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ABSTRACT 

This study examined the academic performance of high school students who were taking college 

level courses sought to understand whether intelligence and time on task are significant predictors 

of student final grade in the course. The findings indicate that student intelligence and amount of 

time spent on practice tasks by a student both significantly predict a student’s final grade in a 

college course, with both variables having a positive effect. Additionally, this study compared the 

mean grade for students in college math courses to the mean grade for students in college social 

studies courses while controlling for student math ability. No difference in mean course grade was 

found to be significant. These findings support previous literature on the relationship between 

intelligence and academic performance and provide some clarity on the equivocal relationship 

between time on task and academic performance. The study provides insight into understanding 

student differences as they stand at the interchange between high school and college and 

contributes to the overall picture of understanding how student characteristics contribute to their 

academic performance. 
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Chapter 1: Introduction 

It is trite to say that all stakeholders in education want desperately to understand the 

manifold variables that culminate in a student’s final grade in a class. Students ask continually, 

“What can I do to improve my grade?” Parents, instructors, and administrators continually ask, 

“Is there anything I can do to help?” The global private tutoring market is a multi-billion dollar 

industry and there seems to be no end to the availability of free learning resources online. Over a 

century of research examining what determines academic performance in schools has not 

resulted in parents, teachers, and students having common knowledge of exactly what determines 

student success in school. It follows, then, that either we do not know at all, do not agree on what 

factors, or are facing a circumstance where there are an unmanageable number of factors that 

determine student success. 

But the stakeholders of education do desire that students be successful. Few might 

suppose there are many teachers who are glad when students fail to succeed in their courses and 

surely the students and their families prefer success over failure. So, as a research community, 

we explore undiscovered factors, flesh out those showing promise, and continue to examine 

well-established factors in an ever-changing landscape of education and fields of research. 

Background of the Problem 

Probably the most established predictor of student academic performance is degree of 

intelligence, but verbal tests of intelligence show stronger effects than non-verbal tests of 

intelligence (Roth et al., 2015). Unfortunately, verbal tests of intelligence are founded upon 

familiarity with common language and shared ideas. Ford (2004) recommends that non-verbal 

tests of intelligence may be more appropriate for measuring intelligence in circumstances 
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characterized by greater demographic diversity. This presents an opportunity for furthering our 

understanding of intelligence on academic performance. 

Dual enrollment has become a popular means of providing opportunities for high 

schoolers to get an early start on college, dip their toe in the pool of higher education with less 

risk, or offer a broader range of deeper academic learning than what has been offered by 

Advanced Placement (AP) courses. It is an arena that creates an intersection of students who are 

simultaneously high schoolers and college students. This presents another opportunity for 

broadening the scope in a field of research that usually has to choose between either high 

schoolers or college students. 

Before the introduction of online learning management systems (LMS) like Blackboard, 

Canvas, and eCollege, gathering data on how much time students spend practicing their learning 

in a specific subject was more difficult and may have required more invasive methods. But these 

LMS platforms generally record exactly how much time students have spent on any digitally 

accessed assignment. This presents an opportunity to collect more accurate data on the time a 

student spends on task practicing. 

Statement of the Problem 

There is much research clearly showing the link between general intelligence, g, and 

academic performance and also linking time on task to learning. If both of these constructs are 

important for academic performance, then examining both of them simultaneously may provide a 

link that is less examined in the literature. Also, examining both of these student characteristics 

across two academic subjects and bridging the separate research settings of high school and 

college may provide additional external validity to the current knowledge base. 
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Some may say that these connections have been studied so exhaustively that there is no 

longer need to examine it further. On the contrary. The landscape of education is ever-changing. 

The rapid adoption of teaching methods during the COVID pandemic and the behavioral changes 

in young people who have never lived without smart phones creates an almost brand new 

education world. Additionally, research methods are ever evolving. It is all the more necessary to 

continually revisit well researched questions in education to keep us from settling in ignorance 

on conclusions of decades past. 

Significance of the Study 

 The findings of this study could encourage future studies to include multiple subjects and 

multiple predictive effects. This study may lend support to studies examining both innate ability 

and motivational elements in students simultaneously to better understand student learning and 

performance. It would be encouraging to see other well established education research questions 

applied to the dual enrollment environment to connect findings on high schoolers to results 

focused on college students. 

Purpose of the Study 

 The purpose of this study is to apply what is already understood about the connections 

between (a) general intelligence, g, and academic performance and (b) time on task and 

academic performance to the case of high schoolers enrolled in college-level classes. This study 

aims to fill a gap between studies focused only on high schoolers and those focused only on 

college-level students. In this study, we will have high school students performing in college-

level classes and examining the role of general intelligence. Additionally, this study plans to 

cross subject area bounds by examining some of the respondents in math courses and other 

respondents in economics courses and examining whether there is a difference in outcomes. 
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Primary Research Questions 

 The research questions are directly based on this overarching question: Are intelligence 

and time on task significant predictors of final grades in a college level math or social studies 

course? However, there is no question directed at the comparison of high school student 

performance to college student performance. That aspect of the study is a setting consideration 

and not taken as a variable of the study (though that may be considered for future research). 

This study will investigate the following questions: 

1. Are general intelligence and time spent on practice tasks significant predictors of a final 

grade in a college level course for a high schooler? 

2. Is there a significant mean difference in final grade across course (social studies or math) 

when controlling for math ability? 

Hypotheses 

 The hypotheses reflecting the research questions above are as follows: 

1. Both a high school student’s measure of general intelligence and amount of time spent on 

practice assignments have significant positive relationships on the student’s final grade in 

the course for both math and social studies courses. 

2. There is a significant mean difference in final grade between a college math course and a 

college social studies course when controlling for math ability.  

Literature Review 

Demetriou, et al. (2023) is the basis for the theoretical frameworks regarding intellectual 

ability on academic performance. The Raven (2008) chapter gives the foundational psychometric 

purpose and validity of the Raven Progressive Matrix that will be used to measure intelligence in 

my study. Roth, et al. (2015) will support the theoretical framework and give theoretical 
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background for showing a relationship between intelligence and academic performance. 

Guillaume & Khachikian (2011) will support the theoretical framework and give theoretical 

background for showing a relationship between time on task and academic performance. 

Adesope et al. (2017) and Ukpong & George (2013) will provide the basis for making 

comparison of the effects of intelligence and time on task between academic performance in a 

math class versus academic performance in an economics class. 

Research Design 

 The main focus of the research will be a correlational study while the comparison 

between math and social studies will be more descriptive in nature. None of the quantitative 

variables will be manipulated, just recorded as they occur based on student behavior. As such, 

there can be no causation inferred among the variables. 

Data Collection Overview 

 Four quantitative variables and one qualitative variable will be collected. Qualitatively, 

each student will be coded for whether they were in a math dual enrollment course (an 

introductory statistics course) or a social studies dual enrollment course (a course in principles of 

economics). Each student’s 7th grade state math test score will be collected to be used as a 

covariate. General intelligence, g, will be measured by administering the Raven’s Standard 

Progressive Matrices. Time on task will be measured by accumulating all time spent (in hours) 

by each student on all ungraded practice assignments in the course’s LMS software. Final grade 

will be the overall raw accumulated score on all graded assignments for the semester out of 

1,000 points. 

 There will be two sections of statistics and two sections of economics included. Expected 

sample size is about n = 40 from each course, for a total sample size of about n = 80. 
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 The 7th grade state math test score will be collected last after all other data has been 

collected. The database will be given to an administrator in the school system who will retrieve 

the scores and put them in the database and then remove the names of the students so that they 

cannot be identified with the protected information. The database will then be returned to the 

researcher for analysis. 

 The Raven’s Standard Progressive Matrices (RSPM) is a non-verbal intelligence test, 

using shapes and patterns instead of words an effort to reduce the effects of culture on test 

performance. It is a survey of 60 items in which, for each item, a larger image is presented that 

shows some kind of visual pattern with a missing section in the bottom right of the pattern. The 

respondent is given a choice of 6 to 8 possible pieces to fill in the missing section of the larger 

pattern. The respondent chooses the piece that they believe best completes the pattern. It is a test 

of general intelligence, g, which is a well-known construct in psychology research. Pind, et al. 

(2003) concisely summarize the reasons for the popularity of RSPM in research. Each student 

will arrange time to meet with the researcher to complete the RSPM and receive a score. 

 The researcher will gather data from the LMS throughout the semester on how much time 

each student spent on each practice assignment. Note that practice assignments can be attempted 

multiple times. Time spent on multiple attempts will be accumulated in the total. 

 Final grade as a raw score out of 1,000 will be taken from the instructor’s gradebook after 

the conclusion of the course. 

Data Analysis Overview 

Since score on the intelligence measure, time on task, and final grade are all quantitative, 

regression analysis and correlation analysis will be used. Final grade will be used as the response 

variable in the regression analysis with intelligence and time on task as the explanatory variables. 
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ANCOVA will be used to examine the mean difference in final grade between students in the 

Statistics class and the students in the Microeconomics class with the covariate, 7th grade state 

math test score. All analysis will be conducted using the R statistical software. 

Ethical Considerations 

 Participant data will be protected. It is already the responsibility of instructors under 

FERPA to not share educational and attendance information of dual enrollment students. The 

usual efforts of the researcher will continue to be applied in the case of this study’s participants. 

Additionally, as mentioned previously regarding the collection of the 7th grade state math test 

scores, student names will be removed from the database before it is returned to the researcher 

for use in data analysis. 

Theoretical Framework 

 This study will be positioned in the body of knowledge within a “mental architecture” 

framework developed by Demetriou et al. (2023) which models school performance outcomes as 

being predicted by cognitive and personality factors. The overall theoretical framework is a 

comprehensive and ambitious “overarching model” of learning and academic performance. 

However, this study zooms in on a portion of the mental architecture model. 

 Two elements of the Demetriou et al. (2023) model are appropriate for the current 

research. First, the mental architecture model proposes a direct, unmediated link between 

intelligence and academic performance. Similarly, there is a direct link in its framework between 

a construct that includes self-evaluation (which this study will connect with practice time) and 

academic performance. So, the mental architecture framework and this study are both predicting 

academic performance with measures of intelligence and self-reflecting practice. 
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 Secondly, Demitriou et al. (2023) propose that the development of the mind throughout 

the years of preschool, primary school, and secondary school. The research explains different 

results across different studies as revealing that different cognitive processes play different roles 

in academic performance as a child progresses through each of these stages of schooling. Since 

this study is focusing on the link between high school and college learning and performance, it 

fits into the multiple stages aspect of the mental architecture framework. Additionally, the 

research summarized in Demetriou et al. (2023) suggests that intelligence has its strongest effect 

on academic performance during development in the secondary school years. 

 The mental architecture model proposes that general intelligence, g, is a function of three 

categories of mental processes called executive functions, Ge, fluid intelligence, Gf, and 

cognizance, Gcogn. Each of these is a function of more detailed mental processes. Executive 

functions, Ge, is a function of attention control (at), cognitive flexibility (fl), and working 

memory (WM). Fluid intelligence, Gf, is a function of relational integration (RI) and reasoning 

rules reflecting inductive, analogical, and deductive reasoning (ReasI,A,D). Cognizance, Gcogn, is 

a function of awareness of mental processes (Am), self-evaluation (Se), and self-concept (Sc). 

All of these have been examined in other research. It is not the purpose of this study to 

examine any of these architectural elements of general intelligence, g, but it will be interesting to 

emphasize some of these elements that are being tapped by the Raven’s Standard Progressive 

Matrices when it is being administered. Also, there will be emphasis that the hypothesis 

regarding time on task’s effects on final grade is connected to cognizance through self-evaluation 

as the practice tasks the students in this study will be performing offer timely feedback that 

allows them to self-evaluate as they are practicing. 
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Demetriou et al. (2023) emphasize that the mental architecture model includes only 

cognitive and personality factors and would benefit from future research that expands the 

prediction of academic performance by including elements of motivation. It can be argued that 

time on task practicing what is learned has a motivation element to it. In this way, the current 

study offers an exploration into extension of the mental architecture framework. 

Assumptions, Limitations, and Scope 

 Assumptions. The researcher will assume that each participant will be doing the best 

they can when completing graded course assignments contributing to the final grade. Dual 

enrollment courses are voluntary, so the participants are presumably not being coerced to take 

part in these courses. Likewise, the researcher will assume participants will be honest and do 

their best when completing the RSPM test of intelligence. Participants have been offered 1% 

extra credit on their final grade for taking part in the study but it is the consensus of the 

Institutional Review Board that this amount is not too coercive. 

Data Collection Limitations. Some validity problems may arise in data collection. The 

students being studied were in 9th grade during the COVID pandemic and some of them may not 

have a 9th grade state math score. That is why 7th grade state test score is being used. Time spent 

practicing recorded in the LMS software may be skewed if a student fails to submit the 

assignment and the timer continues counting for hours. Though impossible to mitigate, students 

may lack motivation while completing the RSPM and hurry through the administration. 

The Scope of the Study. The participants of this study are drawn from the population of 

dual credit enrollment high school students in the eastern Atlanta, GA metropolitan area. I'm not 

sure if my sample will adequately represent the whole population of east Atlanta dual enrollment 

students. Since my sample will include mostly 12th grade students, it may not adequately 
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represent the 11th grade dual enrollment students. Also, most dual enrollment students never take 

a dual enrollment math class, like Intro to Statistics, nor do most of them take a Microeconomics 

class. It will be a challenge to generalize the results to all east Atlanta dual enrollment students. 

This study will be cautious to generalize only to those who are likely to take math-oriented or 

business/consumer-oriented courses. 

Definitions of Terms 

 Dual Enrollment Course. Also called “concurrent enrollment” or “dual credit 

enrollment,” is a course section administered by a college or university but attended by a student 

who has not yet graduated high school. The course grants both college credit and high school 

credit upon successful completion. Dual enrollment is not a characteristic of the course section 

itself but rather a designation of the circumstance of the high school student being enrolled in the 

college course for high school credit. 

Summary 

 It is a worthwhile endeavor to develop a better understanding of how young people 

develop as learners and eventually as productive members of society. This study seeks to 

contribute to that understanding by comparing student intelligence as measured by the Raven’s 

Standard Progressive Matrices and student time spent on practice tasks to their final grade in 

their course. This study hypothesizes those will both be significant positive relationships. If that 

is the case, then education stakeholders may be encouraged to put resources toward specifically 

developing general intelligence and providing plenty of practice time for academic tasks. This 

study also hypothesizes that there will be a significant difference in mean final grade between 

math and social studies college courses. If this hypothesis receives support, it may assist in how 

to allocate resources for students taking dual enrollment courses.  
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Chapter 2: Literature Review 

 In 1994, many in the scientific community associated with the American Psychological 

Association (APA) became embroiled in a large debate regarding the idea of intelligence, its 

measurement, and how intelligence and its measurement is understood (Neisser et al., 1996). 

This debate revealed that there was much disagreement among researchers about what was 

known and scientifically supported within the area of intelligence measurement. It was the 

opinion of many that political implications had become a part of the interpretations and 

conclusions rather than strictly on science. The APA commissioned a diverse task force to 

compile a report on what is known by the community and try to establish some degree of 

agreement regarding the body of knowledge on the subject of individual intelligence. The report 

by Neisser et al. (1996) was the published result of that task force. 

Since intelligence is a main variable in this study, this literature review includes an 

attempt to summarize and synthesize some of the research from that body of knowledge that has 

grown since 1996. This study itself hopes to contribute to that body of knowledge. 

Appropriateness and Validation of Raven’s Standard Progressive Matrices 

 John Raven (2008) clarified the purpose of the Raven’s Progressive Matrices and seemed 

to indicate that it was not specifically designed as a measure of intelligence. However, the strong 

results of tests of construct validity that have compared the RSPM to instruments that are known 

to measure intelligence (Mills et al., 1993: O’Leary et al., 1991; Pind et al., 2003) indicates that 

the RSPM appears to be a valid measure of intelligence in spite of Raven’s original design. In 

fact, O’Leary et al. (1991) found evidence that the RSPM can be used as an estimate of the 

verbal intelligence test WAIS-R FSIQ (Wechsler Adult Intelligence Scale-Revised Full Scale 

IQs). Mills et al. (1993) note furthermore that many studies have examined the internal reliability 
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of the RSPM which have always found it to be moderate to high. The Raven Standard 

Progressive Matrices (RSPM) is generally regarded as a nonverbal test of intelligence (Lohman 

et al., 2008; Raven, 2003). 

 A cursory search of academic literature will quickly reveal that researchers around the 

world are interested in the measurement of student intelligence. Ford (2004) cautions researchers 

that the methods and instruments used for tapping this abstract construct are sensitive to 

differences across cultures. In areas with a more homogeneous culture (i.e., not much diversity), 

comparisons among individual scores is not as much of a problem, but in places with great 

cultural diversity, like the United States, the use of instruments that measure intelligence often 

favor one cultural group over others (McCallum, 2017; Razani et al., 2007). For example, the 

Wechsler Abbreviated Scale of Intelligence (WASI) is shown to favor monolingual English-

speaking Anglo-Americans over individuals of Hispanic, Asian, and Middle Eastern descent 

(Razani et al, 2007). 

 Additionally, there is evidence that students who are economically disadvantaged 

struggle more with language arts skills (Beiswinger, 2009) which may negatively affect their 

performance on verbal tests of intelligence. School systems often measure proportion of 

economically disadvantaged students using the percentage of their students that qualify for Free 

and Reduced Lunch. Interestingly, Beiswinger (2009) found no significant effect on math scores 

between students who are economically disadvantaged and those who are not. 

 Culturally, the setting for this study is highly diverse. Based on the 2020 census, the 

ethnic composition of the county is 57% Black or African American, 26% White, 10% Hispanic, 

2% Asian, 4% mixed race, and 1% other races. Additionally, the average percentage of students 

that qualify for free and reduced lunch across schools is 73.4%. For the purposes of this study, 
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that means the participants may be limited in their performance on verbal tests of intelligence but 

may not be affected in their performance in math. 

 This problem of individual differences causing great variability in the validity of verbal 

tests of intelligence makes nonverbal tests of intelligence all the more useful when facing 

circumstances of high cultural diversity and limited language arts skills (Bracken & Naglieri, 

2003). However, Ford (2004) cautions that nonverbal tests of intelligence are not free of cultural 

influence in their construction, but that they are “culture-reduced or less culturally-loaded tests.” 

Owen (1992) agrees with Ford (2004) on this warning. With this warning in mind, given the 

circumstances of this study, it makes sense to use a nonverbal test of intelligence, in particular, 

the RSPM. 

Intelligence as a Determinant of Academic Performance  

Intelligence is defined, described, and measured by researchers in varying ways. But the 

results of studies correlating intelligence with academic performance do not vary. This indicates 

that all of the measures of intelligence must have something in common within the minds of 

research subjects. For one thing, it has been shown that intelligence as a research variable is 

normally distributed in the population (Plomin & Dreary, 2015). The following review of 

research connecting intelligence to academic performance will provide more detail. 

Bilalic et al. (2023), Rosander et al. (2011), and Soares et al. (2015) each examined the 

link between intelligence and academic performance by collecting primary data. Each used 

previously validated intelligence tests to measure intelligence including the Reasoning Test 

Battery (Sores et al., 2015), the Wonderlic Personnel Test (Rosander et al., 2011), and the Raven 

Advanced Progressive Matrices, the Verbal General Ability Test, and the Numerical General 

Ability Test (Bilalic et al., 2023). To measure academic performance, each of these studies used 
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individual final subject grades of multiple subjects in school including exam grades in Statistics 

and Introduction to Psychology (Bilalic et al., 2023), final grades in math, social studies, 

language, practical skills, and sports (Rosander et al., 2011), and a longitudinal study including 

7th grade and 9th grade scores in math, science, language, and foreign language (Soares et al., 

2015). All three studies examined a direct model between intelligence and academic performance 

while two of them also examined models where the link between intelligence and academic 

performance is mediated by previous knowledge and practice time (Bilalic et al., 2023) or 

previous academic performance from two years prior (Soares et al., 2015). With the exception of 

the Introduction to Psychology group, all direct relationships were found to be moderate to 

strong and significant. With the exception of the Statistics group, all mediated relationships were 

found to be moderate to strong and significant. So, in general, the literature shows that studies 

that gather primary data using validated intelligence measures tend to show significant effects of 

intelligence on academic performance in both direct and mediated models. 

Garg & Sharma (2016) as well as Leidra et al. (2007) both conducted studies of 

intelligence on academic performance by measuring intelligence with Raven’s Standard 

Progressive Matrices and collecting GPA data as academic performance. Both studies balanced 

the number of male and female participants. Leidra et al. (2007) collected data on students from 

2nd grade up to 12th grade while Garg & Sharma (2016) examined undergraduate college 

students. In both studies, intelligence was the strongest predictor of academic performance 

among all significant predictive variables examined. This study crosses the boundary in that the 

subjects are both secondary students and in college with the exception that this study will 

measure academic performance as a primary data source. We expect to find similar results. 
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What about studies that used custom measures of intelligence instead of measures with 

widespread validation and usage? Are the results different? Prins et al. (2006) measured 

intellectual ability using “a series of paper-and-pencil ability tests, representing five primary 

intelligence factors” including tests of arithmetic, verbal skills, and sequential reasoning. Heaven 

& Ciarrochi (2012) measured intellectual ability using a local/state standardized numerical and 

verbal ability test. McCrickard et al. (2018) measured intelligence with the Aplia math 

assessment test from Cengage Learning. In all three of these studies, the measure of intelligence 

was found to be significantly correlated to the measure of academic performance. 

 What about studies that have employed secondary measures of intelligence? Two studies 

that used either student SAT score (Plant et al., 2005) or ACT score (Johnson & Kuennen, 2006) 

as measures of intelligence were reviewed. Plant et al. (2005) found that SAT score is 

significantly correlated with both high school GPA (past) and college GPA (current). Johnson & 

Kuennen (2006) found that only ACT Scientific Reasoning score significantly predicted 

academic performance in an undergraduate freshman statistics course.  Composite ACT score 

was not used in the study. McCrickard et al. (2018) used ACT as a secondary measure of 

intelligence in addition to the Aplia test primary measure. Just as with the Aplia test, ACT score 

predicted academic performance at the .01 level. So, studies using secondary measures of 

intelligence seem to provide similar results. 

 Additionally, three meta-analyses were reviewed regarding the link between intelligence 

and academic performance. Richardson et al. (2012) chose studies that included individual ACT 

and SAT scores as measures of intelligence and undergraduate college GPA as the measure of 

academic performance and found that ACT and SAT were included in the group of variables with 

the strongest significant correlations with college GPA. Roth et al. (2015) chose studies that 
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included primary measurement of intelligence by verbal, nonverbal, or a mix of verbal and 

nonverbal instruments with academic performance measured by either school GPA or similar. 

Meta-analysis results found that intelligence (regardless of verbal, nonverbal, or mixed) is 

significant and moderately correlated with academic performance. Schneider & Preckel (2017) 

actually conducted a meta-analysis of meta-analyses of predictors of academic performance in 

higher education only. This shows how extensively predictors of academic performance have 

been researched. Each meta-analysis included in their study had some measure of intelligence 

and some measure of academic performance. Their meta-analysis supported the conclusion that 

intelligence correlates with medium to large effect sizes with academic performance. So, even 

secondary compilation studies of original research, which employ varying measures of 

intelligence and academic performance, find moderate to strong support on this link. 

 The studies discussed here are just a sample of the numerous research projects that have 

been conducted over several decades in many countries around the world. Intelligence has been 

measured using varying verbal, nonverbal, and mixed-method instruments, including the RSPM 

and other instruments highly correlated with the RSPM. Measures on intelligence have been 

gathered as primary, secondary, and meta-analysis data. Academic performance has been 

measured in varying ways, both generally like cumulative GPA and specifically as in course 

grade. Some studies examined direct relationships between intelligence and academic 

performance. Some examine mediated relationships. While some examined moderated 

relationships with other variables like personality or self-efficacy. Regardless of these varying 

ways that the link between intelligence and academic performance has been analyzed, the result 

is always a significant, and at least moderately strong, correlation between intelligence and 

academic performance. In most cases where other predictors are examined alongside 
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intelligence, the strongest predictor is intelligence. It is not surprising, then, that even the APA 

task force that compiled the state of research on the topic of intelligence in 1995 also concluded 

unanimously that intelligence definitely correlates moderately well with academic performance 

(Neisser et al., 1996). This study suggests the same as a hypothesis. 

Time On Task as a Determinant of Academic Performance 

 A brief search and scan of the abstracts of many studies examining time on task for 

students can reveal that, like intelligence, there are varying paradigms and definitions of what the 

variable “time on task” means. In particular, some researchers have examined it strictly looking 

at time in the classroom spent practicing on a task while others have examined it as time outside 

of the classroom practicing on a task. This study considers both paradigms in the literature 

review and will measure practice time on task both during class time and outside of class time. 

 It may seem redundant to scientifically examine whether a student who spends more time 

studying will exhibit higher academic performance. However, the review of research that follows 

will show that the results are not as clear as one might expect. Many professionals in education 

may assume students that study more will achieve greater performance. But this is exactly the 

kind of assumption that leads to superstitions, debates among researchers, and poor academic 

policies in classrooms and school systems. We cannot assume any correlations that have not been 

backed by statistical evidence. So, we examine the literature connecting amount of study time 

(time on task) to academic performance and then investigate the relation in this study. 

 The research reviewed here shows mixed results. Studies conducted by Bilalic et al. 

(2023), Godwin et al. (2021), Ukpong & George (2013), and Romero & Barbera (2011) on the 

subject of time spent practicing generally for a significant and positive relationship on academic 

performance. To the contrary, studies by Guillaume & Khachikian (2011), Johnson & Kuennen 
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(2006), and Plant et al. (2005) found non-significant direct correlation between practice time and 

academic performance. Some light is shed on this discrepancy by meta-analyses by Adesope et 

al. (2017) and Kim & Seo (2015). 

 There are some qualifying descriptors that come into play in examining how spending 

time practicing and studying may positively influence academic performance. For example, 

Bilalic et al. (2023) are found that “deliberate” practice that “avoids distractions” results in time 

on task significantly predicting higher academic performance in both Introduction to Psychology 

and Statistics courses at the undergraduate level. Ukpong & George (2013) did not examine time 

as a quantitative variable but divided time on task categorically into “longer” versus “shorter” 

study time and found that longer study time resulted in higher academic performance in social 

studies courses. Romero & Barbera (2011) even looked at time on task based on day of the week 

and time of day. They found that students who primarily completed study and assignments 

during “morning hours” achieved greater performance than those who worked on assignments in 

the “afternoon or evening hours.” Overall, they found a moderate and significant correlation 

between time on task and academic performance. Godwin et al. (2021) found a generally weak 

but significant relationship. Their study employed a single measure of time on task that resulted 

in great variance in the strength of effect sizes. So, the idea that differing measures may account 

for the differing results in studies was not supported by their research. 

 Contrary to these results, Guillaume & Khachikian (2011) found that, though students 

believe that time on task is a significant predictor of their grade in a course, the data does not 

show a significant relationship between practice time and academic performance. This study was 

conducted over three years examining the same students over 8 courses in an engineering 

program. The longitudinal nature of this study is compelling for the results but the fact that only 
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engineering students were examined limits the broader application of the results. Johnson & 

Kuennen (2006) found that students in an undergraduate introductory statistics class did show 

some relationship between the number of hours spent studying weekly and their final grade in 

the course, but the result was not statistically significant at even the .05 level. Plant et al. (2005) 

also found no significant relationship between study time and academic performance. The 

regression model included other variables. One interpretation they gave of their overall model 

involves the quality of the study environment. They suggest that environments conducive to 

productive study require less study for high performance while distracting or disruptive study 

environments require more study time, confounding the correlation between time on task and 

academic performance (Plant et al., 2005). 

Adesope et al. (2017) conducted a meta-analysis examining the effects of students 

spending time taking practice tests in preparation for graded tests. Called the “testing effect,” the 

improvements in learning from taking practice tests has shown positive and significant 

correlation with grades. The time spent on practice tests is another type of time on task since 

time is spent on the practice tests with the purpose of learning and preparing for assessment. The 

meta-analysis found a significant large effect size for primary, secondary, and post-secondary 

school students (Adesope et al., 2017). 

Though Kim & Seo (2015) did not directly examine time on task and academic 

performance, they did examine what may be considered time “off” task, that is, procrastination. 

The results of their meta-analysis suggests a significant negative relationship between 

procrastination and academic performance. That is to say that the more students avoid spending 

time studying, the lower their grade. 
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It appears as though prior research is not as conclusive on the connection between time 

on task and academic performance as with intelligence. Indeed, Godwin et al. (2021), in their 

summary, state “the relationship between time and learning is still poorly understood” in spite of 

over 40 years of examining the link. They emphasize the need for continued research into this 

relationship. This may be explained by the idea that quality of time may be more important than 

quantity of time in study and practice. It also seems that the varying ways to measure time on 

task and the errors inherent in measurement could also play a role (though Godwin et al. (2021) 

seems to refute this). But it seems that most of the research examined here suggests that there is a 

positive relation between quantity of time on task and academic performance, though qualified. 

That is the hypothesis of this study. 

Academic Performance in Math Versus Social Studies 

 In many ways, social studies subjects and math subjects in school have been perceived 

differently by students. To start with, there is no social studies portion of the ACT, SAT, or GRE 

exams. Evidence indicates that elementary school teachers spend more time on math in class 

than on social studies (Wexler, 2020). Research even reveals that students have differing attitudes 

toward social studies than they do toward math (Schug, 1982; Stodolsky et al., 1991). 

 This study aims to examine whether there is any difference in mean academic 

performance between math classes and social studies classes. More specifically, it proposes that 

students score very differently in math classes than in social studies classes. 

 The math course that some of the subjects in this study will complete is a dual enrollment 

introductory statistics course and the social studies course is a dual enrollment principles of 

microeconomics course. Some research indicates that math skills are positively correlated to 

performance in economics courses (Ballard & Johnson, 2004; Arnold & Straten, 2012). Due to 
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this connection, a measure of student math skill level will be collected as a covariate (this will be 

discussed later). 

In general, it could be that high school students have higher performance in math than in 

social studies regardless of intelligence level. One study found that student performance on the 

high school state tests was higher for math than for social studies (Duncan et al., 2011). A larger 

proportion of the students scored in the highest group (pass plus) in Math than they did in Social 

Studies while a larger proportion of those students scored in the lowest group (fail) in Social 

Studies than in Math. So, in general, they found that high schoolers exhibit higher academic 

performance in math than in social studies. However, this was not the case in a similar study that 

examined middle schoolers. For these younger students, one group performed higher in social 

studies while the other group performed comparably on both math and social studies (Hicks, 

2014). This could indicate an effect difference in stage of life and learning. Similar to the Duncan 

study, however, another research project found that the mean increases in performance on the 

annual academic performance state tests for 3rd through 8th graders were greater in math than 

they were in social studies, though the variance on the gain measures were the same for both 

math and social studies in each grade level (Paul et al., 1997). 

Beyond just over performance of math and social studies, there is also statistical evidence 

to suggest that the intelligence effect sizes are indeed larger for math learning than for social 

studies learning. As mentioned earlier, Bilalic et al. (2023), examined the effects of intelligence 

on academic performance in a Statistics course versus in an Introduction to Psychology course 

and found that intelligence predicted performance in the Statistics course more strongly than in 

the Introduction to Psychology course. In fact, performance in the psychology course had no 
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significant direct effect from intelligence. Instead, the effect of intelligence was mediated 

through student previous knowledge on the subject (Bilalic et al., 2023). 

Similarly, in the Rosander et al. (2011) study, intelligence showed a significant and 

positive correlation with academic performance. But that correlation was stronger for 

performance in math and weaker for performance in social studies. The Roth et al. (2015) meta-

analysis showed similar results. Verbal, nonverbal, and mixed measures of intelligence were all 

correlated significantly with academic performance, though the math and science performance 

groups had the strongest effects while the social studies groups had the smallest effects. Though 

Soares et al. (2015) did not include performance in social studies as an outcome in their study, 

their results did show that 7th and 9th grade math performance were most strongly affected by the 

measure of intelligence compared to the other subjects examined. 

In light of these limited studies comparing student performance in math versus social 

studies, we find support in the literature for investigating the hypothesis that academic 

performance will be significantly different in math than in social studies. Admittedly, aside from 

seeing that state math scores seem to be generally higher than state social studies scores, our 

connection between time on task effect size for math over social studies is weak at best. Perhaps 

this study itself may lend to future investigations on that question. 

The Changing Roles of Intelligence and Time On Task as Students Mature 

 The transition from the final year of high school and the first year of college is important 

for students and their families in many ways. The dual enrollment environment allows students 

and their families to experience that transition in portions instead of all at once. For example, the 

role of the Family Educational Rights and Privacy Act (FERPA) changes as students become the 

bearer of those rights apart from their parents. For dual enrollment students, the transfer of the 
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FERPA rights occurs a year or two before they leave for college (though only pertaining to their 

dual enrollment courses). This can have quite an effect on the dynamics of student academic 

performance as parents and instructors cannot communicate with one another regarding the 

student’s scholastic activities. The student is truly taking full responsibility during high school as 

they would when they go off to college. So, that transitional time is an important one for 

researchers to study. 

 Research shows that the effects of a person’s intelligence on their thinking and behavior 

changes as they age (Demetriou et al., 2023). Makris et al. (2017) found that “intelligence 

expresses itself differently” during different age ranges as a person grows and develops 

intellectual capacities. Also, we know that the degree to which intelligence that is inherited from 

parents genetically manifests itself more and more in a person’s thinking and intellectual activity 

as they age (Neisser et al., 1996; Plomin & Deary, 2015). That is, a primary school child’s 

intelligence has more to do with their environment and upbringing than with their genes. But as 

they get older and older, even into their seventies, the effect of their genetics on their intellectual 

ability becomes more and more prominent. According to Plomin & Deary (2015), this increase in 

hereditary intelligence is linear. So, for example, adopted children are likely to exhibit more of 

the intelligence they developed from their adoptive parents during primary and secondary school 

and then in adulthood will begin to exhibit more the hereditary intelligence from their biological 

parents. 

 Relevant to this study, however, is whether intelligence has a stronger effect on academic 

performance for college students than for high school students or perhaps there is no significant 

difference at all. This study cannot empirically examine that question given that all of the 

participants are both high school students and college students simultaneously (though they are 
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of high school age and environment). Nevertheless, it is beneficial to examine existing research 

on this question as a “frontier” to the scope of this study. 

 Demetriou et al. (2019) found that intelligence had a greater effect on academic 

performance among primary school students than among high school students. This would 

support a hypothesis for intelligence being more predictive before a student goes to college. 

On the other hand, Farsides & Woodfield (2003) found in a longitudinal study over three 

years of undergraduate academic performance that intelligence did not significantly predict 

academic performance for freshman though it was partially significant for college sophomores. 

However, the effect if intelligence for college Juniors was significant for all performance 

measures, indicating that intelligence has a stronger effect as the college student progresses. 

Consistent with this, Richardson et al. (2012) found that ACT and SAT score had a higher 

correlation with college GPA than high school GPA and Laidra et al. (2007) found that the 

Raven’s Standard Progressive Matrices were more highly correlated with student GPA in high 

school than in elementary school. 

This literature review has shown that research has repeatedly found a strong link between 

intelligence and academic performance. The empirical portion of this study expects the same 

result. But the mixed support in the literature for the question of effect size of intelligence on 

academic performance as a student transitions from high school to college indicates that there is 

still opportunity for contribution to what we know about intelligence and academic performance. 
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Chapter 3: Methodology 

This research aims to provide better understanding of some predictors of student 

academic performance in the time of transition between high school and college. This chapter 

will provide an overview of the research setting, the participants involved, and the variables of 

interest as well as how each will be measured. It will further explain the proposed procedures for 

gathering data and analyzing the data in addressing the research questions and hypotheses. 

Settings and Participants 

To attempt to fill the gap in knowledge about predictors of student academic performance 

between high school and college, this study will make use of the dual enrollment setting in which 

high school students are taking college courses. The population of high school students in 

college courses is much smaller compared to that of high schoolers in high school classes and 

college students in college classes, so access to this kind of setting is somewhat unusual. In this 

case, the researcher is the instructor of all four included courses. 

 Participants in this study were high school students in a demographically diverse suburb 

of the Atlanta, GA metropolitan area. These students were enrolled in one of two college courses, 

Principles of Microeconomics or Introduction to Statistics, during a Spring semester. The study 

included students from two sections of Principles of Microeconomics and two sections of 

Introduction to Statistics. All four of the courses were taught by the researcher of this study. The 

class sessions for these courses were face to face courses that met in the high school “College 

and Career Academy” and not on a college campus. That is, the students attended these classes in 

the same building where they attended other high school classes that were not for dual credit 

enrollment. Most of the participants were high school seniors (perhaps more than 90%) and the 

rest were high school juniors, though this information was neither collected nor readily available 
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but was informally encountered in conversations with the students throughout the course of the 

semester. 

 The population to which this study can be generalized is very narrow in scope. The 

sample may not adequately represent the whole population of east Atlanta dual enrollment 

students. Since the sample will include mostly high school seniors, it may not represent the high 

school junior dual enrollment students. Also, most dual enrollment students never take a dual 

enrollment math class, like Introduction to Statistics, nor do most of them take a college level 

Microeconomics class in high school. Thus, it will be a challenge to generalize the results to all 

east Atlanta dual enrollment students. We should be cautious to generalize only to those who are 

likely to take math-oriented dual enrollment courses. This is likely a very small population 

within the overall population of high school students. 

 The priori power analysis indicates that the minimum sample size is 68 for a medium 

effect size (partial R-squared = .13) to achieve a power of .80 with α = .05 in multiple regression. 

For ANCOVA, however, the priori power analysis indicates that the minimum sample size is 125 

for a medium effect size (partial eta-squared = .06) to achieve a power of .80 with α = .05. 

G*Power 3.1 software was used to perform power analysis. This study has a sample size of 68 

across all four dual enrollment sections: 23 from one section of statistics, 12 from the other 

section of statistics, 15 from one section of microeconomics, and 18 from the other section of 

microeconomics. 

Instrumentation 

 This study includes three quantitative variables and one categorical variable. Only one 

measurement instrument will be given to the participants. All other variables will be measured 

based on normal and incidental activities of students in the normal course of academic study. 
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Measuring Academic Performance 

 During the course of the college semester, each student in both statistics and 

microeconomics will be graded on 12 quizzes (40 points each), 3 unit exams (130 points each), 

and a final exam (130 points). This gives a total of 1000 points which will be divided by 10 to 

yield a final grade between 0 and 100. The final grade will be used as this study’s measure of 

research participant’s academic performance. 

Measuring Intelligence 

 Participant intelligence will be measured using a free-of-charge, online version of the 

Raven Standard Progressive Matrix (RSPM), a nonverbal measure of intelligence (See Appendix 

A for information on accessing the online version of RSPM utilized in this study). The RSPM is 

a 60-item inventory. For each item, respondents are shown a large rectangular image with some 

kind of pattern. A smaller portion in the bottom right of the image is excluded, showing only an 

outline of the excluded portion. Below the given image is a group of either six or eight possible 

patterns in the shape of the excluded portion. The respondent selects one of the given possible 

patterns for each of the 60 items and receives a score. 

A meta-analysis of 56 studies that made use of the Raven’s Progressive Matrices (RPM) 

examined the reliability of the RPM using internal consistency coefficients (Cronbach’s alpha), 

test-retest coefficients (Pearson’s r), and standard error of measurement (SEM) (Alhinai et al., 

2019). The results of the meta-analysis indicated good reliability for the RPM with test-retest 

reliability of  r = 0.76, internal consistency reliability of 0.85 and SEM of 2.51 for internal 

consistency and 3.43 for test-retest. These results are consistent with the Burke (1972) results of 

the reliability of RPM. 
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The validity of Raven’s Standard Progressive Matrices (RSPM) as a measure of 

intelligence is supported by O’Leary et al. (1991) which correlated the Wechsler Adult 

Intelligence Scale-Revised Full Scale IQ (WAIS-R FSIQ) with the RSPM stratified by age bands. 

In all groups between age 16 up to age 64, the RSPM was significantly correlated with the 

WAIS-R FSIQ at the p < .001 level with a strong positive correlation (O’Leary et al., 1991). 

These results are consistent with the Burke (1972) results of the validity of RPM with an older 

version of the WAIS. 

Measuring Time On Task 

 Participants will be given the opportunity to spend time practicing for each of the quizzes 

and for each of the exams by completing practice versions of those assignments in each course’s 

learning management system (LMS). The LMS records details on time spent by a student 

working on the practice assignments. Time On Task (TimeHrs) for this study will be measured 

by summing the total number of minutes spent working on all of the practice assignments and 

then dividing by 60 rounded to two digits for an approximate number of hours spent practicing 

the course content over the entire semester. 

Group Membership 

 Each participant will be coded according to whether they were a student in the statistics 

(math) course or a student in the microeconomics (social studies) course. Statistics students will 

be coded as 1 = Yes as Math Student. Microeconomics students will be coded as 0 = No as Math 

Student. This study included 35 students in statistics and 33 students in microeconomics. 

Math Ability as a Covariate 

 To control for math ability in comparing performance in math to social studies, we will 

use each participant’s seventh grade state math test score. This information is available in the 
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school systems records for each student who finished seventh grade in the school system of this 

study’s setting. Unfortunately, any student who completed seventh grade in a different system 

may not have available a seventh grade state test score. 

Procedure 

 Since the participants are eleventh and twelfth grade students in high school, more than 

half of them are adults and the rest are 17 year old minors. The risk to these minors was minimal. 

The RSPM is not much different than any typical educational assessment that a teacher might 

administer to a student. The RSPM is also very similar to the types of nonverbal assessments that 

school systems throughout the United States administer regularly to students in determining 

whether they will be classified as gifted, such as the CogAT (Cognitive Abilities Test). Parents 

give permission for CogAT screening. Similarly, participants in this study who are minors will 

require parent permission as well. See Appendix B for copies of the assent and consent forms as 

well as the IRB approval. All data gathered from participants will be kept strictly confidential at 

all times and identification of participants will not be available throughout and after the study. 

 Academic performance as measured by a raw sum final grade of all quizzes and exams in 

the course will be recorded from the gradebook spreadsheet before any grading curves or extra 

credit is applied. This score will be equal to the sum of all raw points earned before curves and 

extra credit, out of 1,000 points, then divided by 10 for a rational value between 0 and 100. 

 To collect data on participant intelligence, each participant will visit the researcher’s 

classroom at a time when there is no class in session and access the free version of the Raven 

Standard Progressive Matrices as previously described (see Appendix A). There will be no time 

limit imposed aside from the normal public school time limitations and the participants will be 

encouraged to simply choose the option that they think is best for each item. Participants will be 
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discouraged from discussing the experience with one another and, though they will be permitted 

to listen to music during the task, they will be discouraged from doing anything else during the 

assessment until completion. After completing the intelligence assessment and receiving a score, 

the researcher will record the score confidentially. 

To gather participant data for time spent on practice tasks, the researcher will access the 

records of each instance of each participant’s attempts on a practice quiz or practice exam in each 

course’s learning management system. For each participant, the researcher will sum up the total 

number of minutes spent by that participant across every attempt on a practice quiz and practice 

exam. The number of minutes will be then converted into the total number of hours that the 

student spent on practice tasks. This variable will be a rational decimal value. 

 As mentioned previously, a participant’s enrollment in the statistics course will be used to 

code them a 1 = Yes for Math Student and enrollment in the microeconomics course will be used 

to code them as 0 = No for Math Student. The seventh grade state math score data will be 

provided by administration in the school system and added to the researcher’s completed data 

set. All identifying information about participants will then be removed from the data set before 

it is returned to the researcher to protect the educational records of the participants. 

Data Processing and Analysis 

 In this section, we give details on how the data will be analyzed to address the two 

research questions and hypotheses. All data analysis will be conducted using the R statistics 

software (R Core Team, 2023). For the four quantitative variables (including the covariate), 

descriptive statistics will be reported, including mean and standard deviation for the overall data 

set and then also for each of the two subject groups. Since the main question of this study is a 

correlational analysis, correlations among the four variables will be conducted and reported as 
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well as correlations for the two subject groups. Quartiles will be reported as well as boxplots 

both for the whole sample and also for each of the two subject groups. The purpose here is to 

provide more information for future researchers. 

 To address the first and main question of this study, multiple regression will be employed 

with final grade as the response variable and intelligence and time spent on practice task as the 

predictor variables. Regression analysis appears to reasonably common in the literature for 

examining the link between intelligence and academic performance (Marjoribanks, 1979; 

Chamorro-Premuzic & Furnham, 2006; Heaven & Ciarrochi, 2012). Though a selection of 

references is given, a large number of studies use regression analysis for understanding the 

relationship between intelligence and academic performance. Regression analysis has also been 

used to examine the link between time on task and academic performance (Bilalic et al., 2023; 

Godwin et al., 2021; Johnson & Kuennen, 2006; Ukpong & George, 2013). We will examine a 

single multiple regression model that includes both intelligence and time on task to predict 

academic performance. 

Tests will be conducted to determine whether there appear to be any threats to 

independence, normality, equal variance, or multicollinearity and charts will be included to 

support these assumptions. The five number summary and boxplot for the residuals to determine 

whether there are any influential cases in the data. In the event that there appear to be threats to 

independence, normality, equal variance, or multicollinearity, additional statistical techniques 

will be examined. 

The full model will be tested against the intercept only model using ANOVA to determine 

whether the full model is significantly different due to the inclusion of the research variables. 

The multiple regression coefficients will be reported and analyzed as significant or not 
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significant based on the p-value. The adjusted R-squared will be reported as well. The t value for 

each predictive variable will be reported along with the 95% confidence interval for the t values. 

 To address the second research question, the comparison of academic performance 

between high school students in a college math course versus those in a social studies course, we 

will use one-way between groups analysis of covariance (ANCOVA). Since a student’s 

performance in a math class is likely to be the result of their math ability, then math ability may 

confound the comparison of academic performance between math students and social studies 

students. So, math ability as indicated by each student’s 7th grade state math exam score will be 

used as a covariate to isolate the comparison to subject difference only. Gjana & Kosova (2021) 

used ANCOVA to compare the academic performance of two groups, one in a traditional 

classroom setting and the other in an online classroom setting (with score on a pre-test as the 

covariate). The present study is similar but one group is in a math course while the other group is 

in a social studies course. 

 Tests will be conducted to determine whether there appear to be any threats to 

independence, normality, or equal variance assumptions and charts will be included to support 

these assumptions. We will also check for interaction effect of 7th grade state math test score and 

final grade to check for violations of the homogeneity of regression slopes assumption. 

 Results will be reported to determine whether there is a significant difference in final 

course grade between math and social studies students. The F-statistic and p-value and eta-

squared effect size will be reported. Additionally, the F-statistic, p-value, and eta-squared will be 

reported for the relationship between the covariate and final grade in the course. G*Power will 

be used to determine and report observed power. Since there are only two groups in this 

analysis,, there will be no need for Tukey post-hoc analysis. 
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Summary 

 We have discussed in detail the setting, participants, and variables of this study, as well as 

the importance of confidentiality of the data collected given the sensitive nature of the variables, 

especially because some of the participants are minors. The methods for measuring each variable 

was presented with an attempt to justify the instrumentation. The data collection procedure as 

well as the processing and analysis of the data was presented in detail so that future researchers 

may practically replicate the study. 
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Chapter 4: Results 

Results from the multiple regression model reveal that both intelligence and time on task 

are statistically significant predictors of final grade in a course. Results from the ANCOVA 

analysis reveal that there is no significant difference in student final grade between math course 

and social studies course after controlling for 7th grade state math test score. All data analysis 

was conducted using the R statistics software (R Core Team, 2023). 

Descriptive Statistics 

Descriptive statistics are reported for all respondents (Table 1), for the group of 

respondents who were enrolled in a math college course (Table 2), and for the group of 

respondents who were enrolled in a social studies college course (Table 3). Though a larger 

sample size was initially expected, we collected data on n = 68 respondents, though some of 

them did not have a 7th grade state math test score since they moved into the school system after 

grade 7. So, the sample size for the covariate is n = 59. 

 

Table 1. Descriptive statistics of all participants across both subject groups (math and social studies). 

All Students (n = 68) Mean 
Std. 
Dev. 

Min Q1 Median Q3 Max 

Final Grade (Performance) 73.83 17.37 17.14 65.8 76.23 86.89 96.96 

RSPM Intelligence 101.07 12.01 76 94 100 110 130 

Time On Task (Hours) 18.64 8.75 5.78 12.64 17.77 23.33 43.77 

Grade 7 State Math (n = 59) 547.12 44.74 461 510 546 574 652 

   Statistics for Grade 7 State Math Test based on participants who had this data available. 

 

Table 2. Descriptive statistics of participants in college math course. 

Math Students (n = 35) Mean 
Std. 
Dev. 

Min Q1 Median Q3 Max 

Final Grade (Performance) 72.27 16.15 17.14 64.74 74.87 84.22 92.43 

RSPM Intelligence 102.31 12.86 76 94.5 100 114 124 

Time On Task (Hours) 21.93 8.65 7.08 16.20 20.43 24.46 43.77 

Grade 7 State Math (n = 30) 545.33 38.24 494 509 548 567 652 

   Statistics for Grade 7 State Math Test based on participants who had this data available. 
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Table 3. Descriptive statistics of participants in college social studies course. 

Soc. St. Students (n = 33) Mean 
Std. 
Dev. 

Min Q1 Median Q3 Max 

Final Grade (Performance) 75.48 18.69 18.64 68.25 79.60 91.65 96.96 

RSPM Intelligence 99.76 11.08 76 94 99 104 130 

Time On Task (Hours) 15.15 7.52 5.78 8.30 14.18 22.17 29.93 

Grade 7 State Math (n = 29) 549.28 51.2 461 510 543 590 638 

   Statistics for Grade 7 State Math Test based on participants who had this data available. 

 

 

There were no issues with collecting data for the Raven Standard Progressive Matrices 

(RSPM) as a measure of intelligence nor for calculating the raw Final Grade for each participant 

as a measure for Academic Performance. However, summing the number of hours spent on 

practice tasks as a measure for Time on Task was very chaotic in practice. Some of the 

assignments had no time limit, so there were several instances where students began a practice 

task for a short time and then returned three days later to continue. This gave the impression that 

a student may have spent more than one hundred hours on the assignment. The LMS kept rough 

track of actual time stamps on activity but there was no way of knowing for sure that the 

participant was actually working on the task. Thus, in calculating Time on Task, there was a lot 

of approximating. The approximation method was consistent across all participants and the 

process was completed within a few days to minimize variance in the approximation. 

Additionally, calculations were done in the order of “per assignment” and not “per student” so 

that any variance in approximation would be distributed across participants. More information on 

this difficulty will be discussed in Chapter 5. 

Correlations among the four quantitative variables are shown for all respondents (Table 

1), for the group of respondents who were enrolled in a math college course (Table 2), and for 

the group of respondents who were enrolled in a social studies college course (Table 3). In the 
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whole group, both intelligence and 7th grade math score were significantly correlated with one 

another and each with final grade in the course. In the math course group, the only significant 

correlation was intelligence with 7th grade math score. Like the whole group, the social studies 

group also showed both intelligence and 7th grade math score as significantly correlated with one 

another and each with final grade in the course. 

 

Table 4. Pearson Correlations among the four continuous variables for all respondents. 

All Students  Final  RSPM  Time on 

(n = 68)   Grade   (Intelligence)   Task 

RSPM Intelligence  .2899*     

Time On Task (Hours)  .2212  –.1719   

Grade 7 State Math (n = 59)  .5604***  .5274***  –.1679 
 

Note:  *p < .05,  **p < .01, and  ***p < .001 

 

Table 5. Pearson Correlations among the four continuous variables for the Math group. 

Math Students  Final  RSPM  Time on 

(n = 35)   Grade   (Intelligence)   Task 

RSPM Intelligence  .2706     

Time On Task (Hours)  .2624  –.2794   

Grade 7 State Math (n = 30)  .3513  .4415*  –.2819 
 

Note:  *p < .05,  **p < .01, and  ***p < .001 

 

Table 6. Pearson Correlations among the four continuous variables for the Social Studies group. 

Social Studies Students  Final  RSPM  Time on 

(n = 33)   Grade   (Intelligence)   Task 

RSPM Intelligence  .3442*     

Time On Task (Hours)  .3063  –.1682   

Grade 7 State Math (n = 29)  .7056***  .6594***  –.0647 
 

 Note:  *p < .05,  **p < .01, and  ***p < .001 

 

36 



 

 

 

 

             

 

 

 

 

 

 

 

 The distribution of Final Grade across participants is shown in Figure 1. The plot that 

includes all participants reveals the presence of two outliers. The plots that separate the math 

course participants from the social studies course participants shows that one of those outliers is 

a case in the math group while the other is in the social studies group. Separating the plots 

reveals that there is a third outlier in the math group. 
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Figure 1. Box and whiskers plots for distribution of Final Grade. The left plot includes all participants. The right 
shows separate plots for the social studies course group and the math course group. 

Figure 2. Box and whiskers plots for distribution of Raven’s Standard Progressive Matrices. The left plot includes all 
participants. The right shows separate plots for the social studies course group and the math course group. 
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 The distribution of the intelligence measure, RSPM score, is shown in Figure 2. In the 

whole group, there does not appear to be outliers but the separated groups indicate that there may 

be two outliers in the social studies group, one exceptionally high and another exceptionally low. 

 

 

 

 

 

 

 

 

 

  

The distribution of Time on Task in hours is shown in Figure 3. Observing the whole 

group plot and the separated plots indicate one outlier to the whole group, none in the social 

studies group, and possibly three outliers in the math group. Figure 4 shows no outliers in the 

distribution of the Grade 7 State Math scores. 

 

 

 

 

 

 

 

 

All Participants Social 
Studies 

Math 

Figure 3. Box and whiskers plots for distribution of Time on Task in hours. The left plot includes all participants. The 
right shows separate plots for the social studies course group and the math course group. 
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Figure 4. Box and whiskers plots for distribution of Grade 7 State Test Score. The left plot includes all participants. 
The right shows separate plots for the social studies course group and the math course group. 
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Intelligence and Time on Task Predicting Academic Performance 

A standard multiple regression was performed between Final Grade as the dependent 

variable and score on the Raven’s Standard Progressive Matrices and Time on Task (in hours) as 

the independent variables. Results were calculated on the complete set of participants, n = 68 as 

there was no missing data for any of the participants. Regression analysis was not conducted on 

the separate groups (math and social studies course) as this was not relevant to the first research 

question. 

Tests for the assumptions of multiple regression were conducted and there were no 

concerns with equal variance (see Figure 5), independence, or multicollinearity. Figure 6 and the 

Shapiro-Wilk normality test (W = 0.94; p < .01) indicated that the data violate the normality of 

residuals assumption, though multiple regression is robust to violations of the normality of 

residuals assumption. The Durbin-Watson test (D-W statistic = 2.09; p = .76) verified the 

independence assumption. The Variance Inflation Factors confirmed no multicollinearity with 

both RSPM and Time on Task at 1.03. 

 

 

 

 

 

 

 

 

Table 7 displays the correlations between the variables, unstandardized regression 

coefficients, and the adjusted R2. A test of the full model against the intercept only model was 

Figure 5. Plot for equal variance assumption.  Figure 6. Plot for normality of residuals.  
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significant: F(2, 65) = 6.178, p < .01. Results indicate 13.4% of the variance in Final Grade was 

explained by the regression on Intelligence and Time on Task. Both regression coefficients 

included in the model emerged significant. Test-statistic values and confidence intervals are 

presented for each: RSPM (t = 2.93, (0.16,0.82)) and Time on Task (t = 2.42, (0.10,1.01)). 

Examination of outlier cases, high standardized residuals, and influential cases led to the deletion 

of no cases. Observed power, which was calculated using G*Power, was high, .845. 

       Table 7. Multiple regression analysis results. 

Variable RSPM 
Time 
(Hrs) 

B SE Mean St. Dev. 

Final Grade .2899* .2212     73.83 17.37 

RSPM – –.1719 0.49** 0.167 101.07 12.01 

Time 
(Hours) 

–.1719 – 0.55* 0.229 18.64 8.75 

Intercept     14.10 18.208     

Adjusted R2 = 13.4% 

Power (1 – β) = .845                                                    F (2, 65) = 6.178, p < .01 

Note:  * p < .05,  ** p < .01,  *** p < .001 significance level.  
 

Course Difference on Academic Performance 

One-way between-groups analysis of covariance (ANCOVA) techniques were used to examine 

the difference in mean final grade across course subject (math or social studies) while controlling for 

student math ability (7th grade state math score). All analyses were conducted using R (R Core Team, 

2023). Means (standard deviations in parentheses) and frequencies are presented in Table 8. 

Table 8. ANCOVA groups descriptive statistics.   

  
Frequency 

Final Grade 
Mean (SD) 

7th Grade 
Math Mean 

(SD) 

Math 30 (50.8%) 70.98(16.52) 545.03(38.24) 

Social Studies 29 (49.2%) 74.56(18.56) 549.28(51.20) 
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Preliminary checks were conducted to examine possible violations of assumptions for conducting 

ANOVA. Equal variances may be assumed (Figure 7) as supported by Levene’s Test of Homogeneity of 

Variance, F(1,57) = 0.47, p = .497. As seen above in the multiple regression, the normality assumption is 

violated (Figure 8) evidenced by results from Shapiro-Wilk Test, W = 0.89, p < .001. 

 

 

 

 

 

 

 

 

 

 

 

 

Assumptions specific to the application of ANCOVA techniques were not a concern. The 

interaction effect of 7th grade state math score and course group (Figure 9) was not statistically 

Figure 7. Plot for equal variance assumption.  Figure 8. Plot for normality of residuals.  

Figure 9. Plot for normality of residuals.  
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significant, F(1,55) = 1.36, p = .249, which indicates no concern for violation of the homogeneity of 

regression slopes assumption. Independence between the covariate 7th grade state math score and course 

group can also be assumed, F(1,57) = 0.13, p = 0.719. 

After adjusting for the covariate, 7th grade state math score, there was no significant difference 

between the math and social studies courses on final grade, F(1,56) = 0.878, p = .353, partial-η2 = .015, 

indicating a small effect size. There was a strong relationship between 7th grade state math score and final 

grade, F(1,56) = 25.47,  p < .001, partial-η2 = .313, indicating a large effect for the covariate. Observed 

power, which was calculated using G*Power, was extremely low, .157. Since there were only two 

comparison groups, no Tukey post hoc analysis was conducted. 

The results of the descriptive statistics, the multiple regression, and the ANCOVA 

analysis give an interesting picture of this study and the two-group sample. Though there were 

no outliers on the covariate, all three variables in the multiple regression had multiple outliers. 

The covariate was significantly and positively correlated with both final grade and with the 

measure of intelligence but not time on task. Furthermore, time on task correlated negatively but 

not significantly with both intelligence and the covariate. However, when analyzed with multiple 

regression, both intelligence and time on task emerged positively-related and significant to final 

grade. Additionally, though the covariate exhibited a strong effect size in relation to final grade, 

the ANCOVA analysis showed no significant difference in final grade across course subject 

groups with both a small effect size and very low power. Finally, in all analyses, the normality 

assumption of the residuals was not supported. 
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Chapter 5: Summary 

The purpose of this study was to examine the academic performance of high schoolers 

taking college courses with respect to the roles of student intelligence and time spent practicing 

in predicting that performance. This research was interested in determining whether intelligence 

and time on task are significant predictors of final grade in a college course. This study also 

aimed to examine whether different subjects for college courses would exhibit significant 

differences in mean final grade. 

This chapter will discuss the findings of the previous chapter in relation to the literature 

review from Chapter 2 and the framework that was presented in Chapter 1. The discussion will 

be followed by some implications for policy in education, an examination of some of the 

limitations of this study, and recommendations for future research in the area of academic 

performance and individual differences. 

Findings and Implications 

This section presents a discussion of the results of the study that were presented in 

Chapter 4, beginning with the descriptive statistics and then research questions and hypotheses. 

This discussion will emphasize themes relevant to the problem and questions presented in 

Chapter 1. Some practical applications for stakeholders in education will be presented that are 

focused on the success of students in dual enrollment courses and college courses in general 

based on the findings of this study. 

Discussion of Findings 

Descriptive Statistics. Looking at the descriptive statistics in Table 2 and Table 3, the 

mean final grade for students in the math courses, 72.27, was lower than the mean final grade for 

students in the social studies courses, 75.48. This is inconsistent with the research reviewed on 
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this comparison in Chapter 2. The reverse was expected. However, this could be a phenomenon 

of the transition into college level courses given that the research examined was taken from 

middle school and high school students. Furthermore, there were three low outliers that may 

have been influential in bringing down the mean, but both the math group and social studies 

group included low outliers as seen in Figure 1. 

Another explanation for this result is specific to the sample in this study. The school 

system where this study was conducted has a gifted program for high schoolers that selects 

students based on an academic test and GPA. These students are encouraged to take social 

studies dual enrollment but forbidden from taking math dual enrollment courses. Thus, the 

participants in the math group included none of these gifted students in the school system while 

the social studies courses included several of them. This could have confounded the final grade 

measure. However, the use of the covariate in the second hypothesis will mitigate this concern. 

Though no literature was reviewed on the subject, the mean hours spent by students 

doing online practice was 18.64 hours for the semester. Since a semester is typically 16 weeks, it 

appears that a student typically spent an average of a little more than an hour per week on 

practice activities. Separated by group, math students spent an average of 21.93 hours over the 

semester doing online practice while social studies students spent 15.15 hours, indicating that the 

math students spent a larger amount of time practicing, on average, with the result of a lower 

average final grade. 

If the Raven’s Standard Progressive Matrices intelligence measure is valid, the mean and 

standard deviation would be expected to be comparable across both groups, and that’s exactly 

what is seen in Tables 1 through 3. That is, any random group that is representative of students in 

high school should result in a comparable mean intelligence. These descriptive statistics indicate 
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that, not only is the whole group likely to be representative of the population, but each group 

seems to be representative of the population. Unfortunately, as will be seen below in limitations, 

that population is very unique so these results are not very generalizable. Furthermore, this 

information makes suspect the possibility that the gifted students made any special difference in 

the mean final grade of the social studies group. 

In spite of there being two outliers (low) for the independent variable (Figure 1) and one 

outlier (high) for time on task (Figure 3) for the whole group of respondents, these data points 

were included in the analysis. The two low outliers on final grade were kept because it is 

common for college courses to have students that essentially give up on doing the coursework 

and miss the withdrawal deadline. This information is still relevant. The one high outlier for time 

on task may have been an over-approximation for a student that regularly started a practice 

assignment and then left the timer running. 

The only thing notable for the focus of this study in the correlations from Tables 4 

through 6 is that there is a significant positive correlation of moderate strength between 

intelligence and 7th grade state math test score for whole group, math group, and social studies 

group. This is additional support for the well-established relationship between intelligence and 

academic performance. A first glance at the non-significant correlation between time on task and 

final grade in the whole group and in the two sub-groups seems to support the studies that found 

no significance for time on task predicting academic performance. 

Research Question 1 and Hypothesis 1. The first research question inquired whether 

high school student intelligence and time on task will significantly predict final grade in a 

college course. This study hypothesized that these predictors would both be significant predictors 

with positive relation to final grade. As seen in Table 7, the results of multiple regression support 
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this hypothesis in full. As expected and consistent with the majority of previous research on the 

subject, intelligence was found to be a significant predictor of academic performance. Like all 

prior research examined in this study, including all meta-analyses, the relationship between 

intelligence and academic performance is a positive one. That is, it is reinforced that students that 

measure higher in intelligence will tend to achieve a higher final grade in an undergraduate 

college course. This explains why tests like the SAT and ACT are often utilized for college 

acceptance and why, in spite of the temporary pause in requiring ACT or SAT scores for college 

application during COVID years, colleges are beginning to once again require scores for these 

tests of intelligence. 

The regression coefficient for intelligence, 0.49, means that, holding time on task 

constant, for every one point increase in intelligence measure, a high school student will have a 

final grade in a college course that is about 0.5 higher. Since the standard deviation on the 

intelligence measure in this study is about 12, it can be interpreted that every one standard 

deviation increase in intelligence gives a student a final grade that is about 6 points higher, which 

can move a student up a whole letter grade in some cases. 

In spite of mixed results from some previous research, but as expected, time on task was 

also found to be a significant and positive predictor of academic performance. Plant et al. (2005) 

proposed that the reason time on task is not a significant predictor of academic performance in 

some studies is because the quality of time practicing must be considered. However, Plant et al. 

(2005) did not conduct a multiple regression analysis that included student intelligence as a 

predictor, though they did find significance for time on task when they considered previous 

success in academic performance in the analysis with time on task. Bilalic et al. (2023) and 

Johnson & Kuennen (2006) included measures of intelligence along with measures of time on 
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task in their models predicting academic performance and, like this study, found both to be 

significant positive predictors. Guillaume & Khachikian (2011) found no significant link 

between time on task and final grade but did not include intelligence or any other student quality 

in a multiple predictor model. 

It was previously noted that the literature indicates that the link between time on task and 

academic performance is poorly understood. This study adds to overall understanding of this by 

suggesting that time on task might not be understood as a predictor on its own but is better 

understood alongside other predictors in some kind of multiple predictor model like the multiple 

regression utilized in this study. 

The regression coefficient for time on task, 0.55, means that, holding intelligence 

constant, for every additional hour of time spent by a high school student on practice activities, 

the raw final grade in a college course will be 0.55 points higher. In a typical 16 week college 

course, just one additional hour each week in studying and practice could result in a final grade 

that is 8.8 points higher. 

The adjusted R2 for the multiple regression model was 0.134, indicating that 13.4% of the 

variance in final grade was explained by the regression on intelligence and time on task. The 

framework for this study, the “mental architecture” framework developed by Demetriou et al. 

(2023), details several processes that are included in general intelligence and it is likely that the 

60-item RSPM does not fully tap all of them. It could be that the untapped elements of the 

mental architecture framework account for a larger proportion of the variance in final grade. This 

concern will be addressed below in recommendations for future research. 

Research Question 2 and Hypothesis 2. The second research question inquired whether 

final grade in a college course would be significantly different for high schoolers taking a math 
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course as compared to those taking a social studies course. This study hypothesized that there 

would be a significant difference between groups on final grade when controlling for the 

covariate, math ability as measured by student 7th grade state math test score. 

The results of the ANCOVA analysis did not support Hypothesis 2, suggesting that high 

school student academic performance is not influenced by whether they are enrolled in a math 

college course or a social studies college course. However, it is possible that since all the courses 

included in this study were taught by the same instructor that this result may have more to do 

with the instructor and not so much the subject of the course. This may be worth investigating in 

the future. 

Applications 

 In the case of this study, a high school student with an intelligence measure that is 1.7 

standard deviations higher than another could score a full letter grade higher in a college course. 

This has implications for GPA requirements for scholarship retention (such as the HOPE 

scholarship in Georgia) as well as acceptance into programs and universities. Ritchie, Bates, & 

Plomin (2014) found, in an experiment comparing results in identical twins, that development of 

reading skills in students between 7 and 16 years old resulted in higher intelligence. This 

highlights that strong reading skills are important for achieving greater academic performance in 

college and it is worthwhile for school systems to put resources into ensuring students have 

strong reading skills. 

 Similarly, time on task findings indicate that a few additional hours of study and practice 

during a college semester can increase final grade. Some college math professors encourage their 

students to spend twice as much time outside of class practicing math as they spend in the 

scheduled class time. This seems like a good recommendation as every two hours of study time 
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has the potential for increasing a student’s final grade by 1 point. As for school policy, there has 

been some debate for a little while about the effectiveness of homework with many proposing 

that homework does not improve learning. The results of this study suggest that homework study 

assignments can indeed improve academic performance. 

 The results from research question 2, though not significant, do raise the question of 

whether high school counselors, administrators, or parents should be concerned about 

discouraging students from taking certain subjects for dual enrollment due to difficulty and 

endangering the student’s GPA. The results of this study seem to indicate that any concerns of 

this sort are unmerited so long as the student would perform well on a measure of intelligence, 

like the ACT, and is committed to spending the study and practice time necessary for success in 

any undergraduate college course. 

Recommendations 

 This section details several limitations in methodology and generalizability and proposes 

recommended directions for future related studies as well as improvements on this study. These 

are not exhaustive in scope but intend to focus on the spirit of the main problem and questions of 

the study as described in Chapter 1. 

Limitations 

Some of the limitations described here were anticipated before data collection and 

analysis were undertaken and others were encountered along the way. This is not an exhaustive 

list of the problematic issues encountered during the course of this study. Though there are likely 

limitations beyond those of generalizability, measurement, and analysis, the examination of the 

threats to scientific inquiry conducted here represents what are believed to be the most relevant 

issues given the nature of the problem and questions stated. 
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 Limitations on Generalizability. This study examined the academic performance of 

high school students in a dual enrollment environment. Therefore, the results can neither be 

generalized to college courses with college students nor to high school courses with college 

students. Furthermore, the highly diverse student population of the school system makes it 

difficult to generalize the results even to other dual enrollment environments in other states or 

regions. Nonetheless, the main finding of this study is consistent with the results of similar 

studies that have been conducted at the primary, secondary, and undergraduate levels. Therefore, 

though the specific results of this study are not generalizable to any dual enrollment, high school, 

or college situation, the general results that support the positive and significant link between 

intelligence and academic performance are generalizable when taken with the numerous similar 

studies like it. 

 Limitations of Measurement. As noted earlier, though there were no real difficulties in 

measuring academic performance by final grade, there were some respondents who did not 

complete every assignment and received a zero for one or more assignments. Though a zero is 

the just grade for a student who does not complete an assignment, a zero is actually missing data 

because it represents a lack of information regarding the student’s knowledge and learning. But 

since zeros are a normal part of calculating a student’s academic performance, it was necessary 

from a practical point of view and valid with respect to the interpretation of the results. 

 Measuring intelligence with Raven’s Standard Progressive Matrices did not appear to 

present any problems. However, it was assumed that all participants tried their best and achieved 

a score for intelligence that is accurate to their actual intelligence. In reality, it is possible that 

some students may have raced through the test hastily given that they volunteered to participate 

during their own free time. Additionally, the participants did not all complete the test at the same 
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time or on the same day, so there may have been threats to validity if a student who completed 

the test shared information with another student who had not yet taken it. It could make for an 

interesting study to examine the item analysis of the RSPM across all participants. 

The greatest measurement issue was with time on task. Since students were not required 

to submit a practice assignment after starting it and were given unlimited opportunities on each 

practice activity, many judgment calls needed to be made while summing the times regarding 

which time stamps in the LMS indicated actual practice as opposed to the student starting the 

assignment, leaving to do something else, and returning to continue the assignment. Shorter 

intervals were generally considered accurate while intervals exceeding five hours seemed 

unlikely as single study sessions. Thankfully, the LMS did keep track of when a student 

answered a specific question and when the activity seemed dormant. Though the issue with 

measuring time on task from the LMS time stamps is a limitation, it does evade the problems 

associated with respondents self-reporting the time they spent practicing. The meta-analysis by 

Kim & Seo (2015) calls attention to the fact that some studies collect time on task data by self 

report and others by more objective measures like in this study. 

 Limitations of Analysis. For both the multiple regression analysis and the ANCOVA 

analysis, the normality of residuals assumption was violated for final grade. It is expected that 

final grade distribution is skewed since the maximum score is 100 and the lowest passing grade 

is often 70. Since the mean of final grade is 73.83, any cases with a significantly low final grade 

will contribute to a skewed distribution of the residuals, which clearly happened in this study. As 

noted earlier in the discussion of descriptive statistics, these cases were not excluded from the 

analysis purposely. Ideally, a study would have no students scoring so low that the distribution of 

residuals is not skewed, but that is beyond the control of the instructor or researcher. 
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For multiple regression, priori power analysis was conducted for a medium effect of 

adjusted R2 = .13 indicated a recommended sample size of 68 to achieve a power of 0.80. The 

observed power for this study almost precisely matched the priori power analysis. However, for 

hypothesis 2, the ANCOVA analysis required a much larger sample size to achieve adequate 

power for such a small effect size. The observed power was 0.157, which means there is a .843 

probability of incorrectly not rejecting the null hypothesis. Since the ANCOVA analysis was not 

significant, the null hypothesis was not rejected but the observed power indicates that there is a 

high probability that this result may be false. To have greater confidence in our conclusions, 

there needs to be a larger sample. 

Future Research 

 The descriptive statistics separated by math and social studies groups indicated that math 

students had a lower final grade but a higher amount of practice time than social studies students. 

It could be that math learning requires a larger amount of out-of-class-time practice in order for a 

student to score higher on final grade in college courses. This seems like a worthwhile study 

which would almost replicate this present study but include an intelligence measure as a 

covariate or control variable rather than a co-predictor. 

 The question was brought up previously whether the social studies group had a higher 

mean final grade than the math group because the math group included no students from the 

system-wide gifted program. A future study could examine whether high school gifted status 

makes a difference in college-level academic performance. The present study could not examine 

that question due to the very limited number of gifted students in the sample and because none of 

the gifted students were present in the math group. But this question could be examined in a 

college environment with a much larger sample. 
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 This study generally examined and found support for intelligence and time on task as 

predicting academic performance without separating the math course and social studies course 

groups. A clearer picture of this phenomenon can be achieved by conducting separate analyses 

on each subject group. This may show if the results found in this study hold independently for 

different college courses as seen in Bilalic et al. (2023). 

 Given that it is unlikely that the RSPM measure of intelligence did not cover the entire 

breadth of general intelligence in the mental architecture framework (Demetriou et al., 2023), 

future studies could seek to examine more of the components of this framework with additional 

measures of general intelligence combined with the RSPM. This study proposed that RSPM is a 

measure of “fluid intelligence” and that time on task is a component of “cognizance”, but the 

“executive functions” portion of general intelligence was not included. Perhaps a future study 

could include a measure of this portion as well as additional components of cognizance. 

 For future replications of this study, it is recommended that a larger sample size be used 

for the final grade comparison by group to increase power. Special attention should be given to 

the collection of time on task data and the administration of the RSPM. If possible, arrange to get 

individual item data on the 60 items of the RSPM so that item analysis can be conducted. 

Conclusion 

 This summary does not claim to provide an exhaustive discussion of the findings, 

implications, limitations, and possibilities for future research but only a relevant discussion of 

the primary points regarding the research questions raised in Chapter 1. This thesis contains 

research that provides progress into understanding the roles of intelligence and time spent 

studying for students at the very beginning of their undergraduate college career. Perhaps this 

study will both inspire more research and provide support for good education policy. 
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