
Mid-Western Educational Researcher Mid-Western Educational Researcher 

Volume 9 
Issue 4 Regression Analyses Article 3 

1996 

Hierarchical Modeling Techniques to Analyze Contextual Effects: Hierarchical Modeling Techniques to Analyze Contextual Effects: 

What Happened to the Aptitude by Treatment Design? What Happened to the Aptitude by Treatment Design? 

Janet K. Sheehan 
Northern Illinois University 

Tianqi Han 
Northern Illinois University 

Follow this and additional works at: https://scholarworks.bgsu.edu/mwer 

How does access to this work benefit you? Let us know! How does access to this work benefit you? Let us know! 

Recommended Citation Recommended Citation 
Sheehan, Janet K. and Han, Tianqi (1996) "Hierarchical Modeling Techniques to Analyze Contextual 
Effects: What Happened to the Aptitude by Treatment Design?," Mid-Western Educational Researcher: Vol. 
9: Iss. 4, Article 3. 
Available at: https://scholarworks.bgsu.edu/mwer/vol9/iss4/3 

This Featured Article is brought to you for free and open access by the Journals at ScholarWorks@BGSU. It has 
been accepted for inclusion in Mid-Western Educational Researcher by an authorized editor of 
ScholarWorks@BGSU. 

https://scholarworks.bgsu.edu/mwer
https://scholarworks.bgsu.edu/mwer/vol9
https://scholarworks.bgsu.edu/mwer/vol9/iss4
https://scholarworks.bgsu.edu/mwer/vol9/iss4/3
https://scholarworks.bgsu.edu/mwer?utm_source=scholarworks.bgsu.edu%2Fmwer%2Fvol9%2Fiss4%2F3&utm_medium=PDF&utm_campaign=PDFCoverPages
https://bgsu.az1.qualtrics.com/jfe/form/SV_82fhWfkYQAvjIEu
https://scholarworks.bgsu.edu/mwer/vol9/iss4/3?utm_source=scholarworks.bgsu.edu%2Fmwer%2Fvol9%2Fiss4%2F3&utm_medium=PDF&utm_campaign=PDFCoverPages


Hierarchical Modeling Techniques 
to Analyze Contextual Effects: 

What Happened to the Aptitude by Treatment Design? 

Janet K. Sheehan and Tianqi Han, Northern Illinois University 

Abstract 

This article contrasts two analytical methods for making cross-level inferences between individual-level 
factors and group-level factors in school-effectiveness research, the aptitude by treatment interaction 
design and hierarchical linear modeling. Although the aptitude by treatment interaction method is suit­
able for making cross-level iriferences when the intraclass correlations are low, partitioning the interac­
tion into within-and between-contexts components is recommended to discern if the interaction is due to 
confounding contextual effects. 

Hierarchical linear modeling is the recommended 

technique when intraclass correlations are high, because the 
parameters are assumed to be unique for each context and 
are modeled accordingly. Further, the shrinkage estimates 
of the parameters. are more precise than those estimated 
through ordinary least squares analysis. 

Contextual Effects 

Educational data are often collected at the individual 
level, yet a cluster sampling design is used which involves 
first selecting groups of schools and/or classes and subse­
quently sampling individuals. This results in hierarchical 
data in which some variables are measured at the individual 
level and others at the group level. Since the group-level 
variables are nested within specific contexts such as classes, 
schools, or neighborhoods, it is reasonable to assume that 
the context itself exerts some influence on individual-level 
variables resulting in positive intraclass correlations. If the 
context is ignored in the statistical model, then there is the 
strong possibility of confounding effects operating at the 
class, school, or neighborhood level. These are known as 
contextual effects. 

A plausible school-effects study will be considered as 
an example of contextual effects. In this example the pur­
pose is to investigate the effects of instructional technology 
( a nominal variable reflecting multimedia and computer tech­
nology, computer technology only, and no technology) in 
the schools on pupil achievement. It is further expected that 
the effects of instructional technology will be different de­
pending on the type of home environment the student comes 
from ( a composite variable including such factors as the time 
spent talking with parents about schoolwork, reading at home, 
using educational computer programs, and watching educa­
tional television). The outcome is the student's composite 

score on a standardized achievement test. Achievement is 
being modeled as a function of an individual-level variable, 
home environment, and a group-level variable, level of in­
structional technology. However, there are contextual ef­
fects operating at the school level that may influence achieve­
ment other than instructional technology. The level of vio­
lence in the schools, the proximity of the school to a major 
university, and whether the school is public or private are a 
few of the other possible school-level influences on achieve­
ment. If we were able to randomly assign schools to the 
different instructional technologies, we could assume that 
over the long run, the influence of these contextual vari­
ables on achievement would be equivalent for each assigned 
group. However, the practice of interest is not often ran­
domly assigned to the classes or schools in educational re­
search, and therefore is confounded by other contextual ef­
fects. 

The purpose of this paper is to contrast two analytical 
methods, the aptitude by treatment interaction design (A TI) 
and hierarchical linear modeling (HLM), for making cross­
level inferences between individual-level factors and group­
level factors. This article summarizes the important issues 
surrounding the use of each of these methods and discusses 
the appropriateness of each technique in school-effective­
ness research. 

Aptitude by Treatment Interaction 

One common analysis method that has been used for 
models in which there is both an individual-level predictor 
and a group-level predictor is the A TI design. In the A TI 
model, the individual-level outcome (achievement) is mod­
eled by an individual-level predictor (aptitude), a group-level 
treatment, and the interaction of aptitude and treatment. The 
interaction term is usually of most interest, because it tests 
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whether the relationship between aptitude and achievement 
varies for the different treatment groups. Using the school­
effects study previously mentioned, the A TI is the differ­
ence in the home environment-achievement relationship 
among the different levels of instructional technology. 

The conventional form of the A TI parameter model 
that is employed in much educational research is 

(1) 

In this model each individual's outcome score is a func­
tion of aptitude (X), and treatment group (T) and the inter­
action of treatment and aptitude (XT). However, this model 
disaggregates the data to the individual level, since the con­
text (classes or schools) are not included in the model. The 
major problem that disaggregation poses is that the data vio­
late the assumption of independence of observations. There­
fore positive intraclass correlations are being ignored. This 
is a nontrivial matter resulting in underestimated standard 
errors and inflated type I error in tests of significance (Bryk 
& Raudenbush, 1992; De Leeuw & Kreft, 1986; Draper, 
1995; Cheung, Keeves, Sellin & Tsoi, 1990). 

In the home environment/instructional technology 
example, the conventional A TI model would be appropriate 
ifwe were sure that the different schools within each type of 
instructional technology were of similar contexts and inter­
acted with home environment in a consistent fashion. How­
ever, the conventional model would not be applicable ifthere 
were contextual effects. A significant interaction due to 
contextual effects may erroneously be attributed to other 
group-level variaples. Conversely, the interaction of apti­
tude by treatment may be masked by different contexts. This 
occurs because in the conventional form of the A TI model 
we assume the p

3 
to be equal for all contexts (classes or 

schools) within each treatment or practice. However, this 
assumption would often not be appropriat~ because of dif­
fering contextual effects in the classes or schools. In this 
example, the interaction of instructional technology and 
home environment on achievement may differ depending 
on another school-level variable such as the school climate 
(a composite variable reflecting such factors as school ab­
senteeism, student violence, alcohol and illicit drug use, gang 
prevalence, weapon prevalence, and teacher abuse). Per­
haps a poor school climate would mask the interaction of 
type of instructional technology and home environment. In 
schools with a good school climate, students from an im­
poverished home environment might benefit more from the 
use of instructional technology than students from an en­
ri~hed home environment. However, when the school cli­
mate is poor, the use of instructional technology may not 
have a beneficial effect on achievement for any of the stu­
dents. In this example we cannot assume that the A TI effect 
is consistent for different schools, because school climate 
masks the A TI effect in some schools. 

Cronbach and Webb (1975) addressed this problem 
of confounding contextual effects by partitioning the A TI 

interaction into between-context and within-context com­
ponents. The between-context component is determined by 
aggregating the data to the class or school level for the re­
gression analysis. Hence the mean ofY is regressed on the 
mean of X, the treatment, and their interaction (2). The 
within-context regression is formed by first deviating the 
scores of the individual-level predictor from the class or 
school mean (Xii-X), and regressing the outcome on the de­
viated scores, the treatment variable, and their interaction 
(3). 

Y.=Po+P1X.+P2T.+p3X.T.+E. 
J J J J J J 

(2) 

Y .. =P
0
+P1(X..-X.)+P2T.+A

3
(X .. -X.)T.+E.. (3) 

IJ IJJ JP IJJJ\J 

Cronbach and Webb demonstrated that very different 
conclusions can be reached when the conventional A TI 
analysis is replaced with such a partitioned analysis. They 
disconfirmed the findings of a previous study which had 
detected a significant A TI for the effects of instructional 
method on the aptitude-math achievement relationship 
(Cronbach & Webb). Cronbach and Webb's reanalysis of 
these data found that there was no evidence for a within­
classes A TI and no conclusion could be reached about the 
between-classes analysis. 

The within-context A TI is most commonly of interest 
when one wants to investigate the interaction effect of some 
type of class or school practice and aptitude on an outcome 
measure. In the example outlined previously the within­
context interaction would be the difference in the home en­
vironment-achievement relationship between students receiv­
ing different levels of instructional technology, when con­
trolling for the average home environment students in the 
school come from. The between-context model, on the other 
hand, would be the difference in the average home environ­
ment-achievement relationship among the different levels 
of instructional technology. Since scores are aggregated to 
the group level, the within-school information is lost. Addi­
tionally, aggregation bias often results in a dramatic increase 
in the correlation between variables (Robinson, 1950). De­
spite this limitation, the separate analyses approach used by 
Cronbach and Webb (1975) and detailed by Cronbach and 
Snow (1977) can be effectively employed to interpret ATI 
effects from hierarchically nested samples, particularly when 
intraclass correlations are low. 

Multilevel Modeling 

Another technique which has been used to make cross­
level inferences in school-effects study is multilevel model­
ing. Multilevel modeling has particular merit when analyz­
ing data which has high intraclass correlations due to the 
hierarchically nested structure of the data. When analyzing 
data with intraclass correlations using conventional regres­
sion analysis, the data are forced to fit a model that does not 
reflect how they were collected. Conversely, multilevel tech-
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niques draw strength from appropriately modeling the data 
at each level of the sampling design. In multilevel modeling 
a separate micro-level model is defmed for each macro unit. 
In a school-effects study this would mean that within-school 
regression coefficients are modeled by school-level variables 
(De Leeuw & Kreft, 1986). 

Random Coefficients Models 

A particular type of multilevel model that is often used 
to make cross-level inferences is one in which the regres­
sion coefficients are not assumed to be constant for all con­
texts. In the multilevel analysis literature these models are 
alternately called random line models, slopes and intercepts 
as outcomes, and random coefficient models. These multi­
level models circumvent a limitation of the A TI separate 
analyses approach, the assumption that the interaction is as­
sumed to be homogeneous for all contexts within a particu­
lar group. However, logic would dictate that the A TI would 
be different across schools, because strategies and policies, 
as well as environmental factors, often vary from school to 
school. In random coefficient regression models, the pa­
rameters are allowed to differ over the different schools and 
are treated as a function of school characteristics and ran­
dom but unique school variations that are assumed to be 
constant in the A TI model. 

In addition to providing a more realistic model of the 
data, the random coefficients model is technically also an 
improvement over the conventional multiple regression 
model because it calculates the correct standard errors. 
Moreover, the random coefficients model improves the esti­
mation of the parameters for the separate schools. An em­
pirical Bayes estimation procedure is used to weight the re­
gression coefficient estimates of each school by a reliability 
coefficient calculated for each school. This process is known 
as shrinkage because the estimates are "shrunk" toward the 
estimated group mean coefficients. Those schools provid­
ing less reliable estimates experience the most shrinkage 
(Cheung, Keeves, Sellin & Tsoi, 1990; Raudenbush, 1988). 
The resulting shrinkage estimates are more precise param­
eter estimates than those generated through ordinary least 
square methods. 

The simplest random coefficients model is one in which 
there is an individual-level predictor (X), but no group-level 
predictors (Bryk & Raudenbush, 1992). 

Yii=P0i+Pi/Xii-X)+rii 

Poj=roo+uoj 

P1j=r1o+u1j (4) 

In a school-effects study, the first equation is the mi­
cro-level model, in which a student-level outcome variable 
is a function of a student-level predictor, (X .. -X.), and the 

IJ J 
unique effect of the student, r ij" The subsequent equations 

are the macro-level models which illustrate how the 
microparameters, l3

0 
and 13

1 
are modeled by school-level ef­

fects. l3
0
j is modeled as a function of the average outcome 

across the schools, y
00

, and the unique effect of school} on 
the mean outcome, m

0
r l31j is modeled as a function of the 

average slope of the predictor-criterion relationship across 
the schools, y

10
, and the unique effect of each school} on the 

predictor-criterion slope, m ir This model can be extended 
to include other variables at both the micro-level, as well as 
the macro-level. Therefore, these models can be very useful 
for modeling cross-level inference. A random coefficients 
model that would appropriately partition the A TI into within­
and between-context components is (Raudenbush, 1989): 

Yij=Boj+Bi/Xij-X}+rij 

Poj=roo+Yo1~+Yo2Tj+Yo3~Tj+uoj 

(5) 

In this multilevel model, y
03 

is the between-contexts 
interaction, while Yu is the within-contexts interaction 1

• 

Therefore, the A TI interaction can be partitioned into within­
and between-contexts components, while still allowing for 
unique variation among schools. Other contextual variables 
can also be included in the macromodels to account for some 
of the variation unique to each school. For instance, school 
climate might be included in the example previously given 
to determine if the interaction between home environment 
and instructional technology is masked by school climate. 

Recommendations and Conclusions 

The A TI analysis method is suitable for making cross­
level inferences when the intraclass correlation is low, and 
therefore the macro-level units are assumed to have a con­
stant predictor-criterion relationship within each group. If 
there are any contextual effects, the partitioning of the inter­
action into within- and between-context components can aid 
in determining what factors are contributing to the interac­
tion. 

Hierarchical linear modeling is the recommended tech­
nique when intraclass correlations are high, and are not as­
sumed to have a constant predictor-criterion relationship 
within each group. The main advantage ofHLM techniques 
in this situation is that the parameters are assumed to be 
unique for each context and are modeled accordingly. Fur­
ther, the shrinkage estimates of the parameters are more pre­
cise than those estimated through ordinary least squares 
analysis. 

Whichever method is used to analyze the A TI in 
school-effects studies, one must keep in mind that most 
school-effects research is quasi-experimental. Students are 
not randomly assigned to schools, and schools are not often 
randomly assigned to treatment or practice. Therefore, con­
founding effects operating at the student level and the school 
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level may bias variance estimates and parameter estimates. 
This problem is exacerbated when one cannot define a set of 
reliable and valid measures to assess the school practice that 
is of interest (Raudenbush & Willms, 1995). 
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