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Multilevel Modeling of Educational Data
Todd MILFORD

University of Victoria, Canada

Abstract: The role and impact on education of International Large Scale Assessments (I1.SAs)
such as the Program for International Student Assessment (PISA) and the Trends in
International Mathematics and Science Study (TIMSS) has grown considerably in the past few
decades. ILSAs of student achievement offer a glimpse into broadly defined concepts of literacy
and provide information on student and school level factors that have been shown to be
associated with learning. This paper provides an overview of one such ISLA (i e. , PISA) as
well as some examples of the research that can be accomplished with these data. Through the
use of Hierarchical Linear Models (HLLM), the results from PISA will be used to model
relational patterns of student, home and school characteristics for Canadian students across
these broadly defined concept of science literacy. It is anticipated that other researchers will find

much from these models is transferable to China.

The most recent iteration of the Program for International Student Assessment (PISA)
was completed in 2015 and represented the second full cycle (i.e., 6th iteration) of the
assessment. PISA is a tri-annual International Large Scale Assessment (ILSA) that was first
conducted in 2000 and is developed by the Organization of Economic Cooperation and
Development (OECD) to provide participating countries with internationally comparative mean
literacy scores in reading, mathematics and science for students nearing the end of compulsory
schooling. Tt is anticipated that results from the most recent iteration of PISA will be released
on the 6th of December, 2016, at 11:00 Central European Time. This will be followed by a
series of media reports associated with different nations reactions to the school and country
rankings — the so called league tables., These rankings are typically reported in terms of mean
performance and often are associated with media sensation and political statements. Seldom are
they ever used to inform public policy or instructional decisions (Shelley, 2009). What makes
PISA more useful in providing information that might be used to inform public policy or to guide

instructional decisions is the additional information on student, home and school characteristics

Multilevel Modeling of Educational Data Todd MILFORD 003



collected and made available by the OECD. This information allows for the modeling of school
effects as they point to the relationship between school characteristics and schooling outcomes
(O’Connell & McCoach, 2008). In this way, PISA can be used to go beyond the simple but
appealing ranking of nations (i.e., the league tables) to viewing results as outcomes of
schooling that can be modeled from school characteristics.

The history of school effects research can be traced back to the initial studies by Coleman et
al. (1966) and Jencks et al. (1972) who argued that once student background characteristics
(e.g. » SES and prior achievement) were accounted for, little variance in student achievement
remained (Creemers, 2006). These authors were suggesting that manipulated variables at the
school level such as per-student funding, teacher ratios and/or the nature of the curriculum had
little impact on student outcomes when compared to the more fixed and less pliable variables
such as student background. The conclusion taken from this research was that schools did not
make a difference in student outcomes. As a direct response to these findings, school
effectiveness research (SER) emerged over the subsequent decades. Advances in both the
statistical modeling and analysis of school effects combined with the additional variables related
to the student and school have led to the general recognition that schools do have some
additional impact on educational outcomes.

This paper provides an overview of how PISA might be used to explore school effects
research using the most fundamental multilevel procedures. In general, school-effects research
explores the differences in student educational outcomes among students within schools and
across schools by indicating the relationships between these characteristics., (O’Connell and
McCoach (2008) classify these characteristics into context and climate variables. Context
variables are those associated with the physical structure and ‘hardware’ of the school; physical
aspects (school location, resources), student body (socio-economic status or proportion of
immigrant students) and teachers (experience, level of qualifications). Climate variables are
those associated more with the ‘software”’ of the school; learning environment (organizational
structure, attitudes values and expectations of students, teachers and parents). The later of
these variable groups (i. e. , school climate) is often the focus of school-effects research as it is
under the control of students, teachers and parents. For example, student self-efficacy beliefs
have been associated with positive academic outcomes and school wide efforts can be made to
target and encourage these beliefs. On the other hand, context variables are typically not under
the direct control of these groups but can be used as a control for adjusting climate variables.

With this logic in mind, school-effects using multilevel modeling can be demonstrated here
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with selected results for Canada from PISA 2006 (the last year science was the major domain)
using Hierarchical Linear Modeling (HLM) software (Raudenbush & Bryk, 2002). PISA
operates on a 3-year cycle and all three of the achievement domains are assessed with each
cycle; however, there is one domain of focus each iteration. For example in 2000, the first year
of PISA, reading was the domain of focus with mathematics and science being minor. In 2003,
the domain focus was mathematics and in 2006 it was science. Since the most recent iteration in
2015, PISA has complete this cycle of domain focus twice. HLM software is an extension of the
standard statistical analysis of regression based analysis that explicitly incorporates into the
analysis the hierarchical structure that is common to educational data sets such as PISA. In
PISA, students are grouped or nested within schools within countries. The data required for
these analysis consists of both outcome (achievement or performance) and predictors from the
students (level 1) and the school (level 2). With these grouping effects, students are no longer
independent but their responses are correlated; resulting in a loss of independence among
observations — a violation of a key assumptions for the analysis (Snijders & Bosker, 1999).
At level-1, HLM allows us to describe the linear relationship of literacy achievement (any
of the three domains in PISA) and student level characteristics such as gender, socioeconomic
status (SES), immigrant status, attitudes towards school, motivations et cetera. This level-1
model can be represented as a familiar linear regression model, in this case, modeling science

achievement (Science for student 7 in school j ) with student gender:
Level 1: Science; = fy; + 5, (Gender); +r;

Here, each student’s science score is modeled on the intercept ( B; — roughly the mean score
for science for each of the j schools) plus the weight (3,) associated with gender and individual
error. Unlike multiple regression, the weights are subscripted by j, signifying that a weight
( B; associated with gender) is calculated for each of the j -schools in the data set. For example,
if the weight for gender is 1. 5 for a particular school and males and females are coded as 0 and
1 respectively, then on average females score 1. 5 points higher than males in that school.
HLM explicitly models variance in the level-1 predictor (in this case gender) across schools
and evaluates if it is different from 0. This can be done for every coefficient at level-1 and is
modeled in a second set of regression equations which are termed the level-2 models. For
example, looking at the intercept ( &; — the conditioned mean score for science) the school
variance on the intercept is modeled (errory;) as well as school level traits such as school size

can be included in the equation;
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Level 2: B = Yoo + Y0 (SchoolSize) + uy;

Here the intercept is modeled with a level-2 intercept ( ¥, — constant for all schools in the data
set) plus a weighted ( ¥ o) measure of school size and a school-level error term. This models
the average school science score as a function of the overall school science score and school size.
HILM then tests the significance of the residual error to evaluate variation in school mean science
scores (the intercepts- 3,5) one science achievement has been conditioned on school size. If the
error variance is significant, it can be interpreted to mean that there is still significant variation
in average school scores after conditioning on school size. A non-significant error variance term
suggests that once school size is accounted for, school means scores do not significantly vary
from one school to the next.

Similarly, the gender slope in the level-1 model can be modeled with level-2 (school level)
variables. This is a unique feature to multilevel models. For example, student level gender may
be significantly and positively related to science achievement; however, there may be significant
difference between schools for this relationship (the 8, ). HLM will explicitly estimate and
evaluate these relationships for each school and allow researchers to model school slope variation
with school traits. For example, if the gender slope (8;) varies significantly across schools,

they can be modeled with school traits such as those done with the intercept:
Level 2: B, = %o + vi (TeacherMorale) + wy;

If gender is related to science achievement, and teacher morale has a negative relationship
(711) to this slope then it suggests that schools with higher levels of teacher moral would
dampen the relationship in terms of gender. This finding would suggest that teacher morale
moderates the relationship of gender to science achievement; schools with higher teacher moral
do not see as big a difference in science achievement grades between genders. A policy
implication could be that if teacher moral is improved, student gender is not as strongly related
to achievement in science as in schools with lower teacher moral. Additionally, as school-level
variance is explicitly modeled we can determine is any significant variation remains to be
potentially modeled by additional school level variables.

A final important outcome of HLLM analysis is the Intraclass Correlation Coefficient (ICC)
generated by running the null or unconditional model. This statistic is an index of the proportion

of variance in the outcome measure that can be accounted for by level-2 units.

Some Results from PISA 2006 and 2009

The objective of research on school effects is to uncover how the context and climate
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variables influences schooling over and above the influence of students personal and background
variables. In this section, science achievement will be modelled as an outcome measure and the
effects of school climate and context through a variety of models.

Null model. The null model contains only an outcome variable and no predicator variables

other than the intercept. The null model can be represented as

Y, =B+
Bi = Yoo + Uy

The null model estimates the grand mean of science achievement with adjustment for
clustering in school sand different sample sizes across schools and estimates the variance
component at the student and school level. The proportion of variance in the outcomes that is
between schools is the intracalss correlation and can be calculated as the between school
variance (74 ) divided by the total variance (¢* + 7). This proportion ranges from 0 to 1 with

higher values indicating greater between school variance.

Table 1 Statistical Results of the Null Model of School Ef fects on Science Achievement

Fixed effects

Coefficient SE t-ratio P

Intercept (science 524. 08 1. 90 275.59 . 001
achievement) Yoo

Random effects

Variance df Chi-square P
Between school variability 2 202. 69 811 5 346. 24 . 001
(intercept)
Within school variability 7 340. 90
Reliability (intercept) 0. 85
Intraclass Correlation 0.23

Student model. Adding student level variables in models is to control for characteristics of
students attending schools. The student model contains no school level variables and can be

expressed as

Sciencei,- - ‘B(),‘ +ﬁll(SES)lj +ri)
Bo; = Yoo Tt o
By = Yo T wy
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Table 2  Statistical Results of the Student Model of School Ef fects on Science Achievement
Fixed effects

Coefficient SE t-ratio p

Intercept (science 517. 33 1. 69 305. 27 . 001
achievement) Yy

Student level variables
ESCS 7, 26. 58 1.19 22. 35 . 001
Random effects

Variance df Chi-square p
Between school 1497. 88 805 3 306. 45 . 001
variability (intercept)
Within school variability 7 050. 03
Proportion of Variance Explained
At the school level 0. 32

(between schools)

At the student level 0. 04
(within schools)

Contextual model. The contextual model is defined as a regression model with individual
level variables and aggregated contextual variables. The contextual effects of socioeconomic
status are often of interest to researchers and students nested in schools are effected by both the

individual level SES as well as the mean SES of the school they are attending.
Science,»,_» = &j +BU(SES)., + T
Boi = Yoo Tt Yo (SchoolMeanSES) + u,;
By = Yo + u;

Table 3  Statistical Results of the Contextual Model of School Ef fects on Science Achievement
Fixed effects

Coefficient SE t-ratio P

Intercept (science 504. 81 3.57 141.19 . 001
achievement) ¥y,

Student level variables
ESCS 710 22: 71 1. 85 2.25 . 001

School level variables on
intercept
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School mean ESCS y;, 45.12 9.04 4.98 . 001
Random effects

Variance df Chi-square P
Between school variability 1101. 56 804 2914.58 . 001
(intercept)
Within school variability 7 048. 11
Proportion of Variance Explained
At the school level .50

(between schools)

At the student level 0. 04
(within schools)

Evaluative model. The evaluative model builds from the contextual model by adding
variables of school climate to explain the variance in school mean science achievement after
controlling for school contextual effects. The purpose of this model is to evaluate the impacts of

school climatic variables on schooling outcomes.

Science; = o + (3 (SES); + 3,; (SCIEFF) + 3, (SCSCIE) +r;
Roj = Yoo + Yo (SchoolMeanSES) + o, (PCGIRLS) + vy (SCHSIZE) —+ w
Bi = Yo =+ Uy

Table 4 Statistical Results of the Evaluative Model of School Ef fects on Science Achievement

Fixed effects

Coefficient SE t-ratio P
Intercept (science 509. 05 9.91 51. 36 .001
achievement) 7,
Student level variables
ESCS 740 10. 94 1. 06 10. 23 . 001
SCIEEFF 7, 26. 54 1.24 21.27 .001
SCICIE 3, 20. 29 1. 04 19. 45 . 001
School level variables on
intercept
School mean ESCS ¥, 38.70 3. 60 10.75 . 001
Proportion GIRLS y, —30. 82 19. 03 —1.32 . 109
School SIZE 3 0.010 0.003 3.19 . 002
Between school variability 1024. 89 780 2 782.99 . 001
(intercept)
Within school variability 5291. 99
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Proportion of Variance Explained

At the school level .53
(between schools)

At the student level .29
(within schools)

From the brief model building exercise detailed above, the potential for some useful and
meaningful policy relevant research should become clear. For example, SES has been shown to
be consistently positive and significant; however, models such as these can uncover the variance
in the relationship between one country and another. A further exploration of those schools
with a more equitable (i. e. , flattest SES gradient) to see if there are key school traits that
might be associated is worthy of exploration. That data may well lie within data sets such as the

one detailed here.
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