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Abstract
For low achieving (at-risk) high school graduates, this article identified significant student
and school level predictors of college readiness in reading and mathematics. This study
employed a two-level hierarchical generalized linear model (HGLM) to explore the fixed and
random effects. The study included 36 high schools where 3,784 students in reading and
2,903 students in mathematics with achievement levels 1 and 2 in both subjects were selected
from one of the largest school districts in the United States. At the student level, grade point
average (GPA), exceptional student education (ESE), English language learner (ELL), and
Hispanic status of students were significant. At the school level, percentage of teachers with
National Board certification, percentage of teacher effectiveness and advance degrees as well
as average years of teaching experience were significant in predicting college readiness. The
effect sizes, which ranged from .29 to .37, were determined to be small.
Keywords: College readiness, significant predictors, low achieving students, multilevel
modeling, effect sizes
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1. Introduction
The school districts and state Departments of Education in United States of America (USA)
are striving to increase high school graduation rates and percentage of college readiness rates
of high school graduates. In this regard, it is important to track the low achieving (at-risk)
high school graduates and predict their college readiness for future college success. Thus,
uplifting academically low achieving students by controlling the predictors of future college
success is a challenging endeavor for educators. Meeting the standards for college
preparedness using specific test benchmarks is essential for students who aspire for entry in
postsecondary institutions. In the United States, the specific cut scores in ACT (American
College Test) and SAT (Scholastic Aptitude Test) are considered as the national benchmarks
for college readiness. Most of graduating students in high schools in USA take ACT and SAT
by grade 12.
It is essential that educators focus on improving college readiness status of those high school
graduates with low performance levels because these are the at-risk students who are
struggling for the success in early college level courses. For this purpose, we need to identify
the strongest predictors of college readiness for such low performing group of students. If we
can identify this target group of students from the early high school and late middle school
grades and control the significant predictors impacting their college preparedness, we will be
able to increase their probability of success for early college level courses.
High school students learn the knowledge and skills required for first year college level
courses through college readiness tests such as SAT and ACT. Students achieve the
knowledge, skills, and ability to be successful in entry-level college courses through college
readiness. It is found that during 2016, only 70% (46% in four-year and 24% in two-year
postsecondary institutions) of the high school graduates in the United States enrolled in
colleges in the fall immediately after high school completion (NCES, 2018). In order to
increase the percentage of college enrolment, we need to improve the college readiness status
of high school graduates. The most possible victims not being college ready are those high
school graduates who perform at low levels in reading and mathematics. Thus, the current
research is based on the data of low performing students in early high school and late middle
school grades who graduated from the high schools during 2017 in the School District of
Palm Beach County (SDPBC), Florida. The SDPBC is the fifth largest district in Florida and
the eleventh largest district in USA.
This study explores the predictors of college readiness based on national SAT and ACT
benchmarks in reading and mathematics. For the class of 2017, 46% of students who took the
new SAT met or exceeded the new College and Career Readiness benchmarks, showing they
are likely ready to take and succeed in entry-level, credit-bearing college courses (College
Board, 2017a). The percentage of students in the United States who were college ready in
ACT reading and ACT mathematics were 47% and 41%, respectively during 2017 (ACT,
2017a). High schools need clear indicators of college readiness and clear performance
standards which must allow schools and districts to assess where their students currently stand
and to measure their progress (Roderick, Nagaoka & Coca; 2009).
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This study has two-fold purpose. First, we explore the significant student and school level
predictors of college readiness in reading and mathematics for low achieving high school
graduates. By controlling the significant predictors in favorable direction, we can improve the
college readiness status of low achieving high school graduates who are not college ready in
reading and/or mathematics. Second, the effect sizes at school level are computed and
reported for predicting college readiness in reading and mathematics. Methodologically,
college readiness in reading and mathematics, dichotomous outcomes, are predicted by
employing two-level Hierarchical Generalized Linear Models (HGLM). As an implication,
this research will benefit the school districts and high schools in the United States and other
countries in terms of preparing low performing high school graduates for the success of early
college level courses.
2. Literature Review
This research used grade point average (GPA) for tenth grade students, exceptional student
education (ESE), English language learner (ELL) and Hispanic status at student level to
predict the college readiness for low achieving high school graduates. Radunzel and Noble
(2012) found high school GPA as an effective predictor in predicting long-term college
success at both four- and two-year institutions. Past studies found that college readiness is
positively impacted due to student achievement (ACT, 2008; Atkinson & Geiser, 2009) and
dual (college) credit enrolments (Allen, 2010; Kim & Bragg, 2008). Roderick et al. (2009)
argued that the three most commonly recognized indicators used by colleges for college
success are coursework required for college admission, achievement test scores, and grade
point averages.
In Texas public schools, Chandler, Slate, Moore and Barnes (2014) found more than 77% of
limited English proficiency (LEP or ELL) students not meeting college readiness in each of
the 5 school years from 2007 through 2011 and based on the study findings the researchers
suggest that special attention be paid to ELL students as increases in ELL population will
create additional challenges in students’ college readiness. Kanno and Kangas (2014) found
that ELL students lag behind their non-ELL peers in their level of access to advanced
college-preparatory courses due to the way in which ELL students’ chances for rigorous
academic preparation are systematically reduced.
The past studies substantiate the negative effect of student’s disabilities (ESE status) on
academic performance and postsecondary education. Among students with disabilities who
graduate from high school and attend a postsecondary education program, completion rates
are low, and they lag behind the general population in high school graduation and
postsecondary completion (Brand & Valent, 2013). In a study, Trainin and Swanson (2005)
found that the students with learning disabilities scored significantly lower than students
without learning disabilities in word reading, processing speed, semantic processing, and
short-term memory. Another research found that majority of students with disabilities failed
to graduate or to receive a degree from their program up to eight years after high school
(Newman, Wagner, Knokey, Marder, Nagle, Shaver, & Wei; 2011).
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Most Hispanic students are not academically ready for college since 2010 regardless of
subjects, and readiness rates for them remain low (ACT, 2014). The same report reveals that
the college readiness benchmark scores for Hispanic (29%) students are found lower than
those for White (54%) and all (44%) students. Subedi and Powell (2016) found a significant
negative effect of Hispanic student status in predicting college readiness.
This study used the percentages of teachers with National Board (NB) certification, advance
degree, effectiveness category and average years of experience at school level. There have
been reported several evidence-based research findings to examine the effect of teacher
certification on student achievement. Darling-Hammond (2000) found teacher preparation
and certification as the strongest correlates of student achievement in reading and
mathematics. Similar results were found by other researchers with a positive impact of
teacher certification on student achievement (Clotfelter, Ladd, & Vigdor, 2007; Croninger,
Rice, Rathbun, & Nishio, 2007; Goldhaber & Brewer, 2000). Clotfelter et al. (2007) found a
positive impact of teacher certification on student achievement. Further, Goldhaber and
Brewer (2000) argue that mathematics teachers who have a standard certification have a
statistically significant positive impact on student test scores relative to teachers who either
hold private school certification or are not certified in their subject area. In a research using
SDPBC data, Subedi and Howard (2017) found significant positive impact of teacher
experience, academic degree and effectiveness on high school student achievement.
2.1. Selecting Models
Given the fact that college ready is a binary outcome (yes or no) measure, the best fit model
for predicting such outcome is a two-level HGLM. Several studies in past have been
accomplished employing such type of model (Goldstein, 1991; Raudenbush & Bryk, 2002;
Subedi, 2005). We need variance estimation at student and school levels to determine the
effect sizes for school level models. In past, many studies used the estimation of level-1
variance components in binary response model (Bryk and Thum, 1989; Finn and Rock, 1997;
Goldstein, 1991; Guo & Zhao, 2000; Longford, 1994; McCulloch, 1994).
Several studies in past demonstrated the use of multilevel binary models with student and
school level data employing a two-level HGLM (Goldschmidt & Wang, 1999; Rumberger,
1995; Subedi & Powell, 2016). The past studies also determined effect sizes for school level
employing multilevel models (Goldstein, 1997; Rowan, Correnti, & Miller, 2002; Thomas,
Sammons, Mortimore, & Smees, 1997). They determined effectiveness based on effect sizes
which were computed using variance of school level model. Employing a two-level HGLM
technique, Subedi and Powell (2016) predicted binary response outcome that involved
students’ college readiness and computed effect sizes for level-2 model.
3. Research Questions
The following two research questions are answered through this study.
1. What are the significant student and school level predictors of college readiness in
reading and mathematics for low achieving high school graduates?
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2. What are the proportions of variance explained and effect sizes at school level for
predicting college readiness in reading and mathematics for low achieving high school
graduates?
4. Methods
4.1. Data
This research included 36 high schools where 3,784 high school graduates with reading
achievement levels 1 and 2 and 2,903 high school graduates with mathematics achievement
levels 1 and 2 were selected from the SDPBC, Florida, USA. The two major college
placement tests that measure the college readiness in the SDPBC are SAT and ACT. Using
the 2017 test results of these assessments, the college readiness flags were created based on
the benchmark scores provided American College Test and College Board. Many students
took more than one tests, however, student’s highest test scores (in reading and mathematics)
were used to compute college readiness.
The ACT is tested in Reading, English, Mathematics, and Science. The SAT is given in
Reading (Evidence-Based Reading and Writing, EBRW) and Mathematics. The scale scores
for ACT ranged from 1 to 36 and those for SAT ranged from 200 to 800. ACT (2017b) and
College Board (2017b) provide the college readiness benchmark scores in reading and
mathematics as follows based on the scale scores of these tests where we determine the
college readiness in individual subjects.
•

ACT: 22 for both reading and mathematics

•

SAT: 480 for reading (evidence-based reading and writing)

•

SAT: 530 for mathematics

4.2. Variables
All the variables in this study are used for the school year 2016-17. However, the level 1 and
level 2 (low achieving) students in reading and mathematics are considered from tenth grade
(school year 2014-15) and eighth grade (school year 2012-13), respectively, for the high
school graduates of 2014-17 graduation cohort.
4.2.1. Outcome variables
Student’s statuses of college readiness in reading and mathematics are outcome measures.
The percentages of students who were college ready for the selected low achieving (level 1
and level 2) high school graduates are found 27% in reading and 7% in mathematics.
4.2.2. Student Level Predictors
Grade point average (GPA). This is a continuous variable providing the overall GPA for a
student in tenth grade during 2017. For the group of low achieving high school graduates, this
variable ranged from 0 to 4.5 with an average overall GPA of 2.6 (GPA in a scale of 0-5).
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Hispanic. This is a dichotomous variable with 1 for Hispanic status and 0 for non-Hispanic
status of a student.
Exceptional student education (ESE). This is a dichotomous variable with 1 for student’s ESE
status and 0 for non-ESE status.
English Language Learners (ELL). This is a dichotomous variable with 1 for student’s ELL
status and 0 for non-ELL status. Based on the codes provided by Florida Department of
Education, we considered LY (the student is Limited English Proficient, LEP and is enrolled
in classes specifically designed for LEP students) and LF (the student is being followed up
for a two-year period after having exited from the ESOL program) codes in this study.
4.2.3. School Level Predictors
Percentage of advance degree. This is a continuous variable that gives the percentage of
teachers in a school with advance (master, post-master and doctoral) degrees (where
non-advance degrees represent bachelor and lower degrees). The percentage of teachers with
advance degrees (in schools) ranged from 33% to 100% with an average of 47%.
Percentage of NB certification. This is a continuous variable that gives the percentage of
teachers in schools with National Board (NB) certification. This variable ranged from 0 to
12% with a mean of 2%.
Average experience. This is a continuous predictor with average years of experience for
teachers in each school. This variable ranged from 3 to 19.4 with an average of 14.1 years.
Percentage of teacher effectiveness. This is a continuous variable that gives the percentage of
effective teachers in a school. The effective teachers, based on Student Performance Rating
(SPR), are defined as total percentage of effective and highly effective teachers (where the
ineffective teachers are defined as those teachers who are developing and need improvement).
The average percent of effective teachers was 90% with a range of 0 to 98%.
4.3. Effect Sizes
We computed and reported the effect-sizes at school level model which are based on the
proportion of variance explained among schools. The effect size is calculated as the ratio of
school variance to total (school plus student) variance. According to Rowan et al. (2002), the
d-type effect sizes at school level are calculated as the square root of the ratio of school level
variance to the total variance and they are classified as small, medium and large based on the
magnitude of effect sizes as given below.
•
•
•

Below .39 -- Small
0.39 – 0.45 -- Medium
0.46 or higher – Large

4.4. Model Development
This study employed a two-level HGLM where two separate models were developed and
analyzed to predict student’s college readiness in reading and mathematics. We incorporated
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only significant predictors at level-1 (student level) and level-2 (school level) final models.
The level-2 variance terms were deleted from the models if they were not significant.
We used dichotomous outcome variables incorporating student and school level predictors in
the models. Even though the student status of college readiness is a dichotomous outcome,
several studies in past have treated as if it were continuous. For example, Bryk and Thum
(1989) predicted dropout as a binary outcome and estimated variance associated with dropout,
and Goldstein (1991) treated binary outcomes as continuous by incorporating the random
term in level-1 model. Due to their computational efficiency over alternate techniques such as
logit and probit, Amemiya (1985) incorporated random term in level-1 model.
Assuming Yij as student’s status in College Readiness in Reading (CRR), the log of
probability of CRR can be predicted by the level-1 model for ith student nested in jth school as
below.
log(P(Yij =1)/(1- P(Yij =1))) = β0j + β1j (GPA)ij + β2j (ESE)ij + β3j (ELL)ij + eij

(1a)

In Equation (1a), β0j is the intercept. The coefficients β1j, β2j, and β3j are student level slopes
or effects for grade point average (GPA), student’s ESE status (ESE), and student’s ELL
status (ELL), respectively. Further, eij is student level random term distributed normally with
mean zero and constant variance.
In order to predict the coefficients of level-1 model (in Equation 1a) as outcomes, the level-2
model can be formulated below as presented in Equation (1b) by incorporating significant
level-2 predictors. The significant school level predictors include percentage of (teachers’)
NB certification (PCTCERTI), average (teachers’) experience (AVGEXP) and percentage of
(teacher) effectiveness (PCTEFFECT).
β0j = γ00 + γ01 (PCTCERTI)j + γ02 (AVGEXP)j + γ03(PCTEFFECT)j + u0j
β1j = γ10

(1b)

β2j = γ20
β3j = γ30
Equations (1b) consists of fixed portion (γ terms) and random portion (u terms) of effects
where the term γ00 represents the average college readiness rate in reading for all schools and
u0j represents the random effects at school level with multivariate normal distribution. The
coefficients γ01, γ02, and γ03 represent the effect of percentage of (teachers with) NB
certification, average experience and percentage of effectiveness, respectively, on average
college readiness rate in reading. The following coefficients represent their effects, as given
below, on the predicted probability of college readiness in reading:
• γ10 represents the effect of average GPA,
• γ20 represents the effect of students with ESE status relative to that of non-ESE status,
• γ30 represents the effect of students with ELL status relative to that of non-ELL status,

152

www.macrothink.org/jse

Journal of Studies in Education
ISSN 2162-6952
2018, Vol. 8, No. 4

Assuming Yij as student’s status in College Readiness in Mathematics (CRM), the log of
probability of CRM can be predicted by the level-1 model for ith student nested in jth school
as below.
log(P(Yij =1)/(1- P(Yij =1))) = β0j + β1j (Hispanic)ij + β2j (ESE)ij + β3j (ELL)ij + eij

(2a)

In Equation (2a), β0j is the intercept. The coefficients β1j, β2j, and β3j are the student level
effects of Hispanic status, ESE status, and ELL status, respectively. The term eij is student
level random term distributed normally with mean zero and constant variance.
In order to predict the coefficients in Equation (2a), the level-2 model can be formulated as
below incorporating significant school level predictors, namely, percentage of teachers with
advance degree (PCTADVDEG)) and NB certification (PCTCERTI).
β0j = γ00 + γ01 (PCTADVDEG)j + γ02 (PCTCERTI)j + u0j
β1j = γ10

(2b)

β2j = γ20
β3j = γ30
In Equation (2b), γ00 represents the average college readiness rate in mathematics for all
schools and u0j represents the random effects at school level with multivariate normal
distribution. The coefficient γ01 represents the effect of percentage of (teachers with) advance
degree and γ02 represents the effect of percentage (of teachers with) NB certification on
college readiness in mathematics. The following coefficients represent their effects, as given
below, on the predicted probability of college readiness in mathematics:
• γ10 represents the effect of Hispanic students relative to the effect of non-Hispanic
students,
• γ20 represents the effect of students with ESE status relative to that of non-ESE status,
• γ30 represents the effect of students with ELL status relative to that of non-ELL status,
The fixed effects (intercepts and slopes) and random effects (variance components) at student
and school levels are estimated using PROC GLIMMIX procedure in SAS program (Kim,
Preisser, Rozier, & Valiyaparambil, 2006; Little, Milliken, Stroup, & Wolfinger, 1996; SAS
Institute, 2012).
Note that the research question 1 is addressed by estimating fixed effects, γs, and p-values
associated with these effects in Equations (1b) and (2b). The research question 2 is addressed
by calculating school level d-type effect sizes using the formula given in Equation (3), based
on the estimated school level variance term (u0j), as suggested by Rowan et al. (2002).
d = √(School variance in student college readiness) / √(Total student + school
variance in student college readiness)
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5. Results
Based on HGLM analysis, Table 1 below provides the results with significant effects of
student and school level predictors on college readiness in reading. At student level, the
effects of GPA (p <.0001), ESE status (p <.0001), and ELL status (p = .0019) are found
significant. At school level, the effects of school percentage of teachers with NB certification
(p =.0050), average teacher experience (p =.0271) and percentage of teachers with
effectiveness (p =.0301) are found significant.
Table 1. Estimation of predictors’ effects for predicting college readiness in reading
Predictor
Grade Point Average (GPA)
ESE
ELL
Percentage NB certification
Average experience
Percentage effectiveness

Effect Estimate
0.202
-0.107
-0.121
2.297
0.259
0.201

Std. Error
0.093
0.022
0.039
0.818
0.007
0.011

p-value
<.0001
<.0001
.0019
.0050
.0271
.0301

Table 2 provides the results with significant effects of student and school level predictors on
college readiness in mathematics. At student level, the effects of Hispanic status (p =.0037),
ESE status (p=.0049), and ELL status (p = .0063) are found significant. At school level, the
effects of school percentage of teachers with advance degree (p =.0039) and NB certification
(p=.0100) are found significant.
At student level, the results showed positive effect of GPA and negative effects of ESE, ELL,
and Hispanic status in predicting college readiness. At school level, the findings showed
positive effects of all predictors.
Table 2. Estimation of predictors’ effects for predicting college readiness in mathematics
Predictor
Hispanic
ESE
ELL
Percentage advance degree
Percentage NB certification

Effect Estimate
- 0.096
-0.107
-0.049
0.531
1.475

Std. Error
0.013
0.014
0.023
0.181
0.572

p-value
.0037
.0049
.0063
.0039
.0100

Based on the estimation of variance components, we computed the effect sizes at school level.
Table 3 shows the percentages of variance explained, p-values (related to school level
variances), and d-type effect sizes at school level models while predicting college readiness in
reading and mathematics. The proportion of variance explained and effect size for predicting
college readiness in reading are found 13% and 0.37, respectively. The proportion of variance
explained and effect size for predicting college readiness in mathematics are found 9% and
0.29, respectively. Both variance components are found significant (p <.0001), however, the
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effect sizes are found ‘small’ representing the trivial strength of school effects while
predicting college readiness in both reading and mathematics.
Table 3. Estimations of variance explained, p-values, and d-type effect sizes at school level
for predicting college readiness in reading and mathematics
Outcome measure

Variance explained

College readiness in reading
College readiness in mathematics

p-value

Effect size (d-type)

13%

<.0001

0.37

9%

<.0001

0.29

6. Discussion
For the low achieving group of students who graduated from high schools during 2017, this
research found significant effects of academic and demographic factors on college readiness
in reading and mathematics. The result that the student’s tenth grade GPA produced a
significant positive effect on college readiness in reading is analogous to the previous
findings (ACT, 2008; Radunzel and Noble; 2012; Roderick et al.; 2009). Intuitively, this
finding imply that the college-bound students will have increased success rate in early college
level courses if they have high GPA in early high school level courses.
The study results that college readiness in reading and mathematics are significantly impacted
by ELL and ESE in negative direction are supported by the previous findings. The significant
negative effect of ELL on college readiness is also substantiated by Chandler et al. (2014) and
Kanno and Kangas (2014). Further, student’s status with ESE (disabilities) impacted
negatively on college readiness in reading and mathematics. These results are similar with the
findings reported by Brand and Valent (2013) as well as results of Trainin and Swanson (2005)
which revealed that the students with disabilities who graduated from high school and
attended a postsecondary education program had low completion rates. The study results
suggest that the low achieving ELL and ESE students who are ready for graduation need
special tutoring in ACT and SAT to increase their college readiness rates.
We found that student’s status of being Hispanic showed significant negative effect on
college readiness in mathematics. This result resembles the research result that showed
significantly negative effect of Hispanic student status on college readiness (Subedi & Powell,
2016) and findings for Hispanic students who were college ready with significantly lower
rates (ACT, 2014; Greene & Forster, 2003). This result suggests that we need an appropriate
mechanism in high schools to take better care for Hispanic students, who met graduation
requirement but are not college ready, through tutoring classes in ACT and SAT to improve
their college readiness rate in mathematics.
Given the fact that the population used in this study includes a low percentage of college
ready students (27% in reading and 7% in mathematics), a large percentage of students who
are not college ready in both subjects can benefit by controlling the significant predictors in
favorable direction. For example, the college readiness rate in reading for low achieving high
school graduates can be improved by increasing students’ GPA and providing relevant
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intervention programs for the ELL and ESE students. Further, recruiting more teachers with
NB certification, teaching experience and those classified as effective and highly effective
would help to increase the probability of success of low achieving high school graduates for
early college level courses.
6.1. Discourse on School Effects
The effect sizes in this study are based on the percentages of variance explained at school
level. The school effects are represented by the effect sizes at school level models for
predicting student’s college readiness. The effect sizes estimated in this study are found to be
small according to the classification suggested by Rowan et al. (2002). Although the effect
sizes are found small, the exploration of significant predictors of college readiness will
benefit the low achieving high school graduates for their success in early college level
courses by controlling the significant predictors of college readiness in favorable direction.
Methodologically, this study demonstrated a technique for computing effect sizes for binary
outcomes (i.e., college readiness in reading and mathematics) using the variation among
schools. The computations of variance for HGLM analysis were supported by several past
studies (Goldstein, 1991; Kim et al., 2006). Thus, this paper presented an approach to
measure school effects in educational research by means of computing effect sizes at level-2
model employing a two-level HGLM.
7. Conclusions
We predicted college readiness in reading and mathematics for low achieving high school
graduates employing multilevel models known as HGLM. This study was conducted in one
of the largest school districts in U.S.A. where we identified significant student and school
level predictors of college readiness. We also determined the effect sizes at school level for
predicting college readiness.
This research would benefit low achieving high school graduates for their college readiness
by shaping appropriate education policy. Given the significant student and school level
predictors of college readiness for low achieving high school graduates, an intervention in
favorable direction is recommended by controlling such significant predictors. Given the high
percentages of low achieving high school graduates who were not college ready, such
intervention would help these students to excel in college readiness by the time they graduate
from high school. Consequently, this endeavor would help the school districts and school
systems to increase the college readiness rates for this target group of students.
The findings of this study can be generalized to the population with similar demographic
composition in U.S.A. and other countries. Further, this study is limited to employing a
two-level HGLM and incorporating limited number of predictors in student and school level
models to predict college readiness. Researchers in future are suggested to employ a
three-level HGLM incorporating student, teacher, and school level predictors of college
readiness for low achieving high school graduates.
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