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Abstract

Previous research indicates that many academically accomplished students from
disadvantaged backgrounds are not identified for gifted and talented (G/T) programs. This study
examines a large sample of students (N = 10,508), many of whom took both the Cognitive
Abilities Test (CogAT) and the ACT Aspire test. We examined test similarities and differences
with an eye to widen the net for G/T identification in practice. This study demonstrates that the
ACT Aspire and CogAT have a significant correlation in our sample of r = .59. However, the
correlation varies across cohorts noticeably from r = .72 to r = .49. This variation in correlations
and inconsistency in the predictive nature of diversity of both tests across cohorts suggest greater
caution in the interchangeable use of ACT Aspire and CogAT as indicators. Instead, this

suggests the use of more than one test as part of the package for identification.
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Introduction

There is a growing body of literature showing that there is a noticeable inequity in the
identification of students for gifted and talented (G/T) services across the U.S. (e.g., Hoxby &
Avery, 2013; Plucker & Peters, 2016; Wai & Worrell, 2020). A recent study in Arkansas showed
that around 30% of the students who were among the top 5% of scorers on achievement tests
were not identified for G/T programs (Tran et al., 2021). Across different states in the U.S., there
are various policies to identify G/T students with varying effectiveness in each method. Prior
work has indicated that using universal screening (Card & Giuliano, 2016) by leveraging a state
standardized achievement test would improve the identification of high achieving talented
students, many from low-income backgrounds (Tran et al., 2021). When coupled with “local
norms” for selecting the highest achieving students relative to their opportunity to learn (e.g.,
comparing students at a similar level of family income or local context), this might lead to a

wider and more inclusive group of talented students (Peters et al., 2021).

Moreover, as all achievement and reasoning tests that measure verbal and mathematical
abilities tend to be highly correlated (e.g., Gomez-Veiga et al., 2018; Naglieri & Ford, 2003;
Peng & Kievit, 2020; Wai et al., 2018), schools can use either achievement or reasoning test
scores as an objective indicator for G/T identification. And, in practice, schools often need to
piggyback on whatever universal data they already have available. However, Lohman (2005)
presciently warned about the potential loss of a significant number of academically talented
students in G/T programs if schools only consider achievement test scores or ability test scores
as identification tool in isolation. Moreover, if schools intend to widen the pool of talented
learners from diverse backgrounds, they may use scores of more than one test as an objective

indicator ensuring a more universal screening process (Lakin, 2019). Also, because universally



provided ability tests are expensive and states already use achievement tests, the use of
achievement test scores for initial screening of G/T placement makes sense but also needs more
investigation, given this is a lower cost option for universal screening to happen more frequently

in practice.

In this study, we examined the overall correlation between the ACT Aspire and CogAT
tests in a sample of roughly 10,000 students in Arkansas, in order to understand the suitability of
the interchangeable use of these assessments. Further, we investigated how each test varies in
identification by students' gender, race/ethnicity, free and reduced lunch (FRL), and English
Language Learner (ELL) status. This investigation also explored the results of G/T identification
under both assessments on different patterns of diversity. The overarching goal of this study is to
explore if the tests differ in predicting diversity and inclusiveness, and what happens if they are
used together.

Literature Review

Underrepresentation of Students in G/T Programs

G/T programs are advanced educational opportunities offered for students with high
cognitive abilities and potential for high performance (Assouline et al., 2015; Lubinski &
Benbow, 2000; Peters et al., 2022), with the broad aim to ensure that students are appropriately
developmentally placed where their current learning rate and academic preparation is matched to
the rigor and pace of coursework. G/T programs typically offer identified G/T learners
accelerated and/or academic enrichment coursework (Subotnik et al., 2011). According to 2017-
18 data from the Office of Civil Rights, 6.54% of the total U.S. student population are placed in
G/T programs. Researchers focus on how gifted education serves to address the learning needs of

G/T students so that they attain optimal educational outcomes (Assouline et al., 2015; Gentry,



2009; Lubinski & Benbow, 2006). This education may happen in many forms: acceleration,
curriculum compacting, or enrichment programs in areas of interests (Assouline et al., 2015;
Gentry, 2009; Reis & Renzulli, 1991; Wai et al., 2010). To achieve these gifted education
objectives, researchers have consistently emphasized the importance of a transparent, research-

based, and purposeful identification process (Hodges et al., 2018).

However, due to typically suboptimal identification methods in practice, fairness and
equity of identification for G/T programs are often questioned. Yoon and Gentry (2009)
expressed concerns about inequitable representation in G/T programs. Card and Giuliano (2016)
as well as many other scholars have noted that in the U.S., students from low-income families
and historically marginalized groups are significantly underrepresented in gifted education
programs (Gentry et al., 2019). Recent studies demonstrate that talented children from low-
income families and traditionally underrepresented communities are less likely to reach their full
potential when compared to their peers with similar talents, higher income, and other
racial/ethnic backgrounds (e.g., Hoxby & Avery, 2013; Plucker & Peters, 2016; Wai & Worrell,
2020). Grissom and Redding (2016), applying a conditional probability approach, found that
even among students with high standardized test scores, Black students were less likely to be
assigned to gifted services. These authors documented that approximately 7% of White students
and 14% of Asian Americans students were identified as gifted by third grade compared to only
2% of Black and 5% of Hispanic students. According to 2017-18 school year enrollment data,
gifted programs in public schools throughout the U.S. consisted of 58.4% White students, 18.3%
Hispanic students, 9.9% of Asian students and 8.2% of Black students, whereas White students

represent 47.3%, Hispanic students 27.2%, Asian students 5.2% and African American students



15.1% of total students enrolled in public schools across the country (Office of Civil Rights,

2018).

Identification Policies

Nomination Versus Universal Screening

Researchers have a wide range of ideas (Giessman et al., 2013; Rasheed, 2020) on how,
what, and when to identify gifted learners (Callahan, 2005), though developed reasoning
constructs remain central to identifying academic giftedness (e.g., Lohman, 2005; Subotnik et al.,
2011; Wai et al., 2018). Acar et al. (2016) categorized gifted identification methods into two
broad forms: performance and nonperformance methods. Performance methods consider student
test scores, whereas nonperformance methods include all other G/T identification methods not
involving any performance-based assessment (Acar et al., 2016). Teacher and parent
nominations are one of several examples of nonperformance methods. According to McBee
(2006), nomination or referral is a process by which parents or teachers recommend students for
screening (or testing) for gifted services. Screening refers to the use of a formal assessment tool

for making placement decisions.

However, McBee (2010) argued that nomination is one of the core reasons responsible
for such underrepresentation from students from disadvantaged backgrounds (also supported by
findings from Grissom and Redding, 2016). Asian and White students were much more likely to
be nominated than Black or Hispanic students (McBee, 2010). Students who qualified for FRL
were much less likely to be nominated than non FRL students, suggesting that that inequalities in
nomination, rather than assessment, may be a source of the underrepresentation of minority and

low-SES students in gifted programs. Additionally, because teachers in most schools are of



White middle-class backgrounds, McBee (2010) argued, they may not always notice the signs of
giftedness expressed in students from different cultural origins. Thus, part of the

underrepresentation issue is exacerbated by potentially suboptimal nomination procedures.

One of the issues embedded in G/T identification is the choice between referral or
nomination as the first step to identification, versus the use of universal screening where
everyone is tested as the first step (Lakin, 2016). If referral is the first step of identification, then
screening occurs only for students that are nominated or referred by their teachers or parents (or
other sources). Conversely, if all students in an eligible grade level are administered at least one
formal assessment—such as an ability or achievement test—as the first step of identification, this
allows all students to have an equal (or closer to equal) chance of being identified based on the
same assessments and selection criteria (Lakin, 2016). Card and Giuliano (2016) revealed that
testing all students, instead of relying first on referrals, led to a significant increase in the
representation of historically underserved students in gifted programs in the sample they studied.
Thus, universal screening is one important initial step to address the systemic
underrepresentation of students from disadvantaged backgrounds and can enhance diversity in

gifted programs (Callahan et al., 2013; Lakin & Lohman, 2011; Wai & Lakin, 2020).

Local Norms

Local norms refer to the identification of students for gifted programs based on norm-
referenced interpretations, aligning the selection criteria with the desired level of service (Peters
et al., 2021). In contrast to national comparisons or norms produced by test developers, local
normative criteria tend to compare students to their immediate peers, e.g., similarity in age,
experience, background, learning environment, and nature of the intervention to be provided

(Peters et al., 2021: Warne & Larsen, 2022) While tests are normed and often local students do



not meet the thresholds of national or specific norms, using local norms can make it easier for
teachers to identify the most advanced students with a high likelihood of requiring additional
intervention to be challenged, compared to their grade-level peers in the same school (Peters et

al., 2021).

Coupled with universal screening, recent research supports the use of local norms to
identify gifted learners and ensure greater representation of disadvantaged students in gifted
programs (Peters et al., 2019). Peters et al. (2021) showed an increase of 213% of African
American students and 213% increase of Latinx students in the gifted programs of a district that
adhered to local norms instead of national norms. In another study of 10 U.S. states, Peters et al.
(2019) showed a significant improvement of Hispanic and Black students’ representation in
gifted programs using local norms. Carman et al. (2018) found that Hispanic and Black students
qualified for gifted programs at the highest rate when they were tested based on school-level

local norms, and at the lowest rate when national norms were used.

Reasoning Versus Achievement Tests

Considering tests, according to Hodges et al. (2018), there are two types of identification
methods: traditional and non-traditional. While traditional methods include IQ and standardized
achievement tests, nonverbal tests and student portfolios are some examples of nontraditional
identification methods. Usually, the identification of G/T students is made through traditional
methods, where ability tests are very common. One of the widely used ability tests is the CogAT
(Carman, 2018), a measure of verbal, quantitative, and nonverbal reasoning among K-12
students (Lohman & Lakin, 2010). Despite their use in identification, challenges remain with the
broad implementation of ability testing (i.e., such tests can be expensive, time consuming,

require administration by an expert psychologist, etc.). Additionally, in some cases (depending



upon the constructs measured by the test) these assessments are predominantly often suitable for
students who have developed verbal skills. This challenge has been partially addressed by the
use of non-verbal tests as Lohman (2005) argues that non-verbal ability tests tend to examine
more innate talents than learned symbol systems, and test figural reasoning instead of spatial
reasoning. Harradine et al. (2014) regarded nontraditional assessments, (i.e., nonverbal reasoning
tests) as a reason behind the disproportionate underrepresentation of students of various
subgroups in gifted programs. In addition, nonverbal tests, as their strongest limitation, are likely
to exclude many academically accomplished students with strong verbal and quantitative
reasoning skills and include many students who are not quite ready for the particular type of
educational opportunity in schools, where mathematical and verbal skills are necessary (Lohman,

2005).

Another example of traditional methods of G/T identification is the use of achievement
tests. Achievement tests are commonly used to measure grade level proficiency in major subjects
such as math or science (Sussman & Wilson, 2019). According to May et al. (2009),
standardized achievement tests may be suitable for evaluating the impacts of interventions where
the goal is to increase grade level proficiency. For example, some use the ACT Aspire as an
achievement test, which is a summative assessment of student achievement in English, reading,
writing, math, and science (Williamson, 2019). According to the ACT, the ACT Aspire includes
a vertically scaled battery of achievement tests designed to measure student growth in a

longitudinal assessment system for third through tenth grades (ACT Aspire, n.d.).

All achievement and reasoning tests that measure verbal and mathematical skills tend to
be highly correlated (Naglieri et al., 2003; Peng & Kievit, 2020; Wai et al., 2018; Zins &

Barnett, 1983). Lohman (2005) demonstrated a correlation of r = .6 between a nonverbal ability



test and a concurrently administered math achievement test. Naglieri and Ronning (2000) found
a correlation of r = .56 between the Naglieri Nonverbal Ability Test (NNAT) and measures of
reading in the Stanford Achievement Test Ninth Edition (SAT-9). However, there is also likely
variation at the local level, and this variation is important to better understand to help G/T
coordinators make more effective G/T placement decisions on the ground. Therefore, in this
study we investigated test similarities and differences as well as their prediction of diversity and
inclusiveness with an eye to widen the net of G/T identification. We seek to answer the

following research questions using a sample of roughly 10,000 students in the state of Arkansas:

Research Question 1 (RQ 1): What is the correlation between the ACT Aspire and
CogAT? How does this relationship vary by student demographics: gender,
race/ethnicity, FRL, ELL, and G/T statuses?

Research Question 2 (RQ 2): How does diversity in G/T identification differ when using

the ACT Aspire test versus the CogAT test?

Methods

Data and Sample:

The data we used were anonymized student-level assessment and demographic data from
the Arkansas Department of Education. Publicly available district-level characteristics were then
matched with student-level data. Including data from 15 school districts, we examined two
cohorts of students assessed during the years 2018 through 2022. Cohort 1 (2018-19 school year)

students took the ACT Aspire in 3™ grade and the CogAT in 4™ grade in the 2019-20 school



year. Students of Cohort 2 took the ACT Aspire and CogAT in the 2021-22 school year during

4™ orade.

We used a sample of 10,508 students in total— 5,279 students in Cohort 1 and 5,229
students in Cohort 2. Table 1 reports summary statistics of their demographic characteristics.
Across our samples, 53.48% of students were FRL eligible, 49.28% were female, 23.58%
received ELL services, 54.62% were white, 3.2% were Black, 34.63% were Hispanic, and

11.33% were identified as G/T.



Table 1.
Student Demographic Characteristics

Variable Overall Cohort 1 Cohort 2
n % n % n %

Gender

Female 5,178 49.28 2,605 49.35 2,573 49.21

Male 5,330 50.72 2,674 50.65 2,656 50.79
Race and Ethnicity

Asian 239 2.28 100 1.9 139 2.66

Black 336 3.2 131 2.38 205 3.92

Hispanic 3,637 34.63 1,895 35.94 1,742 33.31

White 5,408 54.62 2,645 50.17 2,763 52.84

Other race 881 8.39 501 9.49 380 7.27
Educational Characteristics

ELL 2,477 23.58 1,385 26.25 1,092 20.88

FRL 4,814 53.48 2,039 54.06 2,775 58.09

G/T 1,191 11.33 544 10.31 647 12.37

Note. Data for FRL status in Cohort 1 was not provided by one school district
due to privacy concerns.



Empirical Approach

We used Pearson correlations to assess the associations between the ACT Aspire and
CogAT tests. We employed Ordinary Least Squares (OLS) regressions to examine whether the
correlations between tests remained invariant when controlling for demographics, i.e., students'
gender, race, FRL, ELL, student academic status, and G/T status. We utilized the following

model:
Yi= Bot P1CogATit Xit pyt €

The subscript i represents each student who took both the ACT Aspire and CogAT tests
in the data from 2018 through 2022. Y; denotes the standardized ACT Aspire scores based on
English Language Arts (ELA) and math scale scores, while f; refers to the standardized CogAT
scores. X; represents demographic characteristics of the students including gender, race, FRL,

G/T, and ELL status. u,,represents grade level and cohort level fixed effects.

To address our second question, we employed Linear Probability Models (LPM) to
examine the likelihood of students to score above the 90" and 95" percentile of the CogAT or
ACT Aspire tests. LPM is a suitable method to use in this context because it involves linear
regression models that are applied to binary outcomes (Chatla & Shmueli, 2016). We assumed
that students who scored in the top 5% of state standardized tests were high achievers and could
be considered academically talented (e.g., Lakin & Wai, 2020; Wai et al., 2018). Additionally,
there are practices to consider scores above the 90™ percentile as students who are advanced
learners. Therefore, we standardized ACT Aspire and CogAT scores and created a local
percentile. Based on this percentile, we created two new pools of students who scored above the

90" and 95 percentile of the CogAT and ACT Aspire tests. We then explored which test’s top



scoring—above the 90" and 95™ percentile of CogAT; or ACTAspire;— was predictive of

greater inclusiveness and diversity. We utilized the following simplified LPM model:
Pr(Yi) = A (Bo + Xit + &)

The outcome variable Y is a binary variable that takes the value 1 if student i in year ¢
scored above the 90™ or 95 percentile of the CogAT test or 0 if otherwise. Likewise, to examine
inclusiveness of the achievement test, variable Y, takes the value 1 if student i in year ¢ scored at
or above the 95™ percentile of the ACT Aspire test or 0 if otherwise. The variable Xj, is a matrix
that represents students' demographic characteristics, such as their ELL and FRL status, gender,

or race/ethnicity.

Findings

We explored the descriptives of both the CogAT and ACT Aspire tests (see Table 2).
Across the cohorts, we did not find any noticeable differences in test scores. However, for
CogAT Universal Scale Scores (USS scores), we noticed score differences based on
demographic differences. For instance, ELL students were the lowest scorers on the CogAT test;
their average score was around 12 points lower than the average score. White and Asian students
were the highest scorers on the CogAT test. This score difference on the CogAT was consistent
across both cohorts in the sample we studied in Arkansas. Whereas, for ACT Aspire test scores,
we did not find any noticeable differences (differences of mean scores of more than 2-3 score

points) across demographics and cohorts.

Additionally, using locally created percentiles, we identified the top 5% and top 10%

scorers on both tests. Table 3 illustrates the distribution of these high-achieving students across



different demographic categories for the two cohorts. Overall, a higher percentage of students
were in the top 5% and 10% of CogAT scores compared to ACT Aspire scores. In Cohort 1, a
larger proportion of male students were represented in the top 5% of both tests, while a higher
percentage of female students were in the top 10% of CogAT in Cohort 2. G/T students
comprised a substantial proportion of the highest achievers on both assessments across both
cohorts, whereas ELL students were consistently the most underrepresented subgroup. White
students were the most represented group in the top percentages for both tests and cohorts. The
data also showed a higher prevalence of FRL students in the top groups for CogAT compared to

the ACT Aspire.



Table 2.
Summary of Test Scores

Cohort 1 Cohort 2
ACT Aspire ACT Aspire
Variable CogszzgrgJSS (Math S(I:)ale ACT Aspire CogSACx;FrSJSS (Math S(I:)ale ACT Aspire
Score) (ELA Score) Score) (ELA Score)
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Overall 197.98 18.49 414.14 4.18 418.66 5.45 197.16 19.39 416.84 5.61 419.21 5.66
Gender

Female 197.72 17.15  414.08 3.98 419.35 5.37 196.92 18.05 416.96 5.45 420.13 5.39

Male 198.24 19.71 4142 438 417.98 5.44 197.24 1949 416.21 5.47 419.19 5.54
Educational Characteristics

ELL 185.87 13.13 41144 3.74 41529 4.19 187.02 1645 41293 3.84 416.37 4.48

FRL 194.24 16.61 41325 4.07 417.51 5.06 193.43 1827 415.21 4.9 417.94 5.45

G/T 223.19 17.44 419.1  2.62 42545 3.8 21335 21.21 423.13 4.64 426.16 3.41
Race and Ethnicity

Asian 202.76 19.51 4149 419 419.7 5.35 203.23  23.87 418.72 6.27 420.16 6.03

Black 191.27 18.08  412.89 4.72 417.71 6.04 19531 1847 416.21 5 416.49 5.65

Hispanic  192.96 16.07 41337 398 417.7 4.98 191.37 16.83 414.94 4.59 418.4 5.02

White 202.54 1896  415.01 4.08 419.65 5.59 20099 19.77 418.21 5.77 419.7 5.86

Other 193.94 18.11  412.69 43  417.09 5.22 193.29 1799 413.74 4.39 418.89 5.09

race




Table 3.

Top 5% and Top 10% of the ACT Aspire and CogAT

Cohort 1 Cohort 2
CogAT ACT Aspire CogAT ACT Aspire
Variable Top Top . . . . . .
50, 10% Top 5% Top 10% Top 5% Top10% Top 5% Top 10%
S I O OB O 0
Overall 195 448 206 447 387 593 232 451
Gender
Female 40.00 38.62 48.54 53.02 43.67 45.53 49.14 49.45
Male 60.00 61.38 51.46 46.98 56.33 54.47 50.86 50.55
Educational Characteristics
ELL 1.54 3.13 1.47 2.7 10.59 9.27 0 0
FRL 29.32 32.6 22.76 29.9 46.25 42.16 28.45 30.82
G/T 76.41 63.84 76.47 67.64 29.72 34.23 78.02 62.75
Race and Ethnicity
Asian 2.56 2.68 343 2.7 4.13 3.71 3.02 3.1
Black 2.05 1.34 2.45 2.02 4.39 3.88 0.86 1.11
Hispanic 20.51 25.00 20.1 24.94 20.93 18.89 17.24 17.29
White 67.69 65.18 70.1 64.04 65.63 69.14 76.72 76.27
Other race 7.18 5.80 3.92 6.29 491 4.38 2.16 2.22

Note. Percentages (%) represent the proportion of the total number of students in the "Overall" row

who fall into each category.



RQ 1. Association Between CogAT and ACT Aspire Scores

We found a significant positive correlation between ACT Aspire and CogAT scores
(Table 4). The overall correlation between ACT Aspire and CogAT scores was r =.59. The
correlation between these two tests was r = .72 for Cohort 1 and r = .46 for Cohort 2. We
examined the correlation of CogAT scores with ACT Aspire math and ELA scores and found a
similar kind of inconsistent association across cohorts. We noticed that, overall, math scale
scores and ELA scores had a correlation of r = .56 with CogAT scores. For Cohort 1, ACT
Aspire math and ELA scores had a correlation of r = .71 and r = .65, respectively. For Cohort 2,
the correlation of CogAT with ACT Aspire math and ELA scores reduced to r = .46 and r = .45,
respectively. Additionally, we tested the correlations between ACT math and ACT ELA scores.

The overall correlation was r = .73, and it remains consistent across two cohorts.

Regarding subgroups, Table 4 demonstrate a consistent trend of correlation across all the
metrics for FRL, ELL, White and non-White students. For example, correlations for FRL
students were consistently lower compared to the overall population, while ELL students
exhibited the lowest correlations across all correlation categories. We found all the correlations

statistically significant.



Table 4.

Correlation Coefficients Between the ACT Aspire and CogAT

Test Overall Cohort 1 Cohort 2 FRL ELL  White Non-White
ACT Aspire vs CogAT SOk 2% E* AoHE S2% Ak A4xEE - SGHE* STk
ACT Math vs CogAT SoHEE T EEE AoH** S2% Ak ASHEE S5k S8HHE
ACT ELA vs CogAT SeHE o5 H* A5k 49F*E J7AE S S4E Sk
ACT Math vs ACT ELA JI3HE JTTHE* 69 ** TR O0FHE Tk T EEE

* p<0.05, ** p<0.01, *** p < 0.001



Additionally, we conducted OLS regression analyses, both with and without control
variables. The OLS regressions indicated similar associations between these two tests (Table 5).
The results of initial OLS regressions without controls revealed a strong association between the
two tests. Specifically, a one standard deviation (SD) increase in CogAT scores was associated

with an increase of 0.59 SD in ACT Aspire scores (p <.001).

However, the association reduced once we included some control variables in the
regression. We controlled for demographic and academic variables, i.e., gender, race, FRL, ELL
and G/T status. The purpose of including these control variables was to isolate the direct
relationship between CogAT and ACT Aspire scores. The inclusion of these controls resulted in
a moderated association between the two test scores. We found that a one SD increase in CogAT
scores was associated with an increase of 0.39 SD in ACT Aspire scores (p < .001), holding all
else equal. We observed that factors like students’ FRL, ELL and G/T status, and gender
explained significant variations in the relationship between these two tests (p <.001), suggesting
that the scores on achievement tests and ability tests may vary depending on students’

demographic and socio-economic status.

Next, we extended our analysis to examine the association between these two tests across
different cohorts, revealing notable variations as we saw in the correlation results (Table 4). For
Cohort 1, we noticed that a one SD increase in CogAT scores was associated with an increase of
0.57 SD in ACT Aspire scores (p <.001), holding all else equal. In contrast, Cohort 2 exhibited a
weaker association, with a one SD increase in CogAT associated with an increase of 0.27 SD in
ACT Aspire scores (p < .001), holding all else equal. These cohort-specific findings underscore
the potential variability in the relationship between cognitive ability and academic achievement

measures across different students groups, at least within the samples in our study.



Table 5.

Results of linear regressions for associations between the ACT Aspire and CogAT tests

ACT Aspire ACT Aspire
ACT Aspire (Cohort 1) (Cohort 2)
p SE p SE p SE p SE

CogAT S59%*% (.01 39k 0.01 STHHE 0.01 2TH*H 0.01
Demographics

Female 7E* 0.02 5 0.02 .02 0.02

Asian 2% 0.05 d6* 0.08 .04 0.10

Black -.08 0.05 .08 0.07 -.16%* 0.07

Hispanic B Rl 0.02 32w 0.03 -.01 0.03

Other race .03 0.03 .01 0.04 .01 0.04
Programmatic Status

FRL - 26%%* 0.02 - 26%%* 0.03 - 24%H% 0.03

ELL - 45HE 0.02 - 40FE 0.04 - 4HE 0.03

G/T WESalae 0.03 A2%AH 0.04 96%** 0.03
Constant .04 0.01 9 H* 0.02 .02 0.02 3 0.02
N 10,338 8,828 3,767 5,061
R? 0.35 0.43 0.55 0.39

Note. Standard errors are robust. Comparison group for the races (Asian, Black, Hispanic and other races)

were White.

* p < 0.05, ** p<0.01, *** p < 0.001



RQ?2. Predictors of Greater Diversity and Inclusiveness

Next, we examined aspects of diversity and inclusiveness under both the ACT Aspire and
CogAT tests. Using a conservative approach to identification, we tested students’ likelihood of
scoring above the 90" and 95" percentile of the ACT Aspire and CogAT tests based on their

FRL and ELL status, race and gender. For race, we used ‘White’ as the reference category.

Female Female
-.005 (L01) =011 (.o1)
FRL FRL
=043 (.o1)
ELL ELL
Hispanic Ly Lol ACT Aspire Top 5% Hispanic o7y CoghAT Top 5%
048 (.03) 038 (Lo3)
Asian 019 (L02) Aslon -.014 (.02)
=011 (.o1) 013 (.01)
Black Black
Other Race Other Race

Figure 1. Likelihood of Cohort 1 subgroups to score in the top 5% on the CogAT and ACT

Aspire tests.

Note. Robust standard errors are in parentheses. Coefficients of Black, Hispanic, Asian and other races are drawn
compared to White as the base or reference category. Bold paths indicate a significant association, while gray paths
indicate a path that was not significantly different between the groups.

*p<0.05, ** p<0.01, *** p <0.001



Female Female

018 (Lo1)

FRL FRL

07" (o)
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Figure 2. Likelihood of Cohort 1 subgroups to score in the top 10% on the CogAT and ACT
Aspire tests.

Note. Robust standard errors are in parentheses. Coefficients of Black, Hispanic, Asian and other races are drawn
compared to White as base or reference category. Bold paths indicate a significant association, while gray paths

indicate a path that was not significantly different between the groups.
*p<0.05, % p<0.01, *** p <0.001

We first considered the students who scored above the 95 percentile on ACT Aspire and
CogAT scores. Our analysis revealed intriguing patterns across cohorts. In Cohort 1, we
observed no statistically significant differences based on gender and race/ethnicity for either test
(Figure 1). However, FRL and ELL students demonstrated a lower likelihood of achieving top
5% scores compared to their non-FRL and non-ELL counterparts. For example, our LPM results
indicated that, all else equal, FRL students compared to non-FRL students, in Cohort 1, were
four percentage points (pp) and three pp less likely to score above the 95" percentile of the ACT

Aspire and CogAT, respectively (p <.001). Similarly, ELL students, compared to non-ELL



students, in Cohort 1, were four pp less likely to achieve this benchmark on both tests (p < .001),

holding all else equal.

Cohort 2 presented a more nuanced picture. For ACT Aspire top 5%, in addition to the
disparities observed for FRL and ELL students, Figure 3 demonstrated that Black students were
four pp less likely than White students to score above the 95" percentile (p <.001). The CogAT
top 5% results for this cohort revealed further disparities, with female students, Hispanic students
and students of other races showing a lower likelihood to score in the top 5% of the CogAT (see
Figure 3) compared to their respective counterparts. The significance level for these results

ranged from 95% to 99%.
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Figure 3. Likelihood of Cohort 2 subgroups to score in the top 5% on the CogAT and ACT

Aspire tests.

Note. Robust standard errors are in parentheses. Coefficients of Black, Hispanic, Asian and other races are drawn
compared to White as base or reference category. Bold paths indicate a significant association, while gray paths
indicate a path that was not significantly different between the groups.

*p<0.05, ** p<0.01, *** p <0.001
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Figure 4. Likelihood of Cohort 2 subgroups to score in the top 10% on the CogAT and ACT

Aspire tests.

Note. Robust standard errors are in parentheses. Coefficients of Black, Hispanic, Asian and other races are drawn
compared to White as base or reference category. Bold paths indicate a significant association, while gray paths
indicate a path that was not significantly different between the groups.

*p<0.05, ** p<0.01, *** p <0.001

Next, considering the students who scored above the 90" percentile on the ACT Aspire
and CogAT tests, we uncovered distinct patterns between the two tests. In Cohort 1, the ACT
Aspire showed statistically significant differences only for FRL, ELL and Hispanic students.
FRL and ELL students were less likely to score above the 10™ percentile on the ACT Aspire
relative to non-FRL and non-ELL peers (p <.001), while Hispanic students showed a higher

likelihood of doing so relative to White students (p <.001).

The CogAT results for Cohort 1°s top 10%, on the other hand, revealed more widespread
disparities. All the subgroups, except for students from “other races” showed statistically

significant group differences. Female, FRL, ELL and Black students appeared to be less likely to



score above the 90" percentile on the CogAT test, compared to their respective counterparts.
Interestingly, Hispanic students were more likely to score above the 90™ percentile compared to

White students, mirroring the ACT Aspire results.

Cohort 2 presented a noticeably different landscape for top 10% scorers. For the ACT
Aspire, all subgroups except Asian and female students showed statistically significant
differences, with FRL, ELL, Hispanic, Black, and other race students less likely to score above
the 90" percentile on the ACT Aspire test. Contrastingly, CogAT results for this cohort showed a

statistically significant difference only for ELL and Hispanic students.

Discussion and Conclusion

This study examined the extent to which CogAT and ACT Aspire scores were associated
and the nature of diversity and inclusiveness that both tests offer in the two samples of roughly
5,000 each in Arkansas that were examined. Two cohorts of students drawn from the years 2018
through 2022 were included in the sample. Although this study does not show any causal claims,
it offers useful information and insights to stakeholders such as state policymakers, education

researchers, G/T counselors, G/T teachers and school leaders, especially those in Arkansas.
Use of the ACT Aspire and CogAT

The findings of this study demonstrate that there is a considerable association between
the ACT Aspire and CogAT tests, which confirms the long history of all cognitive and
achievement tests showing substantial positive correlations (Wai et al., 2018). This result
confirms findings from Naglieri et al. (2003), Peng and Kievit (2020) and Zins and Barnett

(1983) that achievement and reasoning tests tend to be highly correlated. Our finding about the



significant correlation between these two tests suggests that maybe it is reasonable to use the

CogAT or ACT Aspire tests interchangeably as an objective indicator to identify G/T learners.

However, there are two notable concerns raised from the findings that pose alternative
interpretations and related policy. First, our results demonstrated a noticeable variation of
correlations across cohorts; Cohort 1 portrayed a correlation of r =.71 while Cohort 2°s
correlation was r = .46—a difference of r = .25. We used Fisher’s test and found this difference
in correlations between the two cohorts was statistically significant. Similar differences arose in
the OLS regressions as well. For our second research question, we found significant differences
between cohorts in predicting diversity among the students scoring above the 95" and 90™

percentile.

This discrepancy between these two cohorts warrants further investigation, particularly
for Cohort 2. However, Table 4 highlights a consistent pattern of correlation between ACT
Aspire Math and ACT Aspire ELA scores across cohorts (Overall r = .73, Cohort 1 r=.77,
Cohort 2 r = 0.69). This consistency aligns with the findings of Wai et al. (2009) as well as
others who study math and verbal achievement/ability tests, who reported a widely replicated
math-verbal correlation of approximately r = .76 found in population-representative samples,
such as Project Talent. This alignment suggests that the observed results in our Cohort 2 sample
are not entirely anomalous, though the lowered correlation between math and verbal test scores
suggest that these results may be atypical and Cohort 1 findings may be more robust and aligned

with prior research.

These variations and inconsistencies across cohorts, however, do suggest more caution to

the idea of the interchangeable use of achievement tests and ability tests. Though this may also



be a reflection of the unique variation in our samples studied, rather than generalizable findings

for policy.

Second, the OLS regression results (see Table 5) showed that the coefficients of
association between the two tests reduced significantly when we added control variables. The
coefficient was .59 without any control variable but reduced to .39 once control variables were
added. However, these variations due to control variables were predictable, as the correlation
coefficients for subgroups (see Table 4) demonstrated variability. This finding is also consistent
with Wai et al. (2009) who observed stable associations of correlations between low SES and
math, verbal, or spatial scores in population-level samples. These variations of association
between the two tests due to control variables suggest that the scores on achievement test and
ability tests and their potential correlation may vary depending on students’ demographic and
socio-economic status. Therefore, G/T coordinators and teachers may need to be more careful in
their use of achievement test scores and ability test scores. But again, using what is available in a
universal screening context may be better than not using a universally applied objective indicator
at all. Thus, a counterargument would be that using one of these tests in practice as a first
universal screener (typically the achievement test) is a reasonable step, but that also including

another ability test or additional tests would be even better.

Diversity and Inclusiveness

The LPM results (see Figures 1-4) underscore the complex interplay of demographic
factors in standardized test performance in our samples. The likelihood of high achievement on
the ACT Aspire and CogAT tests varies across cohorts and tests for students from different
socio-economic and racial/ethnic backgrounds. This consistent variability between cohorts and

tests suggests that the relationships between student characteristics and test performance is



influenced by factors beyond individual student attributes. These results call for a nuanced
approach to G/T program identification, one that considers multiple measures and accounts for

the diverse backgrounds and experiences of students.

The recommendation of considering scores from multiple tests as an objective indicator,
which is universally used, reiterates the findings of Ozen et al. (2024), and is ideal in an optimal
situation, but is not the typical situation in practice. Moreover, we already know the benefits of
universal screening: many findings in the past in the tests/selection literature and the more recent
findings of Card and Giuliano (2016) reveal that testing all students leads to a significant
increase in the representation of low-income and historically underserved students in gifted
programs. Also, universal screening can help address, at least in part, the systemic failure to
recognize the potential of financially disadvantaged students, and can also enhance diversity in

gifted programs (Callahan et al., 2013; Wai & Lakin, 2020).

Additionally, the variations in the pathways to the top 5% and 10% for different
subgroups of students across the tests and cohorts suggest that opting for only the students above
the 95 percentile on the ability test (CogAT) would exclude a considerable number of students
with the highest scores on their achievement test (ACT Aspire). Whereas, using both tests in
considering students for G/T programs would offer more high-achieving students a unique
opportunity to receive the benefits of the G/T services. This example aligns with what Lohman
(2005) has long discussed, so in a way it is not new. Lohman (2005), using samples from
Naglieri and Ronning (2000), showed that selecting the top 5% on the ability test in the G/T
program would identify only 31% of the students in the top 5% of the math achievement test,

excluding 69% of the students with the best mathematics achievement, suggesting the



importance of using more than one test score in G/T identification, in addition to using multiple

factors in the identification process to help identify more diverse talent.

Limitations and Future Research

According to Tran et al. (2022), as much as 30% of the students in top 5% on both third-
grade literacy and math were not identified as gifted in the Arkansas sample they studied. The
Civil Rights (2018) report and findings of Gentry et al. (2019) also reiterated these findings
regarding the underrepresentation of students from disadvantaged communities. We believe that
the findings of this study: use of multiple test scores—achievement and ability—as a universal
screener to widen the net of G/T identification can be useful potential tools to address the
existing disparity in the G/T identification process. However, the unique demographic nature of
the school districts studied may attenuate the external validity of this study (our study is specific
to our samples and our locale, and is not population representative). This study also used samples
that were assessed before and after the pandemic, thus there may have been learning loss related
attenuation of typical correlations between measures due to this important historical event. Also,
since we did not use school or district-level modeling, perhaps parts of our suggestions about the
local norms are not robustly supported by our analysis. Therefore, this study may continue with
richer data, more robust models and newer exam formats to find out justify the findings of this
study in order to ensure universal and local norm-based screening for G/T identification process.
When connected with other studies, perhaps a larger more consistent and replicated set of

findings for policy may emerge.

Additionally, we do not know what the exact objective and subjective measures are that
G/T coordinators use when they consider G/T placement and how these practices vary across

schools and school districts, not only within the state across districts, but more broadly in all



kinds of G/T identification procedures. For example, in the state of Arkansas, one of the
objective indicators used in identification must be a creativity measure, and we were not able to
assess that in our study. Future studies that explore the unique perceptions and practices of the
practitioners in identifying G/T learners in our local context (or other local contexts) could

provide valuable insights for the policymakers and researchers.

Our data has additional limitations, as it does not include information on students’ scores
for individual CogAT test batteries. Access to this detailed data would enable a more precise
comparison between corresponding components of the CogAT and ACT Aspire tests. Future
research investigating the associations between similar test components could significantly
enhance the literature in this area. Finally, we reiterate that our findings are based on relatively
smaller samples of data in Arkansas, and may not necessarily generalize to other states or

contexts regarding policy decisions, such as at a different point in time.
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