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Introduction 

 Research on the utility of student evaluations to 

measure teaching effectiveness of university professors 

could be the largest body of work conducted on pedagogy in 

the academe (Cashin, 1995).  According to Wachtel (1998) in 

his brief review of the literature, there has been nearly 

80 years of research on the usefulness of student ratings 

of professors.   

One of the most recent studies was conducted by Magel 

and McIntyre (2008).  Students, faculty members and 

university administrators were asked to rank order what 

they thought was the most important use of student 

evaluation data.  They were given four choices; 1) 

improvement of teaching by the instructor, 2) salary, 

promotion and tenure decisions, 3) course improvement, 4) 

releasing the information to other students.  The 

researchers found that students thought that teacher 

improvement was the most important use of evaluation data 

followed by improving course content, making information 

available to students and lastly, salary, promotion and 

tenure.  While faculty and administrators agreed with 

students on the first two purposes of student ratings, they 

regarded personnel decisions a more valid use of student 

evaluation data; more important than making that data 
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widely available to other students.  Even though this study 

seems to discount a common fear of faculty that personnel 

decisions are the most predominant reason administrations 

collect student evaluation data, it does point out that 

university employees are likely to make use of the student 

data when making difficult decisions regarding personnel.   

 The concern of many faculty that student evaluations 

are leverage tools for administrators making tenure and 

promotion decisions appears to have taken root during the 

economic downturn and budget problems of 2009-2010.  In 

Texas, the Texas A&M system followed the lead of schools in 

Oklahoma by offering salary bonuses to the professors with 

the highest student ratings (Mangan, 2009).  Even though 

this program was strictly an incentive device, and not 

punitive, the Texas faculty senate association was 

concerned that this policy would lead to punitive 

administration decisions during times when funding at 

universities was in decline (2009).  Evidence of funding 

concerns were realized in many universities during the 

2009-2010 school year as state budgets tightened.  During 

difficult economic times, may universities face difficult 

decisions including decreasing faculty.  At Washington 

State University the theatre and dance departments were 
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completely eliminated after across the board cuts were 

implemented in 2007-2008 and 2008-2009 (Wilson, 2009).   

Other programs around the country were cut because of 

lack of student interest (2009).  Therefore, it stands to 

reason that if student interest or opinions are 

considerations for eliminating entire programs of study, 

those same student opinions of individual faculty could be 

used to eliminate faculty members from university payrolls. 

However, scholars such as Chandler (1978) warn that 

student evaluations should not be the most heavily weighted 

evidence used in personnel decisions at universities 

because of the many variables involved in the makeup of 

student ratings of professors.  Other researchers have 

agreed that student ratings of professors should only be 

one measure of teaching effectiveness and advocate caution 

when using student ratings for summative personnel 

decisions (Cashin, 1995; Goldman, 1993; Seldin, 1993; 

Hobson & Talbot, 2001). Many confounding and contributing 

variables have been found to influence overall professor 

evaluations by students including the validity of the 

instrument and method of data collection, expected grade, 

class size, gender of the professor, expectations of the 

student, and course level.   
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Hills (1974) argued that if administrators use student 

ratings for purposes of pay and employment continuation, it 

would be reasonable that an instructor should be able to 

improve their student ratings ultimately reflecting an 

improvement in overall instruction and learning.  However, 

he found that a professor’s ability to significantly 

improve student ratings outcomes was not an easy task.  So, 

he contended, if an instructor cannot improve their overall 

rating it may not be fair to use those ratings when 

determining pay and promotion (1974).  Hills’ research 

however failed to recognize that it is possible that the 

lack of improved student ratings over time may be due to 

the professor not making formative changes in the classroom 

which would improve ratings.   

 In order to gain a better perspective about how 

employment decisions are made at universities and the 

overall impact that course evaluations may have on 

promotion and tenure, I conducted structured phone 

interviews of department chairs regarding the influence of 

student ratings in the process.  The interviews were 

approved by the Idaho State University Institutional Review 

Board.   
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Thirty universities with political science departments 

were randomly selected from across the United States.  The 

potential universities were selected from the Carnegie 

Foundation classification “Balanced arts and 

sciences/professions; some graduate coexistence” and 

consisted of 293 colleges and universities.  Each 

department chairperson was contacted by phone and asked to 

participate and then interviewed about the tenure/promotion 

process in his or her department. The interview also asked 

about how student ratings of professors were used in the 

consideration of faculty member employment decisions.  All 

responses were kept anonymous and no personally identifying 

information was collected from the respondent.  

A script describing the research and asking for 

consent was read to each participant (see Appendix B).  

Participation in the interview was considered implied 

consent. 

 Eleven interviews were conducted from the 30 

universities randomly selected (36% response rate).  

Because the sample was taken from the Carnegie 

classification “Balanced Arts and Sciences” nearly all of 

the universities that responded to the interview were 

teaching focused colleges (91%).  As a result, these 
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universities’ tenure and promotion process highest priority 

was teaching.  As such, student evaluations were very 

important in the personnel decisions at these institutions. 

In most cases, chairs of political science departments 

indicated that student evaluations were a valid measure of 

teaching performance (73%).  However, most respondents 

attached a caveat to their answer.  One respondent 

expressed well what many others discussed.  “[Student 

evaluations] are best at showing who the really bad apples 

are but they are not good at making fine distinctions 

between professors.”  Another chair expressed similar 

sentiments; “If you are a complete dud, or a complete star, 

student evaluations will show it”.  In essence, most 

department chairs thought that student evaluations were 

good indicators of teaching, but they need to be 

supplemented with other information in order to make 

distinctions between good teaching and average teaching.   

Faculty tended to agree with department chairs as 

well.  When asked whether their faculty members thought 

that student evaluations are valuable, department chairs 

most often responded that their staff generally considered 

them valuable (64%).  There was some discussion that 

faculty who get low scores discount the value of student 

evaluations while others who score high tend to think that 
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evaluations are the only valuable measure.  In any case, 

all department chairs indicated that student evaluation 

data are only one assessment tool when evaluating competent 

teaching.  

Just less than half (45%) of department chairs paid 

closest attention to the overall instructor score.  Others 

were concerned with “whether the faculty was well prepared 

for class” or “whether the student would recommend this 

course to a fellow student”.  Another department chair 

indicated that evaluations at their school were optional 

and he only paid attention if the professor was never 

evaluated. 

 The most concerning variable for department chairs was 

negative written comments.  In a majority of the cases 

(55%) department chairs look for problems with their 

faculty in the written comments.  Their concerns focus 

mainly on whether the professor is shirking 

responsibilities, using the course as a “bully pulpit” or 

generally any consistent pattern of unprofessionalism in 

the classroom.   

One respondent of the interviews mentioned, “repeated 

comments that faculty are shirking their responsibilities 

is concerning but I am not concerned about students who 

think a teacher is tough.  In my opinion, faculty that are 
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not making students uncomfortable are not doing their job.”   

Another department chair mentioned “If you get evaluation 

results that show students who did well in class but were 

disenchanted with what went on-that would be a problem.  

Classroom environment questions occasionally provide 

information that a colleague is not doing well.”  These 

responses provided some qualitative evidence that student 

evaluations and the tenure process are complicated and 

require more information than simple survey numbers. 

This information is helpful because even in 

universities where teaching is the most important factor 

for personnel decisions, student evaluations are considered 

only part of the complete picture of teaching competence.  

However, the variables in the student evaluation that are 

used most consistently remain to be the overall scores 

followed by written comments. 

Purpose of Research 

Unfortunately, while there has been considerable 

correlational research on singular or categorical variables 

that may influence overall scores on student ratings, there 

has yet to be a thorough predictive model designed for the 

purpose of assisting professors and administrators with the 

task of improving individual student ratings and ultimately 

course instruction.   
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This research set out to create a multifaceted 

predictive model so that professors can focus their efforts 

on improving components or characteristics of a course in 

order to enhance teaching effectiveness and ultimately 

overall student ratings.    

Research Questions 

This research answered the following questions: 1) 

Which variables best predict the overall student ratings of 

professors? 2) Which variables best predict the overall 

student ratings of courses? and 3) What can a professor do 

to improve his or her student ratings?  
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Literature Review 

 Today, nearly all universities make use of student 

evaluation data in some manner (Magel & McIntyre, 2008; 

Seldin, 1993).  However, not all universities use the same 

instrumentation, methodology or incentives in collecting 

data.  This methodological variation leaves room for 

significant variation in results, usefulness and validity. 

 A review of the literature found four common areas of 

research about student evaluations: validity and 

reliability studies, effect of grading on student ratings, 

characteristics of the course and characteristics of the 

professor. 

Validity and Reliability Studies 

 The validity of student ratings of university 

professor teaching is well established, although not 

entirely without controversy (Marsh, 2007; Wachtel, 1998; 

Cohen, 1981; McKeachie, 1979; McKeachie, Lin & Mann, 1971; 

Costin, Greenough, & Menges, 1971).  During the last 70 

years, hundreds of studies have been conducted to establish 

the validity and usefulness of student ratings in the 

evaluation of teaching performance (Wachtel, 1998; Cashin, 

1995).  While some early articles lacked rigorous 

methodology, the preponderance of the data suggests that 
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students are adept at evaluating the teaching abilities of 

professors.   

 Cohen (1981) found strong evidence of the validity of 

student evaluations.  His meta-analysis of 41 separate 

validity studies showed a high degree of correlation 

between student achievement and instructor rating even when 

the study controlled for variables like expected grade. 

 However, Dowell and Neal (1982) disagreed that the 

evidence was clear.  They claim that while there has been 

extensive research on the validity of student ratings, the 

researchers frequently implement validity study designs 

inappropriately.  In order for student ratings to be an 

accurate measure of student learning, the student ratings 

should reflect some measureable learning outcome.  While 

most validity studies reviewed by Dowell and Neal measured 

student learning with a standardized test, the study 

compared the average test score and the average student 

evaluation across separate sections of courses.  A better 

method would have been to compare individual student scores 

with their respective student ratings.  However, this is 

nearly impossible considering that nearly all student 

evaluations are conducted with anonymity.  This (and other) 

methodological flaws, according to Dowell and Neal “can be 
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seen as yielding unimpressive estimates of the validity of 

student ratings” (1982, p. 59). 

Student ratings are not just a popularity contest or 

an impulsive emotional reaction to personality.  The 

ratings themselves are a valid way to measure student 

learning (McKeachie, Lin & Mann, 1971). Centra (1977) found 

a strong and significant correlation between student 

performance and global student ratings of the professor.  

Other researchers agree with Centra.  In their study of 

introductory psychology students, McKeachie, Lin, and Mann 

(1971) found that student outcomes on a standardized 

analytical test were positively associated with the 

student’s assessment of the skill of the instructor, 

feedback provided by the instructor, high interaction 

between the student and teacher and “warmth” or a positive 

rapport between teacher and student.  These positive 

evaluations of the instructor validated the idea that 

highly rated professors also achieve high levels of student 

learning. 

Measuring whether student ratings actually indicate 

effective teaching is a difficult matter.  Marsh and Roche 

(1997) pointed out that there is no single criterion for 

effective teaching therefore it is difficult to identify 

outcome variables that equal “effective teaching.”  
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While many studies relied on student performance on a 

standardized test as the criteria for effective teaching, 

Marsh and Roche claimed that this is not the only way to 

measure student achievement.  Their research showed that 

the nine factor Student Evaluation of Educational Quality 

(SEEQ) instrument was highly valid and allows the 

instructor to examine more than an overall or global rating 

of teaching effectiveness.  These nine factors include 

Learning/Value, Instructor Enthusiasm, 

Organization/Clarity, Group Interaction, Individual 

Rapport, Breadth of Coverage, Examinations/Grading, 

Assignments/Readings, and Workload/Difficulty (1997).  

These nine factors were measured separately in the student 

evaluation and attempted to measure the student’s 

perception of many learning objectives.  These categories 

were then analyzed against a global rating like “Overall, 

how would you rate this course”.  This method allowed 

researchers to measure multiple dimensions of learning and 

validated the global measure commonly used in student 

ratings of professors (Marsh, 2007). 

Critics of Marsh claimed that a multidimensional 

analysis of student ratings was unnecessary and potentially 

invalid (Abrami, 1989).  As the most outspoken critic of 

the use of multidimensional student ratings, Abrami claimed 
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that only one of the nine dimensions described by Marsh in 

the SEEQ method correlates with student learning better 

than the overall measures (or unidimensional approach) 

available in most student ratings.  By using the lower 

correlative measures of teaching, Abrami claimed, in 

summative decision making, administrators may make unwise 

personnel decisions because of an inability to understand 

the weighting (or variation) inherent in the 

multidimensional approach (1989).  Other researchers 

supported Abrami’s thesis.     

 Even if an instrument measures teaching effectiveness 

with strong statistical internal validity, it does not 

prove that the users of the instrument are actually capable 

of discerning good teaching from bad teaching.  Researchers 

have found that students and faculty members have different 

views on the value of student ratings (Sojka, Gupta & 

Deeter-Schmelz, 2002).  Faculty members believe that 

students rate easier professors higher and that student 

evaluations encourage professors to be more lenient on 

grades.  The students disagree with this assessment of 

their ability to discern quality teaching (2002). 

One of the most commonly cited and referenced 

phenomena in support of the argument that students are not 

always capable of evaluating teaching is the “Dr. Fox 
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effect.” Students who were entertained by a lecturer that 

did not present any informative content frequently rated 

the experience higher than when a lecturer was not 

entertaining but presented substantive information (Ware & 

Williams, 1975).  However, the Dr. Fox effect was less 

substantial when tested empirically across multiple 

sections comparing student learning with student ratings 

(1975).  It is also interesting to note that the Dr. Fox 

experiments were usually only single exposure events.  It 

is difficult to extrapolate the results from a singular 

event to discredit the validity of student ratings taken at 

the end of a university course consisting of up to 80 hours 

of instruction.  The two methods are just not similar 

enough to nullify the external validity of student 

evaluations.   

In one of the most comprehensive reviews of the last 

70 years of research data, Aleamoni (1999) pointed out that 

the external validity of student evaluation data had been 

clearly established.  He stressed that extensive 

correlational studies have shown that students are able to 

determine good teaching from poor teaching.  Further the 

ratings of students correlate highly with multiple types of 

learning outcomes; in some cases the correlational 

coefficient was as high as r=0.89.  Correlational 
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coefficients measure the direct relationship between two 

variables.  When these coefficients approach r=1.0, it 

indicates a perfect relationship, r values closer to 0 

indicate no relationship between the two measured 

variables, thus a r=0.89 would reflect a nearly absolute 

relationship between student learning and student ratings 

of professors.  

 Considering the idea that students are accurate gauges 

of teaching ability leads to new problems in the use of the 

student evaluations.  Cashin (1992) pointed out that the 

valid use of student ratings data was contingent on having 

comparative data.  He claimed that because of the wide 

variability in student ratings data, and the multivariate 

nature of the ratings themselves, it was necessary to have 

comparable data sets within universities, disciplines and 

across campuses which can be used to place an individual 

instructor’s student evaluation scores into perspective.  

Seldin (1993) agreed that ratings of a professor in one 

discipline should not be compared to a professor in a 

different discipline.   

While a singular comparison data set is not a panacea 

to the problem of student ratings usefulness in teaching 

improvement or personnel management, the benchmarking 

process allows the academe to identify rating inflation, 
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item variation, and biases evident in each institution’s 

system.  Without the comparison information Cashin claimed 

the information obtained from student ratings becomes 

meaningless and potentially unjust (1992). 

Effect of Grades on Evaluations 

 Even with mounds of historical evidence some 

researchers are convinced that student evaluations of 

professors are not valuable. In a landmark paper, Feldman 

(1976) summarized the available research on the potential 

bias of grading and student evaluations.  According to 

Feldman, studies conducted until the early 1970’s either 

discounted the bias in student ratings due to the expected 

grade of the student or concluded that there was weak 

correlation between what a student expects their grade to 

be and their assessment of the professor or course as a 

whole.  His assessment of the body of research up to that 

point was different.  When evaluating the effect of 

expected grade on overall evaluation of an instructor, 

Feldman believed the research should be conducted using 

individual instead of grouped data.  In the scores of 

research studies conducted at the individual level, Feldman 

found that nearly all of the studies had a positive 

association (r=0.10 - 0.44) between expected (or actual) 

grade and overall rating of the instructor or course 
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(1976).  He pointed out that while individual researchers 

may have found low levels of correlation between the two 

variables, the repeated findings indicated a stronger 

relationship.  It is also interesting that nearly all of 

the correlational coefficients were statistically 

significant.  Taken separately, each item of research could 

be discounted for methodology, factorial variance, or 

confounding item potential, but when examining the body of 

literature as a whole the trend was clearly evident that 

the grade a student expects from a course may influence how 

that student rates a professor or course. 

 Feldman (1976) further strengthened his argument by 

identifying a body of literature with similar results to 

the individual level of analysis studies, however, the 

second set of studies were conducted at the group level of 

analysis. 

 Feldman was only one advocate of the hypothesis that 

grades affect student ratings of instructors.  More recent 

studies have confirmed the association between student 

grades and ratings of professors (Goldberg & Callahan, 

1991; Krautmann & Sander, 1996; Wilson, 1998; Ellis, Burke, 

Lomire & McCormack, 2003; and Isely & Singh, 2005).  

Researchers have claimed that this may be the most 

important factor to assess in student evaluations.  If 
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professors can improve their overall student ratings by 

simply increasing grades, then professors could “buy” 

better evaluations simply by grading more leniently.  When 

considering the increased use of student evaluations in the 

promotion and tenure process it is easy to see that grade 

inflation bias of student ratings should be a concern for 

the academe.  These findings also place in jeopardy the 

conclusion that student ratings are simply a measure of 

teaching ability. 

Perhaps the most referenced paper on the subject of 

student grades and evaluations of professors is a study 

performed by economics professors Krautmann and Sander 

(1996).  They conducted a regression analysis of expected 

grades and their impact on student ratings and found that 

professors could increase their student ratings score 

nearly one standard deviation by increasing the class grade 

average by one GPA point (or a C to a B average in the 

class).  Despite their strength and popularity, Krauthmann 

and Sander’s findings were not novel.  Brandenburg, Slinde 

and Batista (1977) found that up to 25% of the variance in 

student ratings was due to expected grade and whether the 

class was an elective or not. 

Other researchers have confirmed this bias.  While 

analyzing 5,878 graduate and undergraduate evaluations, 
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DuCette & Kenney (1982), found that grade induced bias 

effected student ratings of professors.  This effect was 

most noted when courses were required instead of elective.  

However, they found that expected grade was only slightly 

correlated with teacher and course effectiveness scores. 

More recent research by Greenwald (1997) further 

supported the claim that grades influence ratings.  His 

analysis of a number of studies showed that grade inflation 

increased student ratings.  He further strengthened his 

argument by pointing out that while critics of the grade 

inflation hypothesis are numerous, none have ever produced 

hierarchical research evidence to dispute the finding. 

One area of analysis that should be considered more 

fully when studying the effect of grading on global 

performance of professors is the potentially confounding 

relationship of expected grade and learning.  It stands to 

reason that a student who learns more would expect a higher 

grade.  The literature already established that higher 

learning is correlated with higher professor ratings, so 

research should try to identify if higher expected grade is 

a contributory or confounding variable to overall student 

learning.  Seiver (1983) was able to determine if grades 

influenced student evaluations or if student evaluations 

were a result of student grades (or achievement).  In his 
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two stage least squares analysis of expected grades and 

overall student ratings he found that expected grades do 

not influence the student’s opinion of a course but are a 

result of increased learning as represented by the global 

student ratings measurement, which as discussed previously, 

is a valid measure of student learning. 

Characteristics of the Course 

 Course characteristics have also been shown to 

influence the ratings of students.  These characteristics 

range from class size to discipline of study and introduce 

many potentially confounding variables into the analysis of 

student evaluations of professors (Feldman, 1978).  If 

administrators compared professor evaluations across 

disciplines and throughout campus without taking into 

consideration the variation in ratings due to variables 

outside the control of the professor, unjust conclusions 

could be made regarding teaching ability. 

 Perhaps the most prolific writer in the field of 

student evaluations conducted an exhaustive review of the 

research until the 1970’s and found evidence of many 

confounding variables (Feldman, 1978).  He highlights the 

trends in research that validate class size as a biasing 

variable.  Larger classes tend to have lower student 

ratings, although more complex analysis and studies with 
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larger sample sizes found a curvilinear relationship 

between class size and student ratings (as classes increase 

in size ratings go down until a critical point at which 

time more students in the class improve student ratings) 

(Feldman, 1978; Feldman, 1984).  Wood, Linsky and Straus 

(1974) conducted a significant and powerful study across 16 

campuses and found a definite curvilinear relationship 

between class size and student ratings.  

 The effect of class size is important only when 

comparing one professor’s evaluation scores with another’s.  

Administrators would be wise to consider and take into 

account the potential biasing effect that medium sized 

classes have on student evaluations.  Interestingly enough, 

medium sized classes (between 25 and 50 students) are 

frequently the most common course size on college campuses.  

While class size has shown to have some effect on student 

evaluations, another commonly argued variable, course 

level, does not seem to bias the results of student ratings 

as strongly (Feldman, 1978).   

 Feldman points out that while small statistical 

associations are seen between course levels and their 

students assessment of teaching ability, course level may 

not be the variable influencing the change.  Student 

maturity, grades expected by students in upper division 
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courses and interest and knowledge of the student in the 

subject matter all change in association with course level. 

 Cranton and Smith (1986) found considerable 

statistical significance between levels of course 

instruction (100, 200, 300, 400, and 600 level courses) and 

course average ratings of professors.  The most notable 

difference is between 200 level courses and others.  They 

pointed out that while their research showed a positive 

association between course level and student evaluations 

(and learning), the teaching process is very complex.  

Variance due to individual professors, departments of 

study, and student maturity all impacted the assessment 

that course level influences the overall ratings of 

professor effectiveness. 

 Classes that are required for graduation also seemed 

to have an effect on student ratings.  Elective classes are 

consistently rated higher than required courses (Feldman, 

1978; Aleamoni & Thomas 1980; Aleamoni, 1999).  While this 

seems logical because student interest in classes not 

required for a degree is likely to be higher than required 

courses, it is important to consider this biasing variable, 

especially when making personnel decisions.  Professors 

have little control over whether a course is required or 

elective.  Therefore, if a professor being considered for 
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tenure teaches required general education courses to 

freshman students their evaluation scores should not be 

equally compared to professors teaching elective upper 

division courses. 

 While the characteristics of a course seem to play a 

role in student ratings, in most cases professors cannot do 

anything about them.  It is important, therefore, to 

examine what variables professors can measurably impact. 

Characteristics of the Professor 

 If evaluations are used for summative purposes 

(personnel decisions) it is important that the instructor 

have the ability to improve, change or somehow influence 

the evaluation outcome.  Therefore it is critical that 

researchers consider the variables outside the control of 

the professor when analyzing student ratings.  Individual 

characteristics of a professor (gender, age or 

attractiveness) can influence overall student ratings and 

therefore should be carefully weighted or controlled. 

 Perhaps the most studied individual characteristic of 

professors is gender.  Gender bias may have an influence on 

overall student ratings, but it is unclear whether men or 

women gain an advantage (Aleamoni & Thomas, 1980; Hobson & 

Talbot, 2001).  Some research has indicated that gender of 

the professor is slightly correlated with overall professor 
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ratings while other studies have shown that little to no 

evidence exists to support a gender bias in student 

evaluations (Feldman, 1976; McKeachie, 1979; Cashin, 1995; 

Centra & Gaubatz, 2000; Theall & Franklin, 2001).   

 Some researchers think that gender bias in student 

evaluations is evident on many college campuses.  Basow and 

Silberg (1987) found significant differences in the way 

female professors were rated by male students compared to 

female students.  In a relatively large study (n > 1000) 

the researchers found that female professors were more 

likely to receive poor ratings by male students than their 

male counterparts (1987).  Male students also rated female 

professors lower than their fellow female students.  Basow 

and Silberg (1987) are not the only researchers who have 

established this finding.  Anderson and Miller (1997) 

presented anecdotal evidence that female professors were 

challenged more frequently in political science classes 

than their male counterparts and they were at greater risk 

of not receiving tenure and promotion as a result of the 

gender bias inherent in gender roles.  The discrepancy of 

the research findings leaves significant room for 

additional research into the question of whether gender of 

the professor influences student ratings.  Perhaps the most 

interesting avenue of future exploration in this area is 
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the effect of gender roles and the expectations of 

students. 

 Subjective assessments of the students about physical 

attractiveness of the professor should also be unrelated to 

student evaluations.  Physical attractiveness in no way 

influences teaching or learning, but some research has 

found strong relationships between increased student 

ratings and attractiveness (Ambady and Rosenthal, 1993; 

Felton, Mitchell, & Stinson, 2004; Riniolo et al, 2006).   

 Behavioral researchers Ambady and Rosenthal (1993) 

found that after just 30 seconds of a silent video clip 

participants rated attractive teachers higher than less 

attractive teachers.  In recent years technology has 

allowed researchers to analyze anonymous student feedback 

which includes perceived attractiveness (or sexiness) of a 

professor.  A website, www.ratemyprofessors.com, allows 

students to complete student ratings anonymously.  While 

these ratings are much less scientific, valid and proven 

then the evaluations given at individual universities the 

platform has allowed researchers the opportunity to 

evaluate a set of student opinions across campuses in the 

United States.   

 Felton, Mitchell and Stinson (2004) evaluated the 

student ratings of 3190 professors and found sexiness and 
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overall quality were highly correlated (r=.30; p= .000).  

In a similar study, researchers found an increase of 0.80 

on a 5 point scale in overall quality of attractive 

professors compared to a matched control group (Riniolo et 

al, 2006).  These results posit interesting questions for 

the validity of student evaluations.  If student ratings 

are significantly influenced by superficial, non-teaching 

related variables like physical attractiveness, how can 

overall student evaluations be considered a valid measure 

of student learning?   

While this research study will not consider specific 

traits of professors, it is worth noting that individual 

characteristics of professors may bias student ratings. 

Political science specific studies 

There is a surprising shortage of course evaluation 

literature in the major political science publications 

dedicated to teaching.  Kelly-Woessner & Woessner (2006) 

claimed that student evaluations were influenced by 

partisanship of the professor.  Their most interesting and 

significant finding was that the greater the difference 

between a student’s partisanship and the perceived 

professor’s partisanship, the lower the overall instructor 

score on the end of course evaluation.  However, the 
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Pearson coefficient for this correlation was small (r=-

.146, n=1333) despite being statistically significant. 

In his analysis of political science course 

evaluations, Snare (2000) proposed a solution to biased 

student evaluations.  He introduced a different 

questionnaire that focuses less on professor 

characteristics and instead assesses student performance in 

the learning process.  These characteristics included time 

spent outside of class in preparation for class, the 

student’s contributions to the learning environment, 

current course load of the student and whether the student 

was an active learner.  This type of instructional 

evaluation may have a considerable impact on how student 

evaluations are used in the employment decisions of 

professors.  With this information department chairs could 

place less emphasis on student perceptions of the 

instructor and more focus on student engagement in the 

learning process.  Currently, well over 80% (84% at 

bachelor granting institutions, 94% at masters granting 

institutions and 92% at doctoral granting universities) of 

department chairs indicated that student evaluations were 

significant indicators of effective teaching (Rothgeb & 

Burger, 2009). 
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Other articles published in political science 

education based journals tended to be opinion pieces.  This 

lack of a substantial literature in the political science 

field indicates a significant need for more dialogue on the 

use of student evaluation data.  

Conclusion 

Overall, while the literature on student evaluations 

is copious, common concepts emerge in the research.  First, 

student evaluations of teaching performance are valid, 

reliable and good measures of student learning.  Second, 

the expected grade of a student may be a serious and 

important confounding variable to the valid use of student 

ratings for summative (or personnel) purposes.  Third, 

there are variables that influence student ratings which 

can be controlled by the teacher and those that cannot.  

Understanding which variables are under the control of the 

professor can empower both faculty and administration in 

the process of interpreting student evaluation data.  This 

research will enable professors and their supervisors to 

evaluate the potential to improve overall student ratings 

by manipulating the variables under their control.    
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Methods 

 Student evaluations are conducted every semester for 

the first four years of all professors’ careers at Brigham 

Young University-Idaho and then every 3 years thereafter.  

All students in each course are given the opportunity to 

complete an evaluation of the course and the professor 

through a web-based survey system.  The evaluations are 

completed anonymously and are voluntary.  Some professors 

offer nominal extra credit points for completion of the 

evaluation and therefore the university research office 

provides a list of students who complete the evaluation for 

each section of a course.  This list is disassociated with 

the actual responses so that professors may offer 

completion incentives without knowing how each student has 

responded.   

In 2008 the university changed the course evaluation 

measurements to include data items that address student 

preparation and course architecture as well as the 

traditional measures in course evaluations (see appendix 

A). 

 Political science is combined with geography and 

history into one department at Brigham Young University-

Idaho and therefore the course evaluations data set is 

combined.  The department offers 59 courses, 22 of which 
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are listed as political science courses; 20 lower division 

(including 4 general education courses) and 42 upper 

division courses.  Four of the lower division and 17 of the 

upper division courses are taught by political science 

faculty.  There are multiple sections of each lower 

division and many upper division courses each semester.  As 

a result the department offers a total of 146 separate 

courses (sections) in an average semester.  There are 23 

faculty members in the department of which nine teach 

political science courses. 

Procedures 

 I queried all of the student evaluations for the 

history, geography, and political science department from 

fall semester 2008 until summer semester 2010 (n=7365).  I 

excluded all continuing education courses and courses that 

were taught online.  This data set formed the basis of my 

analysis.  I then added a variable to the data to determine 

if a course was upper division or lower division and 

another variable to distinguish general education courses 

from courses offered for a major or as an elective.  

Because these data were already collected for institutional 

research purposes, and because the data were collected 
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anonymously no additional human subjects review was 

necessary for this portion of the study. 

Analysis of Data 

The purpose of this research was to determine which 

independent variables best predict the overall professor 

evaluation measure in student ratings.  In order to 

accomplish this, a number of multiple regression models 

were created to predict which individual variables predict 

and explain how students rate them overall or the course as 

a whole.  Multiple regression models can help researchers 

predict a particular outcome (in this case overall 

instructor or course rating and student learning) given 

various values of input (or independent) variables (Kuzma, 

1984; Bowling & Ebrahim, 2006).  The benefit of a multiple 

regression model is that the researcher can also account 

for the amount of variability in the final outcome.  Some 

researchers think that using a regression model with 

ordinal data is not appropriate and that statistical 

corrections must be made to models involving categorical 

data (McCullagh, 1980).  However, despite this concern, I 

believe that using multiple regression analysis with 

ordinal student evaluation data was useful for this study 

for four reasons: 1) Student evaluation data using a seven 
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point Likert scale is not treated by those who use the data 

as discrete categories, rather they use the scores as they 

would continuous data; 2) The nature of a seven point 

Likert scale approximates a truly interval measurement and 

the power of multiple regression analysis in combination 

with the large sample size should eliminate potential for 

inferential distortion (Bollen & Barb, 1981); 3) If 

professors desire to influence their student ratings in a 

predicable way, the true value of the multiple regression 

analysis in this study is in the size of the beta 

coefficient and not necessarily in the R
2
 value; 4) ordinal 

regression analysis was conducted on a number of test 

models to identify variation in the predictive power 

defined by the R
2
 in multiple regression and the pseudo R

2
 

of the ordinal regression and there was very little 

difference between the values (Adj R
2
 = 0.863 , pseudo 

R
2
=0.732) .  Therefore, multiple regression analysis is the 

best and most valuable tool in this case. 

 Correlational coefficients were computed for the 

entire data set to establish which variables may be closely 

associated to ensure that two highly correlated variables 

were not both included as independent variables in 

potential regression models.  This process ensured that 
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confounding causal variables did not unduly influence the 

final model (Bowling & Ebrahim, 2006). 
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Results 

Descriptive Statistics 

 I used Predictive Analytics SoftWare (PASW) release 18 

(previously known as SPSS) for all the quantitative 

analysis in this study (IBM Corporation, 2010).  The data 

was collected through an electronic survey and stored in a 

database containing all data from the university assessment 

program.  The specified data set was then exported to an 

excel spreadsheet and subsequently into PASW. 

The data set consisted of 7365 student responses over 

a period of six semesters.  Fifty three percent of the 

respondents were female.  The data were heavily skewed 

towards first year students consisting of 49.7% freshmen, 

19.7% sophomores, 15.8% juniors and 14.8% seniors.  The 

majority of respondents were taking classes for general 

education requirements (54%) while 30.1% were taking 

courses for their major and another 8% for minor 

requirements.  About one out of five of the courses 

evaluated were classified as upper division (20.1%).  

Nearly 22% of the course evaluations were completed for 

political science courses. 

Regression Analysis 

The dependent variables for the regression models were 

overall instructor score, overall course score and question 
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S8 (The course as a whole has produced new knowledge, 

skills and awareness in me). 

The average scores on the dependent variables were 

consistently skewed to the right; overall instructor score 

averaged 5.68 on a scale from 1-7 (sd = 1.47), the mean 

overall course score on the same scale was 5.23 (sd = 

1.53), and S8 averaged 5.86 (sd = 1.26) on a scale from 1-

7.  

 Many of the individual question responses were highly 

correlated with one another and because of the large sample 

size all variable correlations were statistically 

significant.  Therefore instead of eliminating variables 

from the process, I examined independent variables based on 

the size of their beta coefficient in relation to the 

dependent variable.  This allowed all variables to be 

included in the analysis and accounted for the variable 

influence each potential independent variable would have on 

the resulting overall rating. 

Overall Instructor Score Model 

I conducted an analysis that included all survey 

questions as independent variables and the overall 

instructor score as the dependent variable.  The model 

accounted for 74% (Adj R
2
 = .739; SE= 0.685) of the variance 

in individual responses for the overall instructor 
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evaluation.  However, the overall model included many 

variables that were not statistically significant and the 

beta coefficients for each of the variables was so varied 

that the model was rendered useless for a professor trying 

to improve student rating scores.  Therefore, I subdivided 

the independent variables into categories that aligned with 

the literature.  I also created models from some of the 

individual independent variables that showed the largest t-

test scores in each analysis. 

Table 1 contains the variables and beta coefficients 

for a model that pairs professor characteristics with the 

instructor score.  The model accounted for 74.5% of the 

dependent variable variance and included all survey 

questions in the “instructor” portion of the course 

evaluation (See appendix A).   

Table 1   

Model 2- Multiple regression model accounting for professor 

characteristics in the overall instructor score 

 B SE B P 

Constant 0.013 0.083  

Professor type -0.042 0.015 0.005 

I1 0.140 0.015 0.000 

I2 0.163 0.014 0.000 
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I3 0.207 0.015 0.000 

I4 0.084 0.009 0.000 

I5 0.113 0.014 0.000 

I6 -0.052 0.012 0.000 

I7 0.336 0.012 0.000 

I8 0.004 0.012 0.737 

I9 -0.023 0.011 0.032 

I10 0.035 0.015 0.018 

I11 0.005 0.015 0.741 

Notes: ADJ R
2
 = 0.745 

 

Consistent with research on student ratings of instructors, 

I constructed a model to evaluate the effect of course 

characteristics on instructor ratings as well.  A 

predictive model including whether the course was upper or 

lower division, the amount of time spent by the student 

outside of class in preparation, and each of the survey 

questions relating directly to the course (C1-C9) accounted 

for less of the variance in instructor scores (ADJ R
2
= 

0.589) Table 2 presents the findings for this model (Model 

3). 
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Table 2  

Model 3 - Multiple regression model accounting for course 

characteristics in the overall instructor score 

 B SE B P 

Constant 0.427 0.70  

Upper or Lower 0.164 0.029 0.000 

Prep time 0.009 0.007 0.183 

C1 0.082 0.019 0.000 

C2 0.206 0.019 0.000 

C3 0.055 0.019 0.004 

C4 0.029 0.015 0.056 

C5 0.165 0.01 0.000 

C6 0.179 0.018 0.000 

C7 0.002 0.016 0.910 

C8 0.008 0.013 0.524 

C9 0.116 0.015 0.000 

Notes: ADJ R
2
 = .589 

Model 3A - Instructor evaluation score = 

0.747(constant) +(0.311*C2) +(0.176*C5) +(0.233*C6) 

+(0.161*C9) 

 

 I refined Model 3 slightly and evaluated the effect of 

the four variables with the largest coefficients and found 
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a nearly identical R

2
 value (ADJ R

2
=0.585).  Model 3a 

reflects these different coefficients. 

 One of the unique attributes of this data set was that 

the university course evaluation process asked the students 

questions about their own performance in class similar to 

the evaluation proposed by Snare (2000).  This helped 

extrapolate the potential effect student characteristics 

have on course evaluations.  The questions included class 

rank, expected grade, class attendance, if the student 

believed that they were prepared for each class, arrived on 

time, participated in activities and so forth (a complete 

list is found in Appendix A).  A regression model was 

prepared including each of the student performance 

questions, their GPA, class attendance, and expected grade 

for the course.  Interestingly, the entire model only 

accounted for 36% of the variation in the overall 

instructor score each student gave on the evaluation.  Five 

of the 12 variables in the model had no statistical 

significance in the model and three of the remaining 

variables provided a negative coefficient.  In essence, if 

the student granted themselves a higher score on the 

questions “I worked hard to meet the requirements of the 

course,” “I feel that I made important contributions to the 

learning and growth of fellow classmates” or had a higher 
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GPA, then the student gave a lower rating to the professor 

overall.  It is apparent from this model that students 

experience an internal dissonance between their 

contribution to learning and their perception of the role 

of the professor. 

 One other unique characteristic about the evaluations 

at this university was the use of combined or “composite” 

scores.  These composite scores added the ranking of a 

number of separate questions that relate to one another and 

then divide that sum by the total score possible (high 

score of 7 multiplied by each question).  This process 

translates the ordinal data from each question into a 

continuous proportion variable.  These composite scores try 

to determine how well a professor is doing on course 

architecture (assignments, course materials and course 

organization), course outcomes (expectations and 

assignments were clear and practical) and student 

preparation (objective self report of effort put forth by 

the student).  A regression analysis was conducted on each 

of these composite scores.  Models 4-6 in Table 3 present 

these findings. 
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Table 3  

Regression models using composite scores to predict overall 

instructor score 

 Model variables B SE B P 

Model 4*     

 Constant 0.461 0.051 0.000 

 Architecture 

composite (C2, 

C4, C6 and I2 

divided by 28) 

6.418 0.061 0.000 

Model 5**     

 Constant 1.093 0.052 0.000 

 Outcomes 

composite (C1, C3 

and C5 divided by 

21) 

5.701 0.062 0.000 

Model 6***     

 Constant 1.606 0.105 0.000 

 Preparation 

composite (S1, 

S2, S5 and I9 

divided by 28) 

4.863 0.123 0.000 

* ADJ R
2
 = .613 

** ADJ R
2
 = .537 
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*** ADJ R

2
 = .178 

 

While these regression analyses are interesting and 

informative, they are a bit cumbersome for a typical 

faculty member to manage.  It is difficult to change every 

aspect of a course and even more difficult to change every 

characteristic of a professor.  With the complexity of 

these regressions in mind (the numbers of variables that 

would need to be manipulated to improve overall instructor 

scores), I wanted to find a few variables that may be able 

to positively impact instructor scores by themselves.  I 

chose the variables that had the largest coefficient values 

and the largest t-test scores in the models above.  I then 

conducted the analysis on each variable separately.  The 

analysis showed that I7 (the instructor motivated me by 

his/her enthusiasm to want to learn about the subject) had 

nearly the same impact (ADJ R
2
 = .631) on instructor score 

independently as a model containing every possible 

variable.  The variables I3 (When given examples and 

explanations were clear) and I2 (The instructor made good 

use of class time) also accounted highly for the variation 

in the dependent variable (ADJ R
2
 = .613 and .569 

respectively).  Not only do these models account for much 

of the variation in instructor scores, the coefficients are 
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also very high indicating that increasing one of these 

factors by just 1 point, could increase the overall 

instructor score by nearly 1 point as well (See Table 4). 

Table 4  

Regression models for 3 separate independent variables 

effect on overall instructor score 

 Model variables B SE B P 

Model 7*     

 Constant 1.181 0.042 0.000 

 I7 0.786 0.007 0.000 

Model 8**     

 Constant 0.798 0.047 0.000 

 I3 0.843 0.008 0.000 

Model 9***     

 Constant 1.007 0.049 0.000 

 I2 0.803 0.008 0.000 

* ADJ R
2
 = .631 

** ADJ R
2
 =  .613 

*** ADJ R
2
 = .569 

 

 Perhaps the most interesting finding of the study was 

the lack of influence that expected grade had on overall 

instructor score.  The grade a student expected only 

accounted for 5.6% (Adj R
2
 =0.056 SE = 1.430) of the 
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variance in overall instructor score.  The student’s 

current GPA provided even less predictive power, accounting 

for only 0.3% of the variance in overall instructor score.    

Overall Course Score Model 

Overall course scores are more complex than instructor 

scores.  Influences on course scores may include factors or 

variables not measured by other questions on the 

evaluation.  Only 67% of the variance (Adj R
2
 = 0.672, SE= 

0.825) in course evaluation score can be accounted for by 

using all other questions on the course evaluation as 

independent variables. As with overall instructor score, 

the model was not very useful for the professor trying to 

improve teaching because of all the variables involved and 

the inclusion of the ones that are not significant.  

Instead, a regression was developed with the questions in 

the course section of the evaluation.  This model accounted 

for 61.4% of the variance in overall course score (Adj R
2
 = 

0.614, SE= 0.932).  Model 10 in Table 5 presents the 

coefficients for these results.   
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Table 5   

Model 10- Multiple regression model describing the effect 

of course variables on the overall course score 

 B SE B p 

Constant -0.123 0.061  

C1 0.148 0.019 0.000 

C2 0.156 0.019 0.000 

C3 -0.060 0.019 0.002 

C4 0.121 0.015 0.000 

C5 0.153 0.014 0.000 

C6 0.261 0.018 0.000 

C7 0.028 0.016 0.076 

C8 0.092 0.013 0.000 

C9 0.060 0.015 0.000 

Notes: ADJ R
2
 = 0.614 

 

 The variable with the largest beta coefficient was C6 

(Class assignments contributed to my learning and growth).  

However, four other variables, C1, C2, C4 and C5 also 

contained large coefficients and may significantly 

contribute to the overall course score. 

 To determine the extent to which instructor 

characteristics may account for overall course score on 

student evaluations, a regression model was created using 
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all of the instructor specific questions.  This model 

accounted for 60% of the variance in overall course score 

(Adj R
2
= 0.600, SE= 0.955).  The coefficients for the model 

can be found in Table 6 (Model 11). 

Table 6  

Model 11- Multiple regression model accounting for 

professor characteristics in the overall course score 

 B SE B P 

Constant -0.141 0.083  

I1 0.149 0.020 0.000 

I2 0.177 0.019 0.000 

I3 0.199 0.020 0.000 

I4 0.116 0.012 0.000 

I5 -0.069 0.018 0.000 

I6 -0.039 0.016 0.017 

I7 0.295 0.017 0.000 

I8 -0.022 0.015 0.156 

I9 0.036 0.014 0.012 

I10 0.029 0.020 0.146 

I11 0.085 0.020 0.000 

Notes: ADJ R
2
 = 0.600 
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 Again the small coefficients for each variable and the 

sheer number of variables in the model make this prediction 

less useful than models with a small number of variables. 

 I also wanted to determine how the students’ self 

reported efforts in the course influenced overall course 

score.  All of the student characteristic questions on the 

evaluations were used as independent variables in a 

regression model to predict overall course score.  This 

model only accounted for 44.5% of the variance in overall 

course score (Adj R
2
=0.445, SE 1.110) (see table 7, Model 

12).  These results were similar to those found using 

overall instructor score as the dependent variable in the 

model and indicate that students may not consider their own 

performance in a course when evaluating it. 

Table 7 

Model 12 - Multiple regression model accounting for course 

characteristics in the overall instructor score 

 B SE B p 

Constant 0.527 0.097  

S1 0.107 0.016 0.000 

S2 -0.038 0.014 0.008 

S3 0.005 0.015 0.738 

S4 0.066 0.015 0.000 
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S5 -0.084 0.019 0.000 

S6 0.093 0.019 0.000 

S7 -0.025 0.016 0.121 

S8 0.706 0.014 0.000 

Notes: ADJ R
2
 = 0.445 

 

 The composite scores explained previously may also 

shed light on the overall course score. Because the course 

structure should have more to do with the overall course 

score, the architecture composite score should account for 

a large portion of overall course score on student 

evaluations.  The model using the architecture composite 

score as the single independent variable used to predict 

overall course score was able to generate an R
2
 as large as 

any of the previous models (Adj R
2
= 0.603, SE= 0.959) (Model 

13). 

Outcomes should also have considerable effect on the 

overall course score.  However, the model generated using 

outcomes as the independent variable did not explain as 

much of the variation in overall course score as other 

predictive models (Adj R
2
=0.530, SE = 1.047) (Model 14).   

As expected from the previous student characteristics 

model (Model 12), the preparation composite score provided 
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very little help when predicting overall course score (Adj 

R
2
= 0.207, SE= 1.359) (Model 15). 

Interestingly enough, there were some single 

variables, which alone, provided a great amount of 

predictive value.  Instructor question 7 (I7) states “The 

instructor motivated me by his/her enthusiasm to want to 

learn about the subject”, and accounted for 50.6% of the 

variation in overall course score (Adj R
2
= 0.506, SE= 

1.076).  Also, course specific question 6 (C6) states 

“Class assignments contributed to my learning and growth,” 

and accounted for 53.6% of the variance in overall course 

score (Adj R
2
= 0.536, SE= 1.041).  The beta coefficients for 

each of these individual variable regression models can be 

found in Table 8. 

Instructors may find these models useful because they 

will be able to focus on one component of their courses and 

in turn reap benefits from their efforts.   
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Table 8 

Regression models for individual independent variables 

effect on overall course score 

 Model variables B SE B P 

Model 13*     

 Constant -0.194 0.054  

 Architecture 

composite 

6.671 0.065 0.000 

Model 14**     

 Constant 0.480 0.055  

 Outcomes 

composite 

5.910 0.066 0.000 

Model 15***     

 Constant 0.643 0.108  

 Prepare composite 5.481 0.127 0.000 

Model 16
+
     

 Constant 1.034 0.051  

 I7 0.733 0.009 0.000 

Model 17
++
     

 Constant 0.873 0.050  

 C6 0.781 0.009 0.000 

* ADJ R
2
 = .603 

** ADJ R
2
 = .530 

*** ADJ R
2
 = .207 
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+ 
ADJ R

2
 = .506 

++ 
ADJ R

2
 = .536 

 

 It is again interesting to note that expected grade 

had little ability to predict overall course score (just as 

with overall instructor score) in this data set (Adj R
2
= 

0.049, SE = 1.495). 

 Course Produced New Knowledge 

 The ultimate objective in teaching is to increase 

knowledge.  While the overall instructor score and overall 

course score are frequently the variables used to determine 

if a professor is doing an adequate job, it is ultimately 

learning that should be measured.  In this course 

evaluation data set the question that approximates learning 

the best is the student’s self reported status on question 

S8; “The course as a whole has produced new knowledge, 

skills and awareness in me.”  For the final evaluation 

models of this study, this question was used as the 

dependent variable. 

 I ran a regression model using all of the other 

questions in the evaluation as independent variables and S8 

as the dependent variable and found that it was possible to 

predict self reported learning fairly well.  This model 

accounted for 63.8% of the variance found in question S8 
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(Adj R

2
= 0.638, SE= 0.701).  However, S8 became much less 

predictable as the model was reduced into more usable 

subsections and individual variables.  This apparent 

multicollinearity produced a significant effect on the 

dependent variable and therefore made student learning much 

more difficult to influence or predict by the professor.   

 I first analyzed the variables that describe professor 

characteristics found in the instructor section of the 

evaluation.  This model provided some predictability (Adj 

R
2
= 0.472, SE= 0.878; see table 9) but much less than the 

models trying to predict overall course score or overall 

instructor score.  Examination of both student (table 10) 

and course characteristics (table 11) indicated that 

neither of these models improved on the predictability of 

the dependent variable S8. 
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Table 9 

Model 18 - Multiple regression model accounting for 

instructor characteristics in question S8 

 B SE B P 

Constant 1.483 0.104  

Professor type 0.071 0.018 0.000 

I1 0.144 0.019 0.000 

I2 0.080 0.018 0.000 

I3 0.076 0.019 0.000 

I4 0.014 0.011 0.201 

I5 -0.090 0.017 0.000 

I6 -0.003 0.015 0.836 

I7 0.240 0.016 0.000 

I8 -0.012 0.014 0.387 

I9 0.049 0.013 0.000 

I10 0.073 0.018 0.000 

I11 0.147 0.019 0.000 

Notes: ADJ R
2
 = 0.472 
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Table 10 

Model 19 - Multiple regression model accounting for student 

characteristics in question S8 

 B SE B P 

Constant 1.087 0.144  

Prep time 0.001 0.007 0.911 

Class 

attendance 

0.006 0.002 0.000 

Expected grade 0.060 0.015 0.000 

Class type -0.040 0.011 0.000 

S1 0.051 0.015 0.001 

S2 0.046 0.013 0.000 

S3 -0.007 0.013 0.574 

S4 0.103 0.013 0.000 

S5 0.082 0.017 0.000 

S6 0.408 0.016 0.000 

S7 0.064 0.015 0.000 

Notes: ADJ R
2
 = 0.433 
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Table 11 

Model 20 - Multiple regression model accounting for course 

characteristics in question S8 

 B SE B P 

Constant 1.556 0.073  

Major 0.015 0.014 0.302 

Upper or lower 

division 

0.044 0.037 0.235 

Prep time 0.046 0.007 0.000 

Class type -0.005 0.015 0.728 

C1 0.139 0.020 0.000 

C2 0.041 0.019 0.033 

C3 -0.046 0.020 0.024 

C4 0.087 0.016 0.000 

C5 -0.021 0.014 0.153 

C6 0.311 0.018 0.000 

C7 0.087 0.016 0.000 

C8 0.032 0.014 0.021 

C9 0.077 0.016 0.000 

Notes: ADJ R
2
 = 0.485 

 

 Interestingly, time spent by the student in 

preparation for the course (Prep time) had an extremely low 

coefficient in the model, indicating that the students 
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believed that the time they spent outside of class was 

completely independent of how much they learned.  

 By examining the coefficients of the models above, I 

was able to identify a number of variables that could 

potentially have a significant impact on the dependent 

variable as individual independent variables in a single 

variable model.  These variables were S6 (I sought 

opportunities to reflect on what I had learned in the 

class), I7 (The instructor motivated me by his/her 

enthusiasm to want to learn about the subject) and C6 

(Class assignments contributed to my learning and growth).  

I also computed regression analyses on each of the three 

composite variables as I had done on the previous two 

dependent variable models.  Table 12 reflects these models 

21-26.  Unfortunately, these models also provided less 

predictability than was expected. 

 I also examined the effect expected grade had on 

student learning and again found no significant ability to 

explain variability in the dependent variable (ADJ R
2
= 

0.049, SE = 1.228). 

 

  



STUDENT EVALUATIONS  58 
 
 
Table 12 

Regression models for individual independent variables 

effect on question S8 

 Model variables B SE B P 

Model 21*     

 Constant 2.355 0.052  

 S6 0.635 0.009 0.000 

Model 22**     

 Constant 2.720 0.048  

 I7 0.545 0.008 0.000 

Model 23***     

 Constant 2.562 0.047  

 C6 0.586 0.008 0.000 

Model 24
+
     

 Constant 1.916 0.054  

 Architecture 

composite 

4.815 0.064 0.000 

Model 25
++
     

 Constant 2.552 0.053  

 Outcomes 

composite 

4.090 0.064 0.000 

Model 26
+++

     

 Constant 1.335 0.085  
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 Prepare composite 5.382 0.100 0.000 

* ADJ R
2
 = .398 

** ADJ R
2
 = .393 

*** ADJ R
2
 = .426 

+ 
ADJ R

2
 = .448 

++ 
ADJ R

2
 = .364 

+++ 
ADJ R

2
 = .290 

 

Validation of Quantitative Findings 

 I validated the most useful predictive models using a 

separate data set.  Student evaluations from two professors 

(one political science faculty and one other discipline) 

during the Fall 2010 semester were analyzed (n=210) to 

determine whether the dependent variables (instructor 

score, course score and question S8) calculated using the 

regression models were statistically different than the 

actual scores given by the students. 

 First, I calculated a model outcome variable using 

model 4 (instructor score influenced by the architecture 

composite score), model 5 (instructor score influenced by 

the outcomes architecture), model 7 (instructor score 

influenced by question I7 “The instructor motivated me by 

his/her enthusiasm to want to learn about the subject”), 

and model 8 (instructor score and question I3 “When given, 
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examples and explanations were clear”).  I repeated the 

procedure for each of the models with only one variable 

(models 13, 14, 16, 17, 22, 34 and 34). 

 I then conducted paired sample t-tests using the 

calculated variables and the actual overall dependent 

variables.  In this case I was interested in t-test results 

that were insignificant in order to determine that the 

calculated model outcome was the same as the reported 

variable on the course evaluations.  Only four models were 

statistically insignificant.  Three of the four models (7, 

16 and 22) were calculated using question I7 as the 

independent variable; “The instructor motivated me by 

his/her enthusiasm to want to learn about the subject”. 

 This validation provides sufficient evidence that 

question I7 is an accurate and valid predictor of 

instructor score, overall course score, and whether a 

student believes that they learned new information as a 

result of taking the course.  Therefore, if professors are 

able to improve the student’s perception of the 

instructor’s enthusiasm for the subject matter, they will 

reap rewards with higher student evaluation scores. 
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Conclusions 

 The research questions for this study have been 

specifically answered.  The findings suggests that 

professors are capable of improving their course evaluation 

scores by being more enthusiastic teachers.  Enthusiasm of 

a professor also impacts student’s self assessment of 

learning.  While other variables may also account for 

variation in student evaluations of professors, none have 

the same predictive value for a professor interested in 

improving both student learning and student evaluation 

scores.  An increase in professor’s enthusiasm for the 

subject can predictably improve overall instructor score, 

overall course score and student self reported learning.   

 Grades and student characteristics provide little 

influence on student ratings.  Students also seem to 

disassociate their expected grade and how much they learn 

in a course.  
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Discussion 

 The purpose of this study was to determine what 

factors contribute to the overall instructor and course 

ratings on student evaluations and how a professor can 

influence those scores.  The findings here indicate that a 

professor can reasonably expect improvements in his or her 

course evaluation scores by expressing enthusiasm for the 

subject matter.  According to this model, if a student 

rates a professor just one Likert category higher (from 

slightly agree to agree for instance) when considering 

enthusiasm for the subject, the professor can expect an 

overall rating nearly one point (on a scale from 1-7) 

higher than they previously received.  These findings hold 

true across multiple data sets which give some external 

validity to the results. 

 Despite the regression model’s ability to accurately 

predict overall scores on evaluations, this research did 

not explain how a student interprets the statement “The 

instructor motivated me by his/her enthusiasm to want to 

learn about the subject”.  Some could reasonably argue that 

this finding supports the hypothesis of the “Dr. Fox” 

experiments.  One interpretation of “enthusiasm” could be 

that a professor who is entertaining is likely to get high 

marks even if they do not teach new knowledge.  The results 
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from this study help refute that claim because enthusiasm 

is not only predictive of overall instructor and overall 

course scores, but enthusiasm of the instructor is also 

highly predictive of an increase in the student’s 

perception of their own learning.   

 A professor who does not believe they are capable of 

expressing their enthusiasm as well as others need not 

despair when reviewing this research.  While instructor 

enthusiasm appeared to be the most significant contributor 

to overall instructor and course scores, it was not the 

only factor to consider.  It is important to note that 

“Class assignments contributed to my learning and growth” 

was also an important predictor of overall course scores.  

The course design had a significant effect on overall 

scores as well. 

 One of the most common concerns of professors and the 

use of student evaluations as a performance indicator is 

the potential of bias due to grading standards.  The 

literature has been split regarding whether the expected 

grade of the student influences the instructor scores.  

This study supports the hypothesis that grades have 

relatively little effect on overall scores.  All three of 
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the dependent variables tested in this study are not 

influenced by expected grade. 

This study strengthens the argument that student 

evaluations are valid measures of teaching, however it does 

not address how a student arrives at the conclusion of 

whether a teacher is effective or not.  Because professor 

enthusiasm is a significant predictor of the student’s 

perception of learning, overall instructor score and 

overall course score, it is reasonable to claim that these 

three outcome variables are also related.  Further, since 

the model was validated mathematically using a separate 

data set, it can be concluded that the model should be 

applied in many settings with reasonable accuracy.  

Additional validation studies using composite data from 

multiple universities would also strengthen these claims.  

However, quantitative validation will not answer all 

concerns about the validity of student ratings.  Additional 

qualitative research should be conducted to understand how 

a student determines if a professor is enthusiastic.  If 

enthusiasm is defined by students only as entertaining and 

motivational, then it is possible that quality education is 

not accurately being assessed by student evaluations. 
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 There are a number of weaknesses in this study that 

should be considered.  Gliem and Gliem (2003) point out 

that using continuous data statistics on Likert scale 

ordinal data can be a mistake, especially if only 

considering one variable when assessing a characteristic.  

Student evaluations contain many measures of teaching 

effectiveness and so Gliem and Gliem’s conclusions may not 

apply here, even though we have condensed the data down to 

a single variable.  The adjusted R
2
 for these models were 

very close to one another whether you consider just one 

variable or a number of similar ones combined. 

 Another potential problem of the study is that the 

data come from a single, teaching focused university.  It 

is also from a single department.  While the validation 

measures considered teaching from departments other than 

history, geography and political science, further research 

with random evaluations from across campus could improve 

the model.  It is also important to note that a significant 

proportion of the evaluations came from lower division 

students in general education courses.  It is possible that 

these models will not provide as much predictive power for 

upper division courses or courses specifically for majors 

in a discipline.  It is important for other researchers to 
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apply this regression model to their evaluation data to see 

if it holds true. 

 Finally, because each instructor is not evaluated each 

semester in each class, there is potential for 

unintentional selection bias in the data.  The very large 

data set in this study should help improve the power of 

this study and eliminate selection bias, however, a data 

set including a purely random selection of instructors 

would be more explanatory. 

 This research should provide adequate information for 

professors to predictably improve their student evaluation 

scores.  Teachers should love what they do and let their 

students understand how passionate they are about a 

subject.  The enthusiasm becomes contagious and the 

students gain intrinsic motivation to learn more about the 

topic, thus increasing knowledge of a particular subject.   
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Appendix A 

Brigham Young University-Idaho End of Course Evaluations 

Items about your (the student’s) performance in this class 

(7 point Likert scale from strongly disagree to very 

strongly agree) 

S1.  I was prepared for each class 

S2.  I arrived at class on time 

S3.  I was an active participant in online or face-to-

face class discussions 

S4.  I sought opportunities to share my learning with 

others outside of class 

S5.  I worked hard to meet the requirements of this class 

S6.  I sought opportunities to reflect on what I had 

learned in the class 

S7.  I feel that I made important contributions to the 

learning and growth of fellow classmates 

S8.  The course as a whole has produced new knowledge, 

skills and awareness in me 

Items about the course (7 point Likert scale as above) 

C1.  Course objectives were clear 

C2.  Course was well-organized 

C3.  Student responsibilities and expectations were 

clearly defined 
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C4.  Instructional resources-textbook(s), course 

guide(s), online material, etc-were useful and helped me 

to achieve course objectives 

C5.  Assessment activities-exams, quizzes, papers, hand-

on demonstrations, presentation, etc.-accurately and 

fairly measured the knowledge and abilities I acquired 

from the course 

C6.  Class assignments contributed to my learning and 

growth 

C7.  The course provided opportunities to learn from and 

teach other students 

C8.  Group work, if assigned was beneficial and 

meaningful 

C9.  Students were actively involved in this class 

through discussions, group work, and teaching 

Items about the instructor (7 point Likert scale as above) 

I1.  The instructor effectively modeled problem solving 

and application of subject matter 

I2.  The instructor made good use of class time 

I3.  When given, examples and explanations were clear 

I4.  The instructor gave helpful feedback of my work 

I5.  The instructor responded respectfully and 

constructively to student questions and viewpoints 
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I6.  The instructor was available to me when I requested 

assistance, in class or outside of class 

I7.  The instructor motivated me by his/her enthusiasm to 

want to learn about the subject 

I8.  The instructor starts/dismisses class at scheduled 

times 

I9.  The instructor held me accountable for coming to 

each class prepared 

I10.  The instructor provided appropriate opportunities 

to be an active participant in the class 

I11.  The instructor provided opportunities to reflect 

upon my learning and experiences in the class 

Items about core values (7 point Likert scale as above) 

V1.  Appropriately brings Gospel insights and values into 

secular subjects 

V2.  Inspires students to develop good character 

V3.  Helps students prepare to live effectively in 

society 

V4.  Is spiritually inspiring insofar as the subject 

matter permits 

Overall rating (7 point Likert scale; very poor, poor, 

fair, good, very good, excellent, exceptional) 

1. What is your overall rating of this instructor 

2. What is your overall rating of this course 
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Other information (5 point Likert scale; a great deal less, 

a little less, about the same, a little more, a great deal 

more) 

1. Compared to other college courses you have taken, 

would you say that you have learned… 

2. Compared to other college courses you have taken, 

would you say that your satisfaction is… 

More non categorized questions 

1. The approximate number of hours per week that I have 

spent in outside preparation for this class is… 

(students are able to choose 1-9+) 

2. My class attendance has been (90-100%, 75-90%, 50-75%, 

less than 50%, never attended) 

3. The grade I expect from this course… (A, B, C, D, F, 

other) 
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Appendix B 

Structured Phone Interview With Department Chairs 

Initial contact script for consent 

 “Hello, my name is Tyler Watson and I am a doctoral 

student at Idaho State University.  I am conducting my 

dissertation research on the influence of student 

evaluations at Universities.  I would like to ask you a few 

questions about the tenure and promotion process at your 

university and how student evaluations factor into that 

process.  No personally identifying information is or will 

be recorded during this interview.  Participation is 

completely anonymous and voluntary.  The interview will 

take between 5 and 10 minutes.  Will you be willing to 

participate?” 

1. What are the most important performance categories 

your tenure and promotion committee consider when 

evaluating professors? 

2. Could you rank those categories most important to 

least important? 

3. Describe how student evaluations are used in the 

process. 

4. In most cases, Do you think that student evaluations 

are a valid measure of teacher performance? 
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5. What student evaluation variables do you pay closest 

attention to when evaluating faculty and their 

teaching? 

6. Are there any “red flags” that you pay close attention 

to when considering student evaluation data? 

7. In general, how valuable do faculty feel student 

evaluations are? 

 


