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Abstract 

Validity studies of college admissions tests have found that black and Hispanic students 

typically perform worse in college, as measured by their freshman grade point average 

(FGPA), than predicted based on college admissions test scores. These studies, however, 

conflate student and school characteristics when estimating differential prediction. The 

differential prediction of racial minorities may arise in part because they attend high schools 

in which all students, regardless of race, perform worse in college than predicted. I examined 

this using data from the City University of New York. There was no overprediction based 

on race/ethnicity among students within schools when school characteristics were included 

in the prediction model. Instead, there was overprediction of FGPA based on school 

proportion black and Hispanic. Differential prediction associated with schools’ racial 

composition was greater in models that included high school test scores than in models with 

college admissions test scores.
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Introduction 

 Several decades of validity studies of college admissions tests have shown differential 

prediction of freshman year grade point average (FGPA) for student subgroups based on 

race/ethnicity, gender, and English proficiency. If a subgroup performs worse in college 

than predicted, this group’s performance is overpredicted, and if a subgroup performs better 

in college than predicted, this group’s performance is underpredicted.  These studies have 

typically found that when college admissions test scores are used alone or in combination 

with high school grade point average (HSGPA) to predict FGPA, African-American and 

Hispanic students’ FGPAs are overpredicted and female and Asian students’ FGPAs are 

underpredicted (Bridgeman, et al., 2000; Mattern, et al., 2008; Young, 2001). In other words, 

African-American and Hispanic students perform worse than predicted, on average, while 

female and Asian students perform better. 

 Differential prediction of FGPA is of concern for two reasons. First, student 

subgroups whose performance is overpredicted may underperform relative to expectations 

in college, which could jeopardize credit completion and financial aid. Second, for student 

subgroups whose performance is underpredicted, differences in prediction may unfairly 

impact selection into institutions of higher education.  

 One limitation of these validity studies is that they conflate student and school 

characteristics when estimating differential prediction, and it is possible that what appears to 

be differential prediction associated with individual characteristics may, in part, reflect 

characteristics of high schools. It may be that the overprediction of FGPA exhibited for 

African-American and Hispanic students’ results from their disproportionate attendance of 

high schools in which all students’ are overpredicted by their test scores and HSGPA.  
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 Differences in the characteristics of high schools may, in part, explain differences in 

the prediction of college performance even after controlling for student achievement. 

American high schools are highly segregated by race and income, and they vary along many 

dimensions of quality (Owens, Reardon, & Jencks, 2016; Reardon, Yun, & Eitle, 2000).  

Schools serving predominantly black, Hispanic, and/or low-income students rank lower on 

numerous measures, including teacher quality, access to advanced coursework, and support 

for applying to college (Clotfelter, Ladd, & Vigdor, 2005; Goldhaber, Lavery, & Theobald, 

2015; Klopfenstein, 2014; Langford, Loeb & Wykoff, 2002; Roderick, Nagaoka, Coca, & 

Moeller, 2008). Some differences in school quality impact skills and knowledge measured by 

tests and, therefore, are reflected in student test scores. However, there are other skill and 

knowledge differences between students from higher and lower-quality schools that are not 

well measured by tests but may impact college performance. For example, lack of access to 

challenging coursework may lead students’ to be underprepared for the coursework and 

assessment demands of college. Lack of guidance from counselors and teachers in the 

college application process may make it difficult for students to find a college that is a good 

match academically, socially and financially, which may depress college performance. Finally, 

there may be other non-academic factors that vary among high schools that influence 

students’ college performance.  

 In response to this limitation, I examined whether differential prediction of FGPA 

from test scores can be explained by high school characteristics in addition to student 

characteristics for historically disadvantaged students (black, Hispanic, and low-income) who 

graduated New York City public high schools and attended a four-year program at the City 

University of New York (CUNY). I also compared the patterns of differential prediction 
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exhibited by two different types of tests: the SAT, a college admissions test, and two New 

York State Regents high school exams required for high school graduation. While college 

admissions tests, such as the SAT and ACT, have traditionally been used to assess college 

readiness, there is a growing interest in the education policy world in using state-mandated 

high school tests to assess whether students are “college and career ready.” Currently, 

Regents exams scores are one criterion used to determine admission to four-year degree 

programs in the CUNY system, and they are used to determine two-year students’ placement 

into credit-bearing or remedial courses (CUNY, 2017).  Given differences in the two types 

of tests and differences in test preparation practices associated with the two tests, differential 

prediction at the student- and school level may differ for college admissions tests and high 

school tests.  

Background 

Within and Between School Effects 

 In the validity literature, researchers identify the existence of differential prediction 

by fitting separate ordinary least squares (OLS) regression models for each post-secondary 

institution and calculating average residuals for specific student subgroups (e.g. Bridgeman, 

et al., 2000; Mattern, et al., 2008). Typically, the predictor variables in the model include 

college admissions test scores and HSGPA, separately or jointly, and the most common 

outcome or criterion is FGPA. If a particular subgroup’s mean residuals are positive, the 

overall model underpredicts these students’ college performance, and if a group’s mean 

residuals are negative, the model overpredicts these students’ college performance. While 

these studies do account for differences in students’ postsecondary institutions by estimating 

separate models by institution, they typically do not account for students’ high schools. 
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 Two studies that have used mixed models to account for high schools in predicting 

FGPA inform the present analyses. Pike and Saupe (2002) compared three analytical 

approaches to predicting FGPA from test scores: traditional regression models, high school 

fixed effect models, and hierarchical linear models (HLM). The authors examined aggregate 

prediction and found that models that accounted for high schools (i.e. fixed effect models or 

HLM) were more accurate predictors of FGPA. They also found that including school 

characteristics in the two-level models improved prediction. Their findings lend support to 

the use of two-level mixed models in the present study.  The authors, however, did not 

examine the accuracy of aggregate prediction for different subgroups or whether school 

characteristics contribute to explaining differential prediction by race/ethnicity. As a result, 

their research does not address the question of whether differential prediction is associated 

with individual or school-level characteristics or some combination of the two.  

 Koretz and Langi (2017) compared the relative magnitude of the associations 

between academic achievement measures and FGPA within and between high schools using 

two-level mixed models. Using data from CUNY freshmen, the authors found that when 

HSGPA and test scores were jointly used to predict FGPA, as they typically are in 

admissions, HSGPA was a stronger predictor within schools than between, while test scores 

predicted more strongly between schools. Their results suggest that including test scores in 

the prediction may adjust for differences in grading standards between high schools. 

However, the authors did not explore whether differential prediction by race or income can 

be explained, in part, by school characteristics, such as school demographics. 

High School Tests and College Admissions Tests 

While several prior studies have compared the overall predictive value of high school 
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tests to college admissions tests (e.g. Cimetta, D’Agostino, & Levin, 2010; Coelen & Berger, 

2006, cited in Cimetta et al. 2010; McGhee, 2003), only one study, to my knowledge, has 

compared differential prediction by race/ethnicity and income status between the two types 

of tests. Using data from New York and Kentucky, Koretz et al. (2016) found, like the prior 

studies, only small differences in the strength of aggregate prediction when each of the tests 

are used jointly with HSGPA to predict FGPA. In terms of differential prediction, Koretz et 

al. found only trivial differences between the high school tests and the college admissions 

tests for students of different race/ethnicity and income groups. The authors, however, used 

only single-level ordinary least squares regression without school-level variables, which 

conflates the within and between school relationships.  

There are a number of reasons that one might expect high school and college 

admissions tests to produce different amounts of differential prediction within and between 

schools for historically disadvantaged students: the tests vary in content, difficulty, stakes, 

and possibly score inflation. Score inflation is an increase in scores from inappropriate test 

preparation without a concomitant increase in learning. 

 High school tests may exhibit more student-level differential prediction than the 

SAT for historically disadvantaged students. These students may have been afforded greater 

opportunity to learn the material on the Regents than the material on the SAT. They may be 

more familiar with the content of the Regents because the material is aligned to state 

standards, and the content may be less challenging than what is found on college admissions 

tests. As a result, they may perform better relative to their peers on the Regents as compared 

to the SAT, which would lead to greater differential prediction since FGPA tends to be 

lower than predicted for these students.  
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 The SAT may exhibit less overprediction for black and Hispanic students within 

schools because these students are less likely to participate in test preparation for this exam. 

While test preparation for the SAT is quite common given that students have an interest in 

scoring as high as possible to increase their chances of admission to college and their 

chances of merit-based financial aid, it is higher-income and Asian students who 

disproportionately participate in test preparation for the SAT (Buchmann, Condron & 

Roscigno, 2010; Domingue & Briggs, 2009).  

 The locus and nature of test preparation practices for each type of exam suggests 

additional differences in between-school differential prediction between the two tests. 

Decisions to participate in college admissions test preparation are typically made by students 

and families, whereas decisions about test preparation practices for high-stakes K-12 tests 

are typically made at the classroom and school level. This suggests that there will be greater 

differential prediction between schools for the Regents exams than the SAT. Because studies 

have shown that test preparation is on average more extreme in high-minority schools 

(Diamond & Spillane, 2004; Jacob, Stone & Roderick, 2004; Jennings & Sohn, 2014; Klein et 

al., 2000; Koretz et al., 2014), this between-school variation could lead to greater 

overprediction among schools with higher proportions of minority students.  

 In the present study, I examine the differential prediction of FGPA from two tests, 

the Regents exams and the SAT, for black, Hispanic and low-income students enrolled in 

CUNY and who graduated from New York City public high schools. Based on the research 

summarized above, I hypothesized the following: 

1. There will be differential prediction of FGPA based on individual characteristics as 

well as school characteristics when they are modeled jointly. Specifically, I expect 
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that black, Hispanic, and low-income students will be overpredicted and that there 

will be overprediction based on the following school demographic characteristics: 

proportion black students, proportion Hispanic students, and proportion low-

income students.  

2. There will be greater within-school between-student overprediction for black, 

Hispanic, and low-income students for the Regents than for the SAT. 

3. There will be greater between-school differential prediction based on school-mean 

proportion black, Hispanic, and low-income for the Regents exams than for the 

SAT.  

Data 

Sample  

The data for this study were provided by CUNY and the New York State Education 

Department (NYSED). The data include one cohort of students who graduated from New 

York City (NYC) public high schools in 2011 and enrolled as freshmen in 2011 or 2012 in 

CUNY institutions that offer bachelor’s degrees. Approximately three-quarters of first-time 

freshmen at CUNY are from NYC public high schools (CUNY, 2012). The focus of this 

study is on students who enroll in four-year programs. Eleven CUNY institutions grant 

bachelor’s degrees: eight Senior colleges, which offer only four-year degrees, and three 

Comprehensive colleges, which offer both two-year and four-year degrees.1 It is not possible 

to precisely differentiate between students in two- and four-year programs at the 

Comprehensive colleges. However, as described below, it is likely that many of the students 

                                                        
1 In some publicly available information, both Senior and Comprehensive colleges are referred to as 
Senior colleges (e.g. CUNY, 2012 and www. http://www2.cuny.edu/about/colleges-schools/). 
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in two-year programs at these institutions were dropped from the sample.  

I imposed a number of restrictions to create an analytic sample. I dropped students 

missing scores on the SAT or Regents exams and students missing HSGPA. I call this the 

full sample. The most common missing variables were SAT scores (10% of the sample). The 

rate of missingness of these scores was highest among students at the Comprehensive 

colleges, 21% to 33%, whereas at the Senior colleges the rates ranged from less than 1% to 

4%. By excluding students missing SAT scores, I likely dropped students in two-year 

programs for which SAT scores are not required. The share of students missing HSGPA was 

approximately 2%, and the share of students missing Regents ELA and math scores was 1% 

and 2%, respectively.  

 Approximately 20% of the sample was missing race/ethnicity and low-income status 

information. These variables came from NYSED eighth grade Regents score files. There are 

several reasons some students in the CUNY sample may not have matched to NYSED data, 

the most likely of which is that these students did not attend public school in New York 

State in eighth grade. Given that this is a substantial number of students, I filled in missing 

values in race/ethnicity and income-status using multiple imputation methods described in 

greater detail in the Appendix. My results are not sensitive to the imputation of missing data. 

Finally, I dropped students whose racial or ethnic group includes fewer than 50 students 

(<1% of the sample). 

 I further restricted the sample to high schools with at least eight students who go on 

to a four-year program. The resulting sample is my analytic sample. I implemented this 

restriction to ensure sufficient degrees of freedom at level 1 because I estimated as many as 
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seven parameters within schools.2 With this restriction, high schools in the analytic sample 

had higher mean FGPAs, mean SAT, and mean Regents scores than the full sample of high 

schools; however, there are few differences between the full and analytic samples in terms of 

student characteristics (Table 1). The full sample includes 87% of the original 2011 cohort, 

and the analytic sample includes 81% of the original 2011 cohort. 

<Table 1 about here> 

 Particular features of the CUNY system should be kept in mind when interpreting 

the results presented below. The mission of the CUNY system is to provide an accessible 

and affordable education to the diverse population of New York City (CUNY, n.d.). As a 

result, the system and the students in it have characteristics that make it unlike other higher 

education systems with different missions and student populations. Moreover, students, 

particularly those who are higher achieving who choose to attend CUNY may differ in 

important unobserved ways from their higher-achieving peers who choose not to attend 

CUNY and even from their lower-achieving peers who attend CUNY. Therefore, the results 

described below are not necessarily generalizable to institutions with different applicant 

pools and selection processes.  

Measures 

The outcome measure is FGPA at a four-year CUNY institution. FGPA is on a 0 to 

4 scale and is weighted by the number of credits associated with the course. Remedial 

courses are not credit bearing, so they are not included in weighted FGPA. The distribution 

                                                        
2 Small school counts are not an issue per se with models that use empirical Bayes estimation as my 
two-level models do. Empirical Bayes estimation gives less weight to the data from schools with 
small student counts and will borrow information from schools with larger (within-school) student 
counts.  
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of FGPA is non-normal with a left skew and a spike at zero (see Figure 1).  A FGPA equal 

to zero means that the student received a grade of F in all his or her courses. Students with a 

zero FGPA appear dissimilar to other students since the distribution of FGPAs has only a 

small number of cases above zero as compared with zero itself. Contrary to what one might 

expect, students with FGPAs equal to zero are not students who have only taken one course; 

however, on average, they have taken fewer courses (3.4) and attempted fewer credits (9.2) 

than other students in the analytic sample (9.5 courses and 31.1 credits). I tested the 

robustness of my results to excluding these students.  

<Figure 1 about here> 

The academic achievement predictor variables are HSGPA, composite SAT scores, 

and composite New York State Regents scores. The HSGPA variable was calculated by 

CUNY using only courses determined to be “college preparatory” and was on a scale of 50 

to 100. This measure of HSGPA differs from those used in other studies in ways that likely 

make it a stronger predictor of FGPA. First, the CUNY HSGPA was based on academic 

courses only and not all the high school courses a student has taken, as is typically the case in 

other studies. Second, the HSGPA in this study came from students’ high school transcripts 

and was not self-reported, which likely reduces error in the measure. I formed composite 

SAT and Regents scores using students’ highest scores because that is what is available in the 

data.3 The SAT composite was formed using the mathematics and critical reading (CR) 

scores. Students’ SAT scores are on the usual scale of 400 to 1600 (200 to 800 for each 

                                                        
3 Differential prediction results from models fit with subject scores were the same. Koretz et al. 
(2016) found no difference in the predictive power of test scores when they were entered as two 
separate scores versus a composite score. For a comparison of the associations of math and 
ELA/CR with FGPA see Koretz & Langi (2017).  
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subject). The Regents composite was formed using a Regents math exam score and an 

English Language Arts (ELA) score. Regents ELA and math scores range from 0 to 100. A 

minimum score of sixty-five is considered passing and is typically treated as the minimal 

score for admissions to a four-year CUNY college; however, a very small number of 

students in the analytic sample had scores below this value (0.5% of students on Regents 

ELA and 1% of students on Regents math). I standardized the academic achievement 

measures so as to facilitate comparison of their relative contribution to the prediction of 

FGPA. For the SAT and Regents composite scores, I standardized the mathematics and 

CR/ELA scores separately before combining them into composite scores, and then I 

standardized the sum.  

While this cohort was in high school there was a transition in Regents math exams. 

The Regents Integrated Algebra (IA) exam was first administered in June 2008, and the Math 

A exam was last administered in January 2009. As a result, students in the 2011 cohort had 

the opportunity to take either exam, and some took both. The modal test for the 2011 

cohort was the Math IA exam, which was taken by 73% of the analytic sample. The Regents 

math score I use was a student’s IA exam score if available and the Math A score if the 

student did not have an IA score. I standardized each score separately before combining 

them. Koretz et al. (2016) found no difference in the predictive power of the two math tests. 

The student-level demographic variables are indicators of student race/ethnicity and 

whether a student comes from a low-income family. There were four racial/ethnic groups 

(African-American, Asian, Hispanic, and white) with sufficient numbers to be included in 

the analyses. The low-income indicator is defined by NYSED and denotes whether a student 

participates in the free and reduced price school lunch program or another economic 
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assistance program, including, for example, Temporary Assistance for Needy Families 

(TANF) or food stamps.4 

The level-2 predictors, generated by aggregating student-level variables from students 

in the analytic sample, are school-mean HSGPA, school-mean composite SAT scores, 

school-mean composite Regents scores, as well as school race and low-income proportions. 

It is important to note that these are not means and proportions taken across all students 

enrolled in a given high school. Whole-school means are not available for the SAT, because 

not all students take the exam, nor for HSGPA, because the data do not include HSGPA of 

students not enrolled in CUNY. Because students who did not enroll in CUNY are likely 

different than those who did, I expect my aggregate means would differ from whole-school 

means.   

Methods 

 I first fitted a series of single-level ordinary least-squares (OLS) regression models to 

ascertain whether the data exhibited the typical patterns of differential prediction found in 

previous validity studies of the SAT. I estimated three single-level OLS regression models 

predicting FGPA from: (1) HSGPA and demographics, (2) HSGPA, SAT scores, and 

demographics, and (3) HSGPA, Regents scores, and demographics.5 Models 1 and 2 

included the academic measures commonly used by postsecondary institutions in their 

admissions decisions; the former is relevant to institutions that make it optional to provide 

college admissions test scores and the latter is reflective of the majority of four-year 

                                                        
4 For detailed information about the criteria for the low-income variable, see University of the State 
of New York (2011), p. 244. 
5 The results of test-only single-level models with demographics for comparison of the patterns 
between SAT and Regents are included in Appendix Table B.1. 
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institutions, which use both HSGPA and college admissions test scores for admissions. 

Model 3 is relevant as states begin to consider the use of high-stakes high school tests for 

college admission.  

The OLS models are of the form: 

𝑦𝑦𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥1𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝑥𝑥2𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑥𝑥3𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑥𝑥4𝑖𝑖𝑖𝑖 + 𝐙𝐙𝐢𝐢𝐢𝐢𝛂𝛂 + 𝛿𝛿𝑘𝑘 + 𝑒𝑒𝑖𝑖𝑖𝑖 (1) 

The outcome, 𝑦𝑦𝑖𝑖𝑖𝑖, is the FGPA for student i in CUNY institution k. The variables 

𝑥𝑥1𝑖𝑖𝑖𝑖, 𝑥𝑥2𝑖𝑖𝑖𝑖, 𝑥𝑥3𝑖𝑖𝑖𝑖 , are effect-coded variables representing Asian, black, and Hispanic, 

respectively. The variable 𝑥𝑥4𝑖𝑖𝑖𝑖, which is also effect coded, indicates low-income status. The 

vector 𝐙𝐙𝒊𝒊𝒊𝒊 varies across models and represents the three combinations of high school 

academic achievement measures described above. I included fixed effects, 𝛿𝛿𝑘𝑘, for CUNY 

institution. However, I did not account for the clustering of students in high schools to be 

consistent with the existing validation literature; doing so would not change the point 

estimates but would likely affect the standard errors.  

 Effect coding differs from dummy coding in that the omitted group is assigned 

values of −1 rather than 0 on all vectors. This results in coefficients that compare group 

means to the unweighted mean of group means. This is unlike traditional dummy coding in 

which the coefficients are differences from the mean of the omitted group and unlike 

dummy coding with no constant in which the coefficients are the groups’ means. In my 

analyses, white students are the omitted racial group and are assigned a value of −1 on the 

three race/ethnicity variables. Students who are not low income are assigned values of −1on 

the low-income variable.  

 The parameters of interest, 𝛽𝛽1,𝛽𝛽2,𝛽𝛽3, and 𝛽𝛽4, indicate whether there is a difference 

in average FGPA for students of particular subgroups. Nonzero estimated coefficients on 
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the effect-coded demographic variables in my models indicate differential prediction. This 

approach is substantively similar to calculating mean residuals to identify differential 

prediction from an overall regression model without demographic variables, and the two 

approaches yield similar results.6 Positive coefficients in my models correspond to 

underprediction (i.e. positive residuals) in a traditional model without these variables, and 

negative coefficients indicate overprediction (i.e. negative residuals). I used effect coding to 

identify differential prediction because the approach is more easily applied to two-level 

models, where the calculation of residuals becomes more difficult. 

 As my primary models, I estimated a series of two-level mixed models to examine 

differential prediction of FGPA by high school demographic characteristics. The level-1 

model predicts the FGPA of student 𝑖𝑖 in high school 𝑗𝑗 and CUNY institution 𝑘𝑘:  

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽0𝑗𝑗 + 𝛽𝛽1𝑥𝑥1𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝑥𝑥2𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑥𝑥3𝑖𝑖𝑖𝑖𝑖𝑖 + 𝐙𝐙𝐢𝐢𝐢𝐢𝐢𝐢𝛂𝛂 + 𝛿𝛿𝑘𝑘 + 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖 (2) 

The variables 𝑥𝑥1𝑖𝑖𝑖𝑖𝑖𝑖, 𝑥𝑥2𝑖𝑖𝑖𝑖𝑖𝑖, and 𝑥𝑥3𝑖𝑖𝑖𝑖𝑖𝑖 are effect-coded binary variables representing Asian, 

black, and Hispanic. The two-level models I present do not include an indicator of low-

income status, as the coefficient on this variable was close to zero and non-significant.7 𝐙𝐙𝐢𝐢𝐢𝐢𝐢𝐢 

is a vector of students’ high school academic achievement measures (same as those described 

for the OLS models) which varies between models, and the models include fixed effects, 𝛿𝛿𝑘𝑘, 

for CUNY institution. The parameters 𝛽𝛽1,𝛽𝛽2, and 𝛽𝛽3 indicate whether there is differential 

prediction for students of particular race/ethnicity subgroups within schools.  

 The equation for the level-2 model is as follows: 

                                                        
6 For comparison, see Koretz et al. (2016), which uses the residuals approach with the same CUNY 
data.  
7 Results are available upon request.  
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𝛽𝛽0𝑗𝑗 = 𝛾𝛾00 + 𝛾𝛾01𝑥̅𝑥1𝑗𝑗 + 𝛾𝛾02𝑥̅𝑥2𝑗𝑗 + 𝛾𝛾03𝑥̅𝑥3𝑗𝑗 + 𝐙𝐙�𝐣𝐣𝛇𝛇 + 𝑢𝑢0𝑗𝑗 (3) 

The independent variables at level 2 are aggregates of the level-1 variables. They are school 

proportion Asian (𝑥̅𝑥1𝑗𝑗), black (𝑥̅𝑥2𝑗𝑗), and Hispanic (𝑥̅𝑥3𝑗𝑗), and school-mean HSGPA and test 

scores (𝒁𝒁�𝒋𝒋). The two-level models are random-intercept, fixed-slope models; the school-

mean FGPA is allowed to vary between schools but the within-school slope coefficients are 

fixed across high schools. The combined model is: 

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛾𝛾00 + 𝛾𝛾01𝑥̅𝑥1𝑗𝑗 + 𝛾𝛾02𝑥̅𝑥2𝑗𝑗 + 𝛾𝛾03𝑥̅𝑥3𝑗𝑗 + 𝐙𝐙�𝐣𝐣𝛇𝛇 + 𝛽𝛽1𝑥𝑥1𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝑥𝑥2𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑥𝑥3𝑖𝑖𝑖𝑖𝑖𝑖

+ 𝐙𝐙𝐢𝐢𝐢𝐢𝐢𝐢𝛂𝛂 + 𝛿𝛿𝑘𝑘 + 𝑢𝑢0𝑗𝑗 + 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖 

(4) 

Because these are random-intercept fixed-slope models, the inclusion of high school means 

at level 2 results in level-1 parameters that are estimates of the within-school between-

student effects (Enders & Tofighi, 2007; Kreft et al., 1995). The level-1 parameters represent 

the effect of a one-unit difference between students in the same school. Because of how the 

variation has been partitioned, these effects are nearly identical to what would be obtained 

from using a high school fixed effects specification that captures only the within-school 

variation (Allison, 2009). For a comparison of within-school estimates from random-effects 

and fixed-effects specifications, see Appendix Table A.  

 The level-2 parameters are context effects; they represent the association between 

the aggregate school-level variables and FGPA after controlling for the individual-level 

association (Enders & Tofighi, 2007; Raudenbush & Bryk, 2002). When a context effect is 

present, there is an expected difference in outcome for two students with identical individual 

values but who attended high schools that differed in their mean value on a given variable 

(Raudenbush & Bryk, 2002). If high school characteristics were not associated with FGPA 

net of the student-level association, then the coefficients on the level-2 variables would be 
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zero indicating that a conventional model that does not account for high schools would be 

sufficient. On the other hand, if the estimated coefficients on the aggregate high school 

characteristics were nonzero, this would indicate misprediction in a conventional model. I 

refer to these non-zero coefficients as evidence of differential prediction based on high 

school characteristics. 

 I fitted a fully interacted OLS regression model, using a dummy variable to indicate 

Regents scores, to examine differences in the magnitude of coefficients between models with 

the two sets of test scores.8 I clustered the standard errors by student and school. The 

parameters of interest in examining differences in within-school between-student differential 

prediction were 𝛽̂𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵and 𝛽̂𝛽𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻. To assess the difference in differential prediction 

between schools based on demographic characteristics, the parameters of interest were 

𝛽̂𝛽𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃and 𝛽̂𝛽𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃.  

 I fit several models with cross-level interactions to examine whether school 

demographic or achievement characteristics moderated the within-school relationships 

between students’ own race and FGPA.  

 I conducted a sensitivity analysis to assess the impact of excluding students with 

FGPA equal to zero. Previous work with this data by Koretz and Langi (2017) indicated a 

ceiling effect on the outcome. The authors conducted several sensitivity tests, and their two-

level random-intercept fixed-slope results were robust to other model specifications. Given 

the robustness of their two-level results to these alternate specifications, I did not try 

alternative specifications (i.e. including higher power terms or Tobit models). 

                                                        
8 The results of the separate OLS models underlying this interacted model can be found in Appendix 
Table C. 
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Results  

Descriptive Results 

 The mean SAT scores in the analytic sample, 510 math and 466 CR (Table 1), were 

similar to the national average on the SAT for the high school graduating class of 2011 in 

math (514) and slightly below the national average in CR (497) (College Board, 2011).  

 The performance of low-income students in the analytic sample was similar to that 

of non-low-income students on FGPA, HSGPA, and Regents scores (Table 2). There were 

slight differences in performance on SAT math and SAT CR, with non-low-income students 

performing better (math: 534; CR: 498) than low-income students (math: 504; CR: 459). 

Both low-income and non-low-income students’ mean performance was similar to that of 

the analytic sample overall, which suggests there will be little differential prediction based on 

income status. 

<Table 2 about here> 

 The mean academic performance of black and Hispanic students was lower than that 

of Asian and white students and lower than the mean performance of the analytic sample. 

For both black and Hispanic students, the largest difference from the analytic sample was in 

SAT Math, with black students averaging 450 points and Hispanic students averaging 471 

while the average score in the sample was 510 (Table 2). 

Single-Level Results 

 The single-level model results showed patterns of differential prediction based on 

race/ethnicity similar to those exhibited in other SAT studies (Table 3).  On average, black 

and Hispanic students experienced overprediction, whereas Asian students experienced 
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underprediction. In this sample, white students also experienced underprediction.9 This 

finding differs from that of some previous SAT validity studies in which white students’ 

performance is accurately predicted or slightly underpredicted (e.g. Mattern et al., 2008). This 

difference is, in part, due to the fact that the racial groups in this sample are more equally 

balanced than in SAT validity studies where white students compose more than two-thirds 

of the sample. The single-level models revealed little evidence of differential prediction for 

low-income students. 

<Table 3 about here> 

 These patterns of differential prediction appeared both when HSGPA was the sole 

academic predictor and when HSGPA was combined with test scores. Black and Hispanic 

students’ FYGPAs were overpredicted by approximately 0.07 and 0.10 grade points on 

average, respectively, in the HSGPA-only model (Table 3, Model 1). They were also 

overpredicted when HSGPA and either set of test scores were included in the model (Table 

3, Models 2 and 3). Black students’ FGPAs were 0.05 lower than predicted, on average, in 

both models with HSGPA and test scores. Hispanic students’ FGPAs were, on average, 

0.07 lower than predicted by their SAT scores and HSGPA and 0.10 lower when predicted 

by their Regents scores and HSGPA. For further comparison of the patterns between SAT 

and Regents, the results of test-only models are included in Appendix Table B.1. Black 

students underperformed by approximately 0.09 grade points on average when a single set 

of test scores were used to predict FGPA, and Hispanic students underperformed by 

approximately 0.08 grade points. 

                                                        
9 The differential prediction for white students can be calculated from the coefficients on Asian, 
black, and Hispanic on which white students are coded as −1: (0.085)(−1) + (−.067)(−1) +
(−.103)(−1) = 0.085 (calculated using results from Model 1). 
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Two-Level Results 

 I found little differential prediction based on individual race/ethnicity among 

students within schools once school characteristics were accounted for. Within-school 

between-student differential prediction for Asian and black students was statistically 

indistinguishable from zero, although some overprediction, approximately 0.04 grade 

points, remained for Hispanic students in models that included school-mean achievement 

measures but no school-mean demographic measures (Table 4, Models 1-3). The addition of 

school-mean demographic measures to models with school-mean achievement measures 

eliminated all of the within-school between-student differential prediction (Models 4-6). 

Thus, there was no differential prediction for two students of different racial or ethnic 

backgrounds with identical HSGPA and test scores who attended high schools with the 

same average characteristics. 

<Table 4 about here> 

 In contrast, differential prediction was associated with school characteristics, 

controlling for individual achievement and school-mean achievement. Students who 

attended high schools with higher proportions of black and Hispanic students 

underperformed in their FGPA relative to their peers with similar individual achievement 

who attended schools with similar mean achievement levels (Table 4: Models 4-6). The 

overprediction associated with attending a high school with 50 percentage points more black 

and/or Hispanic students was approximately . 15 grade points on average (calculated from 

results from Model 6: 𝛽𝛽𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = −.31,𝑝𝑝 < .05 and  𝛽𝛽𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 =

 −.38,𝑝𝑝 < .001). These patterns of school-level differential prediction held in test-only 

models as well (see Appendix Table B.2.). 
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 The lack of within-school main effects left open the possibility that there was within-

school differential prediction that varied with school characteristics. However, I found no 

evidence of this. There were no significant cross-level interactions between individual 

race/ethnicity and school-level aggregate achievement or demographics. 

 The patterns of differential prediction associated with individual race/ethnicity 

within schools were similar across the two types of tests (Table 5). The coefficients on the 

interaction terms were not statistically different than zero (𝛽𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 0,𝑝𝑝 > 0.05; 

𝛽𝛽𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 = −0.002,𝑝𝑝 > 0.05). This finding was in contrast to my expectation of greater 

within-school between-student differential prediction for black and Hispanic students with 

the Regents exams than the SAT.  

 Between schools, however, overprediction based on the school proportion black and 

Hispanic was larger when the Regents exams were used with HSGPA to predict FGPA than 

when SAT scores were used with HSGPA, as I hypothesized (Table 5). This is evidenced by 

statistically significant interaction terms: 𝛽̂𝛽𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  −0.03 (𝑝𝑝 < .01) and 

𝛽̂𝛽𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = −0.13 ( 𝑝𝑝 < .001). Students from high schools in which half the students 

are black are overpredicted by an additional . 02 grade points, on average, when HSGPA and 

Regents are used as compared to when HSGPA and SAT scores are used to predict FGPA. 

While statistically significant, this is a substantively small effect. In schools in which half the 

students are Hispanic this difference in overprediction, 0.07, is larger.  

<Table 5 about here> 

 Finally, while it has no direct bearing on the question of differential prediction for 

student subgroups, it is worth noting that I find substantial context effects for the 

achievement measures. Net of individual achievement, higher school-mean test scores are 
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associated with higher predicted FGPAs, on average. In contrast, students in high schools 

with one unit higher mean HSGPAs have lower predicted FGPAs by approximately 

0.15 grade points than their peers with identical individual scores in high schools with the 

same mean SAT or Regents scores (Table 4, Model 2 and 3). Including school-mean 

demographics in the model does not substantially change these context effects (Table 4, 

Models 4-6). As noted by Koretz and Langi (2015), between-school differences in grading 

standards may account for the negative association of FGPA and school-mean HSGPA.  

 The findings of differential prediction between schools based on the proportion of 

black or Hispanic students were robust to the exclusion of students with FGPA equal to 

zero (Appendix Table D).  

Discussion 

 I hypothesized that there would be differential prediction for black and Hispanic 

students both within and between schools; however, my results indicate that differential 

prediction of students’ freshman year of college grade point average is associated with high 

school demographic characteristics alone, and not individual student race/ethnicity within 

schools, controlling for student academic achievement and school-mean achievement. The 

differential prediction associated with individual race/ethnicity evident in the single-level 

models, the results of which were consistent with prior research, was shown to reflect 

school-level differential prediction in the two-level models.  

 Specifically, I find that the proportion of black and Hispanic students in a high 

school is associated with the overprediction of FGPA. The proportion of these students in a 

school can be viewed as a proxy measure for other school characteristics and school quality 

measures. Thus, these findings raise the question of what specific school characteristics or 
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processes might explain the differential college performance associated with school 

proportion of disadvantaged minority students. Schools with higher proportions of minority 

and/or poor students are ranked lower on many measures of school quality other than test 

scores, including teacher quality, access to advanced coursework, and support for applying to 

college (Clotfelter et al., 2005; Goldhaber et al., 2015; Klopfenstein, 2014; Langford et al., 

2002; Roderick et al., 2008). The effects I find may be the result of omitted variables related 

to school quality such as these.  

 Alternatively, the between-school differential prediction may be capturing omitted 

student-related differences that are correlated with high school characteristics. For example, 

students in high-minority schools may have less family support related to college access and 

persistence and/or less access to social networks and social capital that can provide such 

support. They may be more likely to have to work to support themselves and possibly their 

families while in college. Finally, it is possible that the effects I find are the result of 

unmeasured differences at other levels (e.g. neighborhoods). Additional research could help 

identify specific mechanisms that lead to this overprediction and support informed 

improvements in high schools that would benefit historically disadvantaged students and 

increase educational opportunity more broadly.   

  I hypothesized that the patterns of differential prediction for historically 

disadvantaged students would differ between the SAT and the Regents exams due to 

differences between the two exams in content, format, and stakes. While I found no within-

school between-student differences between the two tests, I did find greater differential 

prediction of FGPA for schools with higher proportions of black and Hispanic students 

when the prediction model included Regents test scores (𝛽̂𝛽𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  −0.03,𝑝𝑝 <
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.01; 𝛽̂𝛽𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = −0.13, 𝑝𝑝 < .001). This difference in differential prediction between 

the two tests at the school level may be the result of differences between the two exams or 

differences in test preparation practices for each of the exams. Regents exams are more likely 

to be the focus of coaching efforts on a school-wide basis than the SAT, for which there is 

likely a lot of coaching at the individual level. Excessive test preparation and coaching can 

lead to score inflation, which may in turn lead to the greater differential prediction in models 

including Regents exam scores among students in high-minority schools if they experience 

more test preparation than their peers in schools with similar achievement levels but a 

smaller proportion of minority students. While coaching is one possible explanation for the 

differences in prediction, it is also possible that the different differential prediction of FGPA 

is the result of other differences in the features of the two exams. Additional research is 

necessary to understand the effects of school characteristics and processes as well as the 

effects of exam content and difficulty on predicting FGPA.   

 Finally, I hypothesized that I would find differential prediction based on low-income 

status; however, I found little differential prediction, either within- or between schools. 

Characteristics of the data and sample may not have made it particularly well suited to 

examining differential prediction by family income. Differences in average performance 

between low-income and non-low-income students in the sample were small. This may be a 

result of how students select into CUNY institutions, which I discuss in greater detail in the 

next section. Furthermore, a finer-grained measure of income may have better captured 

differential prediction by income in this sample. 
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Limitations 

 This study included only students in one university system in one metropolitan area; 

therefore, the results may not be generalizable to other urban contexts and school systems. 

Future work should examine whether the results presented here can be replicated in other 

contexts that include different student populations, different postsecondary systems, and 

different tests.  

 A second set of limitations pertains to data availability. A substantial proportion of 

the sample was missing demographic data. While my results were robust to the imputation 

of these missing data, future research should replicate the present analyses with more 

complete data.  

 The present analyses did not use school-level aggregate variables derived from the 

entire school population. Instead, school-level aggregates were generated from the analytic 

sample. These aggregates are likely different from whole-school means. It is not obvious, 

however, in which direction my values differ, and they may vary in different directions for 

different high schools. In a given high school, students who did not enroll in CUNY may 

have had higher HSGPAs and test scores allowing them to enroll in more selective colleges; 

alternatively, students in another high school who did not enroll in CUNY may have had 

lower grades and test scores and did not attend college at all. An important avenue for future 

work would be to understand how the results might differ when whole-school samples and 

aggregates are used.  

 One final limitation of the design of this study has to do with student selection. The 

processes by which students select into postsecondary institutions likely varies by student 

subgroup. It is possible that the mean differences in unmeasured determinants of FGPA are 
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smaller between black and Hispanic students, on the one hand, and Asian and white students 

who attend CUNY than they are in the population of NYC public school students or in a 

broader set of postsecondary institutions. This differential selection into CUNY may result 

in students who are more similar in unobserved ways than the population as a whole 

therefore explaining the minimal within-school between-student differential prediction that I 

observe. Similarities between low-income and non-low-income students in unobserved 

characteristics may be the reason I find little within- or between-school differential 

prediction based on income status.  

 A second concern is that the process by which students or student subgroups select 

into CUNY may induce associations between observed and unobserved variables that differ 

from the correlations found among the broader population of students. As noted above, 

replication of these analyses with a broader set of institutions would shed light on the 

generalizability of the results presented here.  

 Despite these limitations, the findings of this study show that differential prediction 

studies that do not account for high schools omit an important level of analysis and 

misattribute differential prediction to student characteristics. School demographic 

characteristics, rather than individual demographic characteristics, are associated with the 

differential prediction of black and Hispanic students’ freshman year grade point averages. 

The differential prediction of racial minorities is due to their disproportionate attendance of 

high schools in which all students, regardless of race, perform worse in college than 

predicted.
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Figures 

 

Figure 1. Distribution of CUNY weighted freshman grade point average, analytic sample. 
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Tables 

Table 1 
Descriptive Student and School-Level Statistics for CUNY Full and Analytic Samples 
 Full Sample Analytic Sample 
Students   
N (Students) 9,971 9,252 
FGPA 2.51 2.53 
 (0.95) (0.94) 
SAT Math 505 510 
 (109) (109) 
SAT Critical Reading 464 466 
 (96) (96) 
Regents Math 79.2 79.6 
 (8.89) (8.77) 
Regents English Language Arts 82.4 82.6 
 (8.24) (8.19) 
HSGPA 82.4 82.4 
 (7.13) (7.02) 
Asian 0.30 0.33 
Black 0.19 0.18 
Hispanic 0.31 0.30 
White 0.19 0.19 
Low-Income 0.81 0.81    
High Schools   
N (Schools) 381 216 
Mean FGPA 2.19 2.34 
 (0.60) (0.38) 
Mean SAT Math 458 473 
 (69.9) (65.3) 
Mean SAT Critical Reading 438 446 
 (59.5) (54.6) 
Mean Regents Math 75.7 76.9 
 (5.99) (5.27) 
Mean Regents English Language Arts 80.2 81.2 
 (5.08) (4.12) 
Mean HSGPA 80.9 82.0 
 (5.32) (2.86) 
Proportion Asian 0.15 0.20 
Proportion Black 0.31 0.28 
Proportion Hispanic 0.44 0.41 
Proportion White 0.09 0.10 
Proportion Low-Income 0.82 0.84 
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Note: Standard deviations in parentheses. The full sample includes all students with 
nonmissing SAT and Regents scores. The descriptive demographic proportions are 
calculated among students with nonmissing values. The analytic sample includes students, 
with nonmissing SAT and Regents scores, who attended a NYC public high school from 
which at least 8 students went on to attend a CUNY institituion. Missing demographic 
information (race and income status) was mulitply imputed. CUNY = City University of 
New York; FGPA = freshman grade point average; HSGPA = high school grade point 
average; NYC = New York City. 
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Table 2       
Descriptive Statistics for Student Subgroups in Analytic Sample 

 

 
 Low 

Income 
Students  

Non-low-
income 
students 

Asian 
Students 

 
Black  

Students 

 
Hispanic 
Students 

 
White 

Students 
Students       
FGPA 2.53 2.58 2.75 2.26 2.39 2.66 
SAT Math 504 534 567 450 471 527 
SAT Critical Reading 459 498 474 449 449 496 
Regents Math 79.2 81.3 83.3 75.5 77.1 80.7 
Regents ELA 82.4 83.6 83.6 80.6 81.8 84.3 
HSGPA 82.4 82.6 84.2 79.6 81.9 83.0 
Note: The analytic sample includes students, with nonmissing SAT and Regents scores, who attended a NYC public 
high school from which at least 8 students went on to attend a CUNY institution. Missing demographic information 
(race and income status) was imputed.  FGPA = freshman grade point average; CUNY = City University of New 
York; ELA = English language arts; FGPA = freshman grade point average; HSGPA = high school grade point 
average; NYC = New York City. 
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Table 3    
Ordinary Least Squares Regression Results Predicting Freshman Grade Point Average 
  Model 1 Model 2 Model 3 
HSGPA 0.425*** 0.401*** 0.381*** 
 (0.010) (0.010) (0.011) 
SAT Total  0.170***  
  (0.012)  
Regents Total   0.124*** 
   (0.011) 
Asian 0.086*** 0.069*** 0.074*** 
 (0.016) (0.016) (0.016) 
Black -0.065*** -0.048** -0.051** 
 (0.020) (0.020) (0.020) 
Hispanic -0.107*** -0.079*** -0.096*** 
 (0.016) (0.016) (0.016) 
Low-Income -0.002 0.022 0.004 
 (0.012) (0.012) (0.012) 
Intercept 2.528*** 2.460*** 2.494*** 
 (0.029) (0.029) (0.029) 
R2 0.27 0.28 0.28 
N 9,252 9,252 9,252 
Note: SAT Total and Regents Total are combined math and CR/ELA scores. All academic 
predictor variables are standardized. Demographic variables are effect coded; the 
coefficient represents the difference from the grand mean. Models include fixed effects 
for CUNY institution. R2 values are obtained using a Fisher's r to z transformation for the 
MI data.  CR = critical reading; CUNY = City University of New York; ELA = English 
language arts; HSGPA = high school grade point average; NYC = New York City. 
* p<0.05; ** p<0.01; *** p<0.001.  
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Table 4       
Two-Level Random-Intercept Models Predicting Freshman Grade Point Average 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Student Level       
HSGPA 0.464*** 0.456*** 0.446*** 0.467*** 0.458*** 0.447*** 
 (0.010) (0.010) (0.011) (0.010) (0.010) (0.011) 
SAT Total  0.065***   0.066***  
  (0.014)   (0.014)  
Regents Total   0.052***   0.052*** 
   (0.012)   (0.012) 
Asian 0.028 0.027 0.024 0.007 0.009 0.008 
 (0.017) (0.017) (0.017) (0.018) (0.018) (0.018) 
Black -0.030 -0.021 -0.022 -0.008 -0.008 -0.008 
 (0.021) (0.021) (0.021) (0.023) (0.023) (0.023) 
Hispanic -0.049** -0.037* -0.046** -0.030 -0.026 -0.029 
 (0.018) (0.017) (0.017) (0.018) (0.018) (0.018) 
School Level       
Mean HSGPA  0.041 -0.148*** -0.189*** -0.129* -0.196*** -0.223*** 
 (0.053) (0.044) (0.052) (0.051) (0.044) (0.051) 
Mean SAT Total  0.290***   0.226***  
  (0.028)   (0.031)  
Mean Regents Total   0.311***   0.205*** 
   (0.039)   (0.040) 
Proportion Asian    0.100 0.219* 0.081 
    (0.129) (0.103) (0.115) 
Proportion Black    -0.509*** -0.138 -0.309** 
    (0.116) (0.102) (0.109) 
Proportion Hispanic    -0.565*** -0.153 -0.384*** 
    (0.112) (0.100) (0.104) 
Intercept 2.371*** 2.427*** 2.425*** 2.692*** 2.448*** 2.607*** 
  (0.034) (0.030) (0.031) (0.097) (0.082) (0.088) 
Level 1 Variance 0.60 0.60 0.60 0.60 0.60 0.60 
Level 2 Variance 0.06 0.02 0.03 0.04 0.02 0.03 



DIFFERENTIAL PREDICTION FOR STUDENTS AND SCHOOLS 

 

34 

ICC 0.09 0.04 0.05 0.06 0.03 0.04 
Level 2 Pseudo R2 0.39 0.78 0.67 0.63 0.82 0.75 
N (Students) 9,252 9,252 9,252 9,252 9,252 9,252 
N (Schools) 216 216 216 216 216 216 
Note: SAT Total and Regents Total are combined math and CR/ELA scores. All academic predictor variables 
are standardized. Student-level demographic indicators are effect coded and grand mean centered. Models 
include fixed effects for CUNY institution attended. CR = critical reading; CUNY = City University of New 
York; ELA = English language arts; HSGPA = high school grade point average. 
 * p<0.05; ** p<0.01; *** p<0.001. 
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Table 5  
Fully Interacted OLS Model Testing Differences in SAT and Regents Coefficients 
in Models 4 and 5, Table 4 
  FGPA 
Asian 0.007 
 (0.018) 
Asian*Regents -0.002 
 (0.002) 
Black -0.006 
 (0.023) 
Black*Regents 0.000 
 (0.002) 
Hispanic -0.028 
 (0.019) 
Hispanic*Regents -0.002 
 (0.002) 
Proportion Asian 0.170** 
 (0.062) 
Proportion Asian*Regents -0.083*** 
 (0.014) 
Proportion Black -0.132 
 (0.069) 
Proportion Black*Regents -0.034** 
 (0.013) 
Proportion Hispanic -0.198** 
 (0.067) 
Proportion Hispanic*Regents -0.129*** 
 (0.015) 
Regents 0.049*** 
 (0.011) 
Intercept 2.507*** 
 (0.053) 
N 18,504 
Note: Academic predictor coefficients and interactions not shown. SAT 
Total and Regents Total are combined math and CR/ELA scores. All 
academic predictor variables are standardized. Student-level 
demographic indicators are effect coded and grand mean centered. 
Models include fixed effects for CUNY institution attended. Standard 
errors are clustered at the student by high school level to account for 
the two observations per student and the clustering of students within 
schools. CR = critical reading; CUNY = City University of New York; 
ELA = English language arts; FGPA = freshman grade point average; 
HSGPA = high school grade point average. 
 * p<0.05; ** p<0.01; *** p<0.001. 
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Appendix 

Missing Data and Data Imputation  

 I used multiple imputation to fill in missing values of race/ethnicity and low-income 

status for the approximately 20% of the sample missing these values. I used student test 

scores, high school grade point average, high school characteristics (mean test scores, mean 

HSGPA, and demographic characteristics), freshman year of college grade point average and 

CUNY institution attended as predictors of the missing values. I imputed five datasets using 

Stata’s multiple imputation chained equation program. Stata’s mi estimate was used to 

combine estimates from the five imputed datasets.  

 In the OLS models (Table 3), 𝑅𝑅2 was estimated using a Fisher’s r to z calculation 

(UCLA Statistical Computing Group, 2016). 
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Appendix Tables 

Appendix Table A       
Comparison of Results from a Random Effects (RE) Specification and a Fixed Effects (FE) Specification in Models 4-6 in Table 4 
  Model 4 RE Model 4 FE Model 5 RE Model 5 FE Model 6 RE Model 6 FE 
Student Level       
HSGPA 0.472*** 0.482*** 0.466*** 0.469*** 0.458*** 0.464*** 
 (0.011) (0.011) (0.012) (0.012) (0.013) (0.013) 
SAT Total   0.055*** 0.060***   
   (0.015) (0.015)   
Regents Total     0.041** 0.045*** 
     (0.014) (0.014) 
Asian -0.002 0.001 0.000 0.001 -0.001 0.001 
 (0.017) (0.017) (0.017) (0.017) (0.017) (0.017) 
Black -0.005 -0.008 -0.005 -0.007 -0.005 -0.007 
 (0.022) (0.022) (0.022) (0.022) (0.022) (0.022) 
Hispanic -0.019 -0.019 -0.015 -0.014 -0.018 -0.018 
 (0.017) (0.017) (0.017) (0.017) (0.017) (0.017) 
Intercept 2.582*** 2.467*** 2.404*** 2.454*** 2.531*** 2.459*** 
 (0.103) (0.030) (0.089) (0.031) (0.095) (0.030) 
N (students) 7,130 7,130 7,130 7,130 7,130 7,130 
N (schools) 181 181 181 181 181 181 
Note: These models are fit on the unimputed data. SAT Total and Regents Total are combined math and CR/ELA scores. 
All academic predictor variables are standardized. Student-level demographic indicators are effect coded and grand mean 
centered. Models include fixed effects for CUNY institution attended and random effects models include school-mean 
HSGPA, test scores, and demographic proportions (coefficients not show). CR = critical reading; CUNY = City University 
of New York; ELA = English language arts; FGPA = freshman grade point average; HSGPA = high school grade point 
average. 
* p<0.05; ** p<0.01; *** p<0.001. 

 



DIFFERENTIAL PREDICTION FOR STUDENTS AND SCHOOLS 

 

38 

Appendix Table B.1   
Ordinary Least Squares Regression Predicting Freshman Grade Point 
Average From Test Scores and Demographic Variables 
  FGPA FGPA 
SAT Total 0.246***  
 (0.012)  
Regents Total  0.272*** 
  (0.011) 
Asian 0.096*** 0.089*** 
 (0.019) (0.018) 
Black -0.102*** -0.088*** 
 (0.021) (0.021) 
Hispanic -0.075*** -0.090*** 
 (0.016) (0.016) 
Low-Income 0.036** 0.013 
 (0.013) (0.013) 
Intercept 2.653*** 2.641*** 
 (0.031) (0.030) 
R2 0.16 0.17 
N 9,252 9,252 
Note: SAT Total and Regents Total are combined math and 
CR/ELA scores. All academic predictor variables are 
standardized. Demographic variables are effect coded; the 
coefficient represents the difference from the grand mean. Models 
include fixed effects for CUNY institution. CR = critical reading; 
CUNY = City University of New York; ELA = English language 
arts; HSGPA = high school grade point average. 
* p<0.05; ** p<0.01; *** p<0.001. 
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Appendix Table B.2     
Two-Level Random-Intercept Models Predicting Freshman Grade Point Average From Test Scores and 
Demographics 
 FGPA FGPA FGPA FGPA 
Student Level     
SAT Total 0.224***  0.225***  
 (0.014)  (0.014)  
Regents Total  0.261***  0.262*** 
  (0.012)  (0.012) 
Asian 0.085*** 0.076*** 0.068*** 0.061** 
 (0.020) (0.019) (0.021) (0.019) 
Black -0.094*** -0.082*** -0.085*** -0.074** 
 (0.022) (0.022) (0.024) (0.024) 
Hispanic -0.044* -0.057*** -0.025 -0.033 
 (0.017) (0.017) (0.019) (0.018) 
School Level     
School Mean SAT Total 0.081**  0.009  
 (0.026)  (0.029)  
School Mean Regents Total 0.080**  -0.012 
  (0.031)  (0.036) 
Proportion Asian   0.074 -0.020 
   (0.102) (0.108) 
Proportion Black   -0.163 -0.255* 
   (0.099) (0.101) 
Proportion Hispanic   -0.283** -0.413*** 
   (0.100) (0.098) 
Intercept 2.656*** 2.620*** 2.767*** 2.825*** 
  (0.032) (0.032) (0.082) (0.083) 
N (Students) 9,252 9,252 9,252 9,252 
N (Schools) 216 216 216 216 
* p<0.05; ** p<0.01; *** p<0.001  
Note: SAT Total and Regents Total are combined math and CR/ELA scores. All academic 
predictor variables are standardized. Student-level demographic indicators are effect coded 
and grand mean centered. Models include fixed effects for CUNY institution attended. CR 
= critical reading; CUNY = City University of New York; ELA = English language arts; 
FGPA = freshman grade point average; HSGPA = high school grade point average. 
* p<0.05; ** p<0.01; *** p<0.001. 
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Appendix Table C   
Ordinary Least Squares Specification of Models 5 and 6 in Table 4 
  Model 4 Model 5 
HSGPA 0.453*** 0.439*** 
 (0.011) (0.012) 
SAT Total 0.058***  
 (0.015)  
Regents Total  0.045*** 
  (0.013) 
Asian 0.007 0.005 
 (0.018) (0.018) 
Black -0.006 -0.005 
 (0.023) (0.023) 
Hispanic -0.028 -0.029 
 (0.018) (0.018) 
School Mean HSGPA  -0.194*** -0.220*** 
 (0.037) (0.045) 
School Mean SAT Total 0.218***  
 (0.036)  
School Mean Regents Total  0.257*** 
  (0.037) 
Proportion Asian 0.170 0.086 
 (0.091) (0.102) 
Proportion Black -0.132 -0.165 
 (0.104) (0.105) 
Proportion Hispanic -0.198* -0.327** 
 (0.099) (0.099) 
Intercept 2.507*** 2.592*** 
 (0.077) (0.081) 
N (Students) 9,266 9,266 
Note: SAT Total and Regents Total are combined math and CR/ELA 
scores. All academic predictor variables are standardized. Student-
level demographic indicators are effect coded and grand mean 
centered. Models include fixed effects for CUNY institution attended. 
CR = critical reading; CUNY = City University of New York; ELA = 
English language arts; FGPA = freshman grade point average; 
HSGPA = high school grade point average. 
* p<0.05; ** p<0.01; *** p<0.001. 
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Appendix Table D    
Two-Level Sensitivity Results Dropping Students with a Weighted FGPA Equal to Zero  
 Model 4 Model 5 Model 6 
Student Level    
HSGPA 0.426*** 0.413*** 0.404*** 
 (0.009) (0.009) (0.010) 
SAT Total  0.082***  
  (0.012)  
Regents Total 

 
 0.058*** 

   (0.011) 
Asian -0.004 -0.002 -0.002 
 (0.015) (0.015) (0.015) 
Black -0.018 -0.017 -0.018 
 (0.022) (0.022) (0.022) 
Hispanic -0.013 -0.008 -0.012 
 (0.018) (0.018) (0.017) 
School Level    
Mean HSGPA -0.116* -0.174*** -0.202*** 
 (0.048) (0.040) (0.047) 
Mean SAT Total  0.204***  
  (0.028)  
Mean Regents Total   0.188*** 
   (0.038) 
Proportion Asian 0.115 0.234* 0.096 
 (0.121) (0.094) (0.108) 
Proportion Black -0.479*** -0.122 -0.294** 
 (0.109) (0.093) (0.101) 
Proportion Hispanic -0.506*** -0.108 -0.337*** 
 (0.105) (0.092) (0.098) 
Intercept 2.747*** 2.507*** 2.668*** 
  (0.091) (0.075) (0.082) 
N (Students) 8,907 8,907 8,907 
N (Schools) 210 210 210 
Note: SAT Total and Regents Total are combined math and CR/ELA scores. 
All academic predictor variables are standardized. Student-level demographic 
indicators are effect coded and grand mean centered. Models include fixed 
effects for CUNY institution attended. CR = critical reading; CUNY = City 
University of New York; ELA = English language arts; FGPA = freshman 
grade point average; HSGPA = high school grade point average. 
* p<0.05; ** p<0.01; *** p<0.001. 

 


