf Teacher Test is raised in the Verbal cquation.
As in the interaction equation, it never gets negative, despite the presence of
a negative tem in the expression of the partial derivative., At 30 questions
correct, the derivative is still +,60. The overall effect of this transformation
is to raisc the estimated effect of an increase of onc point of Teacher Test
Scdro for most schools,

Teacher Test does not have this property with respect to the Reading
output. At 30 correct questions, the ra{c of change of Reading Score with in*
crements to Tecacher Test Score is -.90. ‘There is no unique Beta weight given

this transfommation, because of course the effect of a standard deviation




TABLE IV-5

Weighted Regressions with Non-Lincar Transfommations
Eastmet City Whites

Regression Coefficients Beta Weights
Verbal Reading Verbal Reading

Sex ' 2.43 3.19 . .102 .195
- (.70) (.48)

Age 12+ -8.93 -4,12 -.209 -.141
(1.18) (.86)

People in the Hohe -.227 -- -.057
(.13)

Possessions 1,15 .427 . 235
(.17) (.52)

Father's Education ' .595 .164 .128
(.14) (.10)

Kindergarten - 3.54 .142
(.80)

Teacher Test . 3.36 677
. (1.54)

Teacher Experience . 545 .210
(.075)

Hi-Ses~LoRes-MidPeer 6.84 .109
- (1.91)

LoSes-HiRes~l.0Peer -12.90
- (1.79)

Tracking

L3 Al - 2
(Teacher Test)
(feacher hxpcrjonce)z

(Possessions)2

Constant ~50,45
003




Partial Derivatives of Non-Linear Yquations

Verbal

oY
oTest

Reading

Y
Dlest

oY

OExperience

oY
o Possessions

TABLE 1V-6

3.362 -~ .092 (Test)

3.054 - ,132 (Test)

427 + ,214 (Possessions)

-.534 + ,076 (Ixpcrience)

81

Evaluated
at
Means

1.25

.025

.28

1.92
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change in Test Score now depends on what the Test Score was to begin wiéh.
From the mcan Score, cssentially. 23 right, with a standard deviation of 1.8
questions, the effect on Reading Score of a standard deviation increasc in
Test Scorc is a .044 standard deviation increase in Reading Score. This is
far smaller than the Beta weight from the simple lincar regression. The
squared term here is clearly compensating for the truncated score, the

fact that no scorc over 30 was possible.

The partial derivative with respect to kxperience has a disappoint-
ing form, which remains even in the next scction, where non-linear trans-
fornations and interactions arc combined. I expected that the constant temm
wculd be positive, and the level-dependent term negative, implying a decreas-
ing rclationship between Experience and output. The opposite signs occur.
Sclow slightly over scven years of Experience the relzcionshin between Read-
ing Scorc and Expericnce is negative, Siv zhools have such low Experience
levels, but this group does ot include the two schools with the lowest
Read*ng Scores.

The results from using (Posscssions)z, howzver, are quite rcasonable. The
relationship between output‘and'bachround would not be lincar, it scems to me,
in'any carcfully thought out model of cducation. Part of this is due to the cumu-
lative advantoges of spending six years in a lome where cognitive skills are
stressed and practiced before the schooliry production cven begins. The
whole concept of accumulation of skille .3 interactive, not additive. Con-
sider, as a simple example, the use of the word "not," or the whole concept
of ncgation, 7This doce not add one vord to the vocabulary, but multiplics

all other words and concepts by two. An adjective is not just a word, but is

-




as many phrascs as nouns it gocs with; and advcrbg‘count as many times as
they go'with adjectives, In fact, the cocfficient of Possessions alone is no
]ongcr statistically significant. The effect of Possessions on Reading scems
to be dominantly multiplicative, even if all it can multiply in this form is
itself. Tt is clearly not multiplicative in rclationship to Verbal Score.

Additionally, the effect of background can be expected to be interactive

with school resouices, and possibly ecven with the average background level
in the school.34. Thu:. another part of thc non-linearity of the rclationship
between background and output should be due to production in the production
unit (school). A last part, nccdless to say, occurs during the production
process but not at school,

In Table IV-7 a Reading cquation is presented which includes logarithmic
transfonnations; Untransfoimed, the coefficients in that table rcfer to the

following equation: e

300_'36AP'56H'24"06”'83E'17e'2919-'08K

Y = (.165)S" BP0

where Y is Reading Scorc output

S is Sex

A is Age 12+

P is Possessions

il is Pcople in the lome

F is Tather's Edncation

T is Teacher Test Score

E is Teacher's lixperience .

1 is High SES, Low Resources Mid Peer Interaction Measure

K is Tracking

°4This is a crude way of analyzing "peer ¢ “fect," however, Without iden-

tifying with whom a pupil is placed in classes, and with whon he associates, it
scoms feeble to attempt to identify the influence of other children on him.
1f there are cnough children like him, he may associate with them and be influ-
enced by them regardless of the mean level of the schoeol,




The constant is the anti-log of -1.801. The three variables which ap-
pear as exponents work in the following way: When they have the value zero, the
expression can be written without them (since ol = 1). VWhen they have another
valuc (which can only be 1 for age or intcraction, 1 or 2 for tracking), the
rest of the expression is multiplicd by a constant, They shift the multiplica-
tive constant by a fixed amount. A child age 12+, for example, is given the

value 1 for the age variable, and therefore e—'36

for the multiplicative
shift, This is 698, The cquation constant then effectively becmnés
(.698) (.165) = ,115, This implies that, all other things equal, the child
12 years old or older in the sixth grade is scoring at approximatel,; 70 per-
cent of the level of other children. It also must mean that any inc-ecase
in resources will be 30 percent less effective for this child than for other
chiidren,
To sce this more clearly, consider the derivatives of this equation,
as given in Table IV-8, The dcriﬁativc, as cxplained there, rctains the
constant as multiplier, If we coasider the exponential terms as shifting
this constant, then they do so for the derivatives as well as for the equa-
tion It is then a part of‘thi; functional form that anything which reduces
the cquational vaue by a constant percentage, as does the age-shift variable,
also reduces the incremental c(fect of @ny other variable by *he same amount.
By the same argument, the effect of having the specified .IJnteraction in-
creases the equation (and cffect of increases in any other variable) by
33,6 percent,  The effect of Tracking (as opposed to no Tracking) is to re-
duce the cquation by 17,3 percent from the value 1t would othewwise have.
Tracking, under this cquational form, reduces the cffcélivunvss of increcascs in

siher school resources also by 17.3 percent,




Log Sex

Age 12+

Log Possessions

Log People in Home

Log Father's Education
Log Tecacher Test

Log Experience
HiScs-LoRes-MidPecr

Tracking

Constant

RZ-

TABLY, 1V-7

‘Logarithmic Transformation

Eastmet City Whites

Reading

Regression Coefficients

Beta Weights

-.359
(.0063)

.303
(.052)

. 560
(.03%)

. 241
(.038)

.057
(.001)

.833
(.183)

.109
(.036)

. 285
(.099)

-.079
(.02n)

<185

-.176

.544

.214

.030

.164

.145

.095

- 0118
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. TABLE TV-8
Partial Derivatives of Logarithmic Equation
Evaluated
at
Means
Rcading j
2Y
“STest - .0363 R .64
oY - = .
~SExperience = .00736 R .13

Note: Where

- 1,2

Y = a)(Jl X2
oY . b a)(bl-lxbz
X 171 2

1

(where X2 is constant)

b b, b
1 1.2
= (X‘]') aXy "X,
b
1
= . Y
X1

when Y is cvaluated from values of Ay and X,

At the means, Y = aX'l 5\'2 . lHence the expressions  for the derivative zbove,
bi _

which arte =~ « R,
X




The other coefficients, which are written as variable exponcnts in
the form above, can be interpreted as output elasticities., As noted in Part
IT, they are here assuned constant, I will comparc these clasticities with
those calculated from the simple lincar equations just below, First, let us
look at the valuc of the derivative at the mean. From Table IV-8 we see that
fhis form leads to low eétimatcs of the derivative,>> The mean values through
which tﬁe regression fit must pass arc the geometric means of the variables
(the means of thé logarithms of the variables), whereas arithmetic neans
are used for the table and arc appropriate for the linear form. This makes
comparisons at the same values difficult. However, since the geometric mean
is lower than the arithmetic moan,sé the derivative figures would be cven
lower, Taking thc maximum Teacher Test Score, 30, the derivative (1.09) is
about equal to the simple lincar estimate,

The output elasticity can be easily calculated for the simple linear

form, R=zcall that

Y=a+ b1X] + ..+ bixi + ..,

is the familiar lincar fom, and

-

is the clasticity formula from Paxrt I7. Then a one wunjt change in X; (dXi = 1)

Rk e I S ———.

35 . . .
°0f coursc the preceding second degree polynonial did have an even lower
partial derivative with respect to Teachor Test,

3 . . . . . .
bAvvrupJng over schools, the arithmetic mean Reading Score is 17.62.
The geometric mean is 14,45,
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causes a bi change in Y (dY = bi)' This formula therefore reduces to

y b.X&

2
! R
‘where the bar denotes the mean, and R is Reading Score. The values from

the simple linear equation arc - - .

‘bp= .45

B
(¢3]
i}
-
[
o
-

using the symbols from Qbove. The valuc of the clasticity with respect to
Experience is close to the cocfficient from the ]ogarithmic fomm, but the
Test Score elasticityis not close. ’Using the standard errors from the
logarithmic cquation, ¢B is within one standard error of the constant clas-
ticity estimate, but ¢T is over two standard errors low. I would not want
to conclude, then, that the simple linear form and the logarithmic form reach
Eimilar average cstimates of sta?iétics. I would conclude that in general
the lincar fonn with interactions or non-lincar transformations allows a great
deal of flexibility comparcd with the multiplicative form, 37 Thercfore 1 will

present one Jast sct of cquations corbining these two featurcs.

37Bowlcs ( 1), for rcasons which I cannot {athom, chooses the multi-
plicative over the simple lincar form, not considering the lincar form with in-
teractions, lle docs note some of the disadvantages of the multiplicative form,
particularly that the sign of the interaction between two inputs (their cross-

tives. He does not go on to explore the lincar form with interaction, in which
the sign of the interaction s not constiained.

partial derivative) is deteminate, given the signs of the first partial deriva-




Final Level-Dependent Lyuations

1 have called the general form of an equation in which at least some
parfial derivatives depend on the levels of some variables, "level-dependent
forms, In the preceding sections I argued that, considering a very limited set
of foims, the combination of high order transformations (squarcs or higher powers
of one variable) and interactions in a linear regression format was convenicnt
compared with th'e multigicative foim. Many more complex considerations have
been ignored. Of these, the most obvious is one in which the elasticity of sub-
stitution between factors is held constant. This fom has become popular in
economics, though at aggregate levels (that is, for a mix of producfs, not for
an industry production function). Tt is not immediately apparent that this
would be a good restriction for an educational production function, but at
least this demonstrates the direction in which future experimental and theoreti-
cal work should look before we will be ready to estimate such functions.

I have estimated general ""level-dependent' equations for the Reading
and Verbal outputs, These appear in Table 1V-9. In the Reading cquation,
Possessions and (I’osscssions)2 both appear. 1In the Verbal equation, no back-
ground variable appcars to a power greater than 1. (Teacher 'l'est)‘.2 appcars in
both equations, and in both it has a negative sign. As cxplai:;cd above, this
is rcasonable, given the truncated Test scores. In addition therc is no reason
to belicve that any relevant talent for teaching which might be ;nc.asurcd by such
a Test is lincarly correlated with that Test Score. Higher scores on the Test
might indicale more talent, but not necessarily iv cqual increments.

The Teacher Test has been interacted with Yossessions, as cacli repre-
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TABLE 1V-9

Combined Level-lependent Equations
Eastmet City Whites

Regression Bstima@gE_ Beta Weights
Verbal Reading Verbal ™ Reading
Sex 2.675 3,393 .114 112
_ (.67) (.470)
Age 127 -9.508 -4,413 -.223 . -.151
. (1.149) (.86) )
Possessions . -10.422 -4,958 -2.124 -1.477
(1.97) (1.40)
(Possessions)2 .142 .484
(.045) -
Pcople in the lome -.137 -.035
(.120)
Father's Lducation .485 .140 .104 .044 -
(.13) (.098)
Kindergarten 4,246 .170
— - (.77 ‘
Teacher Test ' 4.970 1.564 1.002 . 460
(1.52) (1.20)
(Teacher Test)? -.207 -.0979 -1.830  -1.268
(.039) (.028)
Teacher Experience -2.627 -3.403 -1.014 -1.920
(1.102) (.83) ‘
Tracking . -1.735 -.180
: (.29)
HiSes-LoRes-MidPeer 5.355 2.794 .085 .. .065
- (1.85) (1.37) )
LoSes-Hikes- LoPeer -3.934 -.068
) (2.044)
Expericnce - Test 125 .151 1.253 ° ° 2.223
(.045) (.034)-
Test - Possessions .500 .22 2.630 1.681
(.080) (.006) *
Test - Race Preference L0008 170
(.016) ‘
Constant -8.063 20.534

.643 .505




sents the most powerful indicator of quality: Test, of school quality, and
Posscssions, of background, The cocfficient scems large, significant at the

.1 percent level in both cquations, and positive in both cequations. 1f one be-
lieves these measurcs and the multiplicative interaction, then it seecms that
children who come from high class homes and go to high resource schools do
better than the sum of the high class and the high resource effects. Since
this already presumably corrects for the triple interactions of high class, low
resources and mié peers, plus low class, high resources and low peers, which
work in complementary directions, then the homc—schoo] interaction effect is
truly spectacular.

The other intcracéions remain pretty much as we found them before. FEx-
perience and Test interact positively, indicating cither interaction between
Experienced and high Test teachers, or that thosc teachers with both qualities
are super teachers., Given Test Score, the teacher who Prefers Whites is
associated with higher Verbal Score whites, though considering that the mean
score is for approximately (interpreting liberally) 60 percent white, this
might indicate tcachers who want the sccurity of a dominantly white school, Lut
don't nccessarily prefer to tcach white chi]drcn.38

“Scme partial derivatives for these cquations are given in Table IV-10,
along with their values at the means. The difference {from the simple linear co-

efficients is also calculated and given in the last column, These' differances

P — - A S ore st m—— ey

zSThc questjon allowed for "all white," "mostly whitce," "half and half,"
ctc. "Mostly white" wus coded as 9, with all vhite as 10, mostly nonwhite as 1,
all nowhite as 0. 1 preswae that on an individual teacher basis there are more
9 answers than 1, so0 that had these responses been coded as § and 2, the mean
score (5.8) would have Leen Jower.  Thire Lrapslating 5.8 to percentages is an ex-
ceedingly Joose P terpretation of this variahle. '
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TABLE 1v-10

Partial Derivatives for Level-Dependent Equations
Eastmet City Whites

Standard Errors
Different f{rom

Evaluated Sinple Linear
at Mcans Coefficient®
Verbal N
D—Y— = 4,970 414T + ,1251; oGP 703 1.6
dTest T . Pt . -1.
.+ .061R
2Y = -2.627 + ,125T .242 3.3
9 Experience
S oo = -10,422 + ,506T 1.101 + .8
Reading
d ) \
'57%‘.;1 = 1,564 - ,i906T + ,151F + .221p 234 -1.0
oY o
Sjii};crj(:ncc = -3,403 + ,15]11 .062 4.4
e e = <0958 + L2800 4 221 2.009 +4.0
olossessions

Signs indicate: + higher than simple lincar estimate

- lower (han siwple Jincar estimate
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are large, and consistently increasc the cstimated effect of backgr&und, de-
Crease the estimated effect of school resources, as comparced with the simple
linear cquation. The Teacher Test derivatives are negative at 30 questions,
holding the other variables constant at their means. In fact, at thesc mean
levels, the Teacher Test derivative turns negative at 24.6 questions for Verbal
Score, and 24.1 questions for Reading Score, Can it be-that in a school with
mean values of Experience, Race Preference and Posscssions, adding a teacher
with a high Test Score but otherwise average valucs will reduce the output

of the school? Or docs it mean, an interpretation I much prefer, that we

are still far from estimating a production function?

The R2 from these cquations are not spectacularly higher than thosc {rom
the simple linear equations, Each R% increased by less than 10 percent of its
initial valuc, Thus the advantage to such compliceted forms would seem to
lie in presenting a better picture, if they do, of the way in which the inputs
are related to the outputs, They do ot markedly increasc our ability to cx-
plain variations in output with these inputs. As noted carlier, I find this
inability to cxplain much more variance quite comforting: i would not like to
live in a world much more detcrminate than this.,

One last point should be discussed here. A Beta weight groétor than 1
is a rarc phenomenon in social data. To think that a standard deviation jncreasc
in an input could produce more than a standard deviation in an output scems ex-
treme.  Onc might look fo, an explanation in the relative invariance of the out-
put measure, so that a couple of rare points create this effect, Or onc
might look for collincarity in the input measures, again an argument that the
relationship is spurious, a result of the non-representative distribution of

error,




Six ygriablcs out of 14 in the Verbal cquation, and five out of 12 in
the Reading equation have Beta's greater than 1. However, one need not look
for spurious statistical artifacts to cxplain them. The problem is that with
trans{formations and inte?aclions the Beta weight for onc éoefficient simply has
no meaning. The Beta's for thosc variables not involved in these manipulations
are nicely behaved (i.e., small)., There arc no unique Beta's for the other
variables, as explained above. Therefore I have calculated effective Beta
weights, at the écans, for the threc variables whosc derivatives appear in
Table IV-10. Thesc appear in Table 1V-11. These arc approximatc values, cal-
culated from the partial derivatives. .

All the extreme Béta values are explained by this simple calculation.
The resultant Beta weights arc far émaller than ihe Beta's from the simple
lincar cquations for the school variables, and grcater than the simple linear
Beta's for the background variable, Thus if Beta's are used to measurc rel:.
tive "importance," school variables arc even less important, relative to back-
ground variables, than predicted by the highly averaged simple linear cquations.,
As always, whether this means thit™policies affecting the home cnviromment arc
more cost-cffective than policies affecting schools cannot be determined from
this result, But to the eatent thal these cquations arc considered more ac-
curate than the simple lineur cquations, they arc also more depressing in temms

of leading to cffective schuol policies for increased cognitive skills.

Along the Creat F ronticr

¢ i ——

One of the tasks promiscd for this paper was an attompt to locate schools




TABLE 1V-11

Approximate Beta Weights for
Level-Dependent Equations

Verbal nggigg
Teacher Test 142 . .069
Expericnce. 003 .035
Possessions .242 .624

Note:

Derivatives are taken from Table 1V-10, and thercfore
for Teacher Test refer to the interval from onc-half
standard deviation below the mean to onc-half standard

deviation above the mean.




at the production fronticr, and rc-esti wate production relationships with
these schoois. No pretense was made that this experiment wouid be a suc-
cess, and I believe it has lived up to its expectations. Fronti . schools
were defined by dividing schools into four regions by their average Test
Scores: morc than one standard deviation below éhc mean, within onc standard
deviation below the mean, and similarly for above, Within these categories
the schools with the greatest positive residual

’ A

R - R,

from the simple linear regression were sclected as Frontier schools.. Eighteen
schools had positive residuals, and of these, seven were chosen, Sixty-seven
children were involved, and the sample was re-weighted to give each school
equal weight, and cach child cqual weight within each school.

The resulting estbﬂétcd equation appears in Table IV-12, I only used
the simple lineer fomm for this experiment. All variables except Sex had co-
efficients larger than their stancard errors. What would onc expect from Fron-
tier observations? The basic expectation is that the school variables will have
larger regression coefficicﬁts. I would have no expectation about background
variables, because I am not sclecting for home production, but for the most
productive schools, controlling for background.

The Teacher Test coefficient is indecd Jarger than it was.in the ori-
ginal equation. On the other hand, Teacher Ixperiénce and Tracking have re-
versed signs.  Besides these two and the insignificant Sea cocfficient, all the
other coefficients have increused, There is nothing special, therefore, about

the Test ¢ ficient, The Beta weights should, be ignored in a sample which




TABLE 1V-12

Reading Equution for Frontier Schools

Sex

Age 12+
Possessio;s
Father's Education
Teacher Test
Teacher éxpcricnce

HiSes-Lokosourcos~hﬁdPeer

Tracking

Constant

.R?

|
97 |
|
Regression beta
Coefficient Weight
.587 . .038
(1.54)
-9.344 -.416
(2.50) '
2.172 - .593
(.34) )
o 507 .153
(.37)
1.043 L4064
(.28)
-1.862 -.560
(.44)
7.167 .251
(3.25)
1.64 .221
(.97)
-7.100

.583



promiscs nothing in tems of representativeness.

I would 'concludc that the experiment is totally inconclusive, The
students in thesc schools scem more responsive to just about any change, which |
is an appcaling characteristic which well managed schools shoul'd disclosc. Few
‘rescarchers will be convinced that a regression on 67 children better represents
production conditions (when well-managed) in Eastment than the 974 white sixth

grade children in the original city sample, or the 597 of these who remained in

*

one school from the first grade; or that seven schools represent production charac-

teristics better than the 36 or the original sample. I want to stress that, in
the long run, these opinions atout maintaining sample size will be proved wrong.
Some small sub-sample of schools and children will better demonstrate the tech-
nical possibilities (within a given burcaucratic structure) than the entire

sample. 1t scems safe to say, however, that this particular sub-sample has not

done so. 39

Lessons from these _}’:\yerimcnts

The first thing to note is that the functional form is important in de-
termining the cffectiveness of different policies. Vo judgc that one resource
is educationally helpful on the basis of a simple linear rcgression'might
neglect dmportant interactions which could render that resource ineffective in
som: situations. Though the use of non-lincar transformations was instructive,

probably the most important infomation in the preceding sections came from the

—— — -

39:\5 a post-script 1 will note that the explanation here, that these
figurces diverge too much frem those found bef orye, seoms exceptionally weak.
What needs to boe done is to set out the criteria under which one would accept
the sub-sample results as in fact the frontier relationships. These criteria
should probably be independent of compurisons with results from the entirve sam-
ple. [ have not yet imdertehen this task, and T consider it a formidable onc,
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interaction temms, Teachers interact., Within a school, onc might consider the
mix of teachers in making new assigmments. In fact, ‘udicial enforcement of
racially balanced facultics is a step in this direction: assignment of one
teacher is dependent on the characteristics of the teachers already at that
school, Although I do not know the educational ~ffect of such assigmment cri-
feria, at least they open the door for other resource-interaction considera-
tions, |

In additién, resources interact witl backgrounds: Teacher assignment
should consider the types of children in the school. This is quite an im-
portant result, If one were to believe, as many of the educational ‘skeptics
try to read from the LEOS study, that schools contribute nothing to cognitive
skills, then one would believe that wealthy suburbanites werc foolish in their
high per-pupil expenditures, If, on the other hand, the marginal productivity
of a dollar expended in a high class neighborhood, in terms of produci.g
cognitive skills, is grecater than in a lower class ncighborhood, then it ap-
pears that these people are particularly sensible. That is what this. inter-
actionltcrm implies. It follows cveryday obscrvation: that schools in lower
class neighborhoods expend a great deal of effort in behavioral outputs--under
the general heading of "discipline." It follows from a radical ané]ysis which
sees schools as places of socialization first, cognitive achievement last:
upper class children are already socialized. This interaction defines the most
important challenge to the educational cstab]ishmvﬁt today: from "cost-benefit"
and other de-himanized (but "rational') approaches, an educational production

function with a hoe-school interaction tem like this once will dictate putting

moncy where the pupils arc most prepared to use it, wherc they by and large alrcady
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have a great deal. This would not be true only if prices worked the other
Way--if resources werc more cheaply supplied where they are more scarce.
But-everything we know about prices indicates the opposite, that resources
(such as teacher talent) prefer te go where there is alicady a fund of that re-
source, and where the stﬁdcnts arc already prepared to take advantage of it,40
The challenge, then, is to use a hEﬁﬂﬂ calculus in allocating resources, not

a monctary calculus: resources should go where they are scarce, even though
their marginal effectivencss will be small there. '

The practical effect of this interaction is to help explain muckraking
studics which show that funds Spent on compensatory education are not very
productive, Most of the”argumcnt against such views has been--rightly--that
these funds have becn so badly administered that they cannot be said to have
gone for real compensatory education, Furthermore, they have been diluted, spread
over too many children, The home-school interaction temm indicates that a
small amount of compensatory program actually reaching a low-income child can
be expected to have little cffect. That same amount reaching a high-income
child could have a larger cffect. Consider the obvious impact of financing
a science fair in an otherwise ;ell-off school district, compared with the
iﬁcrcment to science knowledge from the same amount of funds spent in science
education in a low-income school, The pre-conditiens for effectively absorbing
such {funds are so different, that of coursc the measured benefit from the

fommer project will exceed that from the latter, Yot gjjj}gqug_ghj]drcq are

T Rt et e et g te e 4 6 e

OFor evidence on the prices of teachers with different amounts of
Test Score, holding constant other fuctors, sce levin (13). TFor a model
which determines that teachors of higher quality supply themselies to suburban
schools, see Cwen (19).  Martin Katzman, in a persomal communication, 1cports
results of a regression of pereent teachers with Masters (or Masters and Bache-
lors, in another regression) against Mastors salary and social class. '"Percent
Masters was highly responsive (megatively) to social class, but unresponsive to
Aalary "
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involved in these two mecasures of benefit. They arc not strictly comparable,
A "hunan calculus' would weight higher the small gain of deprived children ,

than the large gain of the alrcady privileged children.

On the other hand, the final equation did produce results which showed
the schools cven lcss effective in producing the cognitive skills measured than
we would believe from the simple lincar equation. The answer may lie in non-
school programs,,such as day-carc centers for young children, extensions of the
Police Athletic Legaue, special aftc'r-school programs in conjunction with
muscuwns, sumier camp programs, ctc, The fact that the coef ficient for Possecs-
sions seems powerful leaves open the question of what Possessions really is.
The facile argument that Possessions represents money; so that cash grants
to parents will produce reading achicvement, I {ind unsupportable. One
would have to posit a production rclationship between moncy and cognitive
skills. This could run: meney releascs the parcent's time to be spent with
the children, and this time is the actual produccr of these skills. Yet the

- lime of a now poor parcent may not be so productive. We certainly don't know
that it is from regression coeff icicnts from parents who have achieved some
higher income status,

The unfortunate truth is that until the actual productive variables
are identified, we cannot well estimate their costs. And wi thout both pro-
duction and cost estimates, we cannot know what policy might be \most cost-
cffective,  Add to this the fact that we do not know what form a production
relationship might take, and the discovery in the preceding scections that the

form makes a great deal of difference in terms of estimated effects, then the




lesson of this paper is clear: much more work, thcoretical, experimental, and

statistical, nceds to be dune before we will be able to rationalize the pro-

duction of cognitive skills.

eRic .
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A BRIEF CONCLUSTON

This paper begun with a discussion of the concept of "production
functions," and a description of how a production function can direct decision
making toward economic efficiency. This, it was noted, required that the func-
tion was derived from technically efficient (well managed) production units. !
Where profit muking is the force behind the production, one can assuuc some
degree of technical efficiency. This does not apply to public education.?

The concept that one should try to isolate efficient schools--those operating
or their production frontier--was outlined, and even tested in Part IV of the
paper,

The output focus of the school was taken to be another problem. A
single output mcasure, or cven an index, has very limited use in actual pro-
duction estimation of such conglomerates as the public education system. This
is especially truc if there js a non-lincar expansion path as resources in-
Crease, or if schools with different kinds of children (by social class, urban-
ness, ethnicity, ctc.) aim at diffcrcnt outputs. This argunent appeared in
Part 111,

Even with schools with a common output goal, and a suitablcnﬁcasurc of

that goal; even if the fimes were obscerved to be technically efficient, other

.

probleins occur.,  Previous attewpts to statisticallv relate cognitive output to

U S - e me et e s L O ——

lAllornuljvc]y, it has been dwplied, inefficient production can be as-
suned 10 be the rule, and the cost of efficient masagement should be part of
the economic decision,

It dous raise the thought that private education is the place to look
for production function cstimates. The probiem here, of course, is that too fow
obscrvations of pour background ¢hi Ldren in resource-rich private schools could

¢ found to disentangle these tvo influences
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school inputs have rot scparated out the children who were not ir. that
school in previous years, hence not actually associated with those inputs,
If lower class children are more likely to change schools, then once again it
may be extremely difficult to make any cstimates about input-output relation-
ships which affect them, Also, the range of administ* tive jurisdictions in
the data sample may affect fhc results.  Thus it was argucd that within one
city, teachers with seniority can associate themselves with higher output
children, prcsenéing an upward bias to the "production" estimate unless made
from a suitably identificd and estimated simultaneous model. On the other
hand, multi-city, and especially city and suburb samples allow the same kinds
of associations with other teacher (and principal) qualities. A teacher with
experience can move well within a city. A teacher with high 1Q, social
ease, or whatcver else is.desired by suburban education establishments may
Mmove morc casily between cities. These issues were discussed in the beginning
of Part 1v,

Even if all thesc problems arc considered solved, the mathematical
form of the production function requires consideration. A fow basic theorctical
issues were discussed in Part 1I. The focus there was on basic characteristics
implicit in functional fonms, some of which are independent of the data. The
elasticity of substitution between factors, and the clasticity of output
with respect to a factor--two obviously important production considerations--
were discussed.  The major point made was that thox‘ngh many  considcrations of
form could be obviated by careful data transfommuations (though this is certainly

not truc of all of these considerations),. the researcher like myself has very

littie guidince from cducational theory as to how to procced i either direction.
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To demonstrate the importance of this latter problem, there being little
I could do about tha others, Part 1v investigated sever

al kinds of cstimations
with one sample of data,

Weighted regressions were used to give 3G production

wnits (schools) equal weight, but to correct for variations in the qualities

of the raw materials (pupils) as they entered the process. It had been pointed

out in Part I that in fact this cannot be done with present dat

a, and that

the background variables therefore account for initial quality, continued back-

ground influcncefduring the production process, allocation of the highly

averaged school resources within the production unit, and variable response to

school resources. Estimates were given for a simple linear form, for the simple

linear plus interactions; the simple linear with quadratic temms, a logarithmic

transfomation, and the simple lincar with both interactions and quadratic

terms. Estimates of the partial derivatives of this last form, with respect

to two school variubles and a background variable (evaluated at mean values)

were significantly different from those of the simple lincar form,

In addition, by presenting the cquations for two different outputs,

I have tried to caution the reader against drawing conclusions from equations

from one output only. Despite high correlations between these two outputs, the

equations werc different, including different sets of both schiool and back-

gromnd variables, Some major conclusions--such as the relative impact of back-

ground and school variabies--would be the same from these two particular out-

puts. Rul since cducation is admittedly a multi-faceted product, one should

be forewarned ahout aceepting or rejecting notions based on just one of thosc

facets,
I have tried not to weary the reader with argument about the triviality

of the notion that background cxceeds school inputs in explaining output variance,




It should be clear that such a finding is not surprising, not depressing, and
in short not important. The ultimate eff icacy of any program will be determined
on its cost-effectiveness, that is, its ability to deliver output for dollars.
For this calculation, estimates of the increment to output from increasing in-
‘puts arc necessary, and cstimates of associated variance » of no import. What
was depressing was to find that the presumably better specificd equation reduced
the estimates of thc responsc of output to school inputs from the simple liﬁcar
estimates, Thus 'accurate' estimatcs of cost-effective policies rely heavily on
accurate production function estimation. I have tricd to stress how far we are
from that goal,

Last of all, I questioned the calculus by which even cost-effective de-
cisions are mude. 1t is on this point that I will end this paper. If "bene-
fit" is calculated independent of who receives it, and if the national objective
is to "maximize bencfit," then policies which favor the alrcady favored ceuld
easily be rccommended, This has long been a };rob]cnn in U. S. Office of Educa-
tion plamming. For example, if the returns to a program arc calculated as the
incroment to lifetime carnings of the individuals recciving the benefits, dis-
counted to the time of the program, then aid to graduate students will almost
surely dominate aid to young children, Just the fact that the young children
receive no "benefit" as calculated for many ycars lowers the valuce of that
benefit according to these rules. T

Since no such accounting mechanism would cver justify aid to young
children, the Office has long compartientalized its objectives. 1t considers
aid to young chi ldren a desideratum, and evaluates those programs against cach

other, What I am suggesting is that even within a category such as. "young
G’!’ 2’ G S — -t
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children,' benefits should not be caual weighted. This is, in fact, the philo-
sophy behind Title J of the 1965 Elementary and Sccondary Education Act. Funds
from this Act supposcdly go to cducationally deprived children in poverty
scttings. No comparisons are mide with the benefits which would accrue to

‘educationally favored children if they had access to these funds., That is well

and good,

.

The “same compartmentalization should be continued in the actual admini-
stration of these funds. If the interactions are as I have found them, then
nothing short of massive and well managed aid will show any success. If the
expansion path of'outputs is as I have suggested in Part 11T, then most of this
money is going into schools which arc not attempting to produce the outputs by
which Title T is being evaluated. This dilemma could lcad, at the moment, only
to a'iongcr discussion than I care to be involved in at this time. Some policy
options arc obvious: This money (or other money to the same children) should

be directed outside of schools, in afternoon and summer programs not under the

charge of the school burcaucracy, Rescarch and training arc needed to'supply
methods and tcachers specifically. geared for a particular, deprived, child
population, Rewards nced to be output oriented, without being so specific that
other outputs arc grossly sacrificed, or that only the output measurec, not the
output itself, is raisc!,

It is not my place, at Jeast not here, to discuss these options further.

. e =88 -

. ————

30thor ontpiis sey well be sacrificed to achicve onc-- that is the nature
of the production freutior. Iut somu tradeoffs arc unacceptable, 7The output
neasurc night he g vocabulary, spelling, cte., test, The output, however, is
vocabulary, spclling, ctc. Training for the test is hardly vorth rewarding,
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A truly heroic effort at determining an co.. ..onal production function would
carefully consider all the times and places in which a person acquires the skills
which we wish to consider as outputs. Then--and only then--we could design
programs which could be cffective (and bettor yet, co§t~effccti§e) in producing
‘those skills, To limit the investigation to currently administered public
schools is perhaps the basic flaw, superceding all the others mentioned above,

in the unrewarding efforts to cstimate cducational production functions.

v
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