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Abstract
Proportional identification of students for gifted services in Florida school districts is 
an important goal. A multi-level model was used to analyze school district data from 
the Florida Department of Education from the 2011–2016 academic years. Results 
from the study indicate that the likelihood of identification of students varied by 
their socioeconomic status. Students who were Black were 59% more likely to be 
identified for gifted services if they participated in federal meal subsidy programs. 
However, the likelihood of identification for students who are Latinx or Native 
American decreased by 47% and 38%, respectively, when compared with peers who 
did not participate in federal meal subsidy programs.
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Proportional representation of culturally, linguistically, and economically diverse stu-
dents in gifted programs continues to be a critical issue in the field of gifted education. 
The idea of proportional representation is a simple one. A school district’s identified 
gifted population should be demographically similar to its general population. However, 
students who are Black, Latinx, or Native American are currently (Peters et al., 2019) 
and historically underrepresented in gifted programs (Yoon & Gentry, 2009).

Equitable representation of children in gifted programs and services who are Black, 
Latinx, or Native American is a critical issue within the field of gifted education 
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(Daniels, 1998; Donovan & Cross, 2002; Erwin & Worrell, 2012; Esquierdo & 
Arreguín-Anderson, 2012; Ford, 2014; Goings & Ford, 2018; Hodges, McIntosh, & 
Gentry, 2017; Hodges, Tay, Maeda, & Gentry, 2018; Naglieri & Ford, 2003; Peters 
et al., 2019; Stambaugh & Ford, 2015; Yoon & Gentry, 2009). Scholars have stated 
that the causes for underidentification are due to inherent biases in testing (Naglieri & 
Ford, 2003), cultural bias toward underrepresented groups (Gentry et al., 2014; 
Grissom & Redding, 2015; Stambaugh & Ford, 2015), lack of educational resources 
(Hodges, 2018), or issues stemming from academic achievement rather than race/eth-
nicity (Erwin & Worrell, 2012).

Few studies in gifted education have separated race/ethnicity from other confound-
ing variables such as income status or rurality. McBee (2006) examined the identifica-
tion of elementary students in Georgia by investigating rates of identification for 
students of different races/ethnicities while controlling for socioeconomic status (SES) 
using eligibility for federal meal subsidy as a proxy. Warne et al. (2013) examined 
identification rates in Utah for students of different ethnicities while controlling for 
student achievement. Carman and Taylor (2010) controlled for SES using eligibility 
for federal meal subsidy as a proxy to examine identification rates for gifted services 
for students identified using the Naglieri Nonverbal Ability Test (NNAT; Naglieri & 
Ford, 2003). On a national scale, Grissom et al. (2019) examined the Early Childhood 
Longitudinal Study, Kindergarten Cohort (ECLS-K): 1998 and found that students 
from high SES households had significant advantages in being identified for gifted 
services compared with their peers from low SES households within the same school. 
Using nationally representative data sets to examine access to gifted education can be 
misleading, though, as state policies regarding gifted education vary greatly across the 
United States (Peters et al., 2019). In terms of rurality, its interaction with underrepre-
sentation remains a substantial gap in the literature (Rasheed, 2020). This is unsurpris-
ing as Rasheed’s (2020) literature review of rural gifted education literature pointed 
out the relative lack of literature on gifted education programs in rural school districts 
and students identified as gifted in those districts. That said, what is consistently dem-
onstrated within the literature is that rural districts allocate fewer resources to gifted 
education (Hodges, 2018; Hodges, Tay, Desmet, et al., 2018; Kettler et al., 2016). In 
contrast, effective identification of students who are traditionally underrepresented 
requires additional resources and training (Gentry et al., 2014).

The state of Florida allows scholars to explore other explanations for underrepre-
sentation in gifted education programs: SES and locale. Florida mandates that districts 
report the identification rates of students by federal meal subsidy eligibility. Coupled 
with district locale classifications, this allows scholars to examine rates of representa-
tion for traditionally underrepresented ethnic/racial groups by their federal meal sub-
sidy eligibility, commonly used as a proxy for SES in research (Domina et al., 2018), 
in the context of their geographic locale. The state requires this of districts as part of 
their policy referred to as “Plan B” (Florida Department of Education [FDOE], 2017a). 
Under this policy, the state allows school districts in Florida to develop alternative 
identification procedures for students who qualify for federal meal subsidies or partici-
pate in English Language learning programs.
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Underrepresentation in Florida

Identification rates for gifted services for students who are Black, Latinx, or Native 
American have lagged below students who are Asian or White for decades (Donovan & 
Cross, 2002; Peters et al., 2019; Yoon & Gentry, 2009). Nationally, based on the 2015–
2016 national data from the Office for Civil Rights, students who are Black are represented 
in gifted programs at a rate of 57% of their current representation in the general K-12 popu-
lation (Peters et al., 2019). In comparison, students who are Latinx are represented at 70% 
of the rate of their representation in the general K-12 population. Students who are Native 
American represented at 87% of the rate of their representation in general population. 
Using the same data set, Peters et al. found the representation rates for students who are 
Black, Latinx, or Native American in Florida school districts to be 43%, 88%, and 102%, 
respectively. This suggests that Florida identifies students who are Latinx or Native 
American at higher levels than the national average but lower for students who are Black.

In one of Florida’s large urban school districts, progress toward proportional repre-
sentation was made using universal screening (Card & Giuliano, 2016). Scholars pro-
vided evidence that the implementation of universal screening between 2004 and 2007 
closed gaps in representation between students who are Latinx and students who are 
White. The implementation of universal screening did not have a similar effect with 
students who are Black. Regardless, the results from this study highlight the efforts 
being made within the state to increase equity in urban districts in Florida.

The progress toward proportional identification in the United States is slower 
among rural school districts (Goings & Ford, 2018). Rural districts often lack the 
resources necessary to identify and provide services for students from underrepre-
sented populations (Hodges et al., 2019; Hodges, Tay, Desmet, et al., 2018). Critical 
professional development or faculty hires are postponed indefinitely due to lack of 
funding (Ihrig et al., 2018). The issue of rurality is critical in Florida as 40% of its 
school districts are rural.

Florida Rurality

Florida contains some of the densest population centers in the United States (U.S. 
Census Bureau, 2012). For example, Miami-Dade County has a population of 
2,662,874 and 11,135 people per square mile. In contrast, Liberty County, in the 
Florida Panhandle, has a population of 8,365 and 10 people per square mile. Of 
Florida’s 67 counties, 27 of them are classified as rural (U.S. Census Bureau, 2012). 
These counties are in two areas in the state. One rural center is within the Florida 
Panhandle, which is in the northwest portion of the state. The other rural center is 
located around the Everglades in the central and southern central portion of the state.

Gifted Education in Florida

There are 74 school districts in the Florida. This number is comprised of one school 
district in each of the 67 counties in the state, the four research universities (Florida 
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A&M University, Florida Atlantic University, Florida State University, and the 
University of Florida) each maintain a school district, a school district for children 
who are blind and/or deaf, a virtual school campus, and a youth detention center 
(FDOE, 2017a). In total, there are 2,626,008 students enrolled in the Florida public 
school systems. Of these students, educators identified 165,495 students as gifted and 
talented representing 6.3% of the state’s public school population (FDOE, 2017a).

The state legislators have defined giftedness in children as a child who “has supe-
rior intellectual development and is capable of high performance” (FDOE, 2017a). 
Florida has a dual system for identification. First is an IQ-based identification system 
in which a child must demonstrate intellectual ability two standard deviations above 
the mean (IQ = 130). Second is “Plan B” with specific provisions for underrepre-
sented groups within a district. The Plan B identification system is determined by the 
district. Under Plan B, school districts must have a second identification procedure in 
place for student groups labeled as underrepresented by the state. The groups recog-
nized by the state as underrepresented groups in gifted education programs, thus quali-
fying for Plan B, are students learning English as second language and students who 
participate in federal meal subsidy programs (FDOE, 2017a). Each district must des-
ignate identification measures or procedures for identifying underrepresented students 
for gifted services (FDOE, 2017a).

Purpose

The purpose of this study is to assess how school district-level demographic represen-
tation of students who are Black, Latinx, or Native American differs from peers who 
are Asian or White. A further purpose is to examine how school district locale and 
participation in federal meal subsidy programs influence this representation. This 
study addresses a gap in literature regarding the influence of SES, using federal meal 
subsidies as a proxy, and rurality on representation by examining gifted identification 
rates among underserved groups in the state of Florida. Furthermore, this study fills a 
gap between the micro-analysis of a single district by Card and Giuliano (2016), the 
grade-level analysis from Grissom et al. (2019), and the overall state-level descriptive 
analysis from Peters et al. (2019).

Research Questions

Research Question 1: To what extent are students who are Black, Latinx, or Native 
American underrepresented in gifted programs in the state of Florida compared 
with their peers who are Asian or White?
Research Question 2: To what extent do gifted identification for students who are 
Black, Latinx, or Native American and participate in federal meal subsidy pro-
grams vary when compared with peers who are Asian or White and participate in 
federal meal subsidy programs?
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Research Question 3: To what extent does rurality moderate how race/ethnicity 
interacts with participation in federal meal subsidy programs and affect identifica-
tion rates for gifted service?

Method

This analysis used administrative data from Florida and a combination of descriptive 
statistics and a hierarchical linear model to examine district-level enrollment data. The 
data used within the analysis are at the school district level. The hierarchical model 
used in this analysis is a three-level model. For a given year and school district, two 
rate ratios (RRs) of identification are calculated: one for district enrollment of students 
in the district who qualify for federal meal subsidies and one for students who do not 
qualify. These RRs serve as the unit of analysis. As such, the structure of the analysis 
is the district at Level 3, the repeated annual measure of the school district at Level 2, 
and the two RRs for a given racial/ethnic group in the school district at Level 1.

Sample

The data set used in this study was acquired from the Accountability and Reporting 
Department of the FDOE (2017b) using the recommendations of Hodges (2020). 
Florida annually requires all 74 school districts to report student demographics and 
testing results to the Accountability and Reporting Department. The FDOE publishes 
annual aggregate reports for the public and state legislature. This data set was specifi-
cally obtained via public access through the PK-20 Education Information Portal 
(FDOE, 2017b). The data set used in the analysis contains enrollment information for 
each district’s general population and identified gifted population. The enrollment 
information was disaggregated by race/ethnicity and SES. For example, the data set 
contained information on the number of students who are Latinx, participate in federal 
meal subsidy programs, and are identified as gifted for a given year.

The data set used in this analysis encompassed five academic school years (2011–
2012 to 2015–2016) and used the variable participation in federal meal subsidy pro-
grams, race/ethnicity, gifted education identification, and school district. During the 
time frame of the study, Florida defined a student as being from a low SES family if 
they were eligible for free lunch, eligible for reduced-price lunch, or eligible for free 
meals. In 2017, Florida updated its definition to include all students enrolled in a 
Provision 2 school or Community Eligibility Provision school (FDOE, 2019). The 
data analyzed in this study do not include years, wherein the updated definition for 
participation in federal meal subsidy programs was used. An additional variable des-
ignating rurality as denoted by the National Center for Education Statistics (NCLS) 
was added to the data set. In this study, 27 of Florida’s 67 county school districts were 
classified as rural.

The data set included all school districts in Florida from the academic school years 
2011–2012 through 2015–2016 (n = 74). Three school districts were eliminated from 
analysis using listwise deletion because they reported no identified gifted students 
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during the time frame. Because the dependent variable in this study is a ratio, division 
by zero yields an undefined result making the observation unsuitable for analysis. The 
final data set contained 71 school districts over 5 years with 355 observations for all 
variables. None of the school districts eliminated were rural.

Variables

Description of the dependent variable. Given that rates of identification are being exam-
ined, a RR is an appropriate statistic to test in the analysis (Bland & Altman, 2000). A 
RR is defined as the ratio of the proportion of a group identified as having and not having 
trait X with the proportion of another group identified as having and not having trait X 
(Bland & Altman, 2000). RRs are also useful in examining rates of underrepresentation 
as they directly compare representation between two groups (Hodges, Tay, Maeda, & 
Gentry, 2018). As the purpose of the study is to examine rates of identification when 
race/ethnicity and participation in federal meal subsidy programs are controlled, a RR 
was calculated while conditioning for non-participation in federal meal subsidy pro-
grams. In total, six RRs were calculated for each school district for a given year. Two for 
the demographic count of students who are Black, two for the demographic count of 
students who are Latinx, and two for the demographic count of students who are Native 
American using the following formula:
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where T indexes time points and N represents districts. The notation X NFRPL  refers 
to the demographic count of students who are from the racial/ethnic group of interest 
(Black, Latinx, or Native American) and do not participate in federal meal subsidy 
programs, and A/W NFRPL  refers to the demographic count of students who are 
Asian or White and do not participate in federal meal subsidy programs.

Finally, a second RR was calculated for students who are designated as having 
participated in federal meal subsidy programs:
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where T indexes time points and N represents districts. The notation X FRPL  refers to 
the demographic count of students who are from the racial/ethnic group of interest 
(Black, Latinx, or Native American) and do participate in federal meal subsidy 
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programs, and A/W FRPL  refers to the demographic count of students who are Asian 
or White and do participate in federal meal subsidy programs.

RRs should be interpreted as their magnitude from 1 when discussing representation 
(Lamb et al., 2019). A RR of 1 equates to equal representation. A RR of 2 equates to the 
group of interest being twice as represented as the reference group. A RR of 0.5 equates 
to the group of interest being only half as represented as the reference group.

In the construction of the RRs, the denominator was intentionally chosen to be a 
composite of the representation of students who are Asian or White. In Peters et al. 
(2019), these two groups of students are consistently well represented in gifted educa-
tion programs across the United States. This is in stark contrast to students who are 
Black, Latinx, or Native American. In short, the purpose of combining students who 
are Asian and students who are White to form the denominator of the RR is to compare 
an underrepresented group with a well-represented group.

Predictors. Two predictors were examined for their effect on the dependent variable in 
the model. The first predictor was SES. The second predictor was rurality. The third 
predictor, Plan B, was used to perform a check for robustness. Finally, a wave variable 
was coded that controlled for annual changes across time.

Participation in federal meal subsidy programs (free or reduced-price lunch [FRPL]). A 
binary variable was constructed to describe RR association with the demographic of 
students participating in federal meal subsidies. Specifically, this variable indicates 
whether a RR was calculated using district demographics describing the population of 
students who are defined as low SES by the state of Florida through participation in 
federal meal subsidy programs. This variable was coded as 1 or 0 where 1 indicated that 
the RR was associated with participation in federal meal subsidy programs and 0 indi-
cated that it was not. The indicator for participation in federal meal subsidy programs 
was associated with RRs that only included students who were designated as participat-
ing in federal meal subsidy programs. Using this strategy, RRs calculated from students 
who do not participate in federal meal subsidy programs would be the reference group 
in the regression. In this way, the beta coefficient derived from the binary indicator 
variables is the log mean difference between the RRs describing students who partici-
pate in federal meal subsidy programs and the associated RR for students who do not 
participate in federal meal subsidy programs.

Rurality. A binary variable was created to designate a given RR as being associated 
with a school district from a rural locale. The rural designation was derived from the 
codes assigned to the district from the NCES. The NCES (2016) locale designations 
describe rurality in terms of distance from an urban population center and census des-
ignation.

Plan B. A binary variable was created to designate a given RR as being associated 
with a school district that reported having a Plan B to the FDOE. This variable was 
used to perform a check for robustness.
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Wave. A time variable was created to describe the academic school years. Time 
was reverse coded such that the academic school year 2011–2012 was coded as −4, 
2012–2013 as −3, 2013–2014 as −2, 2014–2015 as −1, and 2015–2016 as 0. Cod-
ing time in this manner means that the intercept is indicative of the final time point 
(2015–2016) rather than the first (2011–2012). Finally, the time variable was allowed 
to vary across districts as a random effect.

Dependence. The model contained two sources of dependence. The first was that a 
school district was sampled multiple times. The second is that a set of RRs were cal-
culated from a single school district in a single year.

District. Repeated measures of RRs over time were nested under school districts. 
This variable was coded as the unique identification number associated with a school 
district.

Annual District. Repeated measures of RRs were calculated from a single district in 
a single year. This variable was coded by using the identification number associated 
with the district cross-referenced with the given year. For example, a given district 
might be coded as district1. For the year 2011, its code would be district12011. In this 
case, two RRs would be assigned this code (one for the RR associated with the demo-
graphics of students who participate in federal meal subsidy programs and one for the 
RR associated with the demographics of students who do not participate in federal 
meal subsidy programs).

Analysis

As the set of RR used in the analysis was extracted from a school district, these RRs 
were not independent from each other. In this case, a hierarchical-level model is an 
appropriate analysis (Faraway, 2014). The data set included repeated measures over 
time (the RR), which lead to biased estimates if those estimates were not adjusted for 
lack of independence between observations.

Model Testing

The following model was used in this analysis:

Yti i i t

i

= + ( ) + ( ) + ( ) +
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α β β β
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where Yti  is a log RR of identification for school district i in year t and α  indicates the 
intercept. β1( )FRPLi  is a binary variable indicating a RR for school district i that was 
calculated from children from low SES households as designated by the FDOE through 
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participation in federal meal subsidy programs (FRPL). The variable β2 ( )rurali  is a 
binary variable indicating if school district i is in a rural designated county. β3 ( )wavet  
is the time variable. Three interactions are included in the model:β4 ( )( )FRPL wavei t , 
β5 ( )( )rural waveti , and β6 ( )( )FRPL rurali i . These represent the interaction between 
FRPL status indicator and time, district rurality and time, and finally, FRPL status 
indicator and district rurality. u i00  represents the random intercept school district i and 
u i000  represents the random slope for repeated measures of RRs within school district 
i in year t. Furthermore, u i ti1 ( )wave  represents the random effect of the time variable 
on slope. Finally, due to a reduced number of degrees of freedom for sub-analyses for 
students who are Black, Latinx, or Native American, the random intercept for school 
district and random slope for wave were uncorrelated. The model that included a cor-
related slope and intercept led to convergence issues due to limited degrees of freedom 
and was uninterpretable.

A Wald t test was used as the test statistic in the analysis as suggested by Faraway 
(2014). As the regression model incorporates fixed and random effects, a more para-
metric test statistic is inappropriate (Faraway, 2014). R 3.4 (R Core Team, 2017), in 
conjunction with the lme4 package (Bates et al., 2014) and the lmerTest package 
(Kuznetsova et al., 2017), was used for the analysis.

In lme4, degrees of freedom for statistical tests are calculated with a Satterthwaite 
adjustment (Bates et al., 2014). Finally, Xu (2003) noted that using traditional effect 
size calculations for multi-level models (MLMs) can lead to over-optimistic effect 
sizes. The author suggested the use of a modified coefficient of determination called 
Ω2 (Xu, 2003). This coefficient of determination was used in all effect size calcula-
tions reported in the analysis.

Weighting procedure. A non-linear probability weighting scheme was used as sug-
gested by Dupraz (2013). When using analytical weights, each school district is 
weighted by the total number of students in that district in a given year. For example, 
in 2011, Charlotte County had 17,838 students enrolled. In contrast, Glade County 
School District had 1,490 students enrolled. The weight associated with the RR for 
Charlotte County School District in 2011 would be roughly 12 times greater than for 
Glade County School District. This weighting strategy has the advantage of producing 
accurate regression estimates reflective of parameters across the state. As the purpose 
of this analysis is to extract parameters reflective of Florida, this is an appropriate 
weighting strategy. For race/ethnicity-specific dependent variables, a weight was cal-
culated based on the total number of students of a given race/ethnicity in that district 
in a given year.

Assumptions. Linear regression assumes a linear relationship between the predictors 
and outcome, equal variance of errors, and independence of residuals, and that the 
fixed and random residuals are normally distributed (Seber & Lee, 2012). The use of 
a RR as a response variable leads to a violation of normality. In this case, Faraway 
(2014) suggested using a log transformation to address issues of normality.
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Furthermore, because the model incorporates repeated measures (multiple years), 
independence of residuals was violated. As such, an MLM must be used (Faraway, 
2014). Finally, the assumption of constant variance of fixed and random effects was 
addressed by analyzing residual plots.

Robustness. A test for robustness involves examining the change in magnitude and 
direction of effects of interests through the inclusion of differing covariates or a 
respecification of a variable (Bradley, 1978). In the case of this analysis, one critical 
test for robustness is included. Florida does not mandate that districts create a Plan B 
for identification. Previously, scholars have found that Plan B increases the identifica-
tion rate of students from underrepresented populations (Matthews, 2007; Matthews & 
Shaunessy, 2010; McBee et al., 2012). During the time frame of this study, 42 districts 
reported having a Plan B. For this test of robustness, a binary variable was created that 
signifies that a district has a Plan B. This variable was then included within the model 
to examine how controlling for the presence of a Plan B within a district influenced the 
magnitude and direction of FRPL.

P Values. The p values are reported in these analyses. Considering that this is 
largely an observational study on the population of Florida districts in the time frame, 
the reported values should not be interpreted as inferential claims (Makel & Plucker, 
2017). The p value is derived from the Wald t test. The Wald t test is calculated from 
the ratio of the beta coefficient to its associated standard error. Given this, the p value 
is indicative of a coefficient stability, where low p values are associated with stable 
beta coefficients. In this case, stable beta coefficients are associated with beta coef-
ficients with smaller standard errors such that the ratio of the beta coefficient to the 
standard error is greater than 2 (Faraway, 2014).

Results

An important consideration in the interpretation of these results is that they were 
derived from school district reported enrollments rather than individual students. More 
specifically, the results of the regression analysis describe demographic representa-
tions in identified populations of gifted students associated with school districts in 
Florida. Any reference to students is in reference to the population of that group of 
students within a school district in Florida.

Demographics

During the period of this study, total enrollment increased from 2,443,674 to 2,533,505. 
Enrollment for students who are Asian increased from 59,443 to 63,488. Enrollment 
for students who are Black increased from 598,457 to 612,813. Enrollment for stu-
dents who are Latinx increased from 724,312 to 834,189. Enrollment for students who 
are Native American decreased from 9,336 to 8,521. Finally, enrollment for students 
who are White decreased from 1,052,126 to 1,011,494 (see Figure 1).
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During the time frame of the study, the percentage of students identified for gifted 
services averaged 5.71% or 150,365 students. Students who participate in federal meal 
subsidy programs were identified at lower rates than students who do not participate 
in federal meal subsidy programs. The percentage of students identified as gifted 
increased for all demographic groups with exception of students who are Native 
American and participate in federal meal subsidy programs (see Figures 2 and 3).
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Figure 1. Enrollment by race in Florida public schools from the 2011–2012 to 2015–2016 
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Figure 2. Identification rates by race for gifted services for students from low SES 
households in Florida public schools from the 2011–2012 to 2015–2016 academic school 
years.
Note. SES = socioeconomic status.
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Students who are Black in the state of Florida are only identified at about a quarter 
the rate of students who are Asian or White (RR = 0.277). The RR identification rates 
for students who are Black decreased from 0.284 to 0.276 between 2011 and 2016. 
The RR identification rates for students who are Latinx decreased during this period, 
falling from 0.672 to 0.617. Students who are Latinx (RR = 0.645) were identified at 
nearly two thirds the rate compared with students who are Asian and White. Finally, 
students who are Native American were being identified at a rate of 0.529. This is only 
over half the rate of identification for their peers who are Asian or White. Identification 
rates for students who are Native American also declined from 0.564 to 0.498. Between 
the 2011–2012 school year and 2015–2016 school year, the overall Black and Latinx 
student populations increased, while the Native American student populations 
declined. For full descriptive statistics, see Table 1. The distribution of rate ratios 
across school districts by SES status for students who are Black, Latinx, or Native 
American can be seen in Figures 4, 5, and 6 respectively.

Model Diagnostics and Fit

Residual plots provided evidence that constant variance was maintained for fixed and ran-
dom effects. An examination of the QQ-plot provided evidence that a transformation was 
necessary. Normality was achieved after a log transformation of the dependent variable.

Regression Results

The reported beta coefficients have been exponentiated to provide clear interpretations 
of effects. In a model that analyzes RRs, a one-unit increase in a coefficient correlates 
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years.
Note. SES = socioeconomic status.
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Figure 5. Raincloud plot depicting the distribution and centrality of RR of identification for 
students who are Latinx in comparison of students who are Asian or White in Florida.
Note. SES = socioeconomic status; RR = rate ratio.

Figure 4. Raincloud plot depicting the distribution and centrality of RR of identification for 
students who are Black in comparison of students who are Asian or White in Florida.
Note. SES = socioeconomic status; RR = rate ratio.
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Table 1. Descriptive Statistics About Florida’s Student Population of Students From 
Underserved Racial Groups From 2011 to 2016.

Student group School year na RRb

Black 2011–2012 611,929 0.284
2012–2013 617,467 0.276
2013–2014 625,567 0.274
2014–2015 625,769 0.275
2015–2016 628,066 0.276

Latinx 2011–2012 762,840 0.672
2012–2013 788,084 0.656
2013–2014 815,239 0.650
2014–2015 847,423 0.633
2015–2016 880,634 0.617

Native American 2011–2012 9,753 0.564
2012–2013 9,315 0.548
2013–2014 8,980 0.532
2014–2015 8,830 0.506
2015–2016 8,904 0.498

Note. The RR compares the given student group with the rate of identification of students who are Asian 
or White.
an is the total number of students in the race/ethnic group within Florida’s public school system. b RR is 
the rate ratio of identification for gifted services.

Figure 6. Raincloud plot depicting the distribution and centrality of RR of identification for 
students who are Native American in comparison of students who are Asian or White in 
Florida.
Note. SES = socioeconomic status; RR = rate ratio.
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to an increase in the log RRs (Faraway, 2014). For this reason, the coefficients reported 
have all been transformed and were written as exp(β) to remind readers of the trans-
formation. The transformation was done for ease of interpretation by the reader. This 
transforms the scale from log RRs to RRs.

Students who are Black. Rates of proportional identification for students who are 
Black and participate in federal meal subsidy programs were 59%, exp(β) = 1.594, 
p < .001, greater compared with their peers who are Black and do not participate 
in federal meal subsidy programs. This means that the RR for identification of stu-
dents who are Black is 59% greater than the RR of 0.286 for students who are Black 
and do not participate in federal meal subsidy programs when compared with stu-
dents who are Asian or White and do not participate in federal meal subsidy pro-
grams. This translates into a RR of 0.456. Students who are Black and do not 
participate in federal meal subsidy programs in rural areas were not identified dif-
ferently than their non-rural peers overall, exp(β) = 1.139, p = .302. This was not 
the case for students who are Black and participate in federal meal subsidy pro-
grams in rural areas, exp(β) = 0.549, p < .001. Proportion of variance explained 
by the model was 28.99%. Full results can be seen in Table 2.

Students who are Latinx. In contrast to students who are Black, the rates of proportional 
identification for students who are Latinx and participate in federal meal subsidy pro-
grams decreased by 47%, exp(β) = 0.532, p < .001, when compared with their peers 
who do not participate in federal meal subsidy programs. Similar to students who are 
Black, there was a nominal change in identification rates for students who are Latinx 
and do not participate in federal meal subsidy programs in rural school districts when 
compared with their non-rural peers, exp(β) = 1.122, p = .300. Furthermore, this 

Table 2. Regression Results For Students Who Are Black Rather Than Black Students.

Fixed effects Exp(β) SE t p

Intercept 0.286 0.086 14.550 <.001
Low SES 1.593 0.086 5.414 <.001
Year 1.000 0.023 0.015 .988
Rural 1.139 0.126 1.031 .302
Low SES × Year 1.022 0.032 0.688 .491
Year × Rural 1.014 0.033 0.423 .672
Low SES × Rural 0.549 0.091 6.610 <.001

Random effects Variance SD  

District 0.085 0.292  
Year <0.001 0.001  
Residual 0.008 0.091  

Note. SES = socioeconomic status.
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coefficient is unstable indicating large variance among districts in the state. Con-
versely, a time interaction was large and further stable. The rates of proportional iden-
tification for students who are Latinx and participate in federal meal subsidy programs 
increased by 10% each year during the period of the analysis, exp(β) = 1.100, p < 
.001. Proportion of variance explained by the model was 43.12%. Full results are con-
tained in Table 3.

Students who are Native American. The rates of proportional identification for stu-
dents who are Native American and participate in federal meal subsidies decreased 
by 38%, exp(β) = 0.624, p < .001, when compared with their peers who do not 
participate in federal meal subsidies. Similar to the other demographic groups, 
there was a nominal change (and with instability suggested by the variance com-
ponent) in identification rates for students who are Native American who do not 
participate in federal meal subsidies in rural school districts when compared with 
their non-rural peers, exp(β) = 1.212, p = .504. The difference between students 
who are Native American who participate in federal meal subsidies in rural school 
districts and their peers from non-rural school districts was minimal and unstable 
suggesting that a practical difference does not exist, exp(β) = 1.151, p = .821. 
Proportion of variance explained by the model was 21.01%. Full results are shown 
in Table 4.

Robustness. Results from the test for robustness can be seen in Table 5. The results 
from this test provide evidence that the inclusion of Plan B within a school district 
does not influence the direction or magnitude of the effect of rurality or participation 
in federal meal subsidies on rates of representation.

Table 3. Students Who Are Latinx Rather Than Latinx Students.

Fixed effects Exp(β) SE t p

Intercept 0.655 0.076 5.547 <.001
Low SES 0.532 0.077 8.252 <.001
Year 0.956 0.023 1.957 .050
Rural 1.122 0.111 1.037 .300
Low SES × Year 1.100 0.028 3.384 <.001
Year × Rural 1.003 0.029 0.092 .927
Low SES × Rural 0.817 0.082 2.475 .013

Random effects Variance SD  

District 0.067 0.260  
Year <0.001 0.001  
Residual 0.007 0.081  

Note. SES = socioeconomic status.
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Table 4. Students Who Are Native American Rather Than Native American Students.

Fixed effects Exp(β) SE t p

Intercept 0.778 0.110 2.290 .022
Low SES 0.624 0.130 3.616 <.001
Year 0.978 0.037 0.610 .542
Rural 1.212 0.288 0.668 .504
Low SES × Year 1.065 0.053 1.186 .236
Year × Rural 1.204 0.094 1.969 .049
Low SES × Rural 1.151 0.622 0.226 .821

Random effects Variance SD  

District 0.084 0.290  
Year 0.001 0.025  
Residual 0.012 0.112  

Note. SES = socioeconomic status.

Discussion

To What Extent Are Students Who Are Black, Latinx, or Native 
American Underrepresented in Gifted Programs in the State of Florida 
in Comparison With Their Peers Who Are Asian or White Between the 
Years 2011 and 2016?

The overall rate of identification for the combined underrepresented populations 
is only half of that compared with their peers who are Asian or White. This coin-
cides with the results of numerous researchers who have noted similar trends 
across the United States (Esquierdo & Arreguín-Anderson, 2012; Konstantopoulos 
et al., 2001; Peters et al., 2019; Stambaugh & Ford, 2015; Yoon & Gentry, 2009).

Table 5. Robustness Check of Model Coefficients.

Fixed effects Black Latinx Native American

Intercept 0.219 0.636 0.528
Low SES 1.591 0.532 0.622
Year 1.001 0.956 0.977
Rural 1.281 1.142 1.390
Low SES × Year 1.023 1.100 1.066
Year × Rural 1.012 1.003 1.185
Low SES × Rural 0.549 0.817 1.458
Plan B 1.367 1.036 1.546

Note. SES = socioeconomic status.
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As reported by Yoon and Gentry (2009) and Peters et al. (2019), Florida is no 
exception to the national trends concerning underrepresentation of students who are 
Black, Latinx, or Native American for gifted services in K-12 public schools. The 
authors noted that children who are Black or Latinx were identified at a lower rate than 
their peers who are Asian or White, whereas Native Americans were proportionately 
identified in the state of Florida. Yoon and Gentry and Peters et al. used a representa-
tion index (proportion of students of a given race/ethnicity in the gifted program over 
the proportion of students in the general population) to quantify representation in 
gifted programs. Peters et al. reported representation indices for students who are 
Black, Latinx, or Native American in Florida using the 2015–2016 Office of Civil 
Rights mandatory reported data of 0.43, 0.88, and 1.02, respectively.

However, the findings for the rate of identification for students who are Native American 
in this study did not align with the findings of Yoon and Gentry (2009) nor those of Peters 
et al. (2019). In Florida, students who are Native American were identified at a lower rate 
than what the Office for Civil Rights data indicated in both studies. Yoon and Gentry 
(2009) indicated a representation index for Native American students of nearly 1. This 
index is higher than the one reported in this study (0.529). The results from this article 
provide evidence that students who are Native American were only identified at half the 
rate of students who are Asian or White. Native Americans are the smallest of the three 
populations analyzed (students who are Black, Latinx, or Native American). A possible 
cause for the differences between estimations of representation reported by Yoon and 
Gentry (2009) and Peters et al. (2019) when using the Office for Civil Rights data and this 
study that used data from the FDOE is the estimation procedures on a small population. 
The Office for Civil Rights data use a minimum cell value of 2 in its reporting. For students 
who are Native American who only comprise 0.3% of the state’s student body, this can lead 
to overestimates of their representation in gifted programs in the state.

Compared with the national averages presented by Konstantopoulos et al. (2001), 
Florida has improved rates of identification for students who are Latinx and improved 
rates of identification for children who are Native American and do not participate in 
federal meal subsidies. Similar to the findings by Yoon and Gentry (2009), Florida has 
a lower rate of identification for students who are Black. Konstantopoulos et al. found 
an overall rate of representation for students who are Black to be 0.37 and Peters et al. 
reported a rate of 0.43. A ratio of identification of only 0.277 confirms that Florida 
educators continue to struggle to identify students who are Black despite the legisla-
tive mandates and provisions issued by the state.

To What Extent Are Gifted Identification Rates Influenced by Race/
Ethnicity When Conditioning for Participation in Federal Meal Subsidies 
(Through Plan B) in the State of Florida From the 2011–2012 Through 
the 2015–2016 Academic Years?

The results from this study provide evidence that the interaction between race/ethnic-
ity and SES is not uniform across students who are Black, Latinx, or Native American. 
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Furthermore, the results of this study are in contrast to those of Erwin and Worrell 
(2012) and Warne et al. (2013). In both studies, the authors controlled for achievement 
while examining the effect of ethnicity was not significant a determinant in identifica-
tion for gifted services. Both groups of researchers found that race/ethnicity was not a 
significant predictor when achievement was controlled for. However, the data from 
Florida revealed that when conditioning on participation in federal meal subsidies, the 
representation gap between children who are Black, Latinx, or Native American and 
their peers who are Asian or White was not eliminated. In other words, based on Erwin 
and Worrell’s (2012) and Warne et al.’s (2013) studies, if a child who is Black, Latinx, 
or Native American and a child who is Asian or White achieve on similar levels, they 
are equally likely to be identified for gifted services. However, this study provides 
evidence that if a child who is Black, Latinx, or Native American participates in fed-
eral meal subsidies, the rate of identification for gifted services is lower when com-
pared with a child who is Asian or White from a similar economic background. In 
practical terms, Florida’s Plan B did not eliminate the gap in identification.

Stambaugh and Ford (2015) and Esquierdo and Arreguín-Anderson (2012) noted 
that race/ethnicity was still consequential in determining whether a child would be 
identified for gifted services. Even when participation in federal meal subsidies was 
conditioned on, and despite seeing some increase in identification rates, students who 
are Black were still more underrepresented compared with all other racial/ethnic 
groups within the state of Florida. When conditioning on participation in federal meal 
subsidies, students who are Black and participate in federal meal subsidies are only 
identified at 45% of the rate of their peers who are Asian or White and participate in 
federal meal subsidies. Also, students who are Black and do not participate in federal 
meal subsidies are identified at only 29% of the rate of their peers who are Asian or 
White and do not participate in federal meal subsidies. In other words, students who 
are Black, regardless of their participation in federal meal subsidies, are identified at 
lower rates compared with their peers who are Asian or White.

Of all student populations, students who are Latinx who do not participate in 
federal meal subsidy programs are most favorably identified (0.66) when compared 
with their similar economic status peers who are Asian or White. However, students 
who are Latinx who participate in federal meal subsidy programs are identified at a 
much lower rate than their peers who do not participate in federal meal subsidy pro-
grams (0.35). This finding corroborates Esquierdo and Arreguín-Anderson (2012) 
who advised caution to states with large populations of students who are Latinx and 
issues of underidentification. Despite a rate of identification equal to nearly 0.62 
during the 5-year time frame in comparison with that of students who are Asian or 
White, when conditioning on SES, the rate of identification for students who are 
Latinx and participate in federal meal subsidy programs falls to nearly 0.35. In com-
parison, the likelihood of proportional identification increased by 10% per year for 
students who are Latinx and participate in federal meal subsidy programs. A 10% 
increase on a RR of .35 equates to a nearly 20-year time frame to achieve propor-
tional rates of identification.
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In the case of students who are Native American, the effect of race/ethnicity when 
conditioning on participation in federal meal subsidy programs is disconcerting. 
Although the identification rates were still greater than what Konstantopoulos et al. 
(2001) reported, it is alarming to note that conditioning for participation in federal 
meal subsidy programs only shows the disparity in likelihood of identification for 
students who are Latinx or Native American who participate in federal meal subsidy 
programs. In other words, when you condition on SES for these students, their likeli-
hood of identification is lower. This finding aligns with the observations of Gentry 
et al. (2014) with regard to students who are Native American. The authors in that 
study found the factors of race/ethnicity and culture influenced how these students 
interacted with gifted programs, even when poverty and rurality were considered.

To What Extent Does Rurality Moderate How Race/Ethnicity Interacts 
With SES in Terms of Identification Rates for Gifted Services Between 
the Academic Years 2011–2012 and 2015–2016?

The addition of the variable describing participation in federal meal subsidies provided 
more clarity to the relationship between rurality and race/ethnicity. The results of this 
study indicate that the relationship between the rurality and race/ethnicity is nuanced. 
In the case of students who are Black, the effect of rurality and participation in federal 
meal subsidies is more complicated. For students who are Black living in rural areas, 
participation in federal meal subsidy programs did not have a uniform effect. For stu-
dents who are Black and do not participate in federal meal subsidy programs, identifica-
tion rates did not differ between students from rural and non-rural locales, whereas 
students who are Black and participate in federal meal subsidy programs were identi-
fied at lower rates in rural settings. In other words, if you are a student who is Black and 
participate in federal meal subsidies in a rural school district, then you are less likely to 
be identified as gifted than a student who is Black and participates in federal meal sub-
sidies not from a rural school district, exp(β) = 0.549.

Like students who are Black, students who are Latinx and do not participate in 
federal meal subsidy programs have an increased likelihood of being identified for 
gifted services in rural schools. Because students who are Latinx were identified at 
higher rates than students who are Black, even though their likelihood of identification 
increased by the same amount, participation in federal meal subsidies has a bigger 
effect on students who are Latinx than for students who are Black. In other words, a 
27% increase from a RR of 0.67 for students who are Latinx is a greater increase for a 
RR of 0.22 for students who are Black.

For students who are Native American, there was no effect of rurality in conjunc-
tion with participation in federal meal subsidy programs on their likelihood of identi-
fication for gifted services. This provides evidence that, for students who are Native 
American, the overall causes of underrepresentation are independent from rurality. 
Montgomery (2001) observed that the causes for underrepresentation were due to cul-
tural misunderstanding and lack of awareness. The results from this study did not 
provide evidence to support the Montgomery (2001) observation, but they can at least 
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extend the findings by providing evidence that rurality is not related to underrepresen-
tation of students who are Native American in gifted education programs.

Although the main effect results of rurality extend the findings of Kettler et al. (2016), 
when participation in federal meal subsidy programs was controlled for, race/ethnicity 
becomes a significant factor in how rural gifted programs are structured. This interaction 
between locale, race/ethnicity, and participation in federal meal subsidy programs repre-
sents a new finding in the field of gifted education. Furthermore, the intersection between 
locale, race/ethnicity, and participation in federal meal subsidy programs does not have a 
uniform effect across all three racial/ethnic groups. Although all three racial/ethnic groups 
are underrepresented in rural communities, the effect of SES for students who are Native 
American is different from students who are Black or Latinx. The results demonstrate the 
nuanced interaction of rurality, SES, and race/ethnicity (all considered factors contributing 
to the excellence gap by Plucker et al., 2010).

Limitations

This study is limited to data from Florida. This makes drawing inference for other 
states inappropriate, but it does provide a model and method that others can use to 
examine similar data. The identification rates of underrepresented populations pre-
sented by Yoon and Gentry (2009), Peters et al. (2019), and Konstantopoulos et al. 
(2001) differed from the findings in this study. These differences may be due to the 
distinct makeup of the population of Florida and the laws and policies associated with 
gifted programming in the state, different time frames examined, and inconsistencies 
between different data sets used.

Another limitation involves unknown district-level identification policies. Florida 
mandates a two-plan structure for identification, but districts have some level of auton-
omy in enacting this mandate. This is especially true for “Plan B” identification proce-
dures. It is possible a portion of the error variance can be explained by the differences 
in identification procedures used for “Plan B” across districts.

Furthermore, although this study reported the RR and controlled for covariance 
between school and years, there is likely covariance that still exists within the data, 
which is impossible to control for given the nature of the data set. The data set lacked 
student-level data and was only aggregated at the school district level. Thus, true inde-
pendence of observations is impossible to obtain. As such, inference must be limited or 
at least approached with caution. It is likely, though, that the results of this study would 
not greatly change if student-level data were incorporated into the formulation of the 
RRs. In part, the use of an MLM accounted for this lack of independence.

As well, the time frame that this study assesses is limited. Florida implemented 
Plan B in 1991. There is the possibility that a larger time frame examination would 
yield differing results. That said, this study is focused more so on the ability to exam-
ine representation of racial/ethnic groups with similar SES rather than a whole exami-
nation of the efficacy of Plan B.

Finally, there is another issue stemming from data not being at the student level. 
There is the possibility that the lack of student-level data could create unaccountable 
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error in the results. For example, a child who is Black identified as gifted moves from 
a rural district to a large district (e.g., Miami-Dade). Given the likely fewer students 
who are Black in rural districts, and the nature of the RR, that student’s exit from the 
district can have a large effect on the RR calculation for the rural district. Conversely, 
the entrance of the student to the large district would have little effect on the RR. This 
limitation is partially addressed through the use of weighting.

A final limitation is in the nature of the RR. In particular, RRs are sensitive to small 
sample sizes (Bland & Altman, 2000). For example, in a district with only 10 students 
who are Black, an increase of identification of a single student has a much larger effect 
on the overall ratio than if the district had 1,000 students who are Black. Rural dis-
tricts, with smaller student populations, are especially susceptible to this statistical 
phenomenon. As such, the coefficients derived from rural districts should be inter-
preted with an additional level of caution.

Conclusion

The results from this study demonstrate that race/ethnicity still matters. Furthermore, 
results demonstrate that the effects of race/ethnicity are in some cases (students who 
are Native American) magnified when participation in federal meal subsidy programs. 
This demonstrates that the construct of race/ethnicity does not behave uniformly with 
regard to and participation in federal meal subsidy programs, commonly used as a 
proxy for SES (e.g., Florida).

Even though students who are Black, Latinx, or Native American are often clus-
tered together under the label of underrepresented populations, each group is cultur-
ally different from the other. It should then come as no surprise that participation in 
federal meal subsidy programs does not have a uniform effect across all three under-
represented student populations.
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