DOCUMENT RESUME

ED 270 493 T™ 860 379

AUTHOR Lee, Valerie E.

TITLE Multi-Level Causal Models for Social Class and
Achievement.

INSTITUTION Educational Testing Service, Princeton, N.J.

PUB DATE Apr 86

NOTE 56p.; Paper presented at the Annual Meeting of the

American Educational Research Association (70th, San
Francisco, CA, April 16-20, 1986).

PUB TYPE Speeches/Conference Papers (150) -- Reports -
Research/Technical (143)

EDRS PRICE MF01/PC03 Plus Postage.

DESCRIPTORS *Academic Achievement; *Attribution Theory; Bayesian
Statistics; *Catholic Schools; Curriculum;
Discipline; Educational Environment; High Schools.
Ma:hematical Mcdels; *Mathematics Achievement;
Maximum Likelihood Statistics; Minority Groups;
Predictor Variables; Public Schools; *Social Class;
Socioeconomic Status

IDENTIFIERS *Causal Models; *Hierarchical Linear Modeling; High
School and Beyond (NCES)

ABSTRACT

Hierarchical linear modeling allowed the
indentification of specific school characteristics and policies which
help explain the relationship between social class and minority
status with mathematics achievement, the relationship between social
class and minority status with mathematics ccurse enrollment, and
school means for achievement and for course enrollment. Major
explanatory variables which emerged from the present analyses as
predictors of all of the relationships of interest, fall into a small
number of categories. Results indicated that there are considerable
differences vetween Catholic and public schools on these outcomes,
differences which favor Catholic schools. These analyses show that
three sets of factors can effectively explain those cross-sector
differences: (1) variatior in the social content of schools; (2)
variation in the academic and disciplinary climate among schools; and
(3) variation in curricular offerings and requirements. Previous
research results roncluded that Catholic schools induce consistently
higher mean achievement and that mecn course enrollment in their
students must be somewhat refined. The Cathoic schools' advantage in
mean school mathemalics achievement and the more equitable
distribution of that achievement appears to be explainable by the
described u.chocl-related factors. It was concluded that Catholic
sector advantages are explainable by a reasonably modest set of
school characteristics and policies. References, tables and figures
are provided. An appendix shows the computer output from the
hierarchical linear modeling program. (PN)

KRR R R AR AR AR AR R R R AR R R AR R R RN KRR R R R R AR AR RN RN R R R R AR R R AR A AR R RN R Rk

* Reproductions supplied by EDRS are the best that can be made *

* from the original document. *
RRRRRRRRRRRRARRRRRRRRRE R RRRR R R R A RRRARRRR AR R ARRRR R AR AR R AR Rk kR kR




Multi~-Level Causal Models for Social Class and Achievement

Valerie E. Lee
Educational Testing Service

- Psper Prepared for the Annual Meoting of the
American Educational Research Association
San Francisco, CA
April 1986 -

Copyright © 13988

“PERMISSION TO REPRODUCE THIS
, MATERIAL HAS BEEN GRANTED B\

J(/'é’Lea

TO THE EDUCATIONAL RESOURCES
INFORMATION CENTER (ERIC)

U S DEPARTMENT OF EDUCATION
Office of Educational Research and improvement

EDUCATIONAL RESOURCES INFORMATION
CENTER (ERIC)

k’ns document has been reproduced as

sceived from (he person or orgenizahon
onginating it

O Minor changes have been made lo improve
reproduction qusiity

8 Pointa of view of opinions stetedn this docu-
ment do rot necessanly represent oticial
OERI posttion or policy




ERI

Aruitoxt provided by Eic:

-Multi-Level Causal Models-

BACKGROUND

Sncial Class and Academic Achievement.

Ideally, the institution of schooling should encourage academic progress 1n
students regardless of their family background or their race or ethnicity.
However, the positive relationship between social class (SES) and academic
achievement, exemplified by the correlation between these two factors, has been
well documented. White (1382) summarized over 200 studies which examine this
question. At the siudent level, White found the average relationship between
SES and achitvement to be .22, but the same relationship using data aggregated
to the school level jumped to .73. The higner relationship among schools than

students 1s chiefly a statistical artifact of aggregation.

Several researchers have shown that this reiationship 1s less strong among
students who attend Catholic secondary schools than their counterparts 1n pusi-a
cchools (Coleman, Hoffer & Kilgore, 1882; Hoffer, Greeley & Coleman, 1985; Lee.
1985). This finding forms the biasis of Coleman et al. s often cited claim that
today s Catholic schools more closely resemble the traditional American concept
of "the common school” than do contemporary schools 1n the public sector.
Corresponding analyses which compare the relationship between minority group
status and academic achievement 1n the tuo school sectiors have similarly found a
weaker relationship among Catholic than public high school students (Greeley,

1982; Keith & Page, 1885; Lee, 1385).

Although the fact that Catholic high schools seem to 1nduce high academi:
outcomes among a broader social and racial distribution of students 13 an
interesting phenomenon 1n 1tself, by far the more compelli—g educational puzzle
involves discovering exactly why this seems to be the case. Precisely what 1t
15 about the characteristics and practices of gchools 1n the Catholic sector
which enables them to foster academic achievement 1n a manner which 1s
relatively unrelated to the social stratification of their students? 0Ff .ourse,
investigation of this question falls 1nto a broader category of educational
1nqulry which could be summarized by asking, "How do schools affect their
students?” A new method to answer this type of question 15 explored 10 thie
paper, and a specific i1nvestigation of some characteristics and practice. ot
Catholic and public schools uwhich relate to sector differ=nces in the Lo 1al

distribution of academic achievement 15 undertaken.
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The Hierarchical Nature of School Research.

How schooling effects students 1s by definition a multilevel question.
Researchers have been critical of educational research which draws conclusions
at ut the effects of specific pedagogical programs on the basis of aggregated,
rather than i1ndividual data (Haney, 198@®; Burstein, 13978; Murnane, 1985;
Burstein and Miller, 1981). These researchers suggest that 1n most cases the
individual student 1s the appropriate analycic unit for study of educational
processes and programs, since it 15 change 1n i1ndividuals *o which such
processes and prog~ams are directed. In fact, i1nduc:ng i1ndividual change 1s
quite ingrained i1n the American cultural philosophy, according to Danmiel Bell.
He writes: “The principle of equality of opportunity derives from a fundamental
tenet of classic liberalism: that the i1ndividual -- and not the family, the
community, or the state -- 1s the basic unit of society” (Bell, 1972:29).
However , there are certainly i1nstances 1n which study of groups (especially

schools or classrooms) 1s both logical and appropriate.

Regardless of the theoretical reason for selecting one or anothier unit for
analytic focus 1n educational research, 1t 15 seldom the case that grouped and

ungrouped estimates of the same parameter are equal. For example, the effect of

average social class on average achievement was shown by White (1987) to be much
stronger than the same relationship at the i1ndividual level. In fact, Burstiein
(1978) suggests four separate tests to determine whether aggregated results
produce biased estimates of 1ndividual effects, and comes to the concluzion that
only under very specific (and unlikely) circumstances can aggregated resulis be
considered unbiased (See Note 1). Additionally, these difficulties are much
more serious when they are applied to non-experimental or naturalistic stud.es
uhere assignment to groups has not been made at random. The nature of
educational treatment and research 15 very largely non-experimental. The High

School and Beyond (H3&B) study represents an especially fine example of such

non-experimental educaticnal data. Yet 1ts non-experimental nature makes either

aggregation or disaggregation problematic for studying cross-unit processes.

Clearly, to present an accurate conceptual picture of the particular nature
of the schooling process being addressed 1n this paper, recognition of the tact
that students experience schooling 1n groups 1s essential. Methodologically and

wubstantively, such recognition requires accounting for the fact that <tudents
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within the same school are not i1ndependent of one another, and that most
educational relationships have both within-school and betueen-s hool components.
An adequate representation of the schooling process can be cons.ructed only by
considering 1ts hierarchical nature. However, such con51dérat10ns present both
conceptual and methodological difficulties to researchers. Burstein and Mi1ller
believe that "...the major technical complication 1n the analysis of multilevel
data from quasi-experiments...15 the 1nability of educational researchers to
develop adequate...methodology for analyzing the educational effects of

leducational] processes [within groups]” (Burstein and Miller, 1981:195)

Constructing meaningful conceptual models about the process of schooling 1s
therefore more complicated than simpling choosing either student, classroom, or
school as the analytic umit. Important phenomena take place at all three
levels, 1n what 1s essentially a hierarchical structure -- especially, students
nested within schools. Therefore, we are faced with a two-level hierarachical

model: students grouped 1n schools.

The critical problem with this sort of model, according to Burstein and
Miller (1981), "1s that educational treatments are not administered
independently to individuals” (p. 2@4). This non-i1ndependence they call
“interclass correlation.” Until recently, research had been restricted to
considering either between-student or between-school data, the latter often
consisting of both school-level variables (school size, per-pupil cxpenditure,
student-teacher ratios, or specific school rules, for example) and aggregates of
student-level variables (e.g. school mean achievement, average time spent on
homework , or mean number of math courses taken). The difficulty of such
single-level research 1s that 1t reqires one of two assumptions. At ‘he student
level, the assumption 15 that the i1nterclass correlation 1s zero (1.e. that
students react to an educational treatment completely i1ndependent of ane
another). On the other hand, school-level analysis assumes that the interclass
correlation 1s total, that treatment 15 identical for all students 1n Lhe

school. Neither assumption 1s plausible.

This presents researchers with a particularly difficult problem: combining
more than one unit nto a single analysis. Some studies have 1ncluded
aggregates ol student data (e.g. the average SES of students 1n a particular

wcheel or the percent minority enrollment of the student body) 1n student-level
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analysis (Alexander, McDi1ll, Fennesy & D Amico 1979: Bryk, Holland, Lee &
Carriedo 1984; MHoffer et al., 1985; Willms, 1984). This approach has heen
both encouraging and somewhat disappointing. It 1s encouraging that researchers
have begun tc consider within-group, or contextual, effects on 1ndividual
outcomes. It seems logical that different combinations of 1nstitutional
practices 1n schools result 1n varying distributions of educational outcomes for
students with similar background characteristics. This sort of research 1s
directed at assessing the effects of school-wide practices and descriptive
characteristics on i1ndividual students within those schools. However, recearch
results have generally found such school-level effects to be weak, particularly
when compared to the disaggregated version of the same variables. Alexander et
al. (1979) conclude that average social class 15 not a strong contexiual
determinant of educational aspirations i1n comparison to i1ndividual SES. Bryk et
al. (139t4) found schocl social clasa to be weaner than student LES 1n predicting
achievement at sophomore and senior year. Recall that Coleman, Campbell,
Hdbson, McPartland, Mood, Weinfeld & York (1968) and Jencks, Smith, Acland,
Bane, Cohen, Gintis, Heyns & Michelson (137Z) reported essentially the same

phenomenon 1n their landmark studies on eguai educational opportunity.

Besides ecvaluating the effects of specific school 1nstitutional
characteri1stics and practices on mean stiudent performance, some researchers have
suggested that specific relationships within schools be considered as dependent
variables 1n school-level analyses. An example of such a research guestion, 1n
fact the one addressed 1n this paper, might be phrased as follows: "What 1: the
effect of differences 1n specitic curriculum policies, context, or school
climate between schools on the relationship between social class and academic
achievement within each school?" Such a guestion reguires a reconceptualization
of schocl outcomes, traditionally seen as means of 1ndivdual behaviors, 1nto
consideration of within-school regression coefficients as dependent variables in
between-schoul modezls. Although Burstein and Miller (1981) suggest
consideration of the slopes-as-outcomes concept, they point out certain
methodological difficulties 1n this approach. The major difficulty of this
interesting concept 1s that estimation of regression slopes 15 often done with a4
great deal of error, particularly 1f within-school group sample sizes are small.
There 1s considerably more error 1nvolved 1n estimating group regression slopes
than group means. The difficulty 1n using these slopes as outcomes of

school-level analyses 1s heing able {0 separate the variation 1n Lhe slope into
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1ts "real” and "random error' components -- yet another example ot the claszic

statistical problem of distinguishing "signal frem noise.'
Al though many educational researchers have recognized the need for
multilevel analysis of educational research, they have often 1ssued cautionary
statements about the methodological difficulties involved. However, there are
several statisticans who have addressed these difficulties (especially Lindley
and Smith, 197Z; Mason, Wong and Entwisle, 1984). Mason et al. (14%84) detail
the statistical models for a two-stage process. In these models, the first
stage (the micro model ) 15 a linear equation within each unit 1n which a vector
of predictor variables 1s regressed on a single outcome. The regression
coefficients from the micro model, 1ncluding the i1ntercept term or regression
constan., become dependent variables 1n the seccrnd stage, or macro model. The
macro model 1s a series of equations on that set of regression coefficients
between units. The vector of 1ndependent variables i1n the macro model are
group-level predictors. <Certain distributional assumptions zre made about these
models, particularly that the error terms are both i1ndependent and normally
distributed both between and within contexts (1.e. groups). In order to
estimate the parameters of these models at both the micro and macro levels,
these researchers recommend using -~estricted maximum likelihood estimation
procedures, which employ a Bayesian apprczch {(See Note 2). The advantage of
the restricted maximum likelihood estimation procedure 1s that the estimates of
error variance are generally smaller than with OLS regression, even tuwo-stage

least squares.

Hierarchical Linear Modeling. Raudenbush and Bryk (1986) have detailed the

s)lopes-as-outcomes approach for the analysi: of edicational described above 1n a
procedure they call hierarchical linear modeling (HLM). 1t 15 their exact
methodology (1ncluding their HLM program) which has been employed for the
analysis 1n this paper. Although their paper 15 primarily a methodological
exposition of the hierarchical approach to analysis of the effects of schools on
students, they have chosen as a descriptive example of the procedure a
re-analysis of Coleman et al.’ s 1982 exploration of the “common school eftect."
Although they do not challenge Coleman’'s conclusions, they speculate on the
potentially spurious results which can result from single-nunit analysis. since
Lhe potential effects of the school as a sociological unil were 1gnored in

(oleman et al. s analyses.
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Prior research which attempted the two-stage approach 1mplied by
slopes-as-outcomes methodology has not been free of difficulties, according to
Raudenbush and Bryk. The primary difficulty, as stated above, 1s the grealer
variability in the estimation of regression coefficients than of cample means.
The error variance of slopes 1s further i1ncreased 1f the variation 1n the firot
stage between the two variables for which the slope 1s io be computed (e.g.
achievement and SES) 1s constrained within units. It 1s highly probable that
individual schools are more homogeneous with respect to SES, for example. If
the sampliin, precision for slopes varies across units, also highly probable 1n
school research, the basic assumption of OLS of homogeneity of variance has been
violated. In fact, the variability 1n slopes should be divided irto tuo
components -- variance of the parameter itself and variance due to sampling
error. The essence of the hierarchical linear modeling procedure 1nvolves
partitioning that variance of first-stage regression slopes 1nto 1ts parameter
and sampling components, and estimating only the parameter variance as
accurately as possible. This allows the effects nf second-stage (school-level)
predictors of those slopes to be mor:2 accurately estimated than 1n previous
research using this approach. Generally, this means that school effects will he

larger.

The estimation of first stage (1.e. within-school) regression «oefficients
with reduced error variance 1is accomplished by using a Bayesian estimation
procedure which weights the estimate of the regression slope by 1ts
“reliability.” The reliability coefficients, or weights, are computed by
comparing the initial estimates of the slope for each school to the estimate of
the mean slope across all schools. [f the 1nitial estimate of the slope 1v less
reliable, 1t 1s weighted doun and the group slope 1s weighted more. This
procedure, called Empirical Bayes estimation, 1s an 1terative process uoing the
EM algorithm explained by Dempster, Laird, and Rubin (1977) and hased on Lindley
and Smith' s seminal work. Using maximum likelihood estimation (MLE) methodo to
compute variances for these slopes, successively smaller MLE & of varidnces are
entered 1ntc estimation equations until convergence 1s reached. [he advantage
of this procedure lies i1n the reduction of variance of the estimates of
regression slopes (and i1ntercept), maximizing whatever 1nformation 1,

available.
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The procedure allows the use of statistical inference 1n signficance
tesling of parameter est:mates, for both the first- (within-wchool) and
second-stage (between-school) models. Since regression slopes are estimated
more accurately than 1n previous expositions of this approcch, estimates of the
effects of school-level variables on these siopes will usually be st-onger than
those found 1n previous work. Although this methodology appears t- be 1deally
suited to the question addressed by this paper, there are certain limita.ions to
1ts application. Under ordinary circumstances, 1t 1s necessary tpo have adequate
sample sizes at both stages. Houwever, a recent program development allows uszers
to produce rdbust analyses of regression coefficienis for each school even 1f
sample sizes are somewhat limited within each school, using a mixed-model
approach with additional Bayesian estimation procedures (Braun, Jones, Rubin &
Thayer, 13983). The second stage analyses require that a sufficient number of
schools are sampled. In fact, 1n the analyses for this paper which use data +rom
HS?B, adequate data are provided at both stages, since up to 72 students were
sampled 1n each of cver 1,0@0€ schuols. Under such sampling procedures,
within-school regressions will be considerably simpler (1.e. use fewer

1ndependent variables) than those between schools.

METHOD

Sample and Data

The sample used for HLM analyses 1in this paper 1s drawn from both the

base-year (138@) and first follow-up (1987) from High School and Beyond.

The sample 1ncludes all Catholic high schools (n=83) and a random sample of
public high schools (n=77), for a total sample of 16@ schools. The
student-level sample employs the entire set of students selected i1n the hase
year of HS&B -- 1.e. both sophomores and seniors 1n that year. This sampling
plan was selected to maximize the within-school sample size, 1n arder to produce
maximally robust estimates of the slopes and 1ntercepts which comprize
first-stage parameters. Since 1t 15 i1mportant to have equivalent achkievement
and other i1nformation on students who were not equivalent at the time they uere
originally sampled, I have used achievement and course-enrollment 1nformation on

all students at their senior vear. This means that for 1980 sophomore- that

data came from 1382 follow-up i1nformation, whereas Yor 1980 senior. the reloevant

data were gathered at the base year. Background data (1.e. minority status,



ERIC

Aruitoxt provided by Eic:

Multi-Level Causal Models-

SES, and academic background) were those supplied by students at the base year.
Math ach:evement test scores were eguated to the same scale by using IRT (1tem
response theory) scaling, the same procedure used by Hilton, Rock, Ekstrom,
Goertz, and Pollack (1984) 1n their comparison of 1980 seniors from HS3DR wilh
1972 seniors from NLS (National Longitudinal Study). Therefore, math
achievement 1nformation 15 on a slightly different (but highly correlated) <cale

from other research which uses the HS&B math tests (See Note 3).

The HLM Program

Hierarchical linear modeling analysis proceeds 1n three =teps. At the first
step, the program reads the raw data at both the student- and school-levels,
with school identification number as the cross-referencing variable. A matrix
of sums of squares and cross products for each school 1s computed, alorng with
the means and variances for each variable for students 1n that school. Attached
to that matrix are the values for each school-level variable. Users have the
option of listwise or pairwise deletion of missing data for the cross-product
matrix. Pairwise deletion of missing data was selected for these analyses 1n
order to maximize the sample si1ze for each computation. With pairwize deletion,
a matrix of sample sizes 1s attached to the other data for each school. The
program writes out a matrix which contains the data just described for cach of
the 16® schools: student-levei means and standard deviations, the crouss-product
matrix, a matrix of sample sizes used for the pairuise comoutations, and values
of schoeol-level variables. Users have the option of selecting which student-

and school-level variables thev would like to 1nclude 1n these matrices.

For schools where there 15 missing data on selected first-stiage variables,
the mixed-model method of constructingy these matrices may be selected, using a
Bayesian estimation method. Schools for which there 15 no variatinn 1n velected
first-stage variables are dropped from the analysis. For example, 1n these
anaiyses I have selected minority status (either black or Hispanic) as a
within-school factor. However, there are some schools in HSEB which have very
few or no minority students, and others which enroll only ninority student..
Since there .3 virtually no variation on minority status for those schools, o
regression coefficient for minority status on math achievement cannot be
estimated for that school, which resultlts 1n that "case" beiny eliminated. The
specific reason 15 that the variance-covariance matrix cannot be 1nverted {or

-uch a school, since 1t 15 not of +ull rank.

-8 1u
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The secohd step of the HLM program includes the computation of actual
within-umt parameter estimates. The program reads in the entir=e cross-product
matrix just described, and computes MLE estimates from that matrix, using an
iterative procedure. In this way, the considerable computer time necessary to
compute the matrix 1s not duplicated for every model variation. Users have the
option of specifying the number of iterations desired. Almost all computations
for this paper have used five i1cterations, as 1t wds found that convergance uwas
very close at that point. In any single HLM run, users specify a set of first-
and second-stage variables. Ir 1ts current form, the program 1s limited to six
independent variables for within-unit regressions at the first stage. Since
HSBB sample sizes within schools range from about 4@ to 72 cases (average: B2),

this limitation does not constrain analyses for these data.

In the third step of the HLM procedure, the outputs from the first stage
regressions (called “"beta-hat s") become the dependent vari.ubles in the second
stage analyses: a vector of means (1intercepts) and vectors of slopes of each
within-school predictor on the dependent variable. Within the same HLM run,
users are able to specify which second-stage variables should be regressed on
each of the first-stage outputs: means and slopes. In 1ts current version, the
program 1s limited to six second-stage predictors. However, users may specify
different models for each of the second-stage dependent variables. Users have
the option of requesting many different pieces of i1nformation i1n the computer
output: the slopes and intercepts for each school (the beta-hat’'s), successive
estimates of the second-stage parameters from each 1teration (called
"gamma-hat's"), and estimates of the variance matrices (called "V" for the arror

variance and "tau" for the parameler variance).

There are tuo essential components of the HLM program’ s computer oulput: (1)
a table cf gamma (*) estimates (the final second-c<tage parameters) with theis
standard errors, test () statistics, and significance levels; and () a table
of estimated paramater variances for each of the first-stage outpui variables
{an i1ntercept and one or more slopes), along with their degrees of freedom, test
statistic (Xz), and significance level of each variance. Ry comparing these
gstimated parameter variarces for firsti-stage outputs 1in different second- stage
models, 1t 15 possible to compute what amounts to a change 1n varidance explained

2
(R) for a group of second-stage variables. This 1s equivalent to describing

1
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the amount of variance on a particular within-school paramet ~ thai 13 e<plarrn-d

by between-school factors.

Analytic Models

The analyses for this paper employ two first-stage modela. The first has
minority status (coded ‘!  for minorities, '@ for whites, called MNRTY8Q),
social class (called SES), and acaiemic background (ACDBKGD) regresszed on math
achievement (called IRTMATH, or BASE) (See Note 4). The second within-school
model employs the sum of years academic math completed by students (Algebra I,
Geometry, Algebra II, Trigonometry, Calculus) as the dependent variable
(MATHEMPH) , with the same 1ndependent variables: minor*y status, SES, and
academic background. For both first-stage models, second-stage models were
constructed to systematically search for school variables which have a
significant effect on either the i1ntercepts or slopes from first stage models,.
The 1ntercepts, the minority-slopes, and and SES-slopes for achievement and
codrse-taklng are the first-stage parameters of speciai 1nterest. The set of
second-stage models were slightly altered for the tuwo first-stage models. That
15, analyses 1nvestigated the effect of several school-level factors on both

intercepts and slopes.

ihe two-stage models used for HLM 1llustrate the general estimation
procedure. A typical first-stage (1.e. 1ndividual regressions betuween students

within eack school 1n the sample) 1s the following:

Math = Minori1ty + Social ¢ Academic (Model 1)

Achievement Status Class Background

This model wil! provide estimates of four parameters for each wchool, each of
which wi1ll be adjusted for all other 1ndependent variables 1n lhe model: (1)
mean math achievement (call i1t 'Base ); (7) a regression slope of minority
status on math achievement (Slope 1); (3) a regression slope of GES on math
achievement (Slope 2); and (4) a regression slope of academic background on
math achievement (Slope 3). These parameter estimates, which describe the
relationships within each school, vary considerably across schocls. In order to
estimate the second-stage HLM parameters (eguivaleni to ragression coefficients

for school variables), the program usecs the first-stage parameters aw dependent

measures, with i1ndependeni variables which measure school descriplive and

_10_ la




AFullToxt Provided by ERIC

-Multi-Level Causal Models-

composition characteristics. A representative set of second-stage models might

ne the following:

Base A = Sector + Average SES + % Minority Enrollment (Model )
Slope | = Sector + Average SES + % Minority Enroflment {Model 3)
Slope 2 = Sector t+ Average SES + % Minority Enrol.ment (Mcdel 4)
Slope 3 = Sector + Rverage SES + % Minority Enroliment (Model 5)

Results from Models Z, 3, 4, and 5 provide school-level parameter estimates
of the effect of sector, average social class, and percent minority enrollment
1n the school on each of the within-school parameters. Al'though 1t seems
advisable to adjust first-stage estimates for academic background, I have
chosen not to discuss the slope of academic background on achievement in
this paper. Model 2 answers the question, "Which school characteristics predict
average math achievement?" Model 4 provides information on the following
question: "Which school characteristics predict the relationship betuween zocial
class and achievement across schools?” Although the same school-level models
have been selected for the four within-school outcomes for ease of 1llustration,
there 1s no constrait within the program on using different second-stage

variables 1n Models 2 through 5.

In substaniive terms which relate to the guestions addressed 1n this papur,

1deal second-stage variables would evidence the following characteristics:

o They would show a st-~ong and positive relationship to average
achievement (1.e. for Base A);

o They would show a positive relationship with Slope 1. That 1s, such
variables would relate positively to the relationship between minority
status and achievement, adjusted for SES differences,

-

o They would show a negative relationship with Slope 2. That 1s, these
variables would relate to a lower slope between SES and achievement,
which would he more equalizing. Note that the 306 relationship ha:s been

adjusted for minority status (Note 5).

13
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The overall purpose of this paper 1¢ two-fold. First, 1t 15 meant to
demonstrate use of this program on -n example of the sort of school effects

question which can best be addressed using HLM methodology To satisfy this

first purpose of demonstrating use of the program, models have heen hept

j easoniably simple. However, the second purpose of the paper 1s to i1nvestiigate 1
how HLM multi-level causal modeling methods can answer the specific gquestion of

why Catholic schools seem to be more socially cqualizing 1n the distribution of

academic outcomes than public secondary schools. To satisfy this second

purpose, many differer: models \ave been 1nvestigated, and model formation has
b~en more complex. In general, the analytic approach has involved the following
\

successive but separate analyses as second-stage models

{a) No second-stage variables (the unconditional model);

(b) Catholic school sector, coded 1" for Catholic schocls, '@ for public
schools (called SECTOR);

(c) SECTOR and averzge school social class, aggregated from
the student-level SES variable 1n each school (called AVSES);

(d) SECTOR, AVSES, and a variable which separated schools with
high-minority enrollment (called HIMTYSCL--see Note B);

(e) SECTOR, AVSES, HIMTYSCL, and a the numbeir of math courses offered 1n
the school (called MATHOFF);

(f) Other combinations of school-level factors which have been demonstrated
to differ considerably between public and Catholic schools. These
include the number of math courses required for graduation 1n the
academic track (MATHREQ), school climate variables describing zuch
things as discipline (DISCLIM), the lack of academic emphasis 1n the
school (AVLACKAL), the average number of academic math courses students
take (AVMTHEMP), and tne variability among students 11 math cour:ze
enrollment (SDMTHEMP).

The second set of HLM models -- using math course enrallment as the
first-stage outcome -- look very similar to those described i1n Model | thorugh 5
above, except for a different 'Base variable. Houwever, less extensive analyses
analyses for that outcome are i1ncluded in this paper. Specifically, although
the first-stage model 1s consistently similar to Model 1, second-stage models
proceed only though steps (a) to (d) shown above. The hierarchical lincar

model 1ng program represents a major methodological development 1n analyzing the
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effects of schools on their students. 1t 1¢ computationally complex but
conceptually straightforward. 1 helieve that the use of the hierarchical linear
modeli1ng approach to the questions posed i1n this paper 1s a useful addition to
the tocls availasle to educational researchers to look at how schools affect

students.

RESULTS

An abbreviated form of the exact computer output for all analyses 1n this
paper 1s presented in the Appendix. These printouts include both the Gamma( *)
table, which lists the "regression” coefficients for second-stage analyses 1in
each of the several models described above, and tables of estimated parameter
variances for the intercepts and slopes, after taking the second-stage variables
into account. Tables 1-A through 7-A describe the series of models using math
achievement as ithe within-school dependent variable; Tables 1-8B through 4-B
examine math course enrollment as the first-stage denendent variable. All
within-school mcdels regress minority status, sccial class, and academic

background on those two outcomes.

Hierarchical Models_on Math Achievement. Other research has confirmed that

the relationship between sociel class and math achievement 15 lower 1n Catholic
than in public schools. However, unless slopes are flatter and intercepts are
higher, a lower relationship between SES and achievement would i1ndicate only
that students 1n such schools were uniformly doing poorly. Similarly, 1f
minority status were positively related to achievement, but mean achievement
low, this would mean that students were doing poorly withoigh regard to
race/ethnicity. Therefore, a search for “ideal variables” involves trying to
1dentify variables which show a pus.tive (and statistically significant)
relationship to the intercept for achievement , a positive relationship with the
minority/achievement slope, and a neqative relationship uwith the
SES/achievement slope. Table 1 documents effect sizes (giver as gamma
coefficients as expiained above) on both school mean math achievemenl (ihe
intercept) and on the three slopes (minority status on achievement, SES on
achievement, and academic background on achievement) for the school sector

variable under several different models. The metric for the gamma coefficients
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1s unatandardized; that 1s, the magnitude of the effects 1n 1n point. on a math
achievement test.

Insert Table 1| about here

Since the 'sector’ variable 1s coded '!° for Catholic schools and @ {or
public schools, the gamma(*) coefficient for this variable represents the
Cathol1c school effect. In the first column of Table 1, we can see that ihe
mean achievement of Catholic schools 1s significantly higher (1.e. achievement
1ntercept) and that the "sector effect” on two of the three slopes 15 ztsp
positive and significant. There 15 a negligible Catholic schooli effect on the
academic background/achie ‘ement slope. These resulis 1ndicate that in this
model, Catholic schools have higher average achievement than public schools, as
well as a positive sector effect on two of the relationships (1.e. slopes) in
question. These results are adjusted for student difference 1n race/ethnicity,
SES, and academic background between the two school sectors. UWe could conclude
at this stage that although Catholic schools appear to produce high achievement,
on average, and 1nduce higher achievement 1n minority students, once social

class 15 controlled, they also show a slightly higher SES/achievement lope.

We know, however, that students 1n Catholic schools are of higher social
class, on average. Theretorc, we should not evaluate the effect of scheol
sector without having adjusted for those school social class differences. Having

adjusted for social class within schools 15 not the same thirg as adjusting for

these average SES differences hetween schools. In fact, this 1s jusi what

'soci1al context" 1s all about. In one sense, the context effect can be typificd
as the interaction betuween student- and school-SES. Column 2 of Table ! shous
the effect of adjusting the school sector effect for the average social class
differences between schools. The sector effact for average math achievement has
been reduced 1n magnitude, but 15 still highly signiticant (that 1s, the
"Catholic school achievement advantage” 1s still present. However, the sector
effect on the SES slope has changed direction, although no longer significnant.
That 15, once schools are equalized for average SES, or context difference:, ue
find that Catholic schools are still significantly higher 1n achievement than
their public school counterparts, but the sector effect now shous just the et

of characteristics described above as 1deal: positive on achievement, positive
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(and close to significant) on the minority slope, and negative on the SES slope.
Recall that this 1s after having adjusted, in first-stage regressions, for the

differences 1n academic background hetween students.

We know that minority students are quite likely to be concentrated in
high-minority enrollment schools, and that 1s particularly true i1n public
schools (Coleman et al., 1882). Therefore, adjusting for this add:itional
characteristic of schools could change the sector e.fect. Houwever, i1nt: oducing
a further adjustment for this additional contextual characteristic of schools
(compare the figures in Columns Z and 3 of Table 1) appears to have almost no
additional effect on the Catholic sector effect, probably due to the fact that
the two contextual variables are highly correlated. This would 1ndicate that
even after controlling for the contextual variables of average SES and
high-minority enrollment, which we know are considerably different across
sectors, Catholic schools still appear {0 produce higher achievement, and to be

moderately equalizing 1n terms of minority status, SES, and academic background.

The addition of certain othér variables which relate to curriculum
d. ferences 1n schools to the models (Columns 4 and S) changes results in an
interesting way. Other research (Bryk, et al., 1984; Lee, 1985) has 1indicated
tnat certain curricular differences between Catholic and public schools affect
the social distribution of achievement 1in the two types of schools.
Specifically, 1t appears that the more restricted curriculum offerings 1in
Catholic high schools 1in fact leads students to take more academic cour:zes,
which 1n turn i1nduces higher academic achievement. The results shown in Column
4, where the number of math courses offered in the school (MATHOFF) 1s
introduced, confirms these earlier findings. We can see that once the hbreadth
of the math curriculum 1s taken into account, the Cathclic sector effect on
achievement 1s diminished, but the more equalizing effect evidenced by a higher
SES/achievement slope 1s 1ncreased. When an additional adjustment 1s made for
the number of math course required for graduation (for academic track students
only), i1n fact the Catholic sector effect on achievement and on the minority
slope are greatly magnified, whereas .ine SES/achievement slope effect 13
eliminated. Although the math requirements variable 15 not directly related to
the curriculum for all students in a school, we can see that the number of math
offerings and the number of math requirements affect the Catholic Lecior ety oct

very differenttiy.
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These finding support the contention of two recent books on the effect of
curriculum br-eadth and variety on the equity of educational outcomes in American
secondary schools (Cusick, 1983; Power, Farrar & Cohen, 1985). Both of these
reports decry the expansion of the public high school curriculum over the last
decade 1nto largely non-academic areas, allowing students toomany choices
withong providing adequate i1nformation about the sometimes damaging consequences

of those choices, i1n terms of students  educational and professional futures.

"Explaining Ruay"” the Catholic Sector Effect. The final HLM second-stage

model displayed in Column 6 of Table | 1s perhaps the more interesting set of
results presented thus far. This model 1s considerably more complex than the
other five models displayed i1n this table, since different variables have bzen
introduced for each second-stage analysis. The final model 1< the result ot
considerable experimentation with different sets of school factors. The exact
var{ables in each "regression” are detailed in Table 7-A of the Appendix.
However, we can see that this complex model has in fact “"explained auay" the
Catholic sector effect on both the math achievement intercept and each of the
slopes. As stated early 1n this paper, the aim of these HLM analyses was to
identify particular characteristics of schools that explain why Catholic
schools seem to (a) induce higher average achievement i1n their students, and (hb)

produce these academic outcomes 1n a more socially equtable manner.

A. The Intercept. Those school characteristics which appear to account foi
the average math achievement differences between Catholic and public .chools
include the contextual variables (average SES and high-minority enroliment), as
well as three specific schooi climate variables. Please refer to Table 7-1 of
the Appendix for details. Most important (and highly and positively
significant) 1s the average number of math courses students take i1n the school.
We know that, on average, Catholic school students take many more math courses
than their public school counterparts, and so this factor served as a stronn
axplanatory variable i1n "explaining away" Catholic/public achievement
ditierences. Another significant factor 1s the disciplinary climate of the
school. Since this variable includes bkoth an aggregate measure of disciplinary
problems among students in their schools as well a principals’ ratings of the
disciplinary climate of their schools, 1ts effect 1s negative. A third climate

factor 15 composed nf average student responses to a questionnaire ttem relating
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to the need for "more emphasis on basic academic subjects (math, science,
English, etc.)"” (NCES, 1980, p. 8-83). As the variable was coded so that less
academic emphasis received a higher rating, the effect 1s negative. Taken as
two sets (contextual factors, school climate factors), controlling for these
factors effectively eliminates the previously observed strong Catholic school

achievement advantage.

B. The Slopes. The set of school characteristics which explains away the
previously observed Catholic school achievement advantage for minority students
15 smaller. Taking into account the concentration of minority students 1n
high-minority schools and the disciplinmary ciimate of the school effectively
eliminates Catholic/public differences in the minority/achievement slope. A
different set of school characteristics and policies explains the sector
differences in the SES/achievement slope. The contextual variables of average
school SES (uhich esplains the fact that more affluent students are likely to be
grouped 1n more affluenl schools, on average) and the number of math courses
offered by each school together account for the sector differe ce on the
SES/achievement slope. Although the Catholic sector effect on ‘=z slope of
academic background on achievement has never been large 1n the models oresented
thus far, that effect 1s totally eliminated by taking into account only tuo
variables: the average academic background of students 1n each school (ancther

contextual factor) and the variablity of math course enrollment 1n schools.

Thus, the HLM technigue has allowed us to isolate a relatively small number
of school characteristics -- particularly contextual and school c¢limate factors
-~ which completely explain two phenomena which have dominated recent research
which has used HS&B to compare student progress 1n Catholic and public schools.
These phenomena, highly debated and often discussed 1n the recent literature on
school effects, are (1) the fact that Catholic school students exhibit higher
achievement levels than public school students, on average; and (2) the faut
that Calholic schools appear to more egquitibly distrubute such achievement

across all social strata.

Hierarchical Models on Math Course Enrollment. Table 2 presents an HLM

analysis roughly parallel to that presented above, except that within-uchool
regressions have compuied the effect of minority status, SCS, and academic

background on student enrollment 1n academic math courses. Since we know that
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there 1s a strong relationship between math course enrollmeni and achievement in
mathematics, we would expect a similar pattern of results. A high intercept 1n
first-stage results would 1ndicate a school where the average of student course
enrollment was high. A low slope on SES/course enrollment would typify a school
where social class was not highly ralated to course choices. Other research
(Lee, 1985) has shown that these relationships also vary across school sectors,
with both minority status and social class less highly related to both course
enrollment and to achievement in Catbolic schools. Again, schools with high
intercepts, positive minority slopes, and low SES slopes would be schools where
students take many math courses and which are also equalizing in that course
selection pattern. This high-intercept, low-slope pattern 1s the ideal, just as
1n the models which consider achievement. Again, the analysis involves a search
for variables which fit this i1deal. However, the models which examine math
course enrollment as the first-stage outcome are simpler and less numerous “han

those which eramined achievement.

There are certain patterns which are similar to the achievement analyses.
Again, the sector effect on the i1ntercept 1s decreased when average SES i1a taken
into account, but continues to be highly significant (compare Column ! with
Column 2 results on the math course intercept, which goes from 1.1 to .8). It
should be noted that the metric of math coursz enrollment 1s 1n years of math,
s0 that these Catholc sector effects are substantial. Also, the effect of
school sector on the SES/course enrollment slope changes sign when school
average social class 15 considered (compare Column 1 with Zolumn Z results 1n
Table 2 on the SES slope). The sector effect goes from +.090 to -.121, with the
latter coefficient close to statistical significance. On the other hand, the
Catholic schewol minority slope advantage 1s significant in both 1nstances, but
1n fact i1ncreases once average SES 15 taken into account. The additional
second-stage contextual control for high-minority schools again makes fittle
difference (comparing Columns 2 and 3), since average SES 13 already taken 1nto

account.

There 15 an important difference between the course enrollment and

achievement models. In the case 0" chievement, the sector effect for mean
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achievement across schools becomes considerably smaller (less than two points on
a test whose standard deviation 1s 7 points), oncz school average sccial class

15 taken intc account. In the case of math course enrollr=nt, the mean course

enrollment differences between the sectors continues to be large and

significant, even when adjusting for several school-level differences. A

ditference of .8 years of math for a variable whose standard deviation 15 1.5 15
considerable. Minority students 1n Catholic schools take over .3 years more of

math than those 1in public school, even after the cross-sector differerices 1n

both social class and academic bazkground are controlled for, as well as the

contextual differences across schools and across sectors. This i1ndicates that

Catholic schools are both higher on average course enrollment and more socially

equalizing on course enrollment, the “ideal’ situation. In contrast with the
results of the last analyses, the effect of Catholic sector on the slope of
academic background on the first-stage dependent variable 's significicant and
negative, once the school context factors are introduced. In effect,
controlling for academic background in first-stage regressions 15 an attempt to
adyust for intake selection differences. Future research with HLM will attempt
to 1solate the set of schiool characteristics which explain away the even greater
Catholic/puhlic difference 1n math course taking. I suspect that restricted
curriculum offerings would be 1mportant to explaining the persistent Catholic

school effects seen i1n Table 2.

Cooperative Subression. Why does the effect of school sector on the slopes

of both minority status and social class on either achievement or math zourse
enrollment often increase or change sign once average social class 1s introduced
1into second-stage equations? This 1s an example of a phenomenon known as
cooperative supression. Cooperative supression can be explained by the relative
relationships between three variables such that the variables are "mutually
enhancing” (Lohen and Cohen, 1375, p.91). In the present case, we observe the
following correlational pattern. Average social class and the SES/achievement
or SES/coursetaking slopes are positively related, as are sector and average
social class. That 1s, Catholic schools have a higher mean S[LS5. However, sector
s negatively related to the slope. When two of the three relationships are
positive and the third 1s negative, we find an increase 1n an eftect when al!l
three relationships are simul taneously evaluated. This suppression phenomenon
indicates that the variables should be evaluated only as a set and not

1ndependently of one another. That 1s. the effect of scnool sector on the :=lope
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of either minority status or social class on either achievement or course
enrollment should be evaluated only with average social class being
simultaneously controlled. The fact that additional control for high-minority
schools added little to the analysis 1s explained by the fact that these two

contextual variables are strongly related to one another.

Variance Explained Between Schools. Due to the more accurate estimation of

parameter variances with HLM procedures, we are able to determine the proportion
of variance 1n estimated parameters (1.e. school mean achievement, mean course
enrollment, and slopes) explained by the various models 1nvestipated in these
analyses. This 1s accomplished by ccmparing parameter variances left to he
explained by second-stage models to that unexplained 1n unconditional models
(1.e. those with no second-stage variahles). Table 3 presents the proportions
of paramater variance explained by eacn set of second-stage variables making up
the several models for mean school math achievement, and the between-schocl
minority/achievement and SES/achievement slopes. As stated above, the effect of
sector 1s best evaluated simultaneously with average school social class,

because of supression effects.

We can see that sector plus average social class together account Tor 82.7
percent of the parameter var:ance 1n mean achievement, 4@.3 percent 3f the
minority/achievemeni slope variance, and almost entirely e«plasn the
SES/achievement slope variance (an "RZ“ of 89.9 percent). Hcwever, sector alone
accounts for a much smaller amount of variance 1n both the i1ntercept and tne
SES/achievement slope. Recall that the sector effect on the SES slope changed
from positive to negative when average social clase was introduced (Tahle |
shows the effect decreases from +.70 to -.38), so 1t could tbe assumed that the
change 1s entirely due to che contribution of school social ¢lass. Houever, the
increase 1n the "Rz" for the minority/achievement slope was raised considerably
after 1ncluding high-minority schools i1nto the model (compare steps Z(b) and
3(b) of Table 3). Looking down the list as the mocdels become more complete, 1t
15 clear that additional variables cortribute to the explanatory pouwer of the
models. However, these additional vari1ables (math otferings and math
requirements) add little more to the proportion of variance eaplained 1n .chool

a) ‘
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achievement means, the minority/achievement s!ope, or the SES/achievement slope

than the proportion of variance explained by only sector and school context

variables (Steps 2 and 3).

The pattern 1s slightly different for models which i1nvestigate math course

enrollment 1n the first stage (see Table 4). Ir fact, sector alone explains a

sizable amount of the variance 1n mean course enrollment (29.7 percent), and

that proportion goes up moderately (to 53.4 percent) when average social class

15 taken i1nto effect. Recall that, 1n math course enrollment models (Table 2),

the sector effect does not decrease as much when average social class 1s

controlled for as 15 the case with achievement. Notice that the sector effect

on the SES/math course slope does not i1ncrease markedly when controlling for

school social class (“rom 17.5 percent to 25.1 percent). The third model , which

considers the additional contribution of high-minority schools adds little to

the explanatory pouwer of the model on all three parameters, including the

~.nority slope.

Therefore, we see that second-stage variables can explain & sicable

proportion of the variance in these between-school slope and i1ntercept

parameters (well over 5@ percent for the models on achievement, and over 90

explaining achievement that math course enrollment, where the latter models
appear to have a stronger and more "resistant” sector effect. Previous workh
uith slopes-as-outcomes generally has found only modest explanation for the
slopes, because the overall variance in the slopes was not separated into 1te
parameter and random components. Of course, only the actual parameter variance
13 explainable, and with HLM s ability to 1solate and quantify that portion of
the overall variance, the ability of the researcher to identify the explanatory

power of these school-level factors 1s considerably augmented.

Slopes and Intercepts. A. SES on Math Achievement. The premisze upon uwhich

percent for the SES/achievement slope). The models do a better job of
this paper began was that the slope between social class and achievement (jas

lower 1n Catholic than 1n public schools and the inlercept (average achievement)

was higher. In these analyses, we have investigated thal wlope and inter:ept
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extensively using hierarchical linear modeling. Figure | shows the HLM results
from the analysis 1n which only school sector 15 e¢ntered as a school variable,
with both the SES/math achievement slope and the mean math achievement intercept
adjusted for individual student minority status and academic background. We can
see that the mean achievement differences which favor Catholic schools are
considerable (1.e. the lines are quite far apart), but that the slopes for
Catholic and public schools are similar (See Note 7 for the souces of
information and method for creating these graphs). However, uhere these same
results are adjusted for the social context of the school (Figure 2), certain
changes are noticeable. First, both slopes are steeper (original slopes uere
.74 and 1.434 respectively for public and Catholic schools; after adjusting for
school social context, they climbed to 4.11 and 3.73). Second, unlike the
pattern 1n Figure 1, where these lines were almost parallel but the slope in
Catholic schools slightly steeper, here we see the Catholic slope slightly
flatter. That 1s a confirmation of the fact that disadvantaged students benefit
from Catholic school attendance. Were these lines continued to the right, *hey
would eventually cross, i1ndicating that for the very most affluent students,
public schools are likely to be hetter. That finding 1s consistent 1th the
findings of Raudenbush and Bryk (1986) and with Greeley s (1982) conclusions on
the HS&B base-year sample.

Insert Figures 1 and Z about here

The power of the final model whose results were presented in Column 6 of
Table 1! -- 1n which the Catholic sector effects on both mean achievementi and the
SES’ .chievement slope are explained away -- can be demonstrated graphically. In
tgure 3, we see that both the intercept (1.e. average achievement) difference
betuween Catholic and public schools has virtually disappeared. Even more
impressive 1s that the slope differences, as well as the magnitude of the 5! nes
themselves, have also disappeared. This graph dramatically demonstrates that
once the previously described sets of context and climate factors which vary
between Catholic and public schools have been introduced into these model ., the
schools are "identical”, in terms of achievement levels and the social

distribution of that achievement.
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B. Minority Status on Achievement. A similar set of graphs presents these
same analytic steps for the relationship between minority status and rath
achievement. Figure 4 shows the analyses, with the only seceond-stage control
being for school sector. Under these circumstances, the slopes of the 'ines are
negative 1n both Latholic and public schools (indicating that minority siudents
show lower averagz achievement than whites 1in both types of schools), but that
the relative achievement differential for the two racial groups 1s greater 1n
public schools (1.e. a slightly steeper negative slope for public schocls).
Also the "intercept” difference 1s less than for the corresponding SES/slope
shown 1n Figure 1. From this graph, we could conclude that average achievement
for all students 1s slightly less in public than Catholic schools, ard this is

especially true for mincrity students.

As stated earlier, 1t 15 i1nappropriate to evaluate the effects of school
sector separately from the social context differences between the sectors.

Figure S (uhich corresponds to Figure 2 for SES), shous the sector differences

The nature of the graph has changed considerably. Most noticeabl=, the slopes
of both lines have turned positive. This indicates that when the fact that

minor:ty students tend to be concentrated in high-minority (and lower-%ES)

n

schools 1s controlled, minority students achieve above wuhites. Of course, these

o

1
1n the minority/achievement slope, once social context 1s taken i1nto account.
results are also adjusted for student SES and academic background diffcrences

within each school. Note that the slope 1s even more steeply positive 1n !
Catholic than pubiic sche , 1ndicating that the adjusted "minority advantage"
15 somewhat stronger for the schools 1in the Catholic sector. However, the
achievement differences hetween the tuo sectors, which favor Catholic schools,

are somewhat stronger for this model (1.e. the lines are father apart than 1in

Figure 4).

The graphical representation of the final model on the minority/achievement
slope shown 1n Figure 6 (also from Table 1, Column B) looks surprising simila
to that for the SES/achievement slope shown 1in Figure 3. lhat 1s, the intercept

differences between the sectors 1s gore, and so 1s the slope. When that
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particular set of school context and climate factors 1s introduced into the
model , the schools 1n the two sector become synonymous 1in terms of average math
achievement and the relationship of minority status to achievement. Note that
the statistical controls for the slope are exactly the same for the two models
shown 1in Figures 3 and 6, but that the particular school factors that explain
away the Catholic sector effect on the minority/achievement slope (high-minority
schools and disciplinary climate) are different from those which eliminate the
Catholic school effect on the minority/achievement slope (average SES and the
number of math courses offered). This might be interpreted to mean that in
addi*ion to school context (important for botlh slopes), what makes schools more
equalizing for minorities 1s a positive disciplinary climate, but what 1nduces
equality for students from different social strata relates more to }
curricular differences. However, since minority status and SES are far from

independent of one another, 1t 1s likely that both a positive schocl climate

and a more restricted curriculum relate to social equality 1n all schools.

Thus, we see that the hierarchical approach allows a more refined looh at
both slopes and intercepts than has been attempted in previous research on Lho
question of the achievement and equity differences in Catholic and public
secondary schools. Of course, such analyses make an assumptior of a linear
relationship between SES or minority status with achievement, or betuween
minority status and SES with math course enrollment. That 1s, HLM helongs
within the set of methodological tools which may be used to explore the general
linear model. However, we have been able to adjust these models for confounding
variables both within schools (where academic background, minority status, and
SES of students were controlled for) and between schools (where the affects of
school social context and certain school climate factors were explored). Since
these analyses, as well as many other research studies in receni years, have
investigated the differentiial effects of Catholic and public schools, the
ability to adjust for "selection differences” at two analytic levels reduces
claims of selection bias even further. In fact, in one analysis, the belueen-

sector differences were completely explained.
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DISCUSSION

Hierarchical linear modeling has alloued the i1dentification of specific
school characteristics and policies which help to explain several relationships
which are of primary concern in this paper: the relationship betueen social
class and minority status with math achievement, the relationship betueen social
class and minority siatus with math course enrollment, and school means for
achievement and for course enrollment. In fact, the major explanatory variables
which have emerged from these analyses as predictors of all of the relationships
of interest fall- into a small number of categories. First, we have shown that
there are considerable differences between the schools 1n the Catholic and
public sectors on these outcomes, differences which favor Catholic schools.
Second, we have seen that three sets of factors can effectively explain away
those cross-sector differences: (1) variation 1n the social context of schools

in tre two sectors; (2) variation in the academic and disciplinary climate

among schools 1in the sectors; and (3) variation in curricular offerings and
requirements. Results from previous research that have concluded that Catholic

schools induce consistently h:gher mean achievement and mean course enrollment

in their students must now be somewhat refined. The Catholic schools advantage

1n mean school math achievement and the more eguitable distribution of that

achievement apgears to be explainable by the school-related factors described
above. The fact that these Catholic sector advantages are explainable by a

reasonably modest set of school characteristics and policies 1s noteuorthy.

In fact, the real value of HLM 1n this context 1s exactly the ability it

affords researchers to answer this important educational guestion: What are
the specific features of Catholic schools that make them more egalitarian? From

these analyses, a set of tentative conclusions may be draun. Specifically:

¢ School social context 1s an important factor 1n explaining achievement
and educational eguity 1n both sectors. Although ue know that affluent
students as well &s poor (or minority) students tend to be unegually
grouped 1n schools and are more likelv ‘o he grouped with students like
themselves, we know that this 1s less the case 1n Catholic than 1n public
high schools. Clee~'y, schools with high average SES ratings, and
schools where there 1s a low concentration of minority students. shou

higher average achievement. Houever, 1f we are interested 1n high
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achievement being broadly demonstrated by students from a variety cof
social backgrourds, such concentrations of students :n schools typified
by extremes of social composition should be ameliorated, since they
decrease equity within schools. This would i1ndicate that a broader
distributiorn of social class and minority mix 1n schools should
contribute to a more socially equitable distribution of educational

outcomes.

o School climate factors act as important determinants of both hiah
achievement and equity. In particular (and not surprisingly., a nositive
disciplinary climate, where fewer students are involved 1in 1ncidents of a
disciplinary nature, i1nduces high average achievement for all students,
and a more equitable distribution of achievement across different

racial/ethnic groups.

o A positive academic climate 1s likewise a strong determinant of high
average achievement. That sort of climate within a school 1s
characterized by a high average math course enrollment among students,
and by students who believe their schools are not underemphasizing

academic subjects like math, scieice, or English.

o Variations 1n school curricular offerings have some effect on the factors
considered 1n this paper. Not only are schools where students take more
math classes higher achieving schools, on average, but schocl:s uhich
of fer a more restricted set of math courses seem to promote a more
equitable dist-~ibution of achievement across students from different SES
levels. This might indicate that less choice was ralated to both higher
achievement and more equitably distributed outcomes. Moreover, there 13
some evidence that schools which show more variability 1n the number ot
math courses students take promote less equality 1n the relationzhip
between students’ academic background when they come lo high -.chool and

the:r subsequent achievement.

These analyses have presented some hopeful empirical evidernce about the
ability to assess the effects of schools on students 1n several recpecto.
First, 1t appears that this relatively new and eaperimental technigue . able Lo
tease oul 1nteresting school-student relationships that have been posed by both

25
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researchers and school people for several years, whereas the i1nvestigation ot
such guestions has produced disappointing results 1n the past. Although the HLM
method requires extensive multi-level data on students linked to i1nformation
about their schools, 1increasingly, large national studies are gathering such
data. Although I have left the statistical discussion necessary to justify the
use of tnis technigue to other authors (Mason et al., 19484; Raudenbush and
Bryk, 1986), 1t 1s hoped that the explicit descripti-n of the use of this method
within the context of a specific and appropriate schrool/student guestion has

been useful to irtroduce users to this potentially valuable ne technigue.

There are certainly difficulties with the use of any new technique that
reqguilres some acceptance on the part of researchers unfamiliar with 1t.
However, I am sure such difficulties befell early users of factor analysis,
discriminant analysis, and even OLS regression. Now these procedures are
employed routinely 1n social science research. The use of HLM reguires
statistical assumptions similar to those made by OLS. Additional distribuiional
assumptions are necessary for the EM computations of standard errors, as well as
the hypothesis testing i1nvolved. Houwever, the difficulties of more stringent
distributional assumption. 7re overcome by the advantage of HLM over QLS on a
single dimension. That 1s, OLS assumes that within-school relationships are
1dentical across schools. As such, least squares regression assumes that the
relationship betuween social class and achievement 1s the same 1n every school.
However, 1n this paper we have seen that these relationships vary consider~bly
across schools, and we have seen 1n parameter variance estimates that after
adjusting that relationshii for a moderate set of school-level variables, almost
all of that variation could be explaired. In fact, many analyses 1n tne paper

have used the variation 1.1 that relationship as a dependent variable.

Second, and perhaps most i1nteresting, 15 that the analyses presented i1n this
paper, using the hierarchical linear modeling methodology, have been able to
solate certain school characteristics that seem to make a real difference 1n
both student achievement and the relationship betueen that achievement and
soci1al characteristics of students. On the basis of the results presented

herein, we are presented with a list of i1mportant school factors that seem to

make a serious difference. Houwever, the really difficult qguestions involve

the implemencation of findings described here. N1l of these guestions seem to

begin with "how.” For example, “How may educators begin to 1mplement a less
..27,.
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stratified distribution of students 1nto schools?” Or, "Hou 15 1s possible to
encourage a positive disciplinary climate, or a climate where students reallv
care about academic concerns 1ir schools?" Pechaps the hints about curriculum

presented 1n this study are the easiest place to begin.

—
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TECHNICAL NOTES

The only circumstances under which aggregated and unaggregated parameter
estimates are likely to be similar, according to Burstein (1978), are uhen
one of the following conditions holds:

(a) The grouping variable has nu effect on the outcome, net of the
covariate;

(b) The grouping variable 1s independent of the covariate; or

(c) The variance of the covariate at the individual and aggregated
levels are identical.

For investigating educational data of the sort treated herein, where the
outcome 15 achievement, the grouping variable schools, and the covariate
SES, 1t 1s hard to imagine that schools have no effects oa their students’
achievement except through their SES (condition a), that school grouping 1s
not at all related to SES (condition b), or that the variance of SES at the
individual and school-aggregate level 1s identical (condition c). It 1s
generally the case that the variance of the aggregated variable 1s much
lower than the same variable i1n disaggregated form. Therefore, these ideal
conditions seldom, 1f ever, exist when grouping 1s not entirely at random.

Mason et al. (1984) give substantial detail on the statistical
conceptualization of both the macro and micro models, and the restricted
maximum likelihood estimation procedure. Please refer to their chapter for
details. Essentially the same details are provided 1nn Raudenbush and Bryk
(1986). I argue for the use of these procedures in the sort of research
described 1n this paper, but leave these researchers to spell out both the
details of the procedure and the statistical arguments for 1ts
appropriateness.

The academic background variable used in these analyses 1s constructed of
the following variables: (1) whether student had college expectations 1in the
8th grade; and (2) whether student had been placed in remedial math or
English at high school entry. Clearly, this variable does not completely
tap students’ academic background before high school, but the tuo

cemprnents are highly correlated with each other, and highly correlated with
achievement. Intake educatinal aspirations have been shoun to be an
important selection criterion for Catholic and public school choice.

An almost i1dentical HLM model has been previously explored investigating the
SES/achievement relationship without taking minority status into account.
Since these two variables are highly correlated (negatively), the results
for SES without minority status were considerably different. Including both
of these demographic characteristics of students in first--tage models was
decided to represent the best conceptualization. However, the results are
that SES/ achievement slope results 1in these analyses appear considerably
weaker. Each effect 1s net of the other.

The percent of minority students enrolled 1n the school was tirst
investigated employed as a continuous variable. However, 1t appear- that
minority enrollment 1n the school has little 1mpact on average academic
performance of students at low proportions. When the minority enrollment
reaches about 4@ percent, mean school achievement appears to deteriorate 45
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a result of minority enrollment, on average. Ffor that reason, a dummy
variable was constructed, where schools of less than 40 percent minorily
enrollment were coded @ and those with 4@ percent or more minority
enrollment were coded '1'. Atthcugh 1t could be considered that schools
coded '1° might be called "segregated schools", the same would certainly be
true for those coded '@ which enrolled no minority students at all.

Figures | through 1@ have been constructed from data presented in Appendix.
For example, the intercepts and slopes for Figure | come from Table Z-A
results. Intercept figures are 9.596657 (the BASE) for public schools,
(9.596657 + 3.632763--BASE + sector effect on BASE) for Catholic schools.
The i1ntercept figures are those where student SES = @. Slopes are .740732
for public schools, (.740732 + .700068) for Catholic schools. Figures Z and
3 results come from Tables 4-A and 7-A, and are constructed i1n the same
manner. Results presented in Figures 4 through 6 cume from Tables 2-A, 4-A
and 7-A, respectively. Tables 7 through 10 use information from Tables 7-B
and 4-B 1n the Appendix.

Graphs of the SES/achievement slope are created by computing the appropriate
intercept figures at SES values of -1, @, and +!1, given the slopes. These
SES figures are equivalent to lower-middle, middle, and up -r-midcie class
students. Recall that the original SES variable has been standardized on
the Catholic sample, so the mean of @ 15 "middle class" for students 1in
Catholic schools. Of course, the presentation of these results assuwes a
linear relationship between SES and both math achievement and math course

enrollment. This linearity i1s assumed throughout all analyses, in fact.
Graphe of the minority/achievement slope are compute for values of 'O
(white) arnd "1’ (minority), 1n the manner described for SES.

0f the three achievement outcomes available for both 13980 and 1982 seniors
in the HS&B study, mathematics was selected for several reasons. First, the
math tests have been shown to be the most reliable of the HS&B base-year
tests (Heyns & Hilton, 1982). Second, math 1s the test where particular
courses 1n school are directly related to achievement (not so true for high
school students in vocabulary or reading, the other two HS&B tests). T[Third,
1t has been shown that progrecs 1n mathematics i1s less related to
characteristics of the home, and more related to school-based factors.
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Table 1

The Change in the Effect of School Sector on School Mear Math Achievement .
Minority uroup/Achievement Slope, SES/Achievement Slope. and Academic
Backaround/Achievement Slope When Selected Factors are Controlled For

1

Effect Estimates of Sector From Second-Stage Analyses

Z 3
(Z-A) (3-A) (4-A) (5-A) (6-A) (7-A)
SECTOR SECTOR, SECTOR, SECTOR, SECTOR, SECTOR,AVSES,
AVSES AVSES, AVSES, AVSES, HIMTYSCL,
4,5 HIMTYSCL HIMTYSCL, HIMTYSCL, AVMTHEMP,
Sector MATHOFF MATHOFF | AVLACKAC,
Effect MATHREQ DISCLIM,
on: MATHOFF ,
AVACDBGD,
SDMTHEMP
Achievement nE % *E" * LR X3
Intercept: 3.63 1.98 1.8986 1,17 Z.11 -7
Minority/Ach. % . *
Slope i.85 1.25 1.21% 1.28 2.38 7
SES/Azh. *
Slope: .70 -.38 -. 39 -. 86 -. 09 -, 18
Academic Bkrd/
fich. Slope: . 3B -.12 -.13 .00 P .00

All analyses have been weighted at the second stage, using the school
weight supplied from the HS&B study. First-stage (within-school)
regressions are unweighted, si.ce sampling within schools was close to
random. Weighting applies to all analyses 1n this paper.
z
These numbers refer to the computer output from HLM runs presented
in the Appendix.
3
In this analysis, different school-level factors are entered inte the
analyses for each first-stage outcome. Only SECTOR 1s inciuded in all
analyses. For details of which factors were used to predict each fuctor
(average achicvement or each of the 3 slopes), se¢ fasle 7-A 1n the
Appendix.
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Effects are presented as Gamma(#*) coefficients from HLM aralyses.

These are roughly equivalent to unstandardized regression

coefficients. The means for these "variables" {(uwbich 1nclude
adjustment for first-stage variahles) evaluated before any second-stage
regressions are performed are: IRTMATH: 11.3@; Minorty/ACH: -1.45;
SES/ACH: 1.0@9; ACDBKGD/ACH: Z.51.

Nominal significance levels arcz taken from the Z-statistics of
Tables 1-A through 7-A of tire Apnendix (* = p < .05; *+ = p < .01
ee = 0 { Q01).
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Table Z

The Change 1n the Effect of School Sector on School Mean Math Coursetaking.,

Minority Group/Math Course Slope. SES/Math Course Slope. and Academic
Backaround/_Math Course Slppe When Selected Faciors are Controlled Far

Effect Estimates of Sector From Second-Stage Analyses
1

(2-B) (3-8) {(4-B)
SECTOR SECTOR, SECTOR,
AVSES AVSES,
2,3 HIMTYSCL
Sector
Effect
on:
Math Course e w X" P
Intercept: 1.106 .B18B .819
Minority/Math * * *
Course Slope: . 283 .337 . 335
SES/Math Course
Slope: .@9¢ -.121 -.123
Academic Bkrd/ * *
Course Slope: ~-.Q64 -.123 -. 1722

These figures refer to full computer output from HLM runs presentsad
1n the Appendix.

Effects are presented a. Gamma(*) coefficients from HLM analyses. These are
roughly equivalent to unstandardized regression coefficients. The means
for these variables before any second-stage variables are entered are:
MATHEMPH:  2.125; Minoraity/MTHEMPH: .2Q6; SES/MTHEMPH: . 304;
ACDBKGD/MTHEMPH: .527.

Nominal signifircance levels are taken from the Z-statistics of
vables 7-B through 4-B of the Appendix (* = p < .@5; +»% = 8 L0
rexx = p { ,Q001).
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Table 3

| Percent of Variance Explained 1n Average Math Achievement, the
| Minority/Achievement Slope, and the SES/Achievement Slope
by the Addition of Various Second-Stange Variables.

Additional Variance Explained 1n (a) Average Math Achievement
(b) Minority Group/Achievement Sloupe
(c) SES/Achievement Sloupe by:

1. SECTOR
(a) 16.2%
(b) 38.5%
(c) 8.0%
2. SECTOR + AVSES
(a) 52.7%
(b) 4@.3%
{(c) 89.9%

3. SECTOR + AVSES + HIMTYSCL

(a) 6@. 3%
(b) BZ.7%
(c) 30.6%

4. SECTOR + AVSES + HIMTYSCL + MATHOFF

(a) 6@.0%
(b) 59.8%
{c) 93.8%

5. SECTOR + AVSES + HIMTYSCL + MATHOFF + MATHREQ

(a) 6@.2%
(b 59.8%
(c) 96.2%

The method used to calculate these 1ncrements 1n explained parameter
variance 1nvolves the explained parameter variances presented at the
bhottom of Tables 1-A through 6-A 1n the Appendix. Comparing explained
parameter varianc? 1n Math Achievement (BASE) on the unconditional
model (1-A) with that i1n the model where only Sector 19 added (.-H) .
the computation 1s as follows:

(10.41524 - B8.73314) / 10.41524 = 165 = 1i6.7%
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Table 4

Percent of Variance Explained in Average Math Course Enrollment, the
Minority/Math Course Slope, and the 3ES/Math Course Slope by the
Addition of Various Second-Stage Variables.

Additional Variance Explained 1n (a) Average Math Course Enrollment
(b) Minority Group/Math Course
(c) SES/Math Course Slope by:

1.

SECTOR

SECTOR + AVSES

2.

(a) 53.4%
(b) 25.1%
(c) 47.4%

3. SECTOR + AVSES + HIMTYSCL

(a) 57.8%
(b) 29.1%
(c) 54.1%

The method used to calculate these increments in explained parameter
variance involves the explained parameter variances presented al the
bottom of Tables 1-B through 4-B 1in the Appendix. Comparing explained
parameter variance in Math Course Enrollment (BASE) on the
unconditional model (1-B) with that in the mcdel where only Sectsr

15 added (Z-B), the computation 1s as follows:

(.57852 - .40664 ) / .57872 = .2973, or 29.7%




Senior—Year Mathematics Achievement

FIGURE 1

HLM Results of Slepe and Intercept for SES on Math Achievement:
No Control for Any School-Level Factors
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FIGURE 2
HLM Results of Slope and Intercept for SES on Math Achiavement:
Controls for Average SES ana High-Minority Schoo!
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FIGURE 3
HLM Results of Slope and Intercept for SES on Math Achievement:
Controls for Full Mode! to Explain Away Sector Effect
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" HLM Results of Slope and Intercept for Minority Status on Matn =cn.avement:
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FIGURE 3

HLM Results of Slope and Intercept for Minority Status on Math HCh . evemen=®:
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FIGURE 6
LM Results of Slope and Intercept for Minmority on Math Achievemen®:
Controls for Full Model to Explain Away Sector Effect
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