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ABSTRACT

Predicting preservice teachers’ performance on their certification examination may meaningfully
help Educators Preparation Programs (EPPs) to adapt and integrate learning frameworks that can
improve their passing rates. This study used multiple linear regression (MLR) and binomial logistic
regression (BLR) to explore potential variables that may impact the preparedness of 170 pre-service
teachers to pass the science core of the official EC-6 Texas Examinations for Educator Standards
(TEXES) certification examination. The study was conducted by issuing a practice EC-6 TExXES
certification examination in a pretest and post-test manner during the semester that the participating
cohort were enrolled in BIOL 1082, a mandatory science course EC-6 preservice teachers need to
take prior to the official state EC-6 TExXES certification exam. Additionally, the cohort took an
online Qualtrics™ survey that collected ex post facto and other demographics data. The
independent variables explored in this study included: final grade in BIOL 1082, classification,
transfer status, prior college science coursework, enrollment status, family’s college history, and
current GPA. The dependent variable used was the post-test score on the practice EC-6 exam. The
independent variable, grade in BIOL 1082 was revealed to be the single best predictor of preservice
teachers’ performance on the science practice examination across both the MLLR and BLR models.
The BLR models had a higher prediction accuracy of preservice teachers who would most likely fail
the practice test than those who may pass at a prediction rate at approximately 79% accuracy. Based
on the 67 out of 170 preservice teachers who passed the post-test, the accuracy of predicting failures
may be a useful tool that EPPs can use in identifying students who may be at risk of failing and thus
implement necessary interventions and other educational strategies.

Keywords: preservice teachers, multiple linear regression, binomial logistic regression, predictor factors,
certification

Introduction

Science and mathematics have long been considered the toughest subjects for students to master
at the primary level through the tertiary level of education (Murphy & Smith, 2012; Pino-Pasternak &
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Volet, 2018; van Aalderen-Smeets et al., 2017). The belief in preconceived poor performance in science
have at times caused even the most brilliant of students to pivot to courses and degrees that were
considered less challenging (Pino-Pasternak & Volet, 2018). The carried belief of mediocre performance
in science at times has come from family members and for some students their low self-efficacy in
science has come from their own teachers (Pino-Pasternak & Volet, 2018). Further, according to
Murphy et al., (2007) many preservice teachers have themselves predicted that they will not perform
well on the science portion of their certification examination. Additionally, some elementary classroom
teachers, even after passing their certification examination, have expressed that they spend the least
amount of time on the subject matter of science in the classroom (Binns et al., 2020). This cyclical
apprehension of preservice teachers’ ability to learn and teach science can in turn lead to their future
students getting low exposure to science content, which can then be reflected as an ongoing lapse in
students’ commitment to persevere in learning science. Later, if these same students pursue teacher
certification, they may unintentionally relay to their students that success in science is unachievable
(Binns et al., 2020; Pino-Pasternak & Volet, 2018). Studies have also shown that a connection exists
between the passing of the certification exam and a preservice teacher’s effectiveness in the classroom
(Boyd et al., 2007; Donovan et al., 2014; Senler, 2016).

In the state of Texas, to obtain an elementary teacher certification one must pass the Texas
Examination for Educator Standards (TEXES) Early Childhood to 6th grade (EC-6) examination (EC-
6 TEXES). Prior to 2015, students were allowed an unlimited number of attempts to pass the exam.
After 2015, with the passing of the EES.A Act, examinees are only allowed five attempts to pass the
exam with a score of at least 80%. In tandem with this shift in the number of attempts allowed, the
Educator Preparation Programs (EPPs) must also maintain an overall pass rate of 85% each year to
meet accreditation requirements (Warren, 2017). Creating a model to predict preservice teachers’
performance on their official certification examination may not only help boost a preservice teacher’s
motivation, self-efficacy, and confidence (Ebrahim, 2012), but may also serve as a beneficial tool to the
EPPs (Hutson, 2017).

The TExES™ EC-06 certification examination consists of two subdivisions: content area for the
specific grade level, and pedagogy and professional responsibilities (Feuer et al., 2013; Gard, 2011,
Sasson, 2014). There are five subject domains within the content portion of the exam: Domain I:
English Language Arts Reading, & the Science of Teaching Reading (28%); Domain II: Mathematics
(18%); Domain III: Social Studies (16%); Domain IV: Sciences (19%); and Domain V: Fine Arts,
Health, and Physical Education (19%) (TExES™ program preparation manual, 2019). This study
focused on subject Domain IV: Sciences, which includes 18 competencies over which 52 multiple
choice questions are asked on the official EC-6 TEXES exam. The courses offered at the EPP prepare
preservice teachers for the science portion of the EC-6 certification examination and include BIOL
1082 (Biology for Elementary Educators), BIOL 1132 (Environmental Science for non-science majors),
GEOG 1710 (Earth Science for non-science majors), PHYS 1210 (Conceptual Physics for non-science
majors), and EDEE 4330 (Science Methods for Elementary Educators). The Biology for Educators
course (BIOL 1082) was developed exclusively for preservice Elementary Education majors and covers
approximately 8 of the 18 competencies of Domain IV, which makes up about 44% of the science
concepts that need to be mastered for the certification examination. The other three science courses,
Environmental Science, Earth Science, and Conceptual Physics are also taught within the College of
Science; however, these courses are open to all non-science majors and are not taught in context of
becoming an elementary teacher. In their senior year, elementary education majors, take EDEE 4330,
Science Methods, which is taught within the College of Education. Since Biology for Elementary
Educators has content that covers material from the other three science courses and, as a single course,
covers the largest amount of the material on the official examination (44%), it was selected as the focus
for this study.
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Predicting preservice teacher passing rates on the state certification examination and identifying
potential variables that may influence their performance is beneficial to EPPs, preservice teachers
themselves, and other agencies (Hutson, 2017). Various studies have explored the impact of academic
and environmental factors that may influence students’ performance on the teacher certification
examination. Most studies have included academic factors such as GPA, familial influences, age,
workload, full time or part-time status, and other environmental factors (DeFreitas & Rinn, 2013;
Graunke & Woosley, 2005; Kim & Corcoran, 2018; Peters & Draughon, 2017; Swecker et al., 2013).
Though studies have explored factors that may impact or predict performance on preservice teachers
state certification examination, most of these studies looked at how preservice teachers performed on
the overall content exam where all the subject areas were combined, or their performance was examined
based on performance on the Pedagogy and Professional Responsibilities (PPR) with factors such as
GPA, first-generation, and course grades predicting performance on the overall certification
examination (Frizzell, 2014; Gard, 2011; Kazempour & Sadler, 2015; Kim & Corcoran, 2018; Warren,
2017).

Of the few studies that have explored preservice teachers’ performance on individual subject
matter exams, academic factors showed some correlation to predicted performance of preservice
teachers on the certification examination. In previous studies, exploring predictors of performance on
teacher certification examination, Gard (2011) investigated factors predicting failure on TEXES 8-12
History and found that transfer status and GPA were closely correlated to success on the examination.
Thobega and Miller (2008) explored factors predicting preservice teachers’ performance in agriculture
certification and revealed that ACT scores and gender were highly correlated to success on the PRAXIS
IT content examination. On the other hand, Sandholtz and Shea’s (2015) exploration of preservice
teachers' predicted performance in California state licensing revealed that grades in prerequisite courses
as well as supervisors anticipated performance of preservice teachers were not accurate predictors of
performance on certification examinations.

Further, the National Council on Teacher Quality (NCTQ) stated that almost half of EPPs do
not analyze preservice teacher content knowledge before and after science courses, nor do they associate
such coursework with predicted/actual performance on certification examinations (NCTQ, 2014). In
fact, most of the previous studies exploring teacher certification examinations were in subject areas of
mathematics or history or addressed the overall general content examination. In the single study that
attempted to dissect the subject matter within the content area of EC-6 generalists (Bains, 2011), the
trajectory of the study was to investigate the pass rate of each subject area. Thus far, no study has been
identified that has exclusively explored the predictive modeling of preservice teachers’ performance on
the science portion of the content area of certification examinations. Thus, there remains a gap in the
literature on investigating factors that may affect preservice teachers’ performance on the individual
subject domains within the EC-6 TEXES content examination. With science being a subject matter that
seems daunting to both preservice teachers and their future students, predicting performance of
preservice teachers on science subject area (Domain 1V) of the EC-6 TEXES certification exam was
targeted as the subject matter to be explored (Warren, 2017). Based on factors from previous studies
and a class survey, variables showing correlation to students’ performance were selected as independent
variables and analyzed using multiple linear regression (MLR) and binomial logistic regression (BLR).
Variables such as grades, transfer status, previous courses taken, credits taken, first-generation and
relatives in education were identified using a survey. The outcome variable was the score on the science
practice exam.

EPPs can lose their accreditation status and preservice teachers can accrue additional debt and
lowered self-confidence if failure on the official EC-6 TEXES certification exam occurs (Hutson, 2017).
Additionally, the rigor for each certification examination has increased along with an increase in student
population in all classes in every state (Darling-Hammond, 2019). The findings of this study may help
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guide EPPs on how and where to best utilize their resources to support preservice teachers prior to
their taking of the official certification examination and may also help guide preservice teachers on
which science competencies they need to most focus their remediation efforts. Additionally, predictive
factors identified as having a potential impact on performance may be useful in the early part of the
recruitment of preservice teachers into EPP programs. (Linn & Jacobs, 2015).

Literature Review

Learning and teaching science is still regarded as one of the most difficult tasks for preservice
teachers to grasp (Hutson, 2017). In studies assessing preservice teachers' readiness to teach science in
a classroom, approximately 70% of first-time classroom teachers expressed nervousness and
unpreparedness to teach science in comparison to teaching the other subjects (Binns et al., 2020; Pino-
Pasternak & Volet, 2018). Pre ESSA Act (2015), pre-service teachers could do extremely well in one
subject area and that would compensate for doing pootly in another, so long as the overall score was
passing. Post ESS5.4 Act, minimal proficiency must be achieved in all subjects as each is scored separately
and each must reach the 80% threshold. For this reason, having a solid knowledge on each of the 18
competencies for Domain IV is essential (Sawyers & Myers, 2018). Predictive factors that can influence
preservice teachers' performance on their official certification examination can be a powerful tool used
by EPPs to focus their attention and resources on the areas and factors to help in both the retention of
enrollees within their program as well as improving the pass rate of their students (Warren, 2017).
Preservice teachers that score at or below the required 80% on their practice examination can receive
scaffolding and other types of interventions to help improve their scores on the official examination.
Additionally, a predictive model can highlight the independent variables, both academic and
environmental, that may predict actual performance.

Regression models have long been used to build predictive models, with multiple linear
regression being the most used (Sullivan et al., 1996). In this study, both multiple linear regression, and
binomial logistic regression models were used to predict performance. While a binomial logistic model
can be employed to predict broad dichotomous outcomes such as pass or fail, multiple linear regression
offers a closer estimation of the actual score. For instance, logistic regression can place individuals into
a pass category, however the score could be 79.9%, which would be on the cusp of failing. Thus, multiple
linear regression provides the detailed score, allowing the EPP and learner to know that they can still
be in danger of failing.

In 2002, the NCLB Act, shuffled the deck to reform America’s education system. One of the
changes of the NCLB Act was increased rigor for teacher certification examinations (Darling-
Hammond, 2019). Plans and policies were written at the federal level. For example, schools were
evaluated based on their Annual Yearly Progress (AYP) and sanctions were issued if AYP goals were
not met for three consecutive years (Miller & Hudson, 2007; Lesley, 2016). From 2012 to 2015, the
Obama administration revised parts of the NCLB A¢f and in 2015 proposed the Ewvery Student Succeeds
At (ESSA). ESSA (2015) discarded the AYP requirements and returned the accountability back to the
state level where requirements became evidenced-based measures to improve standards for all students
(Darling-Hammond et al. 20106). For Texas, this translated to the TEXES and under the TEXES™ EC-
6 test Domain IV, each of the competencies outline the standards for which the preservice teacher must
demonstrate proficiency to successfully teach EC-6 science (TEA, 2018). Studies have shown that
preservice teachers usually score pootly in science Domain IV (Miller & Hudson, 2007; Kazempour &
Sadler, 2015).

One of the critical changes that came along with the ESSA Aez of 2015 was limiting the number
of attempts preservice teachers can take certification examination. A second change targeted how the
examination was scored and required each of the five subject domains to be passed with a minimum
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score of 80% rather than using the former composite score which allowed low performance in some
subject domains to be offset by higher performance in other domains (Darling-Hammond et al., 2016;
Hutson, 2017). The reduction in number of attempts, along with increased pressures to improve
performance of students in both mathematics and science placed additional stress on preservice teachers
to master all subject domains, and on EPPs to improve performance on certification examinations
(Darling-Hammond et al., 2016; Sutcher et al., 2016).

In addition to changes to the structure and scoring of the certification exams, there continues
to be a nationwide shortage of teachers (Sutcher et al., 2016). This shortage has been due to an increase
in the population of students attending school; an increase in the number of retirees; a decrease in the
number of preservice teachers pursuing certification by approximately 33%; a decrease in the passing
rate of teachers on their certification exam; and an increase in the standards across all platforms that
measures teachers’ accountability. The EPPs that prepare preservice teachers can also be sanctioned or
receive disciplinary actions if their program fails to produce high quality teachers (Warren, 2017).

Research on determining factors that can affect and predict student performance on
examinations continues to be relevant and various statistical methods and academic and environmental
factors have been investigated to determine impact (Kazempour & Sadler, 2015; Kim & Corcoran,
2018). For example, Lykourentzou et al., (2009), using a multiple linear regression model, found that
the best prediction of performance in an online course was the staging of practice multiple choice
examinations early in the course. D’Amico and Dika (2013) examined precollege and other academic
factors during eatly college years that may influence students' success in Science, Technology,
Engineering, and Mathematics (STEM) fields and found GPA and success in mathematics were major
indicators of success on the examination. Kim and Corcoran (2018) investigated factors that impact
preservice teacher academic achievement and showed GPA, along with performance in their EPP, were
impactful on a student’s test performance. Studies investigating the impact of age and college
classification on examination performance revealed that older students, as well as those who are further
along in their college classification, showed increased cognitive skills as well as higher GPA (Kim &
Corcoran, 2018). Also evident, was that factors investigated, in terms of college classification, focused
on the performance of freshmen in college (Graunke & Woosley, 2005). Additionally, similar to
freshmen, their study revealed that sophomores were at significant risk of dropping out of college.
Furthermore, first-generation students tend to earn lower grades and have a lower completion rate of
college compared to the other college counterparts as they are often employed whilst attending college
(DeFreitas & Rinn, 2013; Kim & Corcoran, 2018; Martinez et al., 2009; Swecker et al., 2013). In addition,
transfer students, compared to non-transfer students, had lower GPAs however, the GPA advantage
held by non-transfer students disappeared about a semester after the student transferred (Douglass,
2012; Krieg, 2010). Finally, over the last five decades, increasing numbers of college students engage in
part-time work, with approximately 40% of all full-time students having a part-time job (Peters &
Draughon, 2017). Since it is anticipated that by 2025 close to 45% of all college students will be attending
part-time, the influences on part-time students and what determines their success in college needs to be
investigated (NCES, 2017; Peters & Draughon, 2017). With all of these independent variables shown
to have some impact on student performance, this study used some of these variables to evaluate their
individual, as well as their combined, impact on performance on the science portion of the EC-6 TEXES
certification examination.

Predicting preservice teachers' performance on their certification examination with the use of
predictive models can allow EPPs to identify students who may potentially fail the official state
certification examination so they may implement strategies to improve success on a subsequent EC-6
certification exam through remediation, retrieval practice, improved test taking strategies, and other
interventions (Masters, 2018). This study used BIOL 1082, a mandatory preservice biology course that
covers the biology competencies of the EC-6 TEXES examination. Students who volunteered to
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participate in the study took the practice EC-6 certification examination at the beginning of the semester
(pretest) and at the end of the semester (post-test). Additionally, an online Qualtrics™ survey was used
to collect self-reported demographics and other pertinent information about the participants. In support
of the goal of this study, which was to predict preservice teachers score on the science portion of the
EC-6 TEXES practice certification exam, the grade in BIOL 1082 as well as 13 additional independent
variables from the Qualtrics survey were utilized. The post-test score on the practice exam was used as
the dependent variable. Taken together, these variables were used to create multiple linear regression
and binomial logistic regression predictive models. These predictive models can arm EPPs with tools
to help them identify preservice teachers in need of scaffolding and remediation for content knowledge
and will help the preservice teachers maintain and or achieve acceptable levels of academic success.
Given this goal, this study set out to answer the following research question:

Do any of the following explanatory variables: final grade in BIOL 1082 (X1), classification
(X2), transfer status (X3), college biology (X4), college chemistry (X5), college physics (X0),
college environmental science (X7), college earth science (X8), part-time (X9), credits taking
(X10), first-generation college student (X11), relatives with degree in education (X12), and
current GPA (X13), individually or in combination predict preservice teachers’ performance on
the science portion of the practice EC-6 TExES™ examination?

Methods

This study focused on preservice teachers enrolled in the Biology for Educators class (BIOL
1082), a mandatory course for preservice elementary educators, taught at a university in the southwest
area of the United States. The participants took a Qualtrics™ sutvey to identify demographics as well
as independent variables associated with performance. The dependent variable was the post-test score
on the practice EC-6 TExES certification examination. MLR and BLR were used to develop predictive
models associated with student success on the certification examination.

Participants

This study collected data from 170 preservice teachers pursuing a Bachelor of Science in
Education with EC-6 teacher certification in the College of Education. These teachers were enrolled in
Biology for Elementary Educators (BIOL 1082), within the College of Science, over the span of three
consecutive semesters. The course BIOL 1082 can be taken at any time during the program therefore,
all four classifications of students: freshman, sophomore, junior and seniors were participants in this
study. The only science course for EC-6 TEXES certification that had a set time frame for when it can
be taken was EDEE, which was only available during the participants senior year. The preservice
teachers age ranged from 18 to 35 years old. Most participants (62.4%) were age 18-20. 28.8% were
between 21-23 years of age, 6.47% were 24-26, 1.17% were 27-30, and 1.17% were age 31-35. The
classification of the preservice teachers was a mixture of all four classification levels with 21.8%
freshman, 32.9% sophomore, 37.6% juniors and 7.64% seniors. Approximately 90% of the participants
were full-time students. Half of the preservice teachers were transfer students. The participants of this
study were predominantly female (97%) which is typically the case seen with the decline of male
preservice teachers in early childhood education (Stroud et al., 20006), and is consistent with the general
gender distribution for the EC-6 major at this University. The survey was used to identify science
coursework completed during high school. The survey showed that 97% took biology, 93.5% took
chemistry, 88.2% took physics, 20% took environmental science, and 8.2% took earth science. The
participants were also asked if they took biology, chemistry, physics, environmental science, and earth
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science at college to which they responded: 28.8% took biology, 8.2% took chemistry, 30.6% took
physics, 51.2% took environmental science, and 38.8% took earth science. Approximately 65.3% of the
participants had a relative who had obtained a degree in education. Only 113 out of 170 (66.5%) of
preservice teachers reported their overall GPA of which 5.3% had GPAs of 2.0-2.5, 14.2% had GPAs
of 2.51-3.0, 37.3% had GPAs of 3.01-3.5, and 43.4% had GPAs of 3.15-4.0. Approximately 58.1% of
preservice teachers reported being first-generation college students. Of the participants, 168 out of 170
(98.8%) preservice teachers completed BIOL 1082 of which 159 out of 170 (93.5%) passed BIOL 1082
with a Grade “C” or better.

Data Collection

Preceding the start of the study, authorization to conduct this research was asked for from the
Institutional Review Board (IRB). Preservice teachers who volunteered to participate in the study were
required to sign the IRB (Code No. 17-206) consent form before participating. Quantitative and
qualitative data was collected from 170 preservice teachers. An online survey (Biology for Educators)
was used to collect ex post facto qualitative and quantitative information from preservice teachers which
included demographics such as age, classification, previous science courses taken, first generation, part-
time or fulltime student status, number of credits already taken, transfer vs non-transfer, and relatives
with degrees in education.

A practice test on the science core of the EC-6 TExES™ certification examination was prepared
and issued by the TEXES™ Advising Office (TAO). The practice EC-6 TEXES™ exam was given
during the second week of the semester during a class period of BIOL 1082 and labeled pretest. The
practice exam is a secured examination developed for the state certification agency and consisted of 45
multiple choice questions asked over the 18 competencies that preservice teachers need to be proficient
inover Domain IV of the EC-TEXES certification exam. Preservice teachers documented their answers
on scantrons, which were evaluated and assessed by the TAO, and their coded responses were returned
to the researcher. The coded responses included the 18 competencies and the total number of questions
asked over every competency and the number of questions each preservice teacher got correct over that
competency and can be seen in Table X. The practice test was given again to the students as a post-test
the second to last week of that same semester.

The BIOL 1082 course specifically addressed competencies: C1, C2, C4, C10, C11, C12, C13,
and C14 which are the competencies for biology for educators. The preservice teacher degree program
does not require a chemistry course and competencies C8 cover topics associated with a chemistry
course although they may be taught during a physics course as well (e.g., waves, periodic table). The
PHYS 1210 course addressed competencies: C7, C8, and C9 in the subject area of physics. The BIOL
1132 course addressed competencies: C14, and C17 in the subject area of environmental science. The
GEOG 1710 course addressed competencies: C15, C16, C17, and C18 in the subject area earth science.
The EDEE 4330 course addressed competencies: C3, C5 and C6 and covers the scope and sequence
of science education from early childhood to 6" grade. For the practice EC-6 TExES certification exam
the number of questions asked over each of the 18 competencies are summarized in Table 1.
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Table 1

Number of Questions asked over each Competency of Domain IV EC-6 TExES' Certification Examination

Competencies (C) 1-18 Number of questions out of 45 questions asked
C1
C2
C3
C4
C5
Co
C7
C8
C9
C10
C11
C12
C13
C14
C15
C16
C17
C18

DN LW LW WDN P VLW LW WDNWDNDN LW

Description of Independent Variables and Prediction Models

The regression models used a total of 13 factors, or independent variables, to develop four multiple
regression models and four binomial logistic models. For ease of representation, the independent
variable will be referred to as follows: grade in BIOL 1082 (X1), classification (X2), transfer (X3), college
biology (X4), college chemistry (X5), college physics (X06), college environmental science (X7), college
earth science (X8), part-time (X9), credits taking (X10), first-generation (X11), relative with degree in
education (X12), and current GPA (X13). The models used the independent variables or factors in the
following combinations:

o Full Model: X7, X2, X3, X4, X5, X6, X7, X8, X9, X10, X11, X12, X713
e Academics Model: X7, X70, X713
e Uncontrolled Factors Model: X2, X3, X9, X171, X12

e TForward Regression: all the independent variables were included in the initial stage of
building the model.

Statistical Analyses of Study

The analyses that this study employed included two different statistical approaches. The multiple
linear regression and the binomial logistic regression are described below.

Multiple linear regression (MLR) is a type of analysis performed to investigate the extent to
which independent variables explain the variance of a dependent variable. The analysis yielded a
coefficient of determination (R’) which explains how well the predictor or independent variables explain
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the variance in the dependent variable (Courville & Thompson, 2001; Schneider et al., 2010). The closer
the value of R’ is to 1 the stronger the ability of the regression model to explain the variance in the
dependent variable (Huang and Fang, 2013).

Binomial logistic regression (BLR) is a type of predictive modeling analysis that can be used to
assess the association between a dependent variable and two or more independent variables (Kuha &
Mills, 2017). The assessment of the fitness of the logistic model occurs at two levels. The first assessment
of the Full model is via the chi-square likelihood ratio test where the null model with no predictors is
compared with the full model including all predictors. The second assessment is via the Hosmer &
Lemeshow (2000) goodness-of-fit test. The entire model fit is assessed by Nagelkerke’s R?, considered
a pseudo R square, and is an explanation of the amount of variation in the dependent variable and the
ability of the model to correctly classify preservice teachers group membership of the dependent variable
(Smith & McKenna, 2013). The null hypothesis of the model is that Bs is equal to “0” and the alternative
hypothesis is that at least one {3 is not equal to “0” (Chao-Ying et al., 2002). The difference between the
MILR and the BLR models is that with the BLR model, the dependent variable must be dichotomous
ot binary such as pass or fail.

While logistic BLR model offers a precise cutoff of preservice teachers’ ability to pass or fail the
science core of the practice EC-6 certification examination, MLR reveals the direct contribution of each
of the independent variables and offers the ability to make an approximation of the actual score earned
(Kuha & Mills, 2017).

Data Treatment

For multiple linear regression analyses, the dependent variable, which was the post-test score
preservice teachers made on the practice exam, was represented as a continuous variable with a range
from 1-100. For binomial logistic regression analyses the scores that preservice teachers obtained on
their practice exam were converted from the continuous variable score of = 80 as “pass” which was
coded to “1”, and < 80% as “fail” and coded to “0” for the dichotomous result. Some of the data from
the survey were converted from “yes” and “no” into dichotomous values “1” and “0” all which are
summarized in Table 2.

Each of the independent variables were individually used in a simple linear regression analysis
with the dependent variable (the practice exam score), so that one could use a single variable which was
statistically significant at p < 0.05 to predict the performance of preservice teachers who may not have
data for all 13 independent variables.
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Table 2

Summary of 1 ariable Coding used in the Study

Variables Description Variables Description
X1 Categorical: Pass "1" and Fail "0" X7 Dichotomous
X2 Categorical 0=Did not take college environmental science
1=Freshman 1= Took college environmental science
2=Sophomore X8 Dichotomous
3=Junior 0=Did not take college earth science
4=Senior 1= Took college earth science
X3 Dichotomous X9 Dichotomous
0= Did not transfer 0= not part time
1= Transferred 1=Part-time
X4 Dichotomous X10 Continuous variable ranges from "0" to "24"
or above
0=Did not take college biology X11 Dichotomous
1= Took college biology 0= Not first-generation college student
X5 Dichotomous 1=First-generation college student
0= Did not take college chemistry X12 Dichotomous
1=Took college chemistry 0=No relative with degree in education
X6 Dichotomous 1=relative with degree in education
0=Did not take college physics X13 Continuous variable ranges from 2.0 to 4.0

1=took college physics

Data Analysis

Both descriptive and inferential statistics were used to assess the data in terms of the numbers
and percentages of preservice teachers who: passed the pretest, failed the pretest, passed both the pretest
and post-test, and the differences in percentage between the pretest and the post-test. To answer the
research question using multiple linear regression analyses, the effects of all 13 independent variables
(X1-X13) on the ability of preservice teachers to pass the practice EC-6 TEXES certification exam
(dependent variable) were analyzed. This was repeated for a three-predictors model (Academics (X1,
X10, and X13), a five predictors model (Uncontrolled Factors (X2, X3, X9, X11, X12) and a forward
linear regression model.

To answer the research question using the binomial regression analyses, a 13-predictors logistic
regression model (Full) was fitted to the data to examine the study’s hypothesis of the likelihood that a
preservice teacher will pass the practice EC-6 TEXES certification exam based on the predictors. This
was repeated for a three-predictors model (Academics), a five predictors model (Uncontrolled Factors)
and a forward logistic regression model. The data was screened to verify that assumptions have been
met.

Results

The impact of the BIOL 1082 course and its effect on the improvement in proficiency on each
of the EC-6 TEXES Domain IV 18 competencies was conducted by calculating the difference between
performance of preservice teachers on pretest and post-test of the practice exam. The 18 competencies
were categorized based on what was or will be covered in each of the prerequisite science courses that
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preservice teachers needed to take prior to taking the official EC-6 TEXES examination. Though some
of the Domain IV EC-6 TEXES competencies were not designated to be covered in the BIOL 1082
course, the gains of all 18 competencies were calculated for the competencies covered in physics,
environmental science, earth science, and scientific methods. The distribution and performance on each
of the competencies is shown in Table 3. The pre/post-test included 45 questions (Table 1). As shown
in Table 3, the increase in performance average (points) for biology was 5.82 points. In descending
order, the performance average increase for environmental science was 5.70 points (5 questions);
followed by Earth science (2.75; 11 questions), physics (2.64; 8 questions), chemistry (1.28; 5 questions)
and science methods (1.5; 17 questions) (See Table 1 for # of questions/competency).

Table 3

Gains in Competencies 1-18 of Domain 1V of EC-6 TEXES' Practice Exanm

Competencies Domain  Course at  Subject matter Pretest Posttest Change in points
IV Science EC-6 university covered average average

TEXES

C1, C2, C4,C10,C11,  BIOL 1082 Biology 71.29  77.11 +5.82

C12, C13, C14

C8,C9 Chemistry 75.58  76.86 +1.28

C7,C8,C9 PHYS 1210 Physics 66.16  68.80 +2.64

Cl14, C17 BIOL 1132 Environmental ~ 74.88  80.58 +5.70

Science
C15,C16,C17,C18  GEOG 1710  Earth Science 63.68  606.43 +2.75
C3, C5,C6 EDEE 4330 Science Methods  86.46  88.04 +1.58

Descriptive Statistics

Generally, the study showed an improvement in performance on the post-test in comparison to
the pretest (Table 4). Independent variables BIOL 1082 (X1), transfer (X3), part-time (X9), first-
generation (X11), and relative with degree in education (X12) each had 42 out of 170 preservice teachers
who passed the pretest, and 67 out of 170 who passed the post-test. The variable that explained the
most variance in the model to predict performance on the practice EC-6 TEXES exam was X1 (grade
in BIOL 1082). Preservice teachers who failed BIOL 1082 experienced no success on either the pretest
or post-test of the practice EC-6 TEXES exam.

The overall post-test passing rate was approximately 40%. Freshmen, sophomore, and junior
preservice teachers had pass rates between 23% and 34%. Seniors, on the other hand, experienced zero
success on the pretest and about 15% success on the post-test. Preservice teachers who were non-
transfer students had a 12% higher passing rate in the pretest and 16% higher on the post-test compared
to transfer students. Full-time preservice teachers outperformed those who were part-time, students
who were not first-generation college students outperformed first generation college students, and
preservice teachers who had family members with degrees in education outperformed those who did
not.

Compared to preservice teachers taking 15 or fewer credits, preservice teachers taking 16-22
credits had less success in the pretest but then were within the range of performance percentage between
40-49% on the post-test. 55.1% of preservice teachers who had a GPA between 3.51-4.0 passed the
post-test. Surprisingly, those with GPAs between 2.0-2.5 followed this with a pass rate of 50%.



Table 4

Descriptive Statistics of 1 ariables

PREDICTING PRESERVICE TEACHERS PERFORMANCE

# of Passed o Passed 0 0 Difference
Variables Categoties participants  pretest posttest / Passed both / Pre/post (%o)
_ Passed BIOL 1082 159 42 26.40 67 42.10 36 22.60 15.70
Gr?gg 2‘“(}]?11)0 L Failed BIOL 1082 9 0 0 0 0 0 0 0
Total 168 42 25 67 40 36 21.40 14.70
Freshman 37 9 24.30 15 40.50 9 24.30 16.20
Sophomore 56 18 33.90 25 44.60 14 25 10.70
Classification (X2) Junior 64 15 23.40 25 39.10 13 20.30 15.70
Senior 13 0 0 2 15.40 0 0 15.40
Total 170 42 25.30 67 39.40 36 21.20 14.10
Transfer 86 16 18.60 27 31.40 13 15.10 12.80
Transfer (X3) Non-transfer 84 26 30.90 40 47.60 23 27.40 16.70
Total 170 42 24.70 67 39.40 36 21.20 14.70
Biology 49 10 20.40 13 26.50 6 12.20 6.10
, Chemistry 14 3 21.40 2 14.30 1 7.10 7.10
College Science .
Courses (X4.X8) Physics 52 10 19.20 17 32.70 7 13.50 13.50
Environmental Science 87 16 18.40 33 37.90 14 16.10 19.50
Farth Science 66 16 24.20 29 43.90 15 22.70 19.70
Part-time 16 2 12.50 4 25 1 6.25 12.50
Part-time (X9) Full-time 154 40 25.90 63 40.90 35 22.70 15
Total 170 42 24.70 67 39.40 36 21.20 14.70
3to07 6 0 0 1 16.70 0 0 16.70
. ‘ 8to 12 35 11 31.40 17 48.60 8 22.90 17.20
Cfedltsf(;aklng 1310 15 76 22 28.94 34 44.70 20 26.30 15.80
(10 16 to 22 25 4 16 10 40 4 16 24
Total 142 37 26 62 43.70 32 22.50 17.70
. . Yes 70 12 17.10 21 30 10 14.30 12.90
F“St'(g}‘;ﬁ)mmn No 100 30 30 46 46 26 26 16
Total 170 42 24.70 67 39.40 36 21.20 14.70
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Table 4 (Continned)

Nu(r)nfber Passed v Passed v Passed both % Difference
Variables Categories students  PTEISt postrest Pre/post (%0)
. Relative 59 18 30.50 30 50.80 16 27.10 20.30
Relative with )
degree in No relative 111 24 21.60 37 33.30 20 18 11.70
Education (X12) Total 170 42 24.70 67 39.40 36 21.20 14.70
2.0-2.5 6 3 50 3 50 3 50 0
2.51-3.0 16 1 6.25 7 43.70 0 0 37.50
Curg(nl%?PA 3.01-3.5 42 19 9 21.4 5 11.90 2.40
3.51-4.0 49 18 36.70 27 55.10 17 34.70 18.40
Total 113 30 26.50 46 40.70 25 22.10 14.20
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Multiple Linear Regression Univariate Analyses

Studies have suggested that in a multiple linear regression there should be at least 10
observations per independent variable (Sperandei, 2014). Shown in Table 5 are independent variables
X1-X13 used in univariate or simple linear regression analyses with the dependent variable. As shown
in Table 5, X1, X2, X3, X4, X10, and X13 were statistically significant at p< 0.05. The coefficient of
determination (R?), which is the proportion of variance in the practice test score that was explained by
the independent variable, are explained in terms of: BIOL 1082 (X1), which explains 16.3% of the
variance in the practice exam score, followed by current GPA (X13), then number of credits taking
(X10), and transfer status (X3), which each individually explained approximately 5% of the variance in
the dependent variable. College biology (X4) follows at approximately 3.1% and then classification (X2)
at 2.4%. Independent variables college chemistry (X5), college physics (X06), college environmental.
Science (X7), college earth science (X8), part-time (X9), first-generation (X11), and relative with degree
in education (X12) each explains <2% of the variance in the dependent variable. Though most studies
suggest pursuing variables with a p-value of 0.05 or less, Hosmer and Lemeshow (2000) recommend
that a p-value of 0.25 or less can be pursued to avoid the loss of variables that may be valuable to the
research, or variables that when combined with another variable may present compelling evidence of
effect on dependent variable. Variables X5, X6, X7, and X12, which had levels of significance above
0.25, were kept in the Full model since previous studies have suggested that prior knowledge in subject
areas as well as having a relative with similar experience may influence performance on student
achievement and thus on the practice EC-6 TEXES examination (Kim & Corcoran, 2018).

Table 5

Output of each of the Independent 1 ariables Individually Regressed with the Dependent 1 ariable Performance on Practice
Exam

Standard Coefficient

Variable R R? Adjusted R squared Sig. B Beta
X1 0.404 0.163 0.158 0* 0.471 0.404
X2 0.154 0.024 0.018 0.045* -1.71 -0.154
X3 0.219 0.050 0.042 0.004* -4.352 -0.219
X4 0.176 0.031 0.026 0.022* -3.860 -0.176
X5 0.093 0.009 0.003 0.228 -3.361 -0.093
X6 0.080 0.006 0.001 0.302 -1.716 -0.080
X7 0.072 0.005 -0.001 0.354 -1.383 -0.072
X8 0.130 0.017 0.011 0.091 2.647 0.130
X9 0.120 0.014 0.008 0.120 -4.075 -0.120
X10 0.224 0.050 0.043 0.007* 0.741 0.224
X11 0.107 0.011 0.006 0.165 -2.159 -0.107
X12 0.083 0.007 0.001 0.286 1.718 0.083
X13 0.236 0.056 0.047 0.012* 4.630 0.236

*Indicates statistically significant at p < 0.05
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Table 6

Model Summary of the Multiple I inear Regression Prediction Models

R? P Bo B:X1 B:X2 B:X3 B:X4 B:X5 B:X6  BxX7 BxX8  BxX9  BxX10 BxX11 BxX12  BxX13
Name of Multiple
Linear Regression
Models (MLR)
Full MLR 0.323  0.000% 24426 0.548 -1.743  -0.795  -1.530  -4.683 0224 2726  1.637  3.626 0.807  -0.990  2.609  -1.013
Academics MLR 0.286  0.000%  17.877  0.486 0.726 2.013
Uncontrolled MLR ~ 0.039  0.042*  78.629 -0.258  -4.025 -1.916
Forward MLR 1 0.274  0.000*  21.504  0.647
Forward MLR 2 0.313  0.000*  18.332  0.562 0.747

*Indicates statistically significant at p < 0.05
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Multiple Linear Regression Model Summary

A multiple linear regression model was fitted to the data to evaluate the relationship between
preservice teachers score on the practice exam and all 13 of the independent variables in the Full model
summarized in Table 6. The model was statistically significant (F (13,93) = 4.451, p< 0.05) with an
adjusted R’ value of 0.323 interpreted as 32.3% of the variance in the practice exam score can be
explained by the model.

The model summary for the Academics model included the variables BIOL 1082 (X1), number
of credits taking (X10), and current GPA (X13). The model was found to be statistically significant (F
(3, 94) = 13.977, p< 0.05), with an adjusted R’ of 0.286 which is interpreted as 28.6% of the variance in
practice exam score can be explained by the Academics Model as shown in Table 6.

The Uncontrolled Factors model included the variables classification (X2), transfer status (X3),
part time (X9), first generation (X11), and relative with a degree in education (X12). The model was
found to be statistically significant F (5, 161) = 2.365, p< 0.05), with an R’ of 0.039, which is translated
as 3.9% of the variance in the practice exam is explained by the Uncontrolled Factors Model as shown
in Table 6.

In Forward linear regression Model 1 was statistically significant (FF (1, 93) = 36.421, p< 0.05
with an R’ value of 0.274 which explains that 27.4% of the variance in practice exam score can be
explained by be explained by BIOL 1082 (X1). In Model 2, (F (1, 92) = 6.283, p< 0.05 with an R’ value
of 0.313 which explains that 31.3% of the variance in practice exam score can be explained by be
explained by BIOL 1082 (X1) and number of credits taking (X10) as shown in Table 6.

Multiple Linear Regression Coefficients Summary

Coefficients that describe the relationship between the independent variable and the dependent
variable provide information about the amount of increase or decrease in a practice exam score that can
be predicted by a single unit increase in the independent variable. The coefficients of each of the four
multiple regression models are summarized in Table 6.

In the Full MLLR model (Table 6), the independent variable, BIOL 1082(X1), was shown to be
statistically significant at p<0.05. The coefficient for X1 is 0.548 which is interpreted as for every unit
increase in a student’s Biology grade in the BIOL 1082 course, a 0.548-unit increase is predicted in the
practice exam score, holding constant all the other independent variables. In this model, a preservice
teacher is anticipated to have an increased chance of passing the practice examination if they passed
BIOL 1082; a decreased chance of passing based on their seniority in classification (X2) as they progress
from freshman to senior; a decreased chance of passing the practice exam if they are a transfer student
(X3); a decreased chance of passing the practice exam if they took a college biology or chemistry course
(X4 and X5); an increased chance of passing if they have taken college physics, environmental science,
or earth science (X6, X7, and X8); an increased chance of passing for preservice teachers who identified
as part-time (X9) and if they are have a relative with a degree in education (X12); an increased chance
of passing the practice certification exam as the number of credits they are taking, (X10) increase in
quantity; and a decreased chance of passing if they are first-generation college students (X11), and for
every unit increase in current GPA (X13).

In the Academics MLR model (Table 6), both BIOL 1082 (X1), and number of credits taking
(X10) were statistically significant at p<0.05. In this model, the coefficient for BIOL 1082 (X1), 0.486
is interpreted as for every unit increase in BIOL 1082 (X1), the predicted score on the practice exam is
expected to increase by 0.486 points. For both number of credits taking (X10) and current GPA (X13)
for every unit increase in these two variables, the predicted score on the practice exam is predicted to
increase by 0.726 points and by 2.013 points respectively.
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In the Uncontrolled Factors MLLR model (Table 6), independent variable transfer status (X3)
was statistically significant at »<<0.05. For independent variables classification (X2), part-time (X9), and
first-generation (X11), a decrease is predicted in the practice exam score for these variables. For transfer
status (X3) , the practice exam score is predicted to be 4.0253 points lower for preservice teachers who
transferred compared to those who are not transfer students. For relative with degree in education
(X12) the practice exam score is predicted to be 1.345 points higher for preservice teachers who have
a relative with a degree in education compared to those who did not.

Finally, for the forward MLR model (Table 6), independent variable BIOL 1082 (X1) was placed
into the model first and it was statistically significant at p<0.05. The second independent variable that
was pulled into the forward regression model was number of credits taking (X10). Both were statistically
significant and an increase in the practice exam score was predicted for these two variables.

The Full multiple linear regression model, the Academics multiple linear regression model and
the Forward linear regression model yielded values of R’ which explained between 28%-32 % of the
variance in the dependent variable. The variables BIOL 1082 (X1), transfer (X3), number of credits
taking (X10) and current GPA (X13) were the only variables that maintained statistical significance at
$<0.05 in one or more of the multiple linear regression models. The Uncontrolled Factors multiple
linear regression model did not yield a model that can explain a high enough variance in the dependent
variable at just 3.9%. However, the null hypothesis was rejected in knowledge that some of the
independent variables do show evidence of impacting preservice teachers score on the practice EC-6
examination.

Binomial Logistic Regression Univariate Analyses Summary

In Table 7, the dependent variable was independently regressed upon each of the independent
variable in a univariate logistic regression analysis of which Bio Grade (X1), Transfer (X3), Bio Course
(X4), Chem Course (X5), First-generation (X11), Relative with degree in Education (X12), and Current
GPA (X13) were statistically significant at p <0.05 Hosmer and Lemeshow (2000) recommended that
independent variables that are not statistically significant may be kept in a prediction model due to the
impact they may have on the dependent variable and may experience increased significance or decreased
significance when in conjunction with other independent variables. While some of the other variables
did not qualify for Hosmer and Lemeshow’s (2000) argument of keeping variables whose p-value was
< (.25, the independent variables college environmental science (X7), college earth science (X8), and
number of credits aking (X10) were kept due to supporting evidence from other studies that these
variables do influence student performance on examinations (Kim & Corcoran, 2018).

Binomial Logistic Regression Variables in the Equation

The column for Y intercept “B” is the coefficient of the equation and describes the relationship
between the independent variable and the dependent variable which informs about the amount of
increase or decrease in log odds for passing the practice exam that can be predicted by a single unit
increase in the independent variable. The results are summarized for the four different logistic models
and presented in Table 8.

In the Full Logistic Model, shown in Table 8, ¥* of 33.265 (13, N= 97, p < .05) only the
independent variables grade in BIOL 1082 (X1) and Relative with degree in Education (X12) were
shown to be statistically significant at p < 0.05. In this model, the log of the odds that a preservice
teacher passes the practice EC-6 TEXES certification exam was positively related to their grade in BIOL
1082. The coefficient is 0.096 and the ODDS ratio is 1.101 which is interpreted as for every unit increase
in BIOL 1082 (X1), the logit or the odds of passing the practice exam increases by 0.096-unit and that
exponentially for ODDS ratio translates to the odds of passing the practice exam increasing by 1.101
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(Table 7). Classification (X2), transfer status (X3), college biology or college chemistry (X4 and X5),
part-time status (X9), first-generation status (X11), and current GPA (X13), each with an ODDS ratio
<1, are associated with decreased odds of passing the practice EC-6 TExES certification exam for every
unit increase in that variable. The variables College physics (X0), college environmental science (X7), or
college earth science (X8), , and Relative with degree in Education (X12) each with a positive $ and an
ODDS ratio >1, are associated with increased odds of passing the practice EC-6 TEXES certification
exam for every unit increase in that variable.

Table 7

Independent V ariable Individually Regressed with the Dependent V ariable in Binomial 1.ogistic Regression

Independent Variable Chi-square df (1) p-value

X1 (exam score) 12.418 0*

X2 (classification) 1.46 0.227
X3 (transfer status) 4.707 0.03*
X4 (college biology course) 4.95 0.026*
X5 (college chemistry course) 4.597 0.032*
X6 (college physics course) 1.437 0.231
X7 (environmental science course) 0.164 0.686
X8 (Earth science course) 0.923 0.337
X9 (employed part-time 1.624 0.203
X10 (# of credits taken) 0.593 0.441
X11 (15t generation student) 4.479 0.034*
X12 (relative in education) 4.717 0.03*
X13 (GPA) 4.297 0.038*

Note. ¥Indicates statistically significant at p < 0.05

Per the Academics Logistic Regression Model, as shown in Table 8, x> of 12.834 (3, N= 97,
»<.05) only grade in BIOL 1082 (X1) is statistically significant at p<0.05. For X1, the coefficientis 0.067
and the ODDS ratio is 1.069, which is interpreted as for every unit increase in X1, the logit or the odds
of passing the practice exam increases by 0.067-unit and that exponentially for ODDS ratio translate
the odds of passing the practice exam increased by 1.069. For independent variables credits taking (X10)
and current GPA (X13) though not statistically significant in the model, both are associated with an
increase in the odds of passing the practice EC-6 TExXES certification exam.

For the Uncontrolled Factors Logistic Model, as shown in Table 8, ¥* of 13.119 (5, N= 169,
p<.05) transfer status (X3) was statistically significant at p<0.05. Independent variables classification
(X2), transfer (X3), part-time (X9), and first-generation (X11) are each associated with a decrease in the
ODDS chance of passing the practice exam with an odds ratio <1. For the independent variable relative
with degree in education (X12), the odds of passing the practice exam increases by 0.597 unit and
exponentially for the ODDS ratio the odds of passing the practice exam is 1.816 times more likely for
a preservice teacher who has a relative with a degree in education compared to those who do not.

In the forward logistic regression model, as shown in Table 8, grade in BIOL 1082 (X1) was
pulled into the model first yielding the results summary y”of 11.042 (1, N= 97, p<.05) with the odds of
passing the practice exam increasing by 0.093-unit and exponentially for ODDS ratio this translates to
the odds of passing the practice exam increasing by 1.098. In step 2 of the model, relative with a degree
in education (X12) was pulled in addition to BIOL 1082 X1. Both X1 and X12 were statistically
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significant and their positive 3 coefficient and odds ratio values <1 were associated with an increased
likelihood and ODDs of preservice teachers passing the science portion of the practice EC-6 TEXES
certification examination which can be seen in Table 8.

Table 8

Coefficient of Variables in the Equation and Goodness of Fit for Logistic Models

Binomial 95% C.Lfor
Logistic EXP(B)
Rel\g/[rs(siif) & Predictors B SEB W;lzd's daf eiigi)d * Lower Upper
Constant -9.674 3998 585 1  0.016* NA
X1 exam score 0.096  0.039 5983 1 0.014 1.101 1.019 1.19
X2 classification -0.263 0369  0.506 1 0.477 0.769 0.373 1.585
X3 transfer status -0271 0727 0138 1 0.71 0.763 0.183 3.174
X4 college bio coutse -0.687 0.75 0.841 1 0.359 0.503 0.116 2.185
X5 college chem course  -21.112 14907 0 1 0.999 0 0 0
X6 college phyics course ~ 0.565  0.623  0.822 1 0.365 1.759 0.519 5.962
Full Logistic X7 college env sci course  0.558 0.584 0914 1 0.339 1.748 0.556 5.493
Rel\gfs:liilon X8 college Earth sci 0.207  0.553 0.14 1 0.708 1.23 0.416 3.633
X9 work part-time -0.047 1176 0.002 1 0.968 0.954  0.095 9.56
X10 # credits 0.099 0.12 0.679 1 0.41 1.104  0.873 1.397
X11 1+t generation -0.224 0549  0.166 1 0.684 0.8 0.272 2.347
X12 relative in edu 1.56 0.6 6.75 1 0.009%  4.759 1.467 15.438
X13 GPA -0.071 0578 0.015 1 0.902 0.932 0.3 2.893
Overall model evaluatior x? af P
oot s 5 oz
Constant -9.264 2872 10407 1 0.001 0
X1 exam score 0.067  0.033 4222 1 0.04* 1.069 1.003 1.14
Afg;;?cic X10 # credits 0.092 0082 1261 1 0262 1.097 0934  1.88
Regression  X13 GPA 0.544 0478 1295 1 0.255 1.724  0.675 4.403
Model Overall model evaluatior x2 af P
Hommer & Lemeshov 21558 0006
Constant -0.223 0494  0.204 1 0.651
X2 classification 0.119 0234 0259 1 0.611 1.127 0.712 1.784
Uncontrolled X3 transfer status -0.88 0.43 4.188 1 0.041%* 0.415 0.178 0.963
Factots X9 work part-time -0.346  0.643  0.289 1 0.591 0.708 0.201 2.496
Logistic  X11 1%t generation 0591 037 2553 1 0.1 0.554 0268  1.143
Reﬁsgself " X12 relative in edu 0597 0362 2711 1 01 1816 0893  3.69%
Opverall model evaluatior x2 daf P
Goodness-of-fit test 10.79 3 0214

Hosmer & Lemeshow
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Table 8(Continued)
Binomial 95% C.Lfor EXP(B)
Logistic
Regtession . Wald's ef(odds
Model Predictors B SEB P 4 p fatio) Lower  Upper
Step 1 X1 exam scotre 0.093  0.031 9.009 1 0.003* 1.098 1.07- 1.26¢
Constant -8.274  2.681 9.525 1 0.002 0
Step 2 X1 exam score 0.098  0.031 9.88 1 0.002% 1.103 1.07¢ 1.27¢
X12 relative in edu 1343  0.488  7.587 1 0.006* 3.83 1.32¢ 13.44¢
Constant -9.167  2.728 11.29 1 0.001 0
Step 3 X1 exam score 0.11 0.033 11 1 0.001* 1.116 1.09- 1.31¢
Forward X5 college chem course  -21.589 14533 0 1 0.999 0 0.00(
Logistic  X12 relative in edu 1.555 0.526 8.721 1 0.003* 4.733 1.68¢ 23.75¢
Regression Constant -10.094 2.896 1215 1 0 0
Model
Overall model 5 J
evaluation X 7 ?
Step 1 Goodness-of-fit test 6654 8 0574

Hosmer & Lemeshow

Step 2 Goodness-of-fit test 6578 8 0583

Hosmer & Lemeshow

Step 3 Goodness-of-fit test 439 8 082

Hosmer & Lemeshow

*Indicates statistically significant at p < 0.05.
Binomial Logistic Regression Prediction Accuracy

In Table 9, the classification table of the model with all 13 variables (Full Logistic Model) has
an overall prediction accuracy of 75.26%. In the “failed” practice test row, a total of 56 (45 +11) were
observed as failures. However, the model correctly predicted 45 out of the 56 (80.4%) of those to be
failures and incorrectly predicted 11 out of 56 (19.6%) as passes. In the “passed” practice test row out
of the 41 observed to have passed, the model incorrectly predicted 13 out of 41 (31.7%) as failures and
28 out of 41 (68.3%) as passes.

The Academics Logistic Model in Table 9 had an overall prediction accuracy of 66.3%. In the
“failed” practice test row, a total of 57 (45 +12) were observed as failures. However, the model correctly
predicted 45 out of the 57 (78.9%) of those to be failures and incorrectly predicted 12 out of 56 (21.1%)
as passes. In the “passed” practice test row out of the 41 observed to have passed, the model incorrectly
predicted 21 out of 41 (51.2%) as failures and 20 out of 41 (48.8%) as passes.

The prediction accuracy for the Uncontrolled Factors Logistic Model in Table 9 was 62.3% for
correctly predicting 83.3% of preservice teachers who failed the practice test and 30.8% accuracy for
correctly predicting preservice teachers who passed the practice test.

Forward logistic regression prediction accuracy in Table 9: Model 1 had a prediction accuracy
of 65.9%, Model 2 had an overall prediction accuracy of 70.1% and the overall prediction accuracy for
Model 3 was 72%. Model 1, 2, and 3 all had a prediction accuracy for preservice teachers who failed the
practice at 79%. The prediction accuracy for preservice teachers who passed the practice test for all
three forward logistic models were: Model 1 (49%), Model 2 (59%), and Model 3 (63%). The probability
of correctly predicting the correct group membership increases (sensitivity) as the probability of
predicting the incorrect group membership decreases (specificity).
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Table 9

Classification Table of the Prediction Accuracy for Logistic Regression Models

Logistic Observed Predicted % Correct
Regression Failed Passed
Model practice test practice tes:
Failed practice test 45 11 (45/56) 80.40%
Full Passed practice test 13 28 (28/41) 68.30%
Overall % cotrect (73/97) 75.26%
Failed practice test 45 12 (45/57) 78.9%
Academics Passed practice test 21 20 (20/41) 48.8%
Overall % correct (65/98) 66.3%
Failed practice test 85 17 (85/102) 83.3%
Uncontrolled Passed practice test 47 21 (21/68) 30.8%
Factors
Overall % correct (106/170) 62.3%
Step 1 Failed practice test 44 12 (44/56) 78.6%
Passed practice test 21 20 (20/41) 48.7%
Overall Percentage (64/97) 65.9%
Step 2 Forw aFd Failed practice test 44 12 (44/56) 78.5%
RLOgISt?C Passed practice test 17 24 (24/41) 58.5%
egression
Model Overall Percentage (68/97) 70.1%
Step 3 Failed practice test 44 12 (44/56) 78.5%
Passed practice test 15 26 (26/41) 63.4%

Overall Percentage (70/97) 72.2%

Discussion

In some longitudinal and standalone studies conducted to gauge students' success, thete is
supporting evidence suggesting that academic readiness and success on examinations can be predicted
by GPA, full-time status, high self-efficacy, coaching, and other environmental factors (Frizzell, 2014;
Gard, 2011; Kazempour & Sadler, 2015; Kim & Corcoran, 2018). While most of these studies focused
on factors that may impact the probability of passing a course and others focused on passing a
standardized test, most of these studies clumped different subject matters together, neglecting the fact
that there are some factors that affect performance that may be unique to specific subject matters (Bains,
2011; Warren 2017).

The Every Student Succeeds Act (ESSA) brought changes to the scoring and number attempts that
preservice teacher have when taking their state certification examination as well as it increased the
standards for Educator Preparation Programs (EPPs) (Every Student Succeeds Act, 2015). EPPs while
tasked with preparing preservice teachers for their state certification examination, are also faced with
maintaining their accreditation status at 85% pass rate in one academic year (Rickenbrode et al. 2018;
Warren, 2017). In Texas, preparation for the Texas Examinations of Educator Standards (TExES)
certification examination by (Early Childhood to Six) EC-6 preservice teachers include limited attempts
at passing their state certification examination at only five attempts as well as more stringent scoring
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whereby they are now faced with earning an 80% on each of the five subject matter which means
proficiency of each subject matter is mandatory (TEA, 2016). Prior to ESSA 2015, EC-6 TExES
preservice teachers were able to mask their inadequacies of a specific subject matter because the scores
of each of the five core subjects were combined into one score and if that score was at or above 80%,
it was considered a pass (TExES™ program preparation manual, 2018; Warren, 2017). It is now crucial
that EC-6 TEXES preservice teachers obtain mastery in each of the five subject matters of: English
Language Arts Reading, the Science of Teaching Reading, Mathematics, Social Studies, Science, and
Fine Arts, Health, and Physical Education (TExES™ program preparation manual, 2018).

Bains (2011) investigated preservice teachers' pass rate of individual subject matters of EC-6
Generalist examination, but the study did not examine factors that can impact actual scores. Gard (2011)
examined the prediction of performance on the individual subject areas, such as preservice teachers’
performance on TExES 8-12 history, which is a standalone certification subject matter and does not
have other variables which may impact performance based on different subject matters. Fang and Wang
(2013) investigated the best statistical tools to predict performance at the best performance accuracy,
but the focus was on how well an engineering course performance can be predicted using different
models. Warren (2017) investigated predictive factors that can influence teacher candidates in EPPs,
but this study focused on competing factors that can impact preservice teachers before they even start
the EPP program. Another study focused on comparing performance on the content examination vs
the pedagogy part for eatly childhood preservice teachers (Capraro et al., 2005). Other studies focused
on preservice teachers' perceptions and self-efficacy (Kim & Corcoran, 2018). Another study (Corcoran
and O’ Flaherty, 2018) focused on factors that can predict preservice teachers' effectiveness in classroom
teaching and thus was not focused on factors impacting the actual exam. These studies either explored
performance on the entire certification examination, or on other pre-requisite factors, and thus far, no
single study has narrowed down their investigation into the performance on distinct subject matters
within a single certification examination. Creating predictive model(s) based on potential independent
variables or factors that can predict EC-6 TEXES preservice teachers' performance on the individual
subject matter of science within the content portion of the certification examination was the focus of
this study and serves to fill the gap in the literature which can inform EPPs teachers and preservice
teachers alike in every early childhood to six grade certification programs everywhere.

Several studies investigating factors that can influence preservice teachers' success on
certification examinations highlighted factors such as age, gender, ethnicity, workload, GPA, familial
influence, and performance in their tertiary education program that were significant influencers on their
performance on the overall examination (Bain, 2011; Gard, 2011; Huang & Fang, 2013; Warren, 2017).
However, most of these studies were focused on holistic examination performance where more than
one subject area was combined. Based on different attitudes, perceptions, confidence of proficiency that
preservice teachers have on different subject matters this study explored some of the prior factors as
well common ex post facto factors that preservice teachers listed which may impact their performance
on the science portion of the EC-6 TEXES certification examination.

A mixture of descriptive statistics, multiple linear regression, and binomial logistic regression
were used in this study to investigate the impacts, if any, that the independent variables had on the
practice exam success (Huang & Fang, 2013; Warren, 2017). Researchers preferring multiple linear
regression have argued that while binomial logistic regression may successfully predict an individual’s
ability to pass or fail, a pass may be within boundary of a failure and that person may still be in jeopardy
of failing the examination (Huang & Fang, 2013). The employment of both multiple linear regression
and binomial logistic regression result in the added benefit that while a binary logistic regression
predictive model can help predict a preservice teacher’s likelihood of passing or failing the examination
due to discrete values associated with either a “pass” or “fail”, a multiple linear regression prediction
model can offer a more precise score for preservice teachers on a scale from 0 to 100 (Huang & Fang
2013; Khajuria, 2007).
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Using MLR to build predictive models has been a strategy used to gauge success in many
academic settings. Use of the coefficient of determination (R along with statistical significance have
been used as rapid analytic tools for exploring whether predictive variable(s) have impact on the
performance outcome of learners (Karamazova et al., 2017; Yang et al., 2018). Each of the MLLR models
was statistically significant at p = 0.05 as shown in Table 10. The Full model explained 32.3% of the
variance in the practice exam score. The Academics model explained 28.6% of the variance in the
practice exam score. The Uncontrolled Factors model explained only 3.9% of the variance in the
practice exam score. The forward regression model explained 31.3% of the variance in the practice exam
score. The predictor variable which was most often found in all models to be statistically significant was
Grade in Biol 1082 (X1).

Table 10

Multiple Iinear Regression Models Comparison

Model R’ Adjusted R®  p-value

Full Model (All 13 variables) 0.417 0.323 0.000*
Academic Model 0.308 0.286 0.000*
Uncontrolled Factors Model 0.068 0.039 0.042%*
Forward Regression Model 0.327 0.313 0.014*

*Indicates statistically significant at p < 0.05.

The prediction accuracy of each of the binomial logistic model is summarized in Table 11.
Remarkably, the models provided better prediction for the likelihood of failure rather than the
likelihood for success on the practice exam. Given that the pass rate on the pretest was 42 out of 170
(24.7%) and the pass rate on the post-test was 67 out of 170 (39.4%), then there may be an advantage
of the model predicting failure so that the preservice teachers predicted to fail can be identified and
recommended for remediation prior to their official EC-6 TEXES examination (Shipe etal., 2019). Each
model was able to predict preservice teachers at risk of failing with an accuracy of at least 79%. The full
model was the best at predicting who was likely to fail at 80.40%, pass at 68.3% and overall, at 75.30%.
The Uncontrolled factors model was the most accurate at predicting failure at 83.3% and simultaneously
the least accurate at predicting success at 30.8%. The forward logistic model correctly identified 79% of
the preservice teachers expected to fail and 59% expected to pass. The overall prediction accuracy of
the models also suggests that the Full logistic model provided the best overall predictor model (75.30%).
All four logistic regression model were statistically significant at p < 0.05 which rejects the null
hypothesis that states that the independent variables will not have any effect on preservice teachers’
performance (Huang & Fang 2013).
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Table 11

Binomial 1 ogistic Regression Models Comparison

Correctly identified for Correctly identified for  Overall %

Prediction Model failing practice test (At- . .

tisk)) passing practice test Correct
Full Model 80.4% 68.3% 7530
(all 13 variables) (45 out of 56) (28 out of 41) '
Academics 78.9% 48.8% 66.30
Logistic Model (45 out of 57) (20 out of 41) '
Uncontrolled Factor: 83.3% 30.8% 62.30
Logistic Model (85 out of 102) (21 out of 68) '
Forward Regression 79% 59% 70
Logistic Model (44 out of 56) (24 out of 41)

Based on the findings of the study, the full predictive models for the MLR model explained
the largest variance in the dependent variable at 32.3% and for the BLR model correctly predicted an
overall 75.26% of preservice teachers’ successes and failures on the practice exam. However, the full
model consists of 13 independent variables, and it may not always be possible to collect more than
ten data points for each preservice teacher to successfully use the full model. For this reason, other
models may better serve the purpose to predict success on the certification examination. In this study,
the simplest model that was most significant in predicting performance on the practice exam was the
grade in BIOL 1082 (X1). This model may easily be used for an EPP to evaluate and predict a whole
class of preservice teachers' ability to succeed on the science domain IV EC-6 TEXES certification
exam (Huang & Fang, 2013) Both forward MLR and BLR predictive models also included X1 as the
first independent variable in the model. The Academics MLR and BLR model included grade in BIOL
1082 (X1), credits taking (X10), and current GPA (X13) and may also be useful in predicting
performance in being the next best model with the smallest subset of independent variables.
Uncontrolled Factors MLR and BLR models were not very good at predicting success, instead
however the variable transfer (X3) within the model was a good predictor variable that could be used
to identify individuals with transfer status as those which may be in the greatest need of remediation
and intervention to help them prepare for their official EC-6 TEXES certification examination.

The research findings gave rise to some important conclusions: (1) The best predictor of
performance on the practice EC-6 TEXES certification examination was the grade earned in BIOL
1082, Biology for Elementary Educators. (2) The independent variables transfer status (X3), Credits
Taking (X10), and Current GPA (X13) individually also predicted performance and maintained
statistical significance (3) The prediction accuracy for predicting passing the practice examination was
between 30%-50% and predicting failure was at and above 78%. In both the MLR and the BLR
predictive models, which included all 13 independent variables, explained the most variation and had
the highest prediction accuracy in terms of performance on the practice examination. In the case of
this study, it was important to predict which EC-6 TEXES preservice teachers were in danger of failing
to stage interventions prior to their official certification examination at this university. However, we
posit that these same tools can be used by other EPPs to predict their own student’s preparedness for
certification success.

Other EPPs could use the individual predictor model (X1) to predict performance of preservice
teachers at the end of a semester when students have taken any science for educators’ course.
Additionally, a single preservice teacher’s performance can be predicted using the Full MLR model and
the Full BLR models because both MLR model explained the largest variation in the dependent variable
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and the BLR model yielded the largest prediction accuracy (Huang & Fang 2013). If the EPP does not
have data for all 13 variables, the academics model can still predict performance with only three
independent variables, grade in Science for Educators course (X1), credits taking (X10), and current
GPA (X13). This model is the next best predictor of performance on the practice EC-6 TEXES
certification examination with the least number of variables.

Conclusions

Pursuing any type of degree or certification in tertiary education can be met with some type of
financial pressure (Feuer et al., 2013). Additionally, in repeatedly failing their certification examination,
preservice teachers can decrease the likelihood of starting a teaching career in a reasonable amount of
time and may also result in the diminishing of confidences and the lessening of self-efficacy (Masters,
2018). Prediction of preservice teachers’ performance on their certification examinations have been
explored by other researchers (Hutson, 2018; Warren, 2017). However, no other study thus far looked
at predicting the performance by preservice teachers on the science portion of their official EC-6
TEXES certification examination. And most importantly, no other study has created predictive models
for determining preservice teacher’s success on the science portion of their EC-6 TEXES certification
exam.

In this study, variables that can possibly influence preservice teachers’ performance on the
science core of their EC-6 TEXES certification examination were examined. Voluntary participants of
this study were preservice teachers enrolled in BIOL 1082, is a mandatory science course EC-6
preservice teacher need to take in preparation for their official EC-6 TEXES exam. This course covered
almost half of the competencies preservice teachers need to be proficient in to successfully pass the
official EC-6 TExXES certification examination (TExES™ program preparation manual, 2019). The
BIOL 1082 course included “clicker” questions over all the 18 competencies of Domain IV EC-6
TEXES certification exam which were woven within each lesson taught to preservice teachers.
Numerous hands-on lessons along with “think-pair-share” activities among others allowed for
numerous opportunities for preservice teachers to learn concepts as well as conduct deep discussions
on key topics. The practice exam was issued in the beginning of the semester of BIOL 1082 (pretest)
and at the end of the semester (post-test). The Qualtrics™ survey was done online. The independent
variables in this study were part of the survey which collected ex post facto, qualitative, and quantitative
data from preservice teachers and the post-test score on the practice exam was the dependent variable
of the study.

The creation of predictive models was conducted by use of multiple linear regression (MLR)
and binomial logistic regression (BLR). The R’ statistical significance and regtression coefficient of each
independent variable within each model were examined for the MLR models. For the BLR models the
Nagelkerke R the statistical significance, the odds ratio and the classification with prediction accuracy
were examined. The results from the descriptive, MLR and BLR models analyses suggests that the Grade
in BIOL 1082 (X1) is the most useful independent variable in predicting preservice teachers’
performance on the science core of the practice EC-6 TEXES certification examination.

The Academics model, which included the variables: grade in BIOL 1082 (X1), credits taking
(X10), and current GPA (X13) for both the MLR and BLR predictive models were statistically
significant and generally number of credits taking (X10), and current GPA (X13) trended toward an
effect and toward increased chances of passing the practice exam. The only variable with statistical
significance in the Uncontrolled Factors MLLR and BLR models was transfer (X3) and revealed that
transfer students’ regression coefficient of -4.025 translated to the practice exam score prediction of
4.025 points lower for preservice teachers who transferred compared to those who had not. EPPs with
information such as this may seek to offer more scaffolding and remediation to the preservice teachers
that transfer into their program.
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GPA, which in some studies have been shown to be a reliable predictor of students’
performance, in that the GPA the range of 3.51 to 4.0 had the highest percentage pass at 55%. However,
this trend did not continue in succession for the other GPA ranges. This correlation between GPA and
success on practice exam could be strengthened if EPPs continue to maintain and improve the rigor of
their curriculum to match the rigor of the TEXES exam. Fine tuning of these efforts can be attained by
collaboration between EPPs and TEXES department to align curriculum tightly with expectations on
the exit examination.

Though some of the predictors were not statistically significant within the model, their effect
on the practice exam score were noticeable and, in some instances, had a small effect. Independent
variable part-time (X9), revealed that these preservice teachers were less successful compared to those
who were not. First-generation (X11) preservice teachers were less successful than their counter parts.
The preservice teachers with a relative in education were more successful than those without. Preservice
teachers who took college environmental science or college earth science classes (X7 and X8) generally
trended with increased score or performance on the practice exam. For preservice teachers who took
college physics (X0), while there was no direct increase in performance this variable seemed to act like
a suppressor variable whose role is to indirectly impact the practice exam performance. Classification
(X2) did not reveal sizeable differences between freshman, sophomores, and juniors’ performance on
the practice exam. However, preservice teachers classified as seniors who are most likely on the cusp of
taking their official EC-6 TEXES exam had the lowest performance on the practice exam with 0%
passing the pretest and 15.40% of them passing the post-test. As such, the performance for seniors is
crucial and should be prioritized. Having taken a college biology or chemistry class (X4 and X5) were
associated with decreased performance on the practice exam which was also surprising but
unfortunately what was missing from the survey questions and what was not revealed was where the
preservice teachers took those courses and whether they had passed them.

Practice examinations have been shown to increase confidence and reduce anxiety of test takers
(Bandura, 1997; Gard, 2011; Sullivan et al., 1996). EPPs could use practice examinations as a form of
assessment which can provide insight as to preservice teachers’ readiness for their certification
examination as well as make available early interventions where needed. This practice certification
examination may be used by EPPs in all their mandatory courses to find out what gains, if any, are made
by preservice teachers and may help canvas the unremitting visibility of students’ readiness as they
progressively move closer to taking their official examination. This can create transparency that is
advantageous to both EPPs and preservice students as they map and document their preparedness for
the official TEXES exam.

The objective of the predictive models is to allow for well-timed content interventions, when
required, by the identification of preservice teachers who may be in danger of failing the certification
examination. Such knowledge allows preservice teachers the chance to receive backing and scaffolding
of content in practices that increase teacher content knowledge. Both types of regression predictive
models suggest EPPs can predict preservice teachers who may be at risk of failing their certification
exam. The binomial logistic regression offers the “big picture” of the probability of a preservice teacher
passing or failing the exam, and multiple linear regression will give a predicted score that reveals
borderline students.

Predictive modeling is and has been commonly used in a variety of pursuits, including retail,
healthcare, entertainment, manufacturing, cybersecurity, human resources, sports, politics, and weather
for 20 plus years, but is far less commonly used in education. In fact, in education, the most common
uses deal with student retention indicators (Al Sheeb, et al. 2019; Bird, et al., 2021; Hung, et al., 2019;
Smith, et al., 2012). However, as this study shows, predictive modeling can play an invaluable role in
teacher education preparation as well. As many other industries have realized, predictive modeling is a
means by which one can tentatively see into the future to determine a potential outcome, and by which
to make decisions about resource management. This study demonstrates that predictive modeling is just
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as effective in the field of teacher education and can serve to provide important information that can
be used to aid our perspective student teachers on their journey to their future career.

Limitations

The data used in this study was obtained from the survey which was self-reported. Some factors
that may affect preservice teachers’ performance on the certification exam may not have been used in
this study. Factors such as the use of psychological, emotional, and other abstract variables that may be
difficult to quantify may play a crucial role in preservice teachers' ability to pass the practice examination
and these variables were not included in the study (Huang & Fang, 2013). Factors such as technology,
the amount of time spent on social media, learning methods, self-motivation, and intrinsic reward
system, along with some recent factors that might have not yet been studied for their effects on students’
performance. Additionally, the time frame between completion of BIOL 1082 and taking the official
EC-6 TEXES certification examination will not be the same for each student as the course BIOL 1082
can be taken at any time during the preservice teachers’ enrollment in the EPP and memory decay varies
from student to student.

Future Research and Suggestions

The findings of this study have valuable suggestions that may help EPPs to successfully identify
preservice teachers who may need timely interventions before taking their official state certification
examination. Previous studies explored possible factors that may influence students’ performance on
an examination however, there are limited studies that have been conducted on the performance of
preservice teachers (Warren, 2017). In addition, the use of predictive modeling could be used with other
mandatory science courses needed to complete the EPPs curriculum to make this study more
generalized.

The mandatory science courses can be taken at any time during preservice teachers’ tenure in
the teacher preparation program (ITPP). It is suggested that perhaps the order in which the courses are
taken be rearranged to allow the courses that address the most competencies on the science portion of
the official EC-6 exam, be taken closer towards the end of their program. A practice exam can be used
to assess testing readiness.
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Biology for Educators Survey

Q1 Last name

Appendix A

Q2 First name

Q3 Student ID number

Q4 UNT Email address

Q5 Gender
O Male
O Female

O Do not wish to share

40+

Q7 What is your current classification?
Freshman

Sophomore

Junior

Senior

Post Baccalaureate

Graduate student

O 0O 0O 0O 0O 0O o

Other
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Q8 From the following choices, please select the type of high school you attended. In the box under
the type of high school, please write the name of the high school, and the school district if applicable.

O Public school

Private school

a
O Boarding school
O

Home schooled

Q9 Check the box next to all the science courses you have taken in high school. If some of the
science course/s were taken at a different high school/s, write name of school next to the name of the
science course. If applicable, indicate if the course was an honor/advanced placement course in the
box next to the science course. If the course is not listed, please check the box "other" and write the
name/s of the course/s in the box.

Biology
Chemistry

Physics

Environmental science

Aquatic science

Forensic science

Earth science

Agriculture

Marine biology

Botany

Zoology

0O 0 0O 0O 0o oo oooooao

Other

Q10 Are you a transfer student? If so, please state the college and/or university you transferred from.
continue to the following question to select the science courses you have taken at the college level
prior to attending UNT.

O Yes

O No

Q11 If you have transferred from a college and/or university, please select from the list below the
science courses you have taken there. If applicable, please write the name of college or university
where the course was taken in the box next to the course

@) Biology




PREDICTING PRESERVICE TEACHERS PERFORMANCE 155

Chemistry

Physics

Environmental science

Aquatic Science

Forensic science

Earth science

Agriculture

Marine biology

Botany

0O 0O 0O 0O 0 0 o ooao

Zoology

O Other

Q12 Check the box next to all science courses that you have taken at UNT prior to taking this class.
State the name of college where the science course/s was taken next to the science course. If
applicable, indicate if the course was an honor/advanced placement course in the box next to the
science course. If the coutse is not listed, please check the box "other" and write the name/s of the
course/s in the box.

Biology

Chemistry

Physics

Environmental science

Aquatic Science

Forensic science

Earth science

Agriculture

Marine biology

Botany

0O 0 0O 0O b oo ooooao

Zoology

O Other

Q13 List the science courses that you are currently enrolled in while taking this class. If the course is
not taken at UNT, please write the name of the college next to the course. If applicable, indicate if the
course is an honors course.

O Course 1
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0O Course 2
0O Course 3
0O Course 4
O Course 5

Q14 Are you a part-time or a full-time student? List the number of credits you are currently taking
next to your choice.

O Part time

o Full time

Q15 Are you a first-generation college student? Meaning are you the first member of your family to
attend college?

Optional: If no, please state your relationship to the person who previously attended.
@) Yes
@) No

Q16 Do you have a patent and/or a close relative who obtained a degree in Education?

O Yes

@) No
Q17 Why did you decide to pursue an Education degree?

Q18 What grade level do you plan on teaching?

Q19 Have you taken this class before? If yes, what grade did you receive and what is the reason for
retaking this class?

o Yes
o} No
20 What is your current GPA?

OThis is permission to access your GPA from the Office of Institutional Research at UNT. Write
your first name and last name in box below for full consent.

@) GPA can be accessed at my.unt.edu

Q21 Check the box of the standardized tests listed below that you have taken. Write the score you
obtained (to the best of your recollection) in the space under the name of the test.

OThis is permission to access any of the below scores that ate available from the Office of
Institutional Research at UNT. Write your first name and last name in box below for full consent.
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o ACT or SAT

0O GRE

o TAKS or STAAR (science portion) or if high school is out Texas, the equivalent end  of

course exit exam

@) Other? Write the name of the test and score (optional) below.
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