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Abstract

This study focused on the analysis of a large-scale data set (N = 326,352) collected by the Georgia Department of Education 
using multilevel path analysis to model the probability that a student would be identified for participation in a gifted program. 
The model examined individual- and school-level factors that influence the probability that an individual would be identified. 
The probability of being identified as gifted depended strongly on student race and socioeconomic status and varied strongly 
across schools.

Putting the Research to Use

This study provides a comprehensive examination of racial and socioeconomic disparities in gifted program participation 
in one state mandating gifted education and an identification scheme designed to increase participation among traditionally 
underrepresented groups of students. In spite of these policies, identification rates still varied widely across race and 
socioeconomic status. The study found that race still exerted strong effects on the probability of identification even after 
socioeconomic status was controlled. Furthermore, the study found that schools varied widely in the gifted identification rate 
even when some student characteristics were controlled. This study suggests that much work remains to be done in terms 
of ensuring that all students, regardless of background, have access to advanced educational programs.
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The numerical underrepresentation of African American, 
Hispanic, and Native American students in gifted programs 
has been frequently cited in the gifted education literature 
(Bernie & Beilke, 2008; Ford, 1998; Naglieri & Ford, 2005; 
Reid, Romanoff, Algozzine, & Udall, 2000; Sarouphim, 
1999; Scott, Perou, Urbano, & Hogan, 1992). The topic of 
underrepresentation is of critical importance to the field of 
gifted education. It forces us to consider the possibility that a 
great number of students who are in need of advanced edu-
cational opportunities are being denied this opportunity on 
the basis of racism or classism.

The biggest issue related to understanding the disparity in 
gifted program enrollment across racial groups is the follow-
ing: To what extent does this disparity represent actual dif-
ferences of developed or potential capability across groups, 
and to what extent does it indicate the presence of serious 
flaws in the methods by which we screen, identify, and serve 
gifted students? Most scholars who have examined the issue 
have agreed with Frasier’s (1997) belief that “there is no 
logical reason to expect that the number of minority students 
in gifted programs would not be proportional to their repre-
sentation in the general population” (p. 498). In spite of the 

critical importance of this issue, it remains poorly understood. 
Though the underrepresentation is widely noted, decried, 
and lamented in the literature, and a number of methods to 
increase the representation of these groups have been pro-
posed, very few published studies have adequately addressed 
the complexity of the issue.

Individual-Level Factors in Underrepresentation
Almost all the gifted education literature addressing the 
underrepresentation of students in gifted programs has focused 
on two individual characteristics: being a member of a 
minority group or having a low socioeconomic status (SES) 
background.
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Underrepresentation of Ethnic Minority Students

Nomination problems. Some literature has focused on the 
role of nominations in the underrepresentation problem. Most 
nominations come from teachers (Hunsaker, Finley, & Frank, 
1997). It is now widely believed that though the underlying 
dimensions of giftedness are universal (e.g., Frasier & Passow, 
1994, listed 10 universal talents, abilities, and behaviors of 
gifted children), the expression of these qualities may be heav-
ily influenced by a child’s cultural and economic background 
as well as the child’s immediate context (Peterson, 1999). 
Because teachers in most schools are of White middle-class 
backgrounds, they may not consistently recognize the signs 
of giftedness expressed in students of diverse cultural back-
grounds. Thus, part of the underrepresentation issue may be 
caused by unfair nomination procedures. There is some sup-
port for this hypothesis in the research literature (e.g., Masten, 
Plata, Wenglar, & Thedford, 1999; McBee, 2006; Moon & 
Brighton, 2008; Plata & Masten, 1998).

Identification problems. Most gifted programs rely, at least 
to some degree, on standardized measures of ability or achieve-
ment during the assessment process. It has widely been noted 
that minority youth significantly underperform on these tests 
relative to their peers (e.g., Entwisle & Alexander, 1992; 
Lewis, Decamp-Fritson, Ramage, McFarland, & Archwamety, 
2007; Maker, 1996; Naglieri & Jensen, 1987). The perfor-
mance gap between Black and White students’ test scores 
tends to be about one standard deviation. Many critics have 
argued that minority students tend to do poorly on such tests 
because the tests themselves are flawed by being biased in 
favor of students from the dominant culture (Ford, Harris, 
Tyson, & Trotman, 2002). In other words, standardized tests 
might unfairly penalize minority students by assigning them 
lower scores for the same level of underlying ability or 
achievement. Empirical studies that have searched for bias 
(i.e., differential item functioning) in ability tests, using item 
response theory or similar measurement invariance analysis 
via structural equation modeling, have generally failed to 
detect it (Brown, Reynolds, & Whitaker, 1999; Edwards & 
Oakland, 2006; Gordon, 1987; Hunter & Schmidt, 2000; 
Jensen, 1980). However, critics of standardized testing con-
tinue to warn against the use of these tests with minority stu-
dents on the grounds of potential bias in spite of the lack of 
empirical evidence supporting this claim (Ford, 2008). Many 
critics of standardized testing appear to have defined a biased 
test as a test that yields subgroup differences, which differs 
from the accepted statistical definition of bias as differences 
in test validity across subgroups (Brown et al., 1999).

It is important to note that typical identification procedures 
for gifted education programs do not rely on psychometric 
testing alone. A nomination stage frequently precedes a test-
ing stage, wherein a subgroup of students are selected for psy-
chometric evaluation. Nominations are frequently collected 
from teachers and other sources (Hunsaker et al., 1997; Siegle 

& Powell, 2004). The nomination stage presents another criti-
cal opportunity for bias to occur. In a previous analysis of the 
same data set used in this study, McBee (2006) found that the 
nomination stage of the gifted identification process may 
exhibit far more bias than the much more thoroughly exam-
ined testing stage. The probability of nomination for Black 
students was only 31% as large as the probability for White 
students, whereas the pass rate for the testing stage for Black 
students was 82% as large as the pass rate for White students. 
Adopting a perfect psychometric instrument for testing would 
do little to equalize program participation rates if the disparity 
of nomination rates remained unchanged.

Gifted program persistence. Another challenge to equal 
representation is the issue of students who choose not to par-
ticipate in the gifted program due to cultural insensitivity 
(Harmon, 2002) or peer pressure (Ford, 1998; Fordham & 
Ogbu, 1986). This evidence was primarily gathered via case 
studies. Worrell, Szarko, and Gabelko (2001) conducted a 
larger quantitative study of the issue and were unable to find 
evidence that race or SES played a role in student program 
dropout, though this study only examined dropout in a sum-
mer enrichment program.

Low Socioeconomic Status
Students from low socioeconomic backgrounds are another 
group that has been widely described as being underrepre-
sented in gifted education programs. Literature in this area 
is less voluminous than research on race. Descriptive data 
describing the degree to which low SES students are under-
represented in gifted programs are hard to find. The issue is 
so widespread, however, that it is taken as a truism.

There are, however, innumerable studies examining the 
impact of SES on school achievement. Because school achi-
evement is one dimension that is commonly assessed in 
gifted program entrance, it is logical to assume that lower 
achievement may also lower the probability of entrance into 
a gifted program. Low SES has consistently been found to 
powerfully reduce student achievement. Ryan and French 
(1976) found that large differences existed in students from 
low, middle, and high SES groups on achievement, as mea-
sured by the Iowa Test of Basic Skills. Portes and MacLeod 
(1996) found that individual SES had a strong effect on Stan-
ford Achievement Test scores, even after controlling for a 
number of other individual variables.

Tyler-Wood and Carri (1993) found that the gap between 
low SES and average SES students’ test scores was highest 
on the verbal subscales on many popular tests of mental abil-
ity. These findings mirror those of C. J. Mills and Tissot (1995) 
with respect to the Ravens test. The similarity of these find-
ings may be caused by confounding between race and SES. 
Many scholars in gifted education now advocate for using 
nonverbal instruments with minority, low SES, or English as 
a Second Language students (Naglieri & Ford, 2003).
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One of the questions that has not been addressed in the 
gifted education literature is the relative importance of race 
and SES in gifted program identification. Portes and MacLeod 
(1996) found that race dropped out of their models when SES 
was controlled. Many previous studies of race and gifted 
program admittance are seriously flawed because race and 
SES are very highly related. Studies that have examined race 
without controlling for SES either statistically or experimen-
tally are confounded and thus impossible to interpret.

Though there are not clear reasons why test scores should 
differ across racial lines, there are perhaps good reasons why 
students from impoverished backgrounds would underper-
form. B. C. Mills (1983) found a relatively small reduction in 
school readiness for Kindergarteners from low SES back-
grounds. Entwisle and Alexander (1992) and West (1985) 
found similar deficits in initial readiness that became larger dif-
ferences in achievement with each passing year. Entwisle and 
Alexander (1992) attributed this to a “summer setback” phe-
nomenon caused by relatively unstimulating home environ-
ments. Recent research by Curby, Rimm-Kauffman, and Ponitz 
(2009) found large variation in this skills and abilities that chil-
dren possess when they begin Kindergarten, and that initial sta-
tus was correlated with the rate of skill acquisition. Quay (1989) 
found that cognitive development, as indicated by performance 
on Piagetian conservation tasks, was significantly delayed for 
low SES students. Students from low SES backgrounds may 
receive less cognitive scaffolding from their mothers (Hess & 
McDevitt, 1984). By definition, low SES families lack res-
ources. They are more likely to live in substandard housing, 
have poor medical care, lack healthy foods, experience more 
stress, live in high crime areas, and experience increased 
interfamily conflict (Duncan & Brooks-Gunn, 2000).

School Factors That May Affect  
the Probability of Identification
School Socioeconomic Status

The results of a number of studies examining the impact of 
the SES composition of schools on student achievement 
have consistently found that the socioeconomic composition 
of the school exerts potent effects on educational outcome, 
over and above the influence of individual SES (Everson & 
Millsap, 2004; Kennedy, 1992; Maggi, Hertzman, Kohen, & 
D’Angiulli, 2004; Opdenakker & Van Damme, 2001; Taylor 
& Harris, 2003).

Everson and Millsap’s (2004) multilevel structural equa-
tion modeling (SEM) study of SAT performance found that 
school SES had very powerful direct and indirect effects on 
both SAT math and SAT verbal scores. Kennedy (1992) ana-
lyzed the performances of Black and White male third grad-
ers on a standardized achievement test. Results indicated that 
the school SES was the strongest predictor of achievement at 
the school level for both the Black and White children. 

However, the effect was approximately twice as strong for 
White students.

Maggi et al. (2004) studied the effect of organization-
level SES on student achievement. They found that neigh-
borhood SES was strongly correlated with the proportion 
of students within schools who were high achievers. The 
strength of this relationship increased from fourth to sev-
enth grade. Portes and MacLeod (1996) found a cross-
level SES interaction by using average school SES as a 
predictor of the slope coefficient relating individual SES 
to mathematics achievement. This predictor was positive 
and significant such that the slope relating individual SES 
to math achievement was steeper in high SES schools than 
the same relationship in a low SES school. Students from 
high SES backgrounds had higher math achievement when 
they were situated within high SES schools. Students from 
low SES backgrounds were doubly penalized by attending 
high SES schools and performed better when they attended 
low SES schools.

School racial composition. Taylor and Harris (2003) exam-
ined the effects of relative integration and segregation on 
Black and White students’ Stanford 9 achievement test scores 
in third, fifth, and eight grades. The achievement of Black stu-
dents in eighth grade was strongly negatively correlated with 
the percentage of the enrollment who are Black and even more 
strongly with the percentage of the enrollment receiving free 
or reduced-price lunch (FRL), whereas it was positively cor-
related with the percentage of students who are White. White 
students’ achievement was not significantly affected by the 
Black enrollment or the overall percentage of students receiv-
ing FRL. It was, however, negatively correlated with the per-
centage of White students receiving subsidized lunch.

Purpose of the Study
In spite of years of research on and attention to the under-
representation of poor and minority students in gifted pro-
grams, the problem remains poorly understood. The current 
study has addressed several shortcomings of the previous lit-
erature examining the underrepresentation of minority and 
low SES students in gifted programs. Previous work in gifted 
education has focused almost exclusively on the individual-
level effects of race and class on identification outcome. 
These studies have typically confounded race with class and 
are thus uninterpretable.

Research Questions
This study addressed the following research questions:

Research Question 1: How are student race, socio-
economic status, and transfer status related to the 
probability of being identified as gifted in Georgia 
elementary schools?
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Research Question 2: Does the general probability of 
gifted identification vary across schools? If so, 
does the school composition, academic quality, or 
teacher characteristics or behavioral environment 
explain any of this variance in the probability of 
gifted identification?

Method
Sample and Data Sources

A large data set collected by the Georgia Department of Edu-
cation was analyzed in this study. It contains student-level 
data on every public school student in Georgia during the 
2004 academic year (N = 1,780,591) as well as school-level 
data on behavioral incidents, teacher ethnicity, training and 
experience, and academic achievement. Georgia data were 
selected due to a 1994 change in state law mandating multiple-
criteria assessment practices for gifted and talented education 
programs (Krisel & Cowan, 1997) in an effort to more equita-
bly identify students from underrepresented populations.

Data details and preparation. The variables comprising the 
individual-level data included student ethnicity, FRL status, 
grade, retention status, transfer status, and whether or not the 
student had been identified as gifted either in a previous year 
or during the 2004 year.

A school-level variable representing the academic com-
position of the students was created by performing a con-
firmatory factor analysis (CFA) of 15 variables representing 
the percentage of students scoring as “advanced” on the 
Criterion Referenced Competency Test (CRCT) in the sub-
jects of math, English, and reading for Grades 1 through 5. 
Initially, this factor was included as a measurement model 
in the within-schools mode in the SEM software. Once the 
within- and between-schools models were combined into a 
multilevel SEM, the measurement model could no longer 
be estimated because of computational limitations. There-
fore, the modeling was performed in separate steps. In the 
first step, a CFA model allowing all 15 indicators to load 
on a single “academic composite” latent variable was fit 
using MPlus 5.12. Method factors for each grade were 
introduced (Woods, 2006), allowing, for example, all first 
grade measures to interrelate, all second grade measures to 
interrelate, and so on. The covariances between the method 
factors and between the method factors and the academic 
composite factor were fixed to zero for estimation pur-
poses. Because not all schools consisted of all grades from 
one through five, full information maximum likelihood 
estimation (FIML; Enders & Bandalos, 2001) was invoked 
to avoid listwise deletion of schools with missing grades. 
The factor scores for the academic composite latent vari-
able from this analysis were appended to the analysis data 
set, allowing the academic composite factor to be treated 

as an observed variable in the formal analysis. The CFA 
model exhibited moderate to good fit, c2(75) = 1155.932, 
p < .001, comparative fit index (CFI) = .954, root mean 
square error of approximation (RMSEA) = .107 (90% con-
fidence interval [CI] = 0.102, 0.112], standardized root 
mean square residual (SRMR) = .025. Standardized factor 
loadings for the academic composite variable ranged from 
.721 to .907.

The school-level data set contained variables indicating 
the percentage of the school’s teaching staff that possessed 
advanced degrees (master’s, EdS, or PhD) and the average 
number of years of teaching experience for teachers at each 
school. It contained a set of 14 variables describing the inci-
dence of severe behavior problems within each school. These 
variables included the number of incidents of aggravated 
battery, aggravated child molestation, aggravated sexual bat-
tery, aggravated sodomy, armed robbery, arson, kidnapping, 
murder, rape, voluntary manslaughter, nonfelony drug pos-
session, felony drug possession, felony weapons possession, 
and terroristic threats. These counts were added together for 
each school into a total number of incidents, which was then 
divided by the total number of students in the school to yield 
an incident-to-student ratio. The individual-level variables 
were aggregated to the school level, yielding school compo-
sition variables describing the racial composition of the school, 
the percentage of the school population receiving FRL, being 
retained, transfers during the school year, and previously 
identified as gifted. Variable descriptions may be found in 
Table 1. Descriptive statistics may be found in Table 2.

From this overall data set, all records of elementary school 
students were selected. This resulted in a population (N = 
686,375) of all Georgia elementary school students. Students 
who had been identified as gifted in a previous year were 
excluded. Analysis of the full data set required extre mely 
long run times for model estimation. Limitations involved in 
computational requirements warranted a 50% random sam-
ple being selected to arrive at a final sample size of 326,352 
students in 1,262 schools.

Analysis
Multilevel path analysis (Kaplan, 2000) was used as the pri-
mary means of data analysis in this study. A multilevel app-
roach was necessary for this study because of ignoring the 
clustering of students within schools would result in biased 
standard errors and liberal statistical tests (Raudenbush & 
Bryk, 2002). More important, the research questions concern 
disentangling the contribution of variables at the student and 
school levels. A multilevel analytical strategy is one method 
for disentangling the issues regarding the level of analysis 
while providing correct test statistics. Path analysis was 
selected because the research questions involved identifying 
a plausible theoretical model of the relations between the 
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variables as well as examining the direct, indirect, and total 
relations between variables.

Because the race variables were dummy coded, a sepa-
rate variable for White students is omitted. This demar-
cated White students as the reference group. Similarly, first 
graders are the reference group. To avoid estimation prob-
lems due to high correlations between variables, the school-
level student composition variables did not include a 
variable referring to White students. The three endogenous 
variables in the within-school part of the model, GIFTED, 
LUNCH, and RETAINED, were specified as multilevel 
variables in the multilevel model. The remaining variables 
in the within-school model were group-mean centered to 
completely purge the estimates of the relations between 
variables in the within-schools model from between-
schools effects (Raudenbush & Bryk, 2002). The variables 
in the between-schools part of the model were grand-mean 
centered. The model intercepts may thus be interpreted as 
their expected values in a compositionally average school 
for White students in first grade.
Steps in Model Building. The analysis proceeded in three 
steps. The first step involved fitting a within-schools model 
that ignored the multilevel nature of the data. The second 

step involved fitting a between-schools model. The third step 
involved combining the within- and between-schools models 
built in the first two steps into a multilevel path model.

The analysis was exploratory in nature. Rather than formally 
testing models against one another, this study sought to find 
a reasonable model that would comply with theory regarding 
the relationships between variables and exhibit reasonable 
good model fit. Data preparation was perfor med in SAS 9.1.3. 
Model fitting was performed in MPlus, Version 5.21.

Some variables were transformed prior to analysis. The 
school-level composition variables, %BLACK, %HISPANIC, 
%ASIAN, %TRANSFER, and %GIFTPREV were divided 
by 10 to cause their parameter estimates to be interpreted as 
the expected effect of changing the relevant school composi-
tion variable by 10% rather than 1%. This allowed more dig-
its to be read from the statistical package output, which only 
reports to three decimal places. The NSTUDENTS variable 
was log transformed due to the expected nonlinearity of its 
potential effect, because the effect of adding one additional 
student to a small school is likely to be larger than the effect 
of adding an additional student to a large school.

The first step of the modeling process was the construction 
of a plausible within-schools path model. Theory suggested 

Table 1. Variable Descriptions

Variable Name Description

Multilevel variables
 Gifted Student identified as gifted during current school year (dummy)
 Lunch Free or reduced price lunch dummy code
 Retained Was student retained during current school year? (0 = no, 1 = yes)
Individual-level variables
 Gifted Indicator of whether the student was identified as gifted during the 2004 academic year (0 = no, 1 = yes)
 Black Race variable dummy code
 Hispanic Race variable dummy code
 Asian Race variable dummy code
 Transfer Did student change schools during current school year? (0 = no, 1 = yes)
 Grade2 Student in second grade during current school year (dummy)
 Grade3 Student in third grade during current school year (dummy)
 Grade4 Student in fourth grade during current school year (dummy)
 Grade5 Student in fifth grade during current school year (dummy)
School-level variables
 %Black Percentage of enrollment that is Black
 %Hispanic Percentage of enrollment that is Hispanic
 %Asian Percentage of enrollment that is Asian
 PerAdvTeachers Percentage of teachers with advanced degrees (beyond bachelor’s)
 AvgTeacherExp Average number of years of teaching experience
 IncidentStudentRatio Ratio of severe behavioral incidents to number of students
 %GiftPrev Percentage of students previous identified gifted
 NStudents Number of students enrolled divided by
 Transfer Percentage of students changing schools
 Academics The first principal component extracted from 15 variables representing the percentages of students 

classified as “advanced” on the CRCT in math, language arts, and reading in Grades 1 to 5

Note. Number of students enrolled (divided by 100 for analysis)
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adding direct effects from the race variables to LUNCH 
and to GIFTED as well as a direct effect from LUNCH to 
GIFTED. This would allow the effect of race on the proba-
bility of identification to be decomposed into parts represent-
ing the effect of race on the probability of gifted identification 
with SES removed and the indirect effect of race through 
SES. The RETAINED variable was initially regressed only 
on LUNCH and the grade dummy variables. However, 
model modification indices strongly suggested adding direct 
effects from the race variables to RETAINED. The TRANS-
FER variable was hypothesized to be related to gifted identi-
fication because students transferring into a school mid-year 
may have missed the identification window. The model used 
the weighted least squares with means and variances (WLSMV) 
estimator (Muthén & Muthén, 2007) and the probit link 
function for categorical outcomes. The use of the WLSMV 
estimator prevented the calculation of confidence intervals 
around the RMSEA fit statistics. The model fit was excel-
lent, c2(3) = 343.55, p < .001, CFI = .994, RMSEA = .019, 
WRMR = 4.407. The large chi square value is not unex-
pected given the total sample size of 326,352 because chi 
square is sensitive to sample size (Bollen, 1989).

In the second step, a between-schools model was cons-
tructed. Several models were considered in this step. For 

example, the first attempts at fitting the between-schools 
model structured relations among variables similar to the 
within-schools model. This model was rejected due to poor 
fit. Another early attempt specified many school-level vari-
ables as endogenous and contained many more paths. This 
model was rejected due to poor parsimony. The final model 
allowed most of the variables to exert direct effects on the 
academic achievement variable as well as the probability of 
gifted identification. This allowed the effect of these vari-
ables to be decomposed into a direct effect and an indi-
rect effect operating through academic achievement. The 
WLSMV estimator was used for this model to maintain 
consistency in estimators across models. The model fit was 
excellent, c2(2) = 6.410, p = .041, CFI = .998, RMSEA = 
.042 (90% CI = .008, .080), SRMR = .004. The total sample 
size for this step was 1,259.

In the third and final step, the within- and between-schools 
models were combined into a multilevel path model. The 
variables GIFTED, RETAINED, and LUNCH were modeled 
as multilevel variables. The model fit was good, c2(26) = 
1287.198, p < .001, CFI = .988, RMSEA = .013, SRMR 
(within) < .001, SRMR (between) = 0.096, WRMR = 4.368. 
Total sample size for this step was 298,568 students in 1,151 
schools due to list-wise deletion of some cases with missing 

Table 2. Descriptive Statistics

Student-Level Variables (N = 326,352)

Variable Proportion % Missing

Black 0.419 0.00
Hispanic 0.091 0.00
Asian 0.024 0.00
Lunch 0.514 0.31
Retained 0.027 0.00
Transfer 0.008 0.00
Grade1 0.212 0.00
Grade2 0.199 0.00
Grade3 0.198 0.00
Grade4 0.196 0.00
Grade5 0.195 0.00
Gifted 0.032 0.00

School-Level Variables (N = 1,262)

Variable Mean SD Minimum Maximum % Missing

%Asian   2.15   3.64 0.00 30.94 0.00
%Black  41.24  32.54 0.00 100.00 0.00
%Hispanic   8.24  12.61 0.00 94.68 0.00
%GiftPrev   3.77   4.83 0.00 78.68 0.00
%Transfer   0.84   2.62 0.00 22.55 0.00
AvgTeacherExp  12.54   2.67 0.00 22.18 8.80
PerAdvTeacher  48.02  12.27 3.13 90.91 8.64
Nstudents 702.30 263.27 41.00 2357.00 0.00
IncidentStudentRatio   0.04   0.19 0.00 4.03 0.00
Academics   0.00   0.99 -2.41 4.17 0.24

Note. All student-level variables are dichotomous. All school-level variables are continuous.
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data. Unfortunately, true FIML for missing data is unavailable 
when the WLSMV estimator is selected in MPlus, which is 
required to obtain model fit statistics for multilevel models 
with categorical outcomes. When WLSMV is used, the model 
estimation is performed through a series of univariate and 
bivariate models for all categorical outcomes. FIML is used 
within each model, and only variables in each model can be 
associated with missingness. Neither true FIML nor the 
missingness approach for WLSMV avoids listwise deletion 
for missing exogenous variables. Figure 1 illustrates the rela-
tions between variables in the within-schools portion of the 
model whereas Figure 2 illustrates the between-schools por-
tion of the model.
Interpreting Model Parameters. The interpretation of 
model parameters in this analysis is similar to the interpreta-
tion of parameters from other linear models (Kline, 2005). 

The parameter represents the expected change in the out-
come given a one-unit change in the predictor, controlling 
for all other variables in the model. As always, it is important 
to keep the scale of the predictor variable in mind when 
interpreting the coefficients. The coding of certain variables 
differently in the within- and between-schools portions of 
the model creates no problems as long as this scaling is kept 
in mind. For example, the race variables are dummy coded in 
the within-schools part of the model, but coded as percent-
ages divided by 10 in the between-schools part of the model 
(Long, 1997).

The interpretation of parameters becomes more complex 
when the outcome variable is not continuous. This is the case 
for all endogenous variables in the within-schools portion of 
the model. In this case, predicted (or model-implied) values 
cannot be obtained in the usual way, which involves adding 

Hispanic

Asian

Lunch

Black

Transfer

Grade2

Gifted

Retained

.892

–.390

1.167

.361

–.031

–.570

–.292

–.377

–.180

Grade3

Grade4

Grade5

–.224

–.145

.270

–.167

.162

.157

–.309

–.530

.138

.104

.171

–.148

.189

Pseudo R2 = .121

Pseudo R2 = .331

Pseudo R2 = .098

Figure 1. Path values for within-schools portion of multilevel model
Note. Bold boxes denote variables that vary across students and across schools.
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together the model intercept and each predictor multiplied by 
its regression coefficient. This is because probabilities are 
necessarily bounded at 0 and 1, but predicted values pro-
duced by the linear model are not bounded. For this reason, 
the predicted values are obtained by first calculating a value 
of the linear predictor in the usual way then transforming that 
value into a probability. The transformation is referred to as a 
link function (Hardin & Hilbe, 2007). The link function used 

in this study is the probit link. The probit link may be thought 
of in the following way. The dichotomous outcome variable 
will be called y. There is an underlying standardized normal 
latent variable y* with threshold t. The observed outcome y 
is an indicator of y*. When y* is less than t, the observed 
outcome y takes on the value of 0. When y* is greater than t 
the outcome takes on the value of 1. Figure 3 illustrates 
this concept.

Black%

%Hispanic

Lunch

%Asian

Per Adv
Teachers

Avg Teacher
Exp

Gifted

NStudents

Incident
Student 

Ratio

%GiftedPrev

Retained

%Transfer

Academics

–.048

.144

–.025

–.009

–.003

.289

–.008

–.715

.096

–.108

.038

–.050

.003

.006

–.109

–.450

.676

.645

–.316

–.224

–.141

R2 = .388R2 = .731

Figure 2. Path values for between-schools portion of multilevel model
Note. Bold boxes denote variables that vary across students and across schools.
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The underlying value y* is estimated by the value of the 
linear predictor produced by the model, that is, the sum of 
all the predictors multiplied by their regression weights. 
Similar to linear regression, there is a normally distributed 
residual that describes the deviation of the predicted value of 
y* with the actual unobserved value of y*. The normal distri-
bution can be used to compute the probability than an indi-
vidual with a given value of the linear predictor has an 
underlying y* value that exceeds the threshold. This is the 
same as computing the probability that the individual has a 
value of 1 on the dichotomous observed variable y given the 
predictors (Long, 1997).

One advantage of the probit over the more popular logit 
link is that, when the probit-linked dichotomous variable is a 
mediator in a path or structural equation model, the use of 
the probit link allows researchers to experiment with the 
effect of different values of y* rather then being limited to 
observed values of y in the calculation of model-predicted 
values (MacKinnon, 2008). This advantage applies only to 
the calculation of model-implied results. For instance, in the 
current study, the FRL variable is used as an indicator of 
SES. This variable simultaneously serves as an outcome and 
as a predictor in the model. As an outcome, the estimated 
threshold parameter for LUNCH is -0.061. This is inter-
preted as a z score, implying that about 50% of students 
receive FRL. Thresholds are similar to model intercepts in 
ordinary regression models because their interpretation 
depending on the coding and centering of the other predic-
tors in the model. In this example, LUNCH is predicted by 
three group-mean centered dummy variables BLACK, HIS-
PANIC, and ASIAN. LUNCH and several other variables 
are predictors of GIFTED. The threshold for GIFTED is 
2.536, implying that in individual must be very high above 
the mean in terms of the underlying latent variable associ-
ated with GIFTED in order to have been identified as gifted 
during the study. The underlying y* associated with LUNCH 
is not the observed value itself, so many different values may 

be considered. A very wealthy individual might have an 
underlying y* that is two or three standard deviations below 
the mean on the LUNCH latent variable, implying a near-
zero chance of receiving lunch aid. A very poor individual 
might have a very high underlying value of two to three stan-
dard deviations above the mean. In this way, predicted val-
ues for individuals with a very high range of SES may be 
generated by the model.

Model Results
The path values and standard errors for the within-schools 
portion of the model may be found in Table 3 and for the 
between-schools portion of the model in Table 4.

Within-schools model. The results of the within-school 
model are described in Figure 1 and Table 3. Race had strong 
direct effects, such that Black or Hispanic students had a 
markedly reduced probability of gifted identification, even 
after controlling for SES, whereas Asian students had an 
increased probability of identification. Furthermore, race had 
an extraordinarily strong effect on the probability of receiv-
ing FRL and on the probability of being retained. Receiving 
lunch aid moderately increased the probability of being 
retained and reduced the probability of being identified as 
gifted. Grade had strong effects on both the probability of 
retention and on the probability of gifted identification, with 
third grade being the most likely year for either event to 
occur. Table 5 provides pseudo R2 values and intraclass cor-
relation coefficients (ICCs) for the model. The within-schools 
model explained 33% of the variance in the probability of 
gifted identification, 12% of the probability of receiving 
lunch aid, and about 10% of the probability of being retained. 
The unconditional ICCs demonstrate the necessity of adopt-
ing a multilevel approach for these data.

In addition to estimating the direct effect of predictors, indi-
rect effects are also estimated. Indirect effects are effects trans-
mitted through intermediate mediating variables (MacKinnon, 
2008). In this model, for instance, race may affect the prob-
ability of identification directly. It may also affect the prob-
ability of identification indirectly by causing an individual to 
be more or less likely of coming from a low SES background, 
which in turn affects the probability of gifted identification. 
According to this model, there are four methods by which 
race may affect the probability of gifted identification. These 
may be confirmed by following the arrows in Figure 1. The 
paths are the direct effect, the indirect effect through LUNCH, 
the indirect path through RETAINED, and the indirect path 
through LUNCH and RETAINED. All these direct and indi-
rect effects and their standard errors are presented in Table 3, 
as well as the total effect, which is simply the sum of the 
direct and indirect effects.

Between-schools model. The between schools results are 
summarized in Figure 2 and Table 4. The model explained 
73% of the variance in the school academic environment, 

underlying continuous latent variable, y*

≤

Figure 3. Illustration of probit link
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Table 3. Parameters for Within-Schools Portion of Multilevel Model

Direct Effects

From To Parameter SE p

Black Lunch  0.892 0.003 <.001*
Hispanic Lunch  1.167 0.006 <.001*
Asian Lunch  0.361 0.012 <.001*
Lunch Retained  0.189 0.007 <.001*
Grade2 Retained -0.292 0.013 <.001*
Grade3 Retained  0.157 0.009 <.001*
Grade4 Retained -0.309 0.011 <.001*
Grade5 Retained -0.530 0.014 <.001*
Black Retained  0.104 0.014 <.001*
Hispanic Retained  0.171 0.020 <.001*
Asian Retained -0.148 0.048 0.002*
Transfer Retained  0.162 0.049 0.001*
Lunch Gifted -0.180 0.009 <.001*
Grade2 Gifted -0.145 0.023 <.001*
Grade3 Gifted  0.270 0.020 <.001*
Grade4 Gifted -0.167 0.024 <.001*
Grade5 Gifted -0.224 0.036 <.001*
Black Gifted -0.390 0.018 <.001*
Hispanic Gifted -0.377 0.031 <.001*
Asian Gifted  0.138 0.037 <.001*
Transfer Gifted -0.031 0.119 0.795
Retained Gifted -0.570 0.065 <.001*

Indirect Effects

From To Through Parameter SE p

Black Gifted Lunch -0.161 0.008 <.001*
Hispanic Gifted Lunch -0.210 0.011 <.001*
Asian Gifted Lunch -0.065 0.004 <.001*
Black Gifted Lunch, Retained -0.096 0.012 <.001*
Hispanic Gifted Lunch, Retained -0.126 0.015 <.001*
Asian Gifted Lunch, Retained -0.039 0.005 <.001*
Lunch Gifted Retained -0.108 0.013 <.001*
Black Gifted Retained -0.059 0.010 <.001*
Hispanic Gifted Retained -0.097 0.016 <.001*
Asian Gifted Retained  0.084 0.029 0.004*
Transfer Gifted Retained -0.092 0.030 0.004*

Total Effects

Variable Parameter SE p

Black -0.707 0.025 <.001*
Hispanic -0.810 0.036 <.001*
Asian  0.118 0.027 <.001*
Lunch -0.288 0.010 <.001*

Thresholds

Variable Value SE p

Lunch -0.061 0.020  .002*
Retained  2.193 0.016 <.001*
Gifted identification  2.536 0.073 <.001*

*Significant at or beyond p < .05.
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Table 4. Parameters for Between-Schools Portion of Multilevel Model

Direct Effects

From To Parameter SE p

Luncha Gifted -0.048 0.032 .139
%Asian Gifted  0.144 0.064 .023*
%Hispanic Gifted -0.025 0.019 .181
%Black Gifted -0.009 0.008 .246
Retaineda Gifted -0.108 0.050 .030*
%Transfer Gifted -0.050 0.084 .555
%GiftPrev Gifted  0.096 0.031 <.001*
Academics Gifted  0.289 0.031 <.001*
AvgTeacherExp Gifted -0.008 0.008 .325
%TeacherAdvDegree Gifted -0.003 0.002 .071
IncidentStudentRatio Gifted -0.715 0.200 <.001*
Nstudentsb Gifted  0.038 0.059 .517
%TeacherAdvDegree Academics  0.003 0.002 .089
AvgTeacherExp Academics  0.006 0.008 .408
IncidentStudentRatio Academics -0.109 0.088 .214
Luncha Academics -0.450 0.019 <.001*
%Asian Academics  0.676 0.048 <.001*
%Hispanic Academics -0.224 0.020 <.001*
%Black Academics -0.141 0.005 <.001*
%GiftPrev Academics  0.645 0.023 <.001*
Retaineda Academics  0.316 0.045 <.001*

Indirect Effects

From To Through Parameter SE p

%TeacherAdvDegree Gifted Academics  0.001 0.001 0.092
AvgTeacherExp Gifted Academics  0.002 0.002 0.410
IncidentStudentRatio Gifted Academics -0.032 0.026 0.216
Luncha Gifted Academics -0.130 0.015 <.001*
%Asian Gifted Academics  0.196 0.024 <.001*
%Hispanic Gifted Academics -0.065 0.009 <.001*
%Black Gifted Academics -0.041 0.005 <.001*
%GiftPrev Gifted Academics  0.186 0.021 <.001*
Retaineda Gifted Academics -0.091 0.016 <.001*

Total Effects

Variable Parameter SE p

%TeacherAdvDegree -0.002 0.002 0.211
AvgTeacherExp -0.006 0.008 0.462
IncidentStudentRatio -0.747 0.201 <.001*
Luncha -0.178 0.030 <.001*
%Asian  0.340 0.067 <.001*
%Hispanic -0.090 0.018 <.001*
%Black -0.050 0.007 <.001*
%GiftPrev  0.282 0.047 <.001*
Retaineda -0.200 0.049 <.001*

Intercept

Variable Value SE p

Academics 0.005 0.020 0.804

a. Between-schools portion of multilevel variable.
b. Variable is log-transformed.
*Significant at or beyond p < .05.
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mostly through the school composition variables. Student 
body SES had a very powerful impact on the academic envi-
ronment, as did the percentage of students within the school 
that had been previously identified as gifted and the percent-
age of students who were Asian. The remaining school-level 
race variables %BLACK and %HISPANIC had weaker neg-
ative effects on the academic environment variable. It is 
quite interesting that the variables measuring teacher educa-
tion and experience did not have significant effects on the 
school academic environment, nor did the ratio of severe 
behavioral incidents per student or the percentage of students 
that had been retained.

The model explained 39% of the between-schools vari-
ance in the probability of gifted identification. Only five paths 
had significant direct effects. The percentage of the student 
body that is Asian exerted a positive effect, as did the per-
centage of students who had been previously identified as 
gifted. The school academic environment had a large posi-
tive effect. The incident-to-student ratio variable had a strong 
negative effect on the probability of gifted identification. 
The percentage of the student body that had been retained 
exerted a negative effect.

Discussion
The results of this study have demonstrated that, in spite of 
relatively recent additions to Georgia law changing the iden-
tification procedure for gifted programs to make it easier to 
identify traditionally underrepresented students, a serious 
issue continues to exist in Georgia. Even when SES in con-
trolled, race has a huge impact on the probability of identifi-
cation. Hispanic students remain the group with the lowest 
probability of identification, as indicated by the magnitude 
of the total effect, though their probability is only slightly 
lower than the probability for Black students. The negative 
direct effect of race on gifted identification is strongest for 
Black students. This seemingly contradictory finding is exp-
lained because Black students were slightly less likely to 
receive lunch aid than Hispanic students and thus, as a group, 
suffered slightly less severely from the compounding effects 
of race and low SES. Asian students have a higher probabil-
ity of identification than students from any other group. Not 
only does being Black or Hispanic exert a large negative 
effect on the probability of identification directly, it also 
exerts large indirect effects through increasing the probability 

that the student will also be economically disadvantaged and 
therefore receive the penalties associated with socioeconomic 
deprivation as well.

The model allows the calculation of predicted probabili-
ties of gifted identification for various students in various 
schools. The calculations are somewhat complex due to the 
group-mean centering of within-schools predictors and 
grand-mean centering of between-schools predictors. Table 6 
summarizes the results of these calculations. The calcula-
tions assume a third-grade student of high academic ability 
situated in schools that are nonconducive, moderately con-
ducive, or conducive of gifted identification. Students may 
come from four racial backgrounds and three levels of SES. 
The variables were operationalized as follows. High aca-
demic ability is defined as a value on the underlying latent 
variable associated with RETAINED of negative one, that is, 
one standard deviation below the mean. This translates into a 
probability of retention that is very close to 0. Low SES was 
operationalized as a latent LUNCH value of 1, implying an 
86% probability of receiving lunch aid. Medium and high 
SES were defined as values of -0.5 and -2.0, respectively, 
implying probabilities of lunch aid of 33% and 3%. The 
latent value of TRANSFER was held constant at -3 across 
all computations.

At the school level, three variables were manipulated to 
create the three levels of conducivitiy. They were the aca-
demic environment, the percentage of students previously 
identified as gifted, and the behavioral incident-to-student 
ratio. Nonconducive schools had academic environments that 
were one standard deviation below the mean, 1% of students 
previously identified as gifted, and 15 incidents per 100 stu-
dents. Moderately conducive schools had average academic 
environments, 3.8% of students previously identified as gifted, 
and 4 incidents per 100 students. Conducive schools had aca-
demic environments that were one standard deviation above 
the mean, 20% of students previously identified as gifted, 
and 5 incidents per thousand students. The other variables 
were held constant across the school types. The school com-
position was 5% Asian, 20% Black, and 5% Hispanic. Trans-
fer students accounted for 1% of the student body. The school 
size was 500 students. Teachers had, on average, 15 years of 
experience. Fifty percent of teachers had advanced degrees.

The differences across schools are striking. In spite of 
state law mandating gifted education, schools were extremely 
heterogeneous in their success at identifying students. The 

Table 5. Intraclass Correlation Coefficients (ICCs) and Proportion of Variance Explained for Multilevel Model

Variable ICC (Unconditional) ICC (Conditional) Pseudo R2 (Within) R2 (Between)

Gifted .232 .177 .331 .388
Lunch .413 .241 .121 —
Retained .158 .142 .098 —
Academics — — — .731
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impact of the school on the probability of identification is 
strongest for low SES students and weakest for high SES 
students, though the effect for all students is very strong. The 
impact of student race and SES is also quite apparent. High 
SES students are, on average, four times more likely to be 
identified in a given year than low SES students. The impact 
of SES appears to be strongest for students from disadvan-
tages racial groups. For instance, high SES White students 
are 3.8 times more likely to be identified than low SES White 
students, but high SES Black students are 5.0 times more 
likely to be identified than low SES Black students.

One striking finding was that 73% of the variance in the 
school academic environment variable was explained via the 
school composition. It was surprising that the teacher vari-
ables did not exert a significant influence on the academic 
environment, which is particularly interesting given the cur-
rent emphasis on teacher and school accountability. Readers 
should recall that the variables that made up the academic 
environment variable were the percentages of students scoring 
as “advanced” on the CRCT. The results suggest that a certain 
population of students is likely to do well on the CRCT under 
any circumstance and is therefore less sensitive to factors such 
as teacher training and experience. Perhaps this is related to 
the results of Reis, Westberg, Kulikowich, and Purcell’s 
(1998) study which found that 50% of the curriculum could be 
eliminated for gifted students without negatively affecting 
their achievement test scores. The impact of teacher training 
and experience might have been more powerful if the aca-
demic composite had been defined by students scoring as 
“proficient” or “advanced” rather than just ”advanced” on the 
CRCT. Though there are clearly a very large number of omit-
ted variables that may significantly contribute to school qual-
ity, the results of this study suggest that the complete set of 
such variables could only explain up to 27% of the variance in 
the academic composite.

The impact of the behavioral incidents variable was inter-
esting as well. It did not exert a significant effect on the aca-
demic environment but had a huge influence on the probability 
of gifted identification. Perhaps this suggests that schools 
struggling with severe student behavioral issues are unable 
to focus on other aspects of their educational mission. Alter-
natively, this finding might be a proxy for some other lurking 
variable, such as school urbanicity. Further research is needed 
to examine the mechanism by which this variable influences 
gifted identification.

At the individual student level, this study provides some 
convincing evidence that the differential rates of gifted iden-
tification across racial groups is not due to SES alone. The 
large and statistically significant direct effects of race persist 
in spite of the inclusion of SES in the model and vice-versa. 
Comparing the size of the indirect effects of race through the 
LUNCH variable to the size of the direct effects provides 
some information about the relative contribution of these 
two factors to the probability of gifted identification. The 
direct effects of race appear to be about twice as large as the 
indirect effects.

A limitation of this study was the lack of true student-
level academic achievement or ability variables. This study 
manipulated the continuous latent variable underlying the 
probability of retention in an attempt to begin to examine the 
impact of academic ability, but it is obvious that real con-
tinuous achievement data would have allowed much stron-
ger statements regarding whether or not the study results 
truly demonstrate bias the gifted identification system. The 
same criticism could be applied to the FRL variable as being 
a poor and low-resolution proxy of SES (Merola, 2005). An 
obvious limitation is that the results apply only to a single 
state during a single year. The degree to which these findings 
may apply to other states is currently unknown. Another limi-
tation is that, though the structural model presented in this 

Table 6. Model Implied Probabilities of Identification

Student Characteristics School Type

Race Socioeconomic Status Nonconducive Average Conducive

White Low  3.2%  9.4% 16.3%
Medium  6.6% 13.4% 26.1%
High 12.3% 22.1% 38.3%

Black Low  1.2%  3.3%  8.5%
Medium  2.9%  6.7% 15.1%
High  6.0% 12.4% 24.5%

Hispanic Low  1.3%  3.4%  8.7%
Medium  3.0%  6.9% 15.5%
High  6.2% 12.6% 24.9%

Asian Low  4.3%  9.4% 19.9%
Medium  8.6% 16.6% 30.8%
High 15.3% 26.4% 43.6%

Note. Assumes high academic ability third grader.
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study fit the data well, this does not imply that it is the true 
model of relations between variables in the population. Many 
models could be proposed that would generate equivalent 
model fit statistics (Hershberger, 2006). The model in this 
article also suffers from a lack of parsimony, having a lim-
ited number of degrees of freedom. Future research may pro-
duce more parsimonious models.

Nevertheless, this study was the first to apply sophisti-
cated multilevel path analysis to the issue of gifted identifi-
cation practices. The size of the data set and fact that it was 
randomly selected from the population implies extremely 
high power and a very low possibility of sampling bias. It is 
hoped that this study will be the first of many such studies as 
more researchers take advantage of large state data sets.
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