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1 Introduction

Gifted and talented (GT) education programs in the United States are designed to deliver

curriculum and instruction to high-ability students and serve more than 3 million public school

enrollees (Snyder et al., 2020). Proponents of GT programs argue that high-achieving students are

insufficiently challenged by existing curricula and deserve resources designed to help them reach

their full potential (VanTassel-Baska and Stambaugh, 2007). Qualifying students—who typically

access gifted services through some combination of teacher recommendations and demonstrated

achievement—can receive a range of interventions, including ability grouping (e.g., Betts and

Shkolnik, 2000), course acceleration (e.g., Cohodes, 2020; Hemelt and Lenard, 2020; McCoach

et al., 2014), and pullout programming (e.g., Callahan et al., 2015).

A wide range of GT programs appear to confer a number of advantages to participants. Re-

search comparing students who just qualify for GT programs compared to those who do not shows

that across a range of subgroups, settings, and outcomes, certain GT education services improve

within-district student retention (Davis et al., 2010), grades (Booij et al., 2016, 2017), access to

advanced coursework (Backes et al., 2021; Bhatt, 2009), test scores (Cleveland, 2021; Shi, 2020),

and college enrollment (Cohodes, 2020; Shi, 2020). These patterns end to hold across a range of

subgroups and settings. Additionally, research on tracking initiatives (Card et al., 2016; Duflo

et al., 2011), integrated curricula (Callahan et al., 2015; McCoach et al., 2014; Reis et al., 2011),

and comprehensive curricula at the secondary level (Lavy and Goldstein, 2022) shows generally

positive effects of GT programs. On the other hand, select lottery-based studies of GT partici-

pation (e.g., Bui et al., 2014) and enrollment in elite exam schools (Abdulkadiroğlu et al., 2014;

Dobbie and Fryer, 2014) do not find meaningful achievement effects or heterogeneity across groups.

Moreover, nationwide Evidence from the Early Childhood Longitudinal Study suggests that GT

programs neither harmed non-gifted students nor enhanced achievement among gifted students

(Adelson et al., 2012) while statewide analyses find that median district effects are not distinguish-

able from zero (Backes et al., 2021). Thus, findings appear mixed across research methods, forms

of GT intervention, and settings.

Although some GT programs benefits appear widespread in the aggregate, they are often not

allocated equitably. Gifted education specialists have argued that access to gifted education for
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traditionally underrepresented students is limited by antiquated identification policies and discrim-

inatory school structures (e.g., Ford, 2003; Morris, 2001; Peters, 2022; Robinson, 2003). Large

and persistent disparities in gifted identification exist across demographic groups, notably by race

(Imberman, 2021; Shores et al., 2020; Yaluma and Tyner, 2018) and socioeconomic status (Grissom

et al., 2019; Imberman, 2021; Yaluma and Tyner, 2018). Federal data show Black and Hispanic

students are chronically underrepresented in gifted education programs while white and Asian stu-

dents are correspondingly overrepresented. Figure 1 highlights this pattern for roughly the past two

decades—one that is consistent across the majority of U.S. states (Yoon and Gentry, 2009). One

hypothesized reason for these patterns is that referral practices tend to convey patronage based on

shared identities, such as race or sex (Elhoweris et al., 2005; Donovan and Cross, 2002; Figlio, 2005;

Grissom and Redding, 2016). The shift from such ad hoc referrals to universal screeners—where

all students test for identification at a common time—can reduce race- and class-based disparities

in GT identification (Card and Giuliano, 2015). A second possible reason for persistent gaps is

that intervening on behalf of underrepresented students occurs too late in the identification process.

Moreover, universal screeners tend to mirror chronic and persistent achievement gaps commonly

observed in both low- and high-stakes accountability tests (Reardon, 2011; Reardon et al., 2019).

Without cultivating skills and competencies designed to narrow achievement deficits on assessments

commonly used for gifted identification, gaps will likely persist.

The purpose of this study is to evaluate an intervention designed to address disparities in GT

identification. Nurturing for a Bright Tomorrow (NBT) is an early intervention (grades K-2) with

a multi-pronged curriculum centered on developing students’ critical thinking skills, intelligent be-

haviors, and task completion abilities. It differs from most curricular approaches because it targets

all students—not just potentially gifted qualifiers—early, beginning in kindergarten. The curricular

theory of action is that by introducing gifted skills and competencies to the youngest school children

across a wide distribution of demographic characteristics and prior achievement, they will be better

prepared for the process of formal identification by the third grade. Proponents of curricular revi-

sion argue that GT programs should comprise new curricular models accessible to students across

demographic, achievement, and income distributions and they should be “frontloaded” early on so

that students are exposed to such curricula in advance of formal identification (Olszewski-Kubilius

and Clarenbach, 2012; Peters, 2022). NBT does both through its school-level implementation in
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Notes: This figure displays gifted identification rates for years in which federal data are available. Each marker
represents the proportion of students identified from overall public school enrollment for that group. Rates for 2004,
2006, 2012, and 2014 drawn from annual Digest of Education Statistics reports. Rate for 2018 drawn from the Civil
Rights Data Collection. Rates for Asian students in 2004 and 2006 include counts for Pacific Islanders.

Figure 1: Public School Gifted Identification Rates, United States, Years Reported from 2004-2018

the early elementary grades.

We implement NBT as a cluster randomized controlled trial across a sample of 32 elementary

schools with the lowest gifted identification rates in Wake County Public School System (hereafter,

“Wake County”), the largest school district in North Carolina and 15th largest in the nation (?). To

date, experimental evidence of gifted curricula is limited and suggests that classroom-level curricular

interventions generate mixed results (e.g., Callahan et al., 2015; Reis et al., 2011). In work most

closely resembling our own, McCoach et al. (2014) study a school-level math enrichment program

known as “Project M” and report that the highest performing students at the lowest performing

schools benefited most from the curriculum. In contrast to rapid-cycle experiments like Project M,

which lasted 16 weeks, Wake County implemented NBT for three years. Thus, students enrolled in

treated schools had repeated exposure to the curriculum in the years leading up to formal gifted

identification testing. In addition, NBT is subject-agnostic and therefore represents an effort to

build underlying gifted competencies that can contribute to downstream content mastery.
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We measure the causal impacts of NBT on four sets of outcomes. First, we examine its impact

on gifted identification, which students test for in grade 3. Students enrolled in NBT schools

received the intervention for three years, from kindergarten to grade 2. Second, we examine NBT’s

impact on a screener, the Naglieri Nonverbal Abilities Test (NNAT), that the district piloted in

order to better understand alternative gifted pathways. Our experiment offered an ideal setting in

which to pilot the NNAT with a subsample of students and to test the impact of NBT on this new

(to the district) measure. Third, we measure the impact of NBT on math and reading achievement

in grades K-2 using the Number Knowledge Test (NKT) and the Dynamic Indicators of Basic Early

Literacy Skills (DIBELS), which assesses the impacts of NBT on early content knowledge. Finally,

we estimate the extent to which NBT fosters engagement by measuring its impacts on excused and

unexcused absences.

The impacts of NBT are decidedly mixed. The intervention failed to boost gifted identification

rates. In fact, enrollment in an NBT school contributed to slightly lower rates of gifted identification

for some groups in some cohorts. This appears to be driven by declines in performance g on

the Iowa Assessments (not the CogAT), where the likelihood of meeting or exceeding the 95th

percentile declined by 4-9 percentage points. NBT did not boost broad early math or reading

achievement, with the exception of moderate gains of roughly 0.09 standard deviations in reading

for first graders in the second cohort. Enrollment in an NBT school did substantially increase the

likelihood of reaching the gifted threshold on the NNAT, which corresponded to broad achievement

improvements in nonverbal ability. As we note above, the district piloted the NNAT and thus

did not use it as a formal measure to assess students for GT programs. Still, the results are

illuminating. The full sample, along with key subgroups, were 1-2 percentage points more likely

to reach the NNAT’s published gifted threshold and outperformed control group counterparts by

0.12 standard deviations on the test’s nonverbal ability score. These results are consistent across

grades and cohorts and are particularly large for Hispanic students and female students.

Our study of NBT contributes to our knowledge of GT interventions, programs, and policies in

a few key ways. First, most gifted education settings are designed to introduce a curriculum that

meets the needs of already high-achieving students (Bhatt, 2011). In contrast, our work introduces a

gifted enrichment curriculum to schools with a history of low gifted identification rates. Second, we

introduce our curricular experiment early in the education pipeline during grades K-2—a period of
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development that precedes most formal testing regimes. This approach gives us the opportunity to

observe whether gifted skills and competencies can emerge in advance of formal testing in grade 3—

an approach referred to as “frontloading” (Peters, 2022). Third, our results potentially generalize

to whole school settings—not merely classrooms or clusters of students who may be ability-grouped,

which is the case in traditional GT programming. Finally, we implemented NBT for up to three

years, which is, to our knowledge, longer than any existing cluster randomized trial designed to

boost gifted representation among under-identified groups. Our results paint a mixed picture about

the ability of a comprehensive, while-school gifted curriculum to boost outcomes. While Nurturing

for a Bright Tomorrow failed to increase early academic achievement the likelihood that students

would be identified for GT programming, it did contribute to moderate gains in nonverbal abilities,

which include pattern completion, reasoning by analogy, serial reasoning, and spatial visualization—

especially among Hispanic and female students.

Below, we describe NBT’s curricular components and teacher professional development proce-

dures in Section 2, followed by a description of our setting and data in Section 3 and our analytic

plan in Section 4. We then discuss the results in Section 5 and potential mechanisms in Section 6.

Finally, we provide a discussion in Section 7 and a conclude in Section 8.

2 Nurturing for a Bright Tomorrow (NBT)

Nurturing for a Bright Tomorrow (NBT) represents an update to what was previously called

Project Bright IDEA (Interest Development Early Abilities) and which was motivated by large

and persistent gifted education gaps in North Carolina (Darity et al., 2001). NBT builds on an

earlier partnership between the North Carolina Department of Instruction (NCDPI) and the Amer-

ican Association for Gifted Students (AAGS) at Duke University that resulted in Project Bright

IDEA. In the current iteration, staff from the Academically and Intellectually Gifted (AIG) pro-

gram in Wake County and AAGS coordinated NBT’s implementation. The motivation behind the

earlier version—Project Bright IDEA—and the current NBT intervention remains the same: to

develop the interests and abilities of traditionally underserved groups in early elementary grades

so that by grade 3 they are equipped to qualify for GT programming. The primary difference be-

tween the two projects is that while select schools across North Carolina volunteered to implement
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Project Bright IDEA, NBT was randomly assigned at the school level within a single, large dis-

trict. While anecdotal and descriptive evidence suggests that the two previous iterations of Project

Bright IDEA—piloted from 2000-2003 and scaled-up from 2004-2009—were positively associated

with higher levels of achievement and gifted identification, neither project phase supported causal

interpretations of these results (Gayle, 2005; Tzur and Watson, 2010; Watson et al., 2010).

NBT draws from three pedagogical and instructional approaches aimed at developing gifted

skills and competencies across the wider student population. The selection of these three com-

ponents leveraged prior work conducted by NCDPI and AAGS across North Carolina. It also

reflected a consensus among various stakeholders that NBT offered enrichment opportunities that

far exceeded those provided through off-the-shelf resources (see Section 3) that represented the

business-as-usual condition for would-be gifted learners in the early elementary grades.

The first NBT component is aimed at developing students’ critical thinking skills. The leading

gifted advocacy group, the National Association of Gifted Children (NAGC), argues that to support

development of gifted children’s strengths in early grades, “we must give them the opportunity to

engage in problem solving and employ critical thinking” (O’Brien, 2018). A review of more than 100

studies generally supports this view, as interventions that employ critical thinking strategies show

average effects of roughly one-third of a standard deviation on student achievement (Abrami et al.,

2008). NBT teachers use the Building Thinking Skills book series (Parks and Black, 2012), which

includes a wide range of lessons and activities designed to develop these skills (observing, describing,

finding similarities and differences, sequencing, and classifying). According to its publisher, the

resource prepares students for gifted testing by teaching them three core processes: (1) observing,

recognizing, and describing characteristics, (2) distinguishing similarities and differences, and (3)

identifying and completing sequences, classifications, and analogies. NBT Teachers were instructed

to integrate the Building Thinking Skills framework into their daily lessons and devote 20 minutes

four times weekly to formal coverage of each “skill.” A key aspect of this component was to

encourage both teachers and students to ask and answer questions in complete sentences.

The second component of NBT draws from philosopher John Dewey’s theories of individual dis-

position, which describe the organization of habits that help individuals—whether teachers (Altan

et al., 2019; Dottin, 2009) or students (Kallick and Zmuda, 2017)—to form intelligent behaviors

(Dewey, 1923). In Habits of Mind, Costa and Kallick (2009) identify 16 such habits that enable
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children to respond to uncertainty, solve problems creatively, and strengthen social interactions.1

Former AIG teachers and central office implementation staff developed model units for NBT teach-

ers that emphasized the 16 habits of mind as part of regular classroom instruction in treated

schools.

The third and final component of NBT centers on the delivery of differentiated instruction

through student completion of increasingly complex tasks. This approach draws from theories of

learning styles (e.g., Jung, 1923; Myers, 1962) and the belief that children can develop intellectually

when exposed to tasks slightly more difficult than their current abilities might suggest (e.g., Mon-

eta and Csikszentmihalyi, 1996; Vygotsky, 1962). To this end, treated schools implemented the

Task Rotations framework (Silver et al., 2007, 2011), which cycles students through discrete tasks

aligned with four different learning styles (Mastery Learners, Interpersonal Learners, Understand-

ing Learners, and Self-Expressive Learners). The authors define task rotations as a “framework for

differentiating assessment tasks and learning activities so that all students have the opportunity

to work in their preferred [learning] styles and to develop their weaker ones.” This component in-

cludes a wide range of tasks as well as formative and summative end-of-unit assessments to monitor

progress.

Taken together, the integrated NBT curriculum combines three theoretically-motivated peda-

gogical components designed to cultivate critical thinking, intelligent behaviors, and complex task

completion. NBT teachers are responsible for learning the three components and implementing

them in their classrooms. Below we discuss key aspects of the NBT teachers’ professional develop-

ment.

2.1 Teacher Training and Implementation

While NBT itself is designed to cultivate “gifted” behaviors and competencies, instructional

delivery is in the hands of teachers. Prior work suggests that teachers may harbor implicit biases

when cultivating gifted potential (e.g., Figlio, 2005; Pearman and McGee, 2022). To help overcome

these potential biases, NBT incorporates trainings, classroom observations, post-observation con-
1The 16 Habits of Mind are applying past knowledge to novel situations, creating, imagining, and innovating,

finding humor, gathering data through all senses, listening with understanding and empathy, managing impulsivity,
metacognition (thinking about thinking), persisting, questioning and problem posing, remaining open to continuous
learning, responding with wonderment and awe, striving for accuracy and precision, taking responsible risks, thinking
and communicating with clarity and precision, thinking flexibly, and thinking interdependently.
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ferences, and surveys. While most of the implementation team’s teacher-level interventions were

formative and designed to boost NBT fidelity, we collected survey data at the beginning and end

of each school year in order to measure how biases might manifest.

Wake County implemented NBT across three cohorts. The first cohort received NBT by grade-

level in a staggered rollout: (1) kindergarten received NBT in 2014-15, (2) 1st grade was added

in 2015-16, and (3) 2nd grade was added in 2016-17 (Table 1). Thus, the first cohort consisted of

teachers who continued to teach at the same grade level and students who, with the exception of

transfers, travelled as a cohort year-by-year. The implementation team (which consisted of staff

from the district, Duke University, and guest trainers) delivered the first professional development

(PD) and training sessions over a two-day period to kindergarten teachers during the summer of

2014 and to subsequent grade-level teachers during the summers thereafter. Each teaching cohort

received refresher PD in subsequent years along with new entrants. For example, the first cohort

of kindergarten teachers returned in summer 2015 for a refresher PD while the first cohort of 1st

grade teachers and any incoming kindergarten teachers received their initial training. Introductory

training and PD sessions consisted primarily of NBT curricular component overviews, model lesson

demonstrations, and reflections/discussions among instructors and trainees. Throughout the fall

and spring of each academic year, implementation team members conducted multiple day-long

sessions to reinforce curricular components. Prior to each school year during summer trainings and

the last training session of each academic year, teachers completed a survey that captured individual-

level dispositions toward gifted learners. Responses to these surveys helped the implementation

team tailor classroom visits and outreach to teachers.

Table 1: NBT implementation across grades, years, and cohorts

2014-15 2015-16 2016-17 2017-18 2018-19
Grade K Cohort 1 Cohort 2 Cohort 3
Grade 1 Cohort 1 Cohort 2 Cohort 3
Grade 2 Cohort 1 Cohort 2 Cohort 3
Grade 3 Cohort 1 Cohort 2
Grade 4 Cohort 1

Notes: This table shows how NBT was implemented to treatment schools over the intervention period. The inter-
vention period was 2014-15 through 2016-17. Cohorts remain identified, but grayed-out, after this period because
Cohorts 2 and 3 tested for gifted identification following the implementation period. For example, Cohort 2 in 2017-18
took the NNAT test as 2nd graders, while Cohorts 1 and 2 tested for gifted identification as 3rd and/or 4th graders.
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3 Setting, Data, and Descriptive Statistics

3.1 Setting

Wake County was motivated to launch NBT in the midst of a state-mandated gifted education

audit and was required to respond in its cyclical plan about potential interventions.2 Prior to NBT,

the business-as-usual (BAU) condition throughout the district’s elementary schools consisted of two

resources: (1) Using Science, Talents, and Abilities to Recognize Students—Promoting Learning

for Under-Represented Students (USTARS∼PLUS) (Coleman and Shah-Coltrane, 2011) and (2)

Primary Education Thinking Skills (PETS) (Nichols et al., 2012; Thomson, 2009). USTARS∼PLUS

includes five integrated components designed to help teachers evolve from viewing students as “at

risk” to “at potential.” The core feature of the program is the Teacher’s Observation of Potential

in Students (TOPS) instrument, which helps teachers track students’ gifted potential. Descriptive

evidence suggests that teachers who used USTARS∼PLUS and TOPS were better able to identify

high academic ability in traditionally under-identified student groups. PETS is a differentiated

learning approach inspired by the school-wide enrichment model (SEM) (Renzulli and Reis, 1985),

which teachers are expected to implement at least three times per quarter. Teachers had some

discretion about specifically when and how they used these programs and district staff did not

systematically monitor implementation fidelity. In contrast, the NBT curriculum was designed to

achieve school-level consistency of daily gifted practices in the early elementary grades through the

intersection of its three components. Longstanding gifted identification gaps that persisted through

the BAU approach motivated the switch to NBT in the experimental sample.

3.2 Data

To construct our analytic sample prior to randomization, we recruited schools that had gifted

identification rates below the district’s median rate, which yielded 53 elementary schools. To

maximize the potential impact of an intervention that would raise rates for all students where
2Gifted education in Wake County is currently governed by a statute the North Carolina General Assembly

approved in 1996. The statute required local education agencies (LEA) across the state to submit three-year AIG
plans beginning in the 1998-99 school year, which means the district was in the midst of its seventh plan during
NBT. More recent plans articulated how the district will implement the North Carolina AIG Program Standards,
which were adopted in 2009. In particular, Standard 2, “Differentiated Curriculum and Instruction,” calls on LEAs
to employ “challenging, rigorous, and relevant curriculum... to accommodate a range of academic, intellectual, social,
and emotional needs of gifted learners.”
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overall identification was low, we recruited 32 volunteer schools and pairwise matched schools on

values of prior school-level gifted identification. We then randomly assigned NBT within pairs

(Imbens and Wooldridge, 2009; Imbens and Rubin, 2015). A pairwise randomized experiment

represents an extreme form of a stratified randomized experiment, where each of 16 strata contain

only one treated unit and one control unit.

Our analytic sample of 32 schools includes roughly 3,500 students in any given cohort-year.

We construct demographic indicators using the district’s administrative records, which include

student-level flags for sex, race/ethnicity, special status (e.g., English Language Learners, students

with disabilities) and whether they speak a foreign language at home. Since teachers were charged

with implementing NBT, we also use common teacher characteristics drawn from the district’s

human resources database. The full sample included roughly 200 teachers, which corresponds to

an average class size if 17.5.

Table 2 displays descriptive statistics for students and teachers, respectively, prior to random-

ization. Thus, this sample consists of kindergarten students from the first cohort (among three

cohorts) in the fall of the first year of NBT implementation. Columns (1) and (2) display control

and treatment means, respectively. The treated sample has slightly more Hispanic students, but

this difference between treatment and control samples is not statistically distinguishable from zero.

For teachers, those in the experimental sample are more likely to be male and to hold National

Board Certification. However, we control for these and other variables in our analysis to improve

the precision of our estimates.

3.3 Predictors of Gifted Identification

As a preliminary exercise to ascertain the extent to which such variables may predict the

likelihood of students attaining gifted status in the third grade, we fit a series of basic OLS models

that account for student characteristics and the characteristics of their teachers. Our model takes

the following basic form:

GTi = α+ βXi + ϵi, (1)

where GTi is an indicator variable for whether student i qualifies for GT programming in math,
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Table 2: Student- and Teacher-Level Balance Statistics

Control Treatment Difference
Variable (1) (2) (3)
Student characteristics
Male 0.510 0.522 0.012

(0.500) (0.500) (0.018)
Asian 0.040 0.038 -0.001

(0.195) (0.192) (0.015)
Black 0.326 0.332 0.006

(0.469) (0.471) (0.062)
Hispanic 0.215 0.277 0.061

(0.411) (0.448) (0.037)
White 0.389 0.324 -0.065

(0.488) (0.468) (0.083)
SWD 0.074 0.080 0.005

(0.263) (0.271) (0.012)
LEP 0.126 0.144 0.018

(0.331) (0.351) (0.032)
Foreign Language at Home 0.169 0.202 0.033

(0.375) (0.402) (0.035)
Observations 1,745 1,831
Teacher characteristics
Male 0.010 0.058 0.048**

(0.100) (0.235) (0.022)
Years of Experience 10.190 9.922 -0.268

(8.452) (7.806) (1.064)
National Board Certified 0.140 0.058 -0.082*

(0.349) (0.235) (0.048)
Novice Teacher 0.250 0.204 -0.046

(0.435) (0.405) (0.057)
Same-Race, Non-white 0.170 0.097 -0.073

(0.378) (0.298) (0.055)
Observations 100 103

Notes: This table displays pre-treatment summary statistics for the first NBT cohort of kindergarten students and
kindergarten teachers that entered the sample in fall 2014. Columns (1) and (2) display means and standard deviations
for the control and treatment group, respectively, and Column (3) displays differences in means. Each row represents
a single regression and standard errors are clustered at the school level, which is the unit of assignment.
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reading, or both subjects, β is the coefficient on a vector of student-level characteristics and the

characteristics of their teachers, Xi, and ϵi is the stochastic error term, which is clustered at the

school level. We fit separate models for math, reading, and both subjects—each with and without

the inclusion of prior achievement.

Tables 3 and 4 display results for the entire district and a sample of students, respectively,

who were third graders at the time of randomization—i.e., a pre-treatment sample unaffected by

NBT. The first row of each table displays the sample means of gifted students. First, Table 3

shows that correlates of gifted identification in the district tend to mirror national trends discussed

in Section 1. Males are overrepresented in math and underrepresented in reading. Black and

Hispanic students are dramatically underidentified in math, reading, and both subjects compared

to their white counterparts. Note that prior achievement strongly and consistently predicts gifted

identification across models, but even when controlling for this variable (even-numbered columns),

the white-Black gifted identification gap persists at 1-2 percentage points. Students with disabilities

and English learners are actually more likely to qualify for gifted programming after controlling for

prior achievement.

Table 4 shows that as intended, the baseline sample of NBT schools had gifted identification

rates that were considerably lower than the district mean. This was especially true among students

who qualified for gifted programming in both math and reading (Columns 5-6), in which the rate

among NBT schools was less than half that of the district: 3% compared to 6.6%. For this sample

of schools, the white-Black and white-Hispanic identification gaps are even larger than the district

gaps after controlling for prior achievement, at 2-3 percentage points. For the entire district as

well as the NBT school sample, characteristics of students’ teachers do not correlate with gifted

identification. To our surprise, this was true for students of color with teachers of the same race

or ethnicity—a relationship that has strong empirical support in a number of studies that explore

achievement broadly.3

The large documented disparities in identification by race and ethnicity in our wider setting

and in the experimental sample further motivated the transition from the district’s BAU condition

to NBT and its focus on overall impacts by racial/ethnic subgroup as well as sex across subjects.
3Blazer (2021), for example, reports large effects when same-race teachers are randomly assigned and includes a

comprehensive review of the recent literature.
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Table 3: Descriptive Predictors of Gifted Identification in Math and Reading in Grade 3, District
Sample

Math Reading Math & Reading
(1) (2) (3) (4) (5) (6)

Gifted Mean, District 0.039 0.045 0.066

Student characteristics
Male 0.032∗∗∗ 0.036∗∗∗ -0.019∗∗∗ -0.016∗∗∗ 0.020∗∗∗ 0.030∗∗∗

(0.004) (0.004) (0.004) (0.004) (0.004) (0.005)
Asian 0.103∗∗∗ 0.096∗∗∗ 0.012 -0.015 0.094∗∗∗ 0.050∗

(0.014) (0.015) (0.012) (0.012) (0.023) (0.022)
Black -0.040∗∗∗ -0.019∗∗∗ -0.063∗∗∗ -0.022∗∗∗ -0.086∗∗∗ -0.011∗

(0.004) (0.004) (0.005) (0.005) (0.006) (0.005)
Hispanic -0.022∗∗∗ -0.008 -0.038∗∗∗ -0.015∗∗ -0.057∗∗∗ -0.013

(0.007) (0.006) (0.006) (0.006) (0.008) (0.008)
Other Race/Ethnicity -0.012 -0.006 -0.026∗∗ -0.014 -0.010 0.012

(0.008) (0.009) (0.009) (0.009) (0.014) (0.013)
SWD -0.031∗∗∗ -0.002 -0.036∗∗∗ 0.020∗∗∗ -0.050∗∗∗ 0.051∗∗∗

(0.004) (0.003) (0.003) (0.003) (0.006) (0.006)
LEP -0.040∗∗∗ -0.019∗ -0.029∗∗∗ 0.015∗ -0.067∗∗∗ 0.010

(0.009) (0.008) (0.006) (0.006) (0.012) (0.010)
Foreign Language at Home 0.012 0.012 -0.009 -0.009 0.013 0.013

(0.007) (0.007) (0.007) (0.007) (0.010) (0.010)
Prior Achievement 0.028∗∗∗ 0.055∗∗∗ 0.100∗∗∗

(0.002) (0.003) (0.007)
Teacher characteristics
Male 0.002 0.001 0.010 0.011 -0.009 -0.009

(0.007) (0.007) (0.010) (0.009) (0.009) (0.009)
Years of Experience 0.000 0.000 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
National Board Certified 0.004 0.004 0.005 0.004 -0.003 -0.010

(0.006) (0.006) (0.008) (0.008) (0.007) (0.007)
Novice Teacher 0.002 0.000 0.001 0.003 -0.002 0.002

(0.005) (0.005) (0.006) (0.007) (0.006) (0.006)
Same-Race, Non-white -0.003 -0.003 -0.000 0.001 -0.002 0.001

(0.005) (0.006) (0.005) (0.006) (0.007) (0.008)
Observations 12,304 11,615 12,304 11,615 12,304 11,615
Schools 108 108 108 108 108 108
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays predictors of gifted identification for the full sample of district third graders in the year
NBT was launched. Thus, it describes a pre-treatment population of qualifiers for illustrative purposes. The first
row displays mean gifted identification rates for reference. The coefficients that follow are derived from regressing
dichotomous gifted identification in math (Columns (1)-(2)), reading (Columns (3)-(4)), and both subjects (Columns
(5)-(6)) on a range of student- and teacher-level characteristics. Even-numbered columns control for prior achievement
and have a slightly smaller sample size due to students with missing scores. Standard errors are in parentheses and
are clustered at the school level.
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Table 4: Descriptive Predictors of Gifted Identification in Math and Reading in Grade 3, Experi-
mental Sample

Math Reading Math & Reading
(1) (2) (3) (4) (5) (6)

Gifted Mean, NBT School Sample 0.027 0.030 0.030

Student characteristics
Male 0.026∗∗∗ 0.032∗∗∗ -0.014∗ -0.008 0.008 0.015

(0.007) (0.007) (0.006) (0.006) (0.007) (0.008)
Asian 0.055 0.054 -0.010 -0.029 0.056 0.024

(0.028) (0.029) (0.016) (0.017) (0.028) (0.017)
Black -0.039∗∗∗ -0.023∗ -0.056∗∗∗ -0.025∗∗ -0.061∗∗∗ -0.024∗∗∗

(0.009) (0.009) (0.008) (0.008) (0.011) (0.007)
Hispanic -0.029∗ -0.017 -0.036∗∗ -0.019 -0.053∗∗∗ -0.031∗∗∗

(0.012) (0.011) (0.011) (0.011) (0.009) (0.006)
Other Race/Ethnicity -0.001 0.006 -0.025 -0.014 -0.056∗∗∗ -0.043∗∗

(0.017) (0.017) (0.014) (0.014) (0.013) (0.014)
SWD -0.026∗∗∗ -0.001 -0.024∗∗∗ 0.019∗∗∗ -0.021∗∗ 0.030∗∗∗

(0.005) (0.004) (0.005) (0.004) (0.006) (0.007)
LEP -0.041∗∗ -0.024 -0.020∗ 0.013 -0.015 0.026∗∗

(0.014) (0.013) (0.009) (0.009) (0.008) (0.009)
Foreign Language at Home 0.022 0.023 -0.007 -0.004 -0.005 -0.004

(0.014) (0.015) (0.012) (0.012) (0.010) (0.011)
Prior Achievement 0.026∗∗∗ 0.048∗∗∗ 0.055∗∗∗

(0.004) (0.006) (0.008)
Teacher characteristics
Male -0.003 -0.009 0.017 0.015 -0.008 -0.012

(0.006) (0.005) (0.011) (0.010) (0.012) (0.011)
Years of Experience 0.001 0.000 0.000 0.000 0.000 0.000

(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)
National Board Certified -0.005 -0.007 0.007 0.004 0.014 -0.007

(0.017) (0.017) (0.017) (0.017) (0.011) (0.009)
Novice Teacher -0.008 -0.008 -0.004 -0.004 0.011 0.010

(0.007) (0.007) (0.010) (0.011) (0.008) (0.008)
Same-Race, Non-white -0.001 -0.002 -0.004 -0.001 -0.001 0.002

(0.005) (0.006) (0.005) (0.007) (0.006) (0.007)
Observations 3,513 3,279 3,513 3,279 3,513 3,279
Schools 32 32 32 32 32 32
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays predictors of gifted identification for the full sample of third graders from NBT schools
in the year NBT was launched. Thus, it describes a pre-treatment population of qualifiers for illustrative purposes.
The first row displays mean gifted identification rates for reference. The coefficients that follow are derived from
regressing dichotomous gifted identification in math (Columns (1)-(2)), reading (Columns (3)-(4)), and both subjects
(Columns (5)-(6)) on a range of student- and teacher-level characteristics. Even-numbered columns control for prior
achievement and have a slightly smaller sample size due to students with missing scores. Standard errors are in
parentheses and are clustered at the school level.
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3.4 Outcome Variables

Although Wake County offers a number of pathways to GT programming, the vast majority

of students who qualify as gifted do so by meeting or exceeding the 95th percentile on two gifted

identification screeners: the Cognitive Abilities Test (CogAt) and the Iowa Assessments (Iowa)

during grade 3, when formal testing for gifted identification occurs (See Appendix Figure A1 for a

summary of gateways). Thus, we use the district’s identification flag based on these assessments

to determine whether NBT increases the likelihood of formal identification. To determine whether

there is heterogeneity by test, we also present CogAT and Iowa Assessment impacts separately. Fi-

nally, for the purposes of this intervention, the district piloted the Naglieri Nonverbal Abilities Test

(NNAT) to explore the extent to which it may help boost identification among underrepresented

subgroups. The NNAT measures skills and behaviors distinct from what the CogAT and Iowa

Assessments capture. Specifically, the NNAT assesses student competencies across four nonver-

bal domains: pattern completion, reasoning by analogy, serial reasoning, and spatial visualization.

NNAT’s developers argue that this assessment is better suited than the CogAT or Iowa Assess-

ments for reducing identification disparities (Naglieri and Ford, 2003). In recent years, select large

districts have used the NNAT to expand identification procedures (e.g., Bui et al., 2014; Card and

Giuliano, 2015, 2016). In this study it serves as an intermediate outcome rather than as a measure

of formal identification because it was administered in grades 1 and 2.

In addition to our primary outcome, gifted identification and its components, we measure the

impact of NBT on both cognitive and noncognitive outcomes. To estimate cognitive impacts, we

rely on data from separate math and reading assessments, which the district administers to all

students. To measure early math ability, we use the Number Knowledge Test (NKT) (Okamoto

and Case, 1996), which is a screening assessment for early elementary mathematics progress and

is designed to measure conceptual knowledge of whole numbers. The raw test score ranges from 1

to 30 and represents grade-level equivalents for pre-school through fifth grade.4 To measure early

reading ability, we use the Dynamic Indicators of Basic Early Literacy (DIBELS). 5 The DIBELS
4The NKT has been found to have strong predictive validity for the nationally-normed Stanford Achievement Test

(9th edition) and select subtests, with correlations ranging from 0.64 to 0.73 (Baker et al., 2002; Gersten et al., 2005).
5According to University of Oregon’s Center on Teaching & Learning, the developer, DIBELS “are a set of

procedures and measures for assessing the acquisition of early literacy skills from kindergarten through sixth grade...
[and] designed to be short (one minute) fluency measures used to regularly monitor the development of early literacy
and early reading skills.” See https://dibels.uoregon.edu.
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composite score ranges from 0 to 564 with benchmark goals for each grade level. For both the NKT

and DIBELS, we standardize raw scores to have a mean of zero and unit standard deviation. We

summarize our congnitive outcomes in Table 5.
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Table 5: Outcomes

Assessment Grade(s) Description
Gifted Identification (0/1) 3 The vast majority of students in the district qualify for gifted programming through

Gateway #1 (see Figure A1), which requires students to score at or above the 95th
percentile on the CogAT and Iowa Assessments.

Cognitive Abilities Test (CogAT)
and Iowa Assessments (0/1)

3 The CogAT is the first universal screener students take in order to qualify for gifted
programming. If they score at or above the 95th percentile, they are eligible to take
the Iowa Assessments. Scoring at or above the 95th percentile in math on both tests,
reading in both tests, or math and reading on both tests qualifies students for gifted
programming in those respective subject areas.

Naglieri Nonverbal Abilities Test
(NNAT) (0/1 and continuous)

1-2 Measures nonverbal reasoning through the identification of shapes, designs, and patterns
that are geometrically and/or logically related; represents a popular alternative to the
standard gifted identification tests but has no stakes attached in our context and was
only administered as a pilot to the analytic sample (i.e., not districtwide). Uses 97.5th
percentile as gifted threshold and includes raw scores operationalized here with mean 0
and SD = 1.

Number Knowledge Test (NKT)
(continuous)

K-1 Measures counting, number sense, sequences, digits, and basic arithmetic.

Dynamic Indicators of Basic
Early Literacy Skills (DIBELS)
(continuous)

K-2 Measures letter naming, phonemic awareness, and fluency. Assessments vary by grade
level; we use the vendor’s standardized composite measure.

Notes: The table above includes a list of outcomes. For more detail on these assessments and relevant citations, see Section 3.4.
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We examine the effects of NBT on non-cognitive skill formation and student engagement by

using data on absenteeism. This outcome captures features of human capital accumulation that

influence students’ longer-term performance in ways standardized tests (Jackson, 2018) or partic-

ipation in gifted programs alone may not capture. We examine excused, unexcused, and total

absences, and operationalize this measure in a few ways in order to contextualize absences in ways

typically neglected in educational impact evaluations (Gottfried, 2009) or the teacher value-added

(Liu and Loeb, 2019) literature.

4 Analytic Strategy

Since NBT was randomly assigned at the school level, we estimate its impacts using a straight-

forward, intent-to-treat (ITT) OLS specification:

Yits + α+ βNBTj + γXi + πb + εits. (2)

The main effect of the offer to implement NBT on any outcome Y is given by β and represents

an ITT effect. The row vector X includes pre-treatment covariate values for student demographic

characteristics (e.g., race/ethnicity, sex, disability status, English learner status), pre-treatment

assessment measures, characteristics of students’ teachers, and randomization blocks (πb) that

result from matching schools on previous measures of gifted identification prior to implementation.

Standard errors are clustered at the school level, which is the unit of randomization.

Equation 2 represents the simplest form of the model we use to estimate treatment effects on

student outcomes for a single time period. For example, this model would estimate treatment

effects for students in a single cohort in a single year, such as students in Cohort 1 who are assessed

for gifted identification as third graders in spring 2017. For models that include multiple cohorts

over multiple years, we pool observations and specify the above model with the inclusion of year,

grade, and cohort fixed effects.
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5 Results

5.1 Gifted Identification

The results in Table 6 address the primary question of this study: Did NBT boost the likelihood

that students would qualify for GT programs in grade 3? The table displays results for gifted

identification in math, reading, and both subjects in columns and heterogeneity across rows. Panel

A displays the main results. As we note in Section 3.4, students may qualify for gifted programming

in either math, reading, or both subjects. Reading across Panel A, we focus on the pooled results

in Columns (3), (6), and (9). In the main sample and for empirically relevant subgroups in Panels

B-E, Column (3) shows that NBT did not impact the likelihood of identifying as gifted in math.

The same is largely true in reading, however Hispanic students experienced an increase of one-half

of a percentage point in reading. Finally, NBT appears to have negatively impacted the likelihood

of qualifying for gifted programing in both math and reading among Black and female students.

These negative impacts are substantively meaningful and are driven by results for Cohort 1, which

received the greatest dosage (3 years).
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Table 6: Impacts of Nurturing for Bright Tomorrow (NBT) on Qualifying for Gifted Identification. Grade 3

Gifted in Math Gifted in Reading Gifted in Both
Grade 3 Grade 3 Grade 3

Cohort 1 Cohort 2 Pooled Cohort 1 Cohort 2 Pooled Cohort 1 Cohort 2 Pooled
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Full Sample
NBT -0.003 -0.003 -0.003 0.006 -0.007 -0.000 -0.013∗ -0.000 -0.007

(0.005) (0.006) (0.003) (0.004) (0.004) (0.003) (0.006) (0.008) (0.005)
Observations 3292 3014 6306 3292 3014 6306 3292 3014 6306
Panel B: Black
NBT 0.007 0.004 0.006 -0.001 -0.003 -0.001 -0.009∗∗ -0.004 -0.007∗∗

(0.006) (0.007) (0.004) (0.005) (0.006) (0.004) (0.003) (0.005) (0.002)
Observations 1088 975 2063 1088 975 2063 1088 975 2063
Panel C: Hispanic
NBT -0.018∗ -0.002 -0.010 0.005 0.004 0.005∗ -0.009 0.003 -0.003

(0.007) (0.007) (0.005) (0.004) (0.003) (0.002) (0.008) (0.005) (0.004)
Observations 817 776 1593 817 776 1593 817 776 1593
Panel D: Female
NBT 0.003 -0.002 -0.001 0.011 -0.004 0.003 -0.028∗∗ -0.003 -0.016∗

(0.005) (0.006) (0.004) (0.009) (0.006) (0.006) (0.009) (0.011) (0.007)
Observations 1601 1481 3082 1601 1481 3082 1601 1481 3082
Panel E: Male
NBT -0.006 -0.005 -0.006 0.002 -0.008 -0.003 -0.000 0.002 0.000

(0.008) (0.008) (0.004) (0.004) (0.006) (0.003) (0.009) (0.008) (0.007)
Observations 1691 1533 3224 1691 1533 3224 1691 1533 3224
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays treatment effects for NBT on the likelihood of qualifying for gifted programming. Columns (1)-(3) display results for math for Cohort
1, Cohort 2, and for both cohorts pooled. Columns (4)-(6) display these results for reading. Columns (7)-(9) display results for students gifted in both subjects.
All coefficients are estimated via linear probability models and presented as percentage point changes. In the most common gifted pathway, students scoring at
or above the 95th percentile on the CogAt qualify to take the Iowa Assessments. All models include fixed effects for randomization matched pairs and pooled
models include cohort and year fixed effects. Standard errors are clustered at the school level, which is the level of randomization.
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What potentially drives the broad, subject-level null effects and dual-subject negative effects

for Black and female students? Tables 7 and 8 present test heterogeneity for the two exams that

underlie formal gifted identification in the district. These two tables are oriented similarly to Table

6. Panel A shows that NBT led to a 1.2 percentage point increase in the likelihood of the pooled

sample identifying for gifted programming in math. This represents nearly half of the sample mean

seen in Table 4. There were no corresponding treatment effects for any subgroups pooled by cohort,

suggesting that students in treated schools were, on average, as likely to reach the CogAt threshold

required to qualify to take the Iowa Assessments. Here, major differential impacts emerge. Table

8 shows that in the full sample, students were 4-9 percentage points less likely to reach the Iowa

threshold. These declines were comparable across genders in math and even larger for Hispanic

students. In reading, a subject areas where female students broadly outperform males, females were

7 percentage points less likely than their control group counterparts to reach the Iowa qualification

threshold. One might be concerned about imbalance among Iowa examinees, since qualification

by treatment condition may differentially vary. However, Appendix Table A1 shows that there

is strong balance between treatment and control groups, suggesting that this Iowa subsample is

comparable to the CogAT sample.
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Table 7: Impacts of Nurturing for Bright Tomorrow (NBT) on Meeting 95th Percentile on CogAT, Grade 3

CogAT Math CogAT Reading CogAT Nonverbal
Grade 3 Grade 3 Grade 3

Cohort 1 Cohort 2 Pooled Cohort 1 Cohort 2 Pooled Cohort 1 Cohort 2 Pooled
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Full Sample
NBT 0.013 0.012 0.012∗ 0.001 -0.001 -0.000 -0.001 0.008 0.003

(0.007) (0.007) (0.005) (0.004) (0.006) (0.003) (0.007) (0.007) (0.005)
Observations 2838 2528 5366 2985 2653 5638 3023 2703 5726
Panel B: Black
NBT 0.009 0.007 0.008 0.002 -0.003 0.001 -0.001 -0.002 -0.003

(0.006) (0.005) (0.004) (0.004) (0.006) (0.004) (0.008) (0.007) (0.004)
Observations 893 763 1656 964 821 1785 983 837 1820
Panel C: Hispanic
NBT -0.008 0.000 -0.004 0.006∗ -0.003 0.001 -0.003 0.013∗ 0.007

(0.006) (0.006) (0.003) (0.002) (0.004) (0.003) (0.009) (0.005) (0.005)
Observations 710 644 1354 726 671 1397 752 688 1440
Panel D: Female
NBT -0.001 0.010 0.004 -0.015 0.008 -0.003 -0.023∗ 0.019 -0.003

(0.012) (0.007) (0.006) (0.007) (0.010) (0.005) (0.011) (0.010) (0.007)
Observations 1367 1240 2607 1464 1324 2788 1481 1349 2830
Panel D: Male
NBT 0.026 0.011 0.019∗ 0.015 -0.013 0.002 0.019∗ -0.001 0.008

(0.014) (0.010) (0.009) (0.008) (0.008) (0.004) (0.007) (0.009) (0.005)
Observations 1471 1288 2759 1521 1329 2850 1542 1354 2896
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays treatment effects for NBT on the likelihood of scoring at or above the 95th percentile on the CogAT Assessments. Columns (1)-(3)
display results for math for Cohort 1, Cohort 2, and for both cohorts pooled. Columns (4)-(6) display these results for reading. All coefficients are estimated via
linear probability models and presented as percentage point changes. In the most common gifted pathway, students scoring at or above the 95th percentile on the
CogAt qualify to take the Iowa Assessments. All models include controls for student demographics, special classifications, and teacher characteristics, and fixed
effects for randomization matched pairs. Pooled models include cohort and year fixed effects. Standard errors are clustered at the school level, which is the level
of randomization.
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Table 8: Impacts of Nurturing for Bright Tomorrow (NBT) on Meeting 95th Percentile on Iowa Assessments, Grade 3

Iowa Math Iowa Reading
Grade 3 Grade 3

Cohort 1 Cohort 2 Pooled Cohort 1 Cohort 2 Pooled
(1) (2) (3) (4) (5) (6)

Panel A: Full Sample
NBT -0.129∗∗ -0.051 -0.089∗∗ -0.023 -0.074∗∗ -0.042∗

(0.036) (0.034) (0.030) (0.025) (0.026) (0.020)
Observations 985 876 1861 986 877 1863
Panel B: Black
NBT -0.037 -0.094 -0.043 0.018 0.066 0.038

(0.041) (0.048) (0.034) (0.042) (0.037) (0.028)
Observations 210 193 403 210 192 402
Panel C: Hispanic
NBT -0.162∗∗∗ -0.077 -0.118∗∗ -0.015 -0.034 -0.014

(0.031) (0.090) (0.035) (0.047) (0.046) (0.033)
Observations 157 126 284 157 126 284
Panel D: Female
NBT -0.115∗ -0.063 -0.084∗ -0.046 -0.123∗ -0.071∗

(0.051) (0.033) (0.035) (0.040) (0.047) (0.034)
Observations 455 403 858 455 403 858
Panel E: Male
NBT -0.152∗∗∗ -0.037 -0.095∗∗ -0.015 -0.039 -0.021

(0.039) (0.049) (0.030) (0.024) (0.028) (0.017)
Observations 530 473 1003 531 474 1005
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays treatment effects for NBT on the likelihood of scoring at or above the 95th percentile on the Iowa Assessments. Columns (1)-(3)
display results for math for Cohort 1, Cohort 2, and for both cohorts pooled. Columns (4)-(6) display these results for reading. All coefficients are estimated
via linear probability models and presented as percentage point changes. Students scoring at or above the 95th percentile on the CogAt qualify to take the Iowa
Assessments. All models include controls for student demographics, special classifications, and teacher characteristics, and fixed effects for randomization matched
pairs. Pooled models include cohort and year fixed effects. Standard errors are clustered at the school level, which is the level of randomization.
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The results in Tables 6-8 suggest that, broadly, schools utilizing the BAU gifted preparation

resources (USTARS∼PLUS and PETS) were considerably more successful in qualifying for gifted

programming. This result appears hinge on the ability of students in non-NBT schools to outper-

form their treated counterparts on the gateway Iowa Assessments. Moreover, while not directly

testable, the Iowa result suggests that BAU condition may be more impactful due to its relatively

targeted approach compared to NBT, which represents a universal intervention (Ceci and Papierno,

2005) that is spread too thinly across the population.

In addition to measuring the impact of NBT on formal gifted identification and the assess-

ments that underlie it, the district piloted the Naglieri Nonverbal Abilities Test (NNAT), which

its developers argue is a more appropriate assessment for English language learners, students liv-

ing in poverty, or those with low levels of academic achievement (Naglieri and Ford, 2003). The

theory supporting this claim hinges on the assumption that students from a diverse range of back-

grounds can perform visual, “progressive matrix” tasks—e.g., identify the missing piece in a series

of shapes—without the need to internalize cultural or linguistic norms. Table 9, Panel A, shows

that students enrolled in NBT schools were 1.5 percentage points more likely to reach the NNAT’s

gifted threshold (Column 4). This effect corresponded to effect size gains of 0.12 standard devi-

ations based on standardized raw scores that provide more granularity than the percentile ranks

used for identification. Scanning down Column (4) reveals that identification effects appear driven

by effects among Hispanic students and female students. The corresponding test score effect sizes

for the full sample and these two groups ranged from 0.11-0.19 SDs, which are considered empir-

ically moderate effects in the context of school-based randomized experiments with student-level

outcomes (Kraft, 2020; Lipsey et al., 2012).
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Table 9: Impacts of Nurturing for Bright Tomorrow (NBT) on Nonverbal NNAT Outcomes

Identification Likelihood (pp) Scale Score Effect Size (SDs)
Grade 1 Grade 2 Grade 2 Grade 1 Grade 2 Grade 2
Cohort 1 Cohort 1 Cohort 2 Pooled Cohort 1 Cohort 1 Cohort 2 Pooled

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A: Full Sample
NBT 0.007 0.018∗ 0.017∗∗∗ 0.015∗ 0.064 0.144∗∗ 0.127∗∗ 0.119∗∗∗

(0.007) (0.007) (0.004) (0.005) (0.036) (0.041) (0.045) (0.033)
Observations 2706 2978 2860 8544 2706 2978 2860 8544
Panel B: Black
NBT -0.002 0.002 0.013∗ 0.003 -0.067 0.057 0.077 0.030

(0.008) (0.006) (0.006) (0.004) (0.041) (0.071) (0.066) (0.046)
Observations 873 983 862 2718 873 983 862 2718
Panel C: Hispanic
NBT 0.006 0.011∗ 0.011∗ 0.011∗ 0.150∗ 0.160∗ 0.199∗∗ 0.186∗∗

(0.010) (0.004) (0.004) (0.004) (0.066) (0.076) (0.065) (0.055)
Observations 687 767 714 2168 687 767 714 2168
Panel D: Female
NBT 0.016 0.021 0.017∗ 0.017∗ 0.050 0.152∗ 0.194∗∗∗ 0.136∗∗

(0.013) (0.011) (0.006) (0.008) (0.064) (0.055) (0.051) (0.043)
Observations 1315 1454 1391 4160 1315 1454 1391 4160
Panel E: Male
NBT -0.008 0.017∗ 0.017∗∗ 0.011∗ 0.037 0.116∗∗ 0.051 0.080∗

(0.007) (0.008) (0.006) (0.004) (0.036) (0.040) (0.053) (0.031)
Observations 1391 1524 1416 4331 1391 1524 1416 4331
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays treatment effects for NBT on two sets of Naglieri Nonverbal Ability Test (NNAT) outcomes. Columns (1)-(4) display percentage
point likelihoods of treated students qualifying for the NNAT gifted threshold by scoring at or above the 97.5th percentile. Columns (5)-(8) show corresponding
effect sizes based on scale scores for the same assessment. Note that the NNAT was administered as an additional, pilot assessment to the district’s traditional
battery of gifted identification exams (i.e., CogAt and Iowa) and did not formally qualify students for formal entry into gifted programming. All coefficients are
estimated via linear probability models. All models include controls for student demographics, special classifications, and teacher characteristics, and fixed effects
for randomization matched pairs. Pooled models include cohort and year fixed effects. Standard errors are clustered at the school level, which is the level of
randomization.
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5.2 Academic Achievement

To estimate achievement effects, we use the NKT for math and DIBELS for reading, which

are administered three times annually. We show the effects of NBT at the conclusion of the

intervention using each end-of-year score as the outcome variable and the student’s first observable

pre-treatment fall score. Table 10, Panel A, shows that NBT’s effects on math and reading for the

pooled cohorts were opposite-signed but noisily estimated. Scanning down Columns (3) and (7)

reveals that these imprecise null effects are consistent across relevant subgroups. Within cohorts

and subgroups, no discernible pattern emerges. If anything, Black and female students in the last

cohort experienced declines in math while these same groups from later cohorts experienced gains

in reading. If anything, we conclude that NBT did not impact traditional cognitive measures in

ways that might parallel effects seen on the Iowa Assessments or NNAT.
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Table 10: Impacts of Nurturing for Bright Tomorrow (NBT) on Math and Reading Achievement

NKT Math DIBELS Reading
Kindergarten Grade 1 Kindergarten Grade 1 Grade 2
Cohort 3 Cohort 2 Pooled Cohort 3 Cohort 2 Cohort 1 Pooled

(1) (2) (3) (4) (5) (6) (7)
Panel A: Full Sample
NBT -0.098 0.026 -0.034 0.049 0.094∗ -0.034 0.037

(0.067) (0.085) (0.060) (0.048) (0.040) (0.050) (0.035)
Observations 2366 2756 5122 3179 3307 3385 9871
Panel B: Black
NBT -0.159∗ -0.137 -0.125 0.025 0.117∗∗ -0.107 0.028

(0.074) (0.115) (0.086) (0.056) (0.039) (0.074) (0.033)
Observations 819 910 1729 994 1064 1134 3192
Panel C: Hispanic
NBT -0.074 0.141 0.045 0.098 0.093 0.057 0.089

(0.054) (0.096) (0.054) (0.060) (0.093) (0.068) (0.062)
Observations 677 702 1379 785 822 857 2464
Panel D: Female
NBT -0.129∗ -0.015 -0.063 0.108∗ 0.065 -0.079 0.028

(0.060) (0.090) (0.060) (0.052) (0.056) (0.059) (0.042)
Observations 1162 1322 2484 1543 1605 1657 4805
Panel D: Male
NBT -0.081 0.030 -0.029 -0.011 0.084 -0.026 0.026

(0.084) (0.090) (0.064) (0.057) (0.056) (0.053) (0.040)
Observations 1204 1434 2638 1636 1702 1728 5066
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays treatment effects of NBT on standardized achievement scores on the Number Knowledge Test (NKT) and Dynamic Indicators of
Basic Early Literacy Skills (DIBELS) assessment. NKT results are displayed in Columns (1)-(3) and are read left to right by increasing grade level exposure
to treatment. Second graders in Cohort 1 at the conclusion of NBT were not administered the NKT. DIBELS results are displayed in Columns (4)-(7) and are
also read in order of increasingly grade level. All models include controls for student demographics, special classifications, and teacher characteristics, and fixed
effects for randomization matched pairs. Pooled models include cohort and year fixed effects. Standard errors are clustered at the school level, which is the level
of randomization.
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5.3 Absenteeism

We hypothesize that students attending NBT schools would experience a decline in absenteeism

due to the various approaches to student engagement woven throughout the specialized curriculum.

We measure absences in three ways: (1) excused, (2) unexcused, and (3) total. We operationalize

absenteeism using the log of absences plus 1, a dichotomous indicator for any absenteeism, and

chronic absenteeism. To our surprise, the intervention did not reduce absenteeism, but rather in-

creased the incidence of excused absences across all three cohorts (Appendix Table A2.) Consistent

with our hypothesis, but amid mostly null effects, NBT reduced chronic absenteeism by 2 percent-

age points for Cohort 3. While the increase in excused absenteeism is is puzzling, previous work

from Gottfried (2009) suggests a positive association between excused absences and standardized

test performance in reading and math. He attributes this result to highly motivated students ob-

taining legitimate reasons for absenteeism and parents who permit such absences while opposing

unexcused absences that signal truancy. Indeed, all nine coefficients on unexcused absences are

negative, though nearly all are highly imprecise.

6 Potential Mechanisms

6.1 Implementation

We summarize implementation procedures in Section 2.1. Most procedures were formative and

designed to improve implementation where it was weak. Members of the district’s AIG team visited

schools roughly weekly to observe classrooms and confer with teachers over various components of

the implementation checklist. We did not code the results from these checklists because they were

not consistent across classrooms, grades, and implementation years. We can, however, draw three

qualitative conclusions based on informal teacher feedback. First, teachers were overwhelmed by

the implementation of three new curricular resources—each of which merited separate training ses-

sions. While NBT was designed as a synthesized intervention that threads all three components

throughout the day, training during the first year did not reflect this approach. Second, training in

the subsequent year—which was outsourced to external trainers—received low marks from teachers.

This made it difficult to generate sufficient buy-in from second-year participants. Finally, in re-
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sponse to feedback from Cohort 1 and 2 teachers to reduce training—given their existing exposure

to the curriculum—the NBT implementation team consolidated modules. Unfortunately, this came

at the expense of Cohort 3 kindergarten teachers, who were brand new to the curriculum.

In an effort to imperfectly quantify implementation after NBT’s third year, we put three

prompts to teachers asking their level of agreement regarding the impact of NBT on their own

pedagogy, their students’ thinking skills, and PD more generally. Each column of Table 11 presents

associations between teacher characteristics and perception of implementation fidelity captured by

these three prompts. The percentage of respondents who agreed or strongly agreed with each state-

ment appear in the penultimate row, and ranges from 40-64%. The only teacher-level characteris-

tics associated with perceptions of implementation was whether the respondent possessed National

Board certification. Surprisingly, National Board-certified teachers were considerably more likely

to agree that NBT impacted their teaching and their students learning, but were considerably less

likely to agree that professional development was valuable. Such a result is consistent with our

intuition that PD was delivered with mixed quality over the three year intervention—an outcome

recognized by these relatively motivated educators who complete the rigorous National Board cer-

tification process. While this exercise only presents a fraction of self-reports, this data collection

method for measuring implementation fidelity is fairly common and, given that only roughly half

of respondents agreed that NBT was beneficial, suggests a potential link between implementation

fidelity and outcomes (Hill and Erickson, 2019).

6.2 Teacher Disposition

Previous evidence suggests that one major factor contributing to gifted identification gaps is ed-

ucator implicit bias (Figlio, 2005; Grissom and Redding, 2016). Since NBT largely failed to achieve

the primary goals of boosting rates of gifted identification among traditionally under-identified

groups, we hypothesize that such biases may have played a role. To shed light on the possible links

between biases and outcomes, we surveyed teachers throughout the intervention period about such

views using a 53-item “teacher disposition” survey. This survey was introduced by developers of

Project Bright IDEA—NBT’s precursor. To simplify the survey, we reduced the number of items

using a theory-driven approach (Kraft et al., 2016) that resulted in 32 items (see Appendix A.1) that

retained strong internal consistency (Chronbach’s alpha = 0.81). In completing the survey, teach-
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Table 11: Teacher Likelihood of Agreeing or Strongly Agreeing with Statements Related to the
Quality of NBT Implementation

Nurturing for a Bright Tomorrow . . .
Has impacted Improved my students’ Provided effective
me as a teacher thinking skills professional development

(1) (2) (3)
Male -0.283 0.174 -0.210

(0.373) (0.247) (0.125)

Nonwhite 0.124 -0.036 0.209
(0.183) (0.180) (0.180)

Years of Experience -0.016 -0.007 -0.003
(0.010) (0.014) (0.008)

National Board Certified 0.534∗∗ 0.314∗ -0.756∗∗∗
(0.141) (0.120) (0.121)

Novice -0.082 -0.010 0.073
(0.202) (0.227) (0.222)

Mean agreement (%) 57.81 64.06 39.68
Observations 63 63 63
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays associations between teacher characteristics and likelihood of agreeing or strongly agreeing
with statements related to the quality of NBT implementation. Models are specified as OLS with dichotomous
dependent and independent variables, with the exception of the teacher experience variable, which is continuous.

ers were forced to consider their own role, student ability, and parental support. Prompts included

“Academic giftedness depends on a teacher’s nurturing effort,” “Students’ unique racial background

is an important resource in my planning for instruction,” and “A teacher should help parents form

realistic expectations about their child’s giftedness.” As with the implementation prompts, teachers

responded using a 5-point Likert scale ranging from “strongly disagree” to “strongly agree.” To

ascertain the extent to which teacher disposition varied between those in the treatment and control

group by the end of NBT, we regressed a dichotomous level of agreement on the treatment indicator

and conditioned on teacher characteristics. This resulted in statistically significant difference on

one item (item 12, p < 0.05) and suggestive differences on two items (items 20 and 32, p < 0.10),

with results that do not point to a discernible role for implicit biases. To be sure, our respondent

sample of 122 results is underpowered. However, a similar number of items are either negatively

or positively estimates, suggesting an ambiguous influence of disposition.
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7 Discussion

NBT’s mixed impacts highlight the complexity associated with reducing disparities in gifted

identification. To start, our setting, like many others across the U.S., has large and persistent gifted

identification gaps between white students and their Black and Hispanic counterparts. The district’s

longstanding BAU condition has done very little to narrow those gaps. This fact, along with a

districtwide gifted education audit ordered by the state prior to NBT, motivated the curriculum’s

implementation. NBT introduced a whole-school curriculum in grades K-2 that was designed to

boost gifted competencies in schools with chronically low gifted identification rate. However, the

implementation and integration of NBTs three components did not boost identification by grade 3,

suggesting that the BAU condition, at minimum, did no harm.

Beyond the core curricular components, NBT’s approach also included piloting a new (to the

district) assessment that developers argued was better suited for identifying traditionally underiden-

tified students and measuring the extent to which teacher biases might exacerbate gaps. To date,

we still have limited understanding about whether one such assessment, the NNAT, can identify

gifted competencies among such groups (e.g., Lohman, 2005; Naglieri and Ford, 2005; Giessman

et al., 2013). Carman et al. (2020) show that neither the NNAT nor the CogAt Verbal battery are

better able to identify traditionally underidentified students. Our study suggests that in combi-

nation with NBT, it does—and by a substantively meaningful degree representing roughly a third

of the average identification rate in our analytic sample. Still, critics of the NNAT as a primary

means of identification (e.g., Lohman, 2005; Giessman et al., 2013) argue that educators who fo-

cus on nonverbal, spatial, and figural reasoning do so at the expense of verbal and quantitative

development—a tradeoff that could, in fact, depress identification, and which might help explain

poor performance on the gateway Iowa Assessments. While NBT was assessment agnostic, an unin-

tended consequence of this curricular pivot may have overemphasized new domains at the expense

of domains traditionally assessed for gifted identification. Moreover, the universal nature of the

intervention as a school-level experiment suggests that a targeted approach may have been more

beneficial (Ceci and Papierno, 2005).

Likewise, we have limited evidence demonstrating the extent to which students assigned to

same-race teachers are more likely to identify as gifted. Grissom and Redding (2016) find that
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when Black students are assigned to a Black teacher, gifted identification disparities narrow. In our

setting, same-race assignment does not predict variation in identification and the role of teacher

biases appear ambiguous. Still, future research should further probe the extent to which students

believe their teachers hold implicit biases and whether teachers themselves harbor such biases

toward potential gifted learners.

While we were not able to document mechanisms, we do recognize that implementation was

uneven. We know from semi-structured interviews with school staff that there existed considerable

variation in levels of implementation. This sentiment was partially validated through a review

of the teacher disposition survey results, which pointed to mixed impressions of the program’s

impact and no meaningful reduction of implicit bias in treated schools. As Hill and Erickson

(2019) confirm in meta-analytic work, implementation and effects are strongly related, and even

moderately implemented interventions can generate positive results. Based on implementation

data discussed in Section 6.1, we believe NBT was at least moderately implemented, which can

help explain the NNAT result in light of frequent null and occasional mixed impacts.

8 Conclusion

Gifted identification disparities remain a vexing challenge in U.S. public education. We do not

know why such gaps exists or persist, but we have some ideas.6 For instance, subjective nomination

practices steeped in racial and socioeconomic biases potentially lead to white, affluent students being

overrepresented in gifted programs. In addition, the federal law governing gifted education does not

include AG program implementation mandates, which results in decentralized and heterogeneous

program designs that may benefit some student groups over others. The intervention we study,

Nurturing for a Bright Tomorrow (NBT), aimed to address these suspect causes in a number of ways.

First, in addition to the universal screeners implemented district wide, NBT used a separate screener

that many argue is more appropriate for identifying gifted competencies in underrepresented groups

(e.g., Naglieri and Ford, 2003). Second, NBT was implemented school-wide and was therefore

centralized and implemented in all K-2 classrooms. Finally, the professional development associated
6Peters (2022), introducing a special issue of Gifted Child Quarterly devoted to explanations of disparities in

gifted identification, argues that predictors include poverty, lead exposure, adverse childhood experiences, and police
violence.
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with NBT was designed to identify and address educator biases that may establish barriers to gifted

education for underrepresented student groups.

Unfortunately, the district’s curricular pivot for early elementary students did not, on average,

impact students as hypothesized. With the exception of some benefits for Hispanic students, NBT

did not broadly boost identification rates or achievement. However, it did improve outcomes on the

nonverbal pilot assessment that, in combination with a whole-school curriculum like NBT, holds

promise for narrowing racial/ethnic gifted disparities. Our work is not without limitations. First,

our cluster randomized trial was largely underpowered to detect average and heterogeneous effects.

Still, since we had an opportunity to study a policy-relevant equity issue through a strong district-

university partnership, we proceeded despite the relatively small number of clusters (Angrist and

Pischke, 2009, p. 319). Second, training for the implementers—K-2 teachers—was delivered with

mixed consistency and rigor. Finally, despite frequent school visits, observations, and consulta-

tions that guided formative implementation meetings, we did not sufficiently capture quantitative

implementation data that could have helped better contextualize our results. Future work should

continue to identify interventions, gateways, and assessment batteries that reduce frictions for

underrepresented student groups on the path to gifted and talented educational opportunities.

The mixed results present a puzzle. Nurturing for a Bright Tomorrow was designed to cultivate

gifted behaviors that are thought to increase one’s chance of qualifying for gifted programming.

Specifically, NBT’s integrated curriculum combined critical thinking, problem solving behaviors,

and complex task completion as a way to narrow disparities. Yet the concentrated development

of these skills in treatment classrooms did not lead to higher identification rates underpinned by

cognitive test scores. Instead, it led to higher nonverbal abilities. The results suggest that the NBT

curricular approach enhanced an ability type not captured by longstanding, traditional measures of

cognitive attainment. Although the results verge on disappointing, they also highlight the extent to

which traditional gifted identification procedures may perpetuate chronic identification gaps. The

mixed-to-negative impacts on status quo measures of identification and achievement demonstrate

how difficult it is to move the needle when the identification paradigm is steeped in long-established

measures of cognitive attainment. On the other hand, the moderate gains in non-verbal ability

captured by the NNAT suggest that less-frequently measured gifted competencies can be captured

through alternative screening procedures.
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A Appendices

Notes: This table displays pre-treatment summary statistics for students in control and treatment groups, as well as
for the full sample. Standard errors are clustered at the school level, which is the unit of assignment.

Figure A1: Gifted Identification Gateways, Wake County’s 3-year AIG Plan, 2013-2016
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Table A1: Student-level Balance Statistics Among Iowa Assessment Takers

(1) (2) (3)
Variable Control Treatment Difference
Student characteristics
Male 0.523 0.554 0.031

(0.500) (0.497) (0.022)
Asian 0.055 0.072 0.016

(0.229) (0.258) (0.034)
Black 0.242 0.196 -0.045

(0.428) (0.398) (0.063)
Hispanic 0.127 0.175 0.047

(0.334) (0.380) (0.039)
White 0.528 0.515 -0.013

(0.500) (0.500) (0.095)
SWD 0.038 0.033 -0.005

(0.192) (0.179) (0.011)
LEP 0.060 0.065 0.006

(0.237) (0.248) (0.020)
Foreign Language at Home 0.149 0.194 0.045

(0.356) (0.396) (0.038)
Observations 919 962

Notes: This table displays summary statistics for students who qualified to take the Iowa Assessments, which con-
stitutes the second stage of the gifted identification process after they qualify via the CogAT. Columns (1) and (2)
display means and standard deviations for the control and treatment group, respectively, and Column (3) displays
differences in means. Each row represents a single regression and standard errors are clustered at the school level,
which is the unit of assignment.
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Table A2: Impacts of Nurturing for Bright Tomorrow (NBT) on Absenteeism

Log Absences + 1 Any Absences (0/1) Chronic Absences (0/1)
Excused Unexcused Total Excused Unexcused Total Excused Unexcused Total

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Panel A: Cohort 1
NBT 0.093∗ -0.030 0.034 0.034 -0.014 0.009 -0.003 -0.002 -0.002

(0.041) (0.050) (0.027) (0.017) (0.014) (0.006) (0.003) (0.005) (0.009)
Observations 3439 3439 3439 3439 3439 3439 3439 3439 3439
Panel B: Cohort 2
NBT 0.133∗∗ -0.023 0.050 0.033∗ -0.006 -0.007 0.005∗ -0.003 0.015

(0.038) (0.044) (0.036) (0.015) (0.016) (0.006) (0.002) (0.005) (0.011)
Observations 3345 3345 3345 3345 3345 3345 3345 3345 3345
Panel C: Cohort 3
NBT 0.105∗ -0.029 0.054 0.011 -0.003 0.001 0.008∗ -0.019∗∗∗ -0.007

(0.039) (0.035) (0.032) (0.016) (0.010) (0.006) (0.003) (0.005) (0.010)
Observations 3233 3233 3233 3233 3233 3233 3233 3233 3233
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays treatment effects of NBT on three categories of absences: (1) excused, (2) unexcused, and (3) total. Each category is specified three
separate ways: (1) As the log of absences + 1, (2) as any absences (e.g., non-zero), and (3) as chronic absences, which is commonly defined as 18 or more
absences during the school year (i.e., 10% of a 180-day year). Each panel represents one of three cohorts and outcomes are captured at the end of the intervention
period—thus, Cohort 1 had three dosage years while Cohort 3 had one year. All models include controls for student demographics, special classifications, and
teacher characteristics, and fixed effects for randomization matched pairs. Standard errors are clustered at the school level, which is the level of randomization.

A
3



A.1 Teacher Disposition Survey Questions
The implementation team administered the teacher disposition survey (TDS) to treatment

and control teachers at the beginning and end of each NBT year (2014-15 through 2016-17). All
responses were on a 5-point Likert scale (Strongly Disagree, Disagree, Neutral, Agree, Strongly
Agree). The original survey included 53 questions. We retained 30 questions that directly asked
teachers about their disposition. Items that were reverse-polarized are indicated by “(–).” The full
battery of questions was reduced to a single index through principal component analysis.

The survey also included implementation-related questions, such as

1. I look for opportunities to learn more about teaching methods. (+)

2. I look for opportunities to learn more about the subject matters I teach. (+)

3. I look for opportunities to learn more about students’ ways of learning. (+)

4. I could foster higher academic results had I taught in a school located in a wealthier neigh-
borhood. (-)

5. To foster creativity among my students I also need to exhibit creativity. (+)

6. Students learn new concepts best when they actively explore problems. (+)

7. I cannot demand students from poor homes to excel academically. (–)

8. My administrators allow me to be an effective instructional leader. (+)

9. I frequently ask my peers for ways to improve my teaching. (+)

10. A teacher must provide a challenging instructional program despite students’ difficulties at
home. (+)

11. Academic giftedness depends on a teacher’s nurturing effort. (+)

12. An effective teacher clearly presents to students what s/he expects them to be able to do.
(+)

13. Minority students are more likely to exhibit limited motivation to learn. (–)

14. An effective teacher tailors the curriculum to the students’ experience (e.g., omits parts, adds
tasks, changes order of topics). (+)

15. In my teaching I tend to be flexible and experiment with the unknown. (+)

16. Regardless of the teacher’s intentions and efforts, in every classroom there are several students
who cannot reach the intended goals. (–)

17. Students’ unique racial background is an important resource in my planning for instruction.
(+)

18. I continually involve my students’ parents in what we do in class. (+)

19. I seek out opportunities for professional development. (+)
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20. An effective, 4-year teacher education program is sufficient for teaching at the K-2 level (hence
no further professional development is needed). (–)

21. White students are more likely to exhibit compliance with school norms and regulations than
minority students. (–)

22. I get frustrated when asked to teach in ways I was not trained. (–)

23. A teacher should help parents form realistic expectations about their child’s giftedness. (–)

24. Gifted students are identified at 3rd grade so as a K-2 teacher I do not have to focus on
giftedness. (–)

25. To accomplish my goals I have to consider my students’ interests. (+)

26. I use tasks that set up high-level expectations for my gifted students. (+)

27. I use tasks that set up high-level expectations for all my students. (+)

28. I like being a mentor of other teachers. (+)

29. I cannot expect students whose language at home is not standard English to excel academically.
(–)

30. In our school, a teacher must devote a substantial amount of energy and time to discipline
issues. (–)

31. Academic giftedness is, pretty much, a matter of heredity (nature, not nurture). (–)

32. Students learn well when they can monitor their own work. (+)
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