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Abstract 

 
Student evaluation of teaching (SET) is applied in the vast majority of universities and higher education institutions. 

They are used to design professor training programs, evaluate teaching performance, and show evidence of 

performance to different stakeholders.  

 

SET surveys typically include an open-ended question which is not always considered in the analysis of the results. 

This study aims to show the contribution of analyzing the students’ comments by means of the Latent Dirichlet 

Allocation methodology to factor them into the analysis of the quantitative part of the survey. For this purpose, a 

sample of 737 courses taught during 2017 and 2018 in an undergraduate program at a Chilean university is used.  

 

The results show that both the number of comments and the topics that can be extracted from them contribute 

significantly to the analysis of the professors’ teaching performance. The topics extracted are more specific than the 

quantitative dimensions of the survey, which allows obtaining very concrete feedback for professors and for designing 

training programs. Around half of the topics extracted are actionable and do not depend on the intrinsic characteristics 

of the professors, which allows for effective improvements in teaching. Additionally, the extracted topics can be 

grouped into dimensions that have a correspondence with the quantitative dimensions of the survey, although they 

only cover a subset of the latter. This result provides insights to improve the survey design and adjust the weighting 

of its different dimensions.  
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1. Introduction 

 

Student evaluations of teaching (SETs) are applied in the vast majority of universities and higher education 

institutions to evaluate the teaching performance in courses (Wachtel, 1998).  These SETs are used by 

universities to provide feedback to professors (Balam & Shannon, 2010; Griffin, 2001; Kulik, 2001), to 

design professor training programs, to evaluate professors’ teaching performance (Penny & Coe, 2004; 

Chen & Hoshower, 2003), and to show evidence of accountability of different stakeholders of the education 

system, among which are students and accreditation processes (Blackmore, 2009).  

 

SETs typically consider an overall quantitative evaluation of the professor and/or the course. In addition, 

at the end of the survey, students have the opportunity of making a comment about the professor and/or the 

course (Spooren et al., 2013). Student comments at the end of the survey are not always considered in the 

analysis of the results, although several academic studies have used traditional qualitative methods to show 

their value (Nasser & Fresko, 2009; Pan et al., 2009; Hodges & Stanton, 2007; Nasser & Fresko, 2002; 

Lewis, 2001; Svinicki, 2001). From a methodological point of view, however, qualitative methods are 

difficult to scale. More recently, several studies have considered text analytics methodologies for the 

analysis of open-ended questions (Newman & Joyner, 2018). These studies usually refer to the sentiment 

analysis of the comments and the classification of comments according to previously defined features of 

the teacher and/or the course. 

 

This study aims at measuring the contribution that can be obtained from the analysis of the comments made 

by students in SET open-ended questions. The main research question to be answered is whether the number 

of positive comments, the number of negative comments, and the topics or themes that students address in 

the SET can help obtain complete analysis and a more valid and/or reliable measurement of the students’ 

learning experience. A second research question refers to the contribution of text analytics methodologies, 

and more specifically, the Latent Dirichlet Allocation (LDA) model in extracting topics from student 

comments (Blei et al., 2003; Blei & Laferty, 2007), given that this methodology is one of those that show 

the best results in multiple applications in the modeling of topics in different disciplines (Mazarura & de 

Wall, 2016; Blei et al., 2003). We postulate that the LDA methodology can provide an improvement in the 

analysis of SET open-ended questions. 

 

Based on a sample of the professor evaluation of 737 courses taught during 2017 and 2018 in an economics 

and business undergraduate program at a Chilean university, the study analyzes the comments made by 

students in the SET. The study considers both the analysis of the number of positive and negative comments 

made by students in courses from very different areas and the texts in these comments.  

 

2. Theory 

 

Many universities are placing more emphasis on the quality of teaching, and student evaluations are one 

available source of information. SETs are applied to evaluate the teaching performance in courses to 

provide feedback to professors (Balam & Shannon, 2010; Griffin, 2001; Kulik, 2001), to evaluate 
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professors' teaching performance (Penny & Coe, 2004; Chen & Hoshower, 2003), and to show evidence of 

accountability of different stakeholders of the education system (Blackmore, 2009).  

 

SETs typically consider an overall quantitative evaluation of the professor and/or the course, specific 

quantitative assessment of the professor such as knowledge, teaching clarity, class organization, closeness, 

honesty, contribution to student learning, and so on, and quantitative evaluations of the course such as 

difficulty, organization, grading system, schedules, etcetera. Usually, Likert-type scales with four or five 

categories are used for these measurements. Additionally, after completing the survey, students are typically 

given the option of making a comment about the professor and/or the course (Spooren et al., 2013). 

 

Student comments at the end of the survey are not always considered in the analysis of the results of SETs, 

although several academic studies have shown their value (Nasser & Fresko, 2009; Hodges & Stanton, 

2007; Nasser & Fresko, 2002; Lewis, 2001; Svinicki, 2001). Nasser & Fresko (2009) analyzed written 

comments of students in Israel and found that positive comments were more frequent than negative 

comments and that there was a tendency for students to write comments when the course evoked relatively 

strong reactions. According to these authors, written comments addressed topics similar to those asked in 

the quantitative part of the survey, although contextual factors related to the course were absent from student 

comments. Student comments also related to more specific aspects of the course. Nasser & Fresko (2009) 

interpret their results as an indication of the validity of the written comments and their unique contribution 

to the course evaluation. 

 

Written comments of students add value for both students and professors. Students have the possibility to 

explain the scores assigned in quantitative questions and to raise topics not addressed in the close-ended 

part of the survey (Symons, 2006). The rationale for this is to encourage frank responses from students and 

allow them to highlight other areas of the professor's strengths and weaknesses that the student ratings 

might have missed (Pan et al., 2009). On the other hand, some studies have indicated that professors prefer 

receiving written comments from students rather than the statistical summary of the quantitative part, 

because comments are more informative, more specific, and contain more concrete suggestions (Lewis, 

2001; Nasser & Fresko, 2002; Svinicki, 2001). Since some studies have shown that quantitative evaluations 

in SETs may not correlate well with student learning (Uttl et al., 2017), a detailed analysis of student 

comments may offer an option for instructors or institutions attempting to take a deeper dive into 

evaluations than just the summary ratings (Newman & Joyner, 2018). 

 

Qualitative comments can provide a better understanding of the learning experience, but they are not so 

user-friendly and lack structure and connectedness (Lin et al., 1984). The main challenge in analyzing the 

qualitative feedback is the perceived increase in time and effort needed to manually process the textual 

comments. Several studies in the literature suggest different methodologies to organize and analyze open-

ended questions (Nasser & Fresko, 2009; Hodges & Stanton, 2007; Lewis, 2001; Svinicki, 2001). All these 

methods are based on variations of qualitative analysis, conceptual frameworks, and matrices to analyze 

students' written comments. These methodologies are based on experts’ work, and hence (i) are hard to 

scale to many courses and across time, and (ii) the results are subjective since they depend on the expert’s 

criteria. 
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Recent studies on open-ended comments have considered, in their methodology, text analytics to improve 

and scale the analysis of SETs (Ferreira-Melo et al., 2019). Applications of text analytics on SET can be 

classified into two types. The first refers to sentiment analysis of comments in the survey that seeks to 

determine, automatically, the polarity or emotional reaction of a text or speech (Newman & Joyner, 2018; 

Altrabsheh et al., 2014). 

 

The second type of text analysis in SETs refers to detecting latent themes or concepts in comments made 

by students. This analysis provides feedback that helps improve teaching style, course content, evaluation 

design, and student learning (Shankararaman et al., 2017; Wang, 2016; Stupans, 2016; Gottipati et al., 2018; 

Pyasi et al., 2018; El-Halees, 2011). In these studies, topics are defined a priori, refer to only one word, 

and comments are classified exclusively in one and only one of the specified topics. These studies refer to 

the classification of comments rather than the extraction of concepts. 

 

This study poses two main research questions. The first is related to the contribution of open-ended 

questions in analyzing SETs. This contribution might be in terms of improving feedback to professors, 

upgrading training programs to professors, evaluating teaching performance, designing the quantitative part 

of the survey, and finally, in terms of student learning. Although the value of student comments has been 

documented in previous studies, the literature in this context is reduced, is generally based on small samples, 

and does not consider different cultural contexts.  

 

The second research question refers to the methodology used for the analysis of SETs open-ended 

questions. While most previous studies are based on qualitative methods that are difficult to scale and 

dependent on experts or pre-defined topics, this study proposes a methodology based on a probabilistic 

model that is new in the analysis of SETs, does not require pre-defined topics or features, and have shown 

excellent results in other contexts (Mazarura & de Wall, 2016; Blei et al., 2003). We postulate that the LDA 

methodology can provide an improvement in the analysis of SET open-ended questions by extracting topics 

from student comments (Blei et al., 2003; Blei & Laferty, 2007). 

 

3.  Methods 

 

Text analytics has been used recently in different areas of Education (Ferreira-Melo et al., 2019). Examples 

of applications of text analytics in education are automatic analysis of activities and speeches of professors 

and students in a class (Wang et al., 2014),  analysis of the behavior of students of a course in a forum, and 

classification of topics or themes in forum discussions (Tobarra et al., 2014), automatic classification of 

questions asked by students (Ruseti et al., 2018), automatic grading of evaluations (Yoo & Kim, 2014), 

curriculum adaptation (Shi, Larson et al., 2015), measurement of engagement while students perform an 

activity such as writing an essay (Liu et al., 2013), identification of different student learning patterns 

(Mansur & Yusof, 2013), prediction of student grades (Ming & Ming, 2012), extraction of ideas from 

student interviews (Sherin, 2012), and analysis of texts from discussion forums (Wong & Li, 2016). 
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Applications of text analytics on SETs can be classified into two types. The first refers to sentiment analysis 

of comments in the survey that seeks to determine, automatically, the polarity or emotional reaction of a 

text or speech (Newman & Joyner, 2018; Altrabsheh et al., 2014).        

 

The second type of text analysis in SETs refers to detecting latent themes or concepts in comments made 

by students. This analysis provides feedback that helps improve teaching style, course content, evaluation 

design, and student learning. Most of these studies, however, refer to the classification of comments rather 

than the extraction of concepts. More specifically, topics are defined a priori, and comments are classified 

exclusively in one of the defined topics, or single words like the teacher, exam, lectures, etc. extracted from 

comments are defined as topics (Gottipati et al., 2018; Pyasi et al., 2018; Shankararaman et al., 2017; 

Stupans, 2016; Wang, 2016), In these contexts, there is no possibility for a comment to refer to more than 

one topic and topics do not correspond to concepts that integrate several words. 

 

Topic modeling is a powerful methodological tool for extracting, in an unsupervised way, latent themes or 

topics from a set of documents or texts (Jelodar et al., 2018). One of the most used methodologies in topic 

modeling is the Latent Dirichlet Allocation (LDA) model (Blei et al. 1993, Blei & Laferty, 2007). There 

are multiple applications of the LDA methodology in different disciplines, such as medical science (Zhang 

et al., 2017), engineering science (Gethers & Poshyvanyk, 2010), geography (Tang et al., 2013), political 

science (Greene & Cross, 2015) and marketing (Berger et al., 2020). 

 

The LDA is an unsupervised model used to model the words present in a set of documents or texts. The 

LDA model assumes that each document is composed of one or more latent topics or themes that are 

characterized by a probability distribution over the words in the dictionary. Some words in the dictionary 

have a higher frequency in a given document, which gives rise to latent topics or themes. For example, 

student comments in the survey may refer, among others, to the topic “grading,” in which words such as 

the exam, grades, test, difficulty, and so on have a high probability of occurrence. On the other hand, 

students’ comments can refer to the topic “good professor” in which words with high probability could be 

learning, entertaining, interesting, etcetera. The LDA model is one that allows the same comment to have 

a presence in different topics. So, each comment is a mix of the various topics with associated probabilities. 

 

The intuition behind the LDA model is as follows. When students decide to write a comment, they choose 

a specific topic to which they will refer from the set of possible topics. The selection of topics obeys a 

probabilistic model. Conditional on students referring to a certain topic, the probability that they will select 

a specific word from the dictionary of words for that topic is given by topic-specific probability distribution. 

LDA is a sophisticated model that optimizes the topic extraction and the probabilities that link comments 

with topics by maximizing the likelihood of the data.  

 

4. Results 

 

The Data 

This study uses SET data from the courses of the School of Economics and Business Administration of a 

large Chilean university. The data are obtained from all the courses of the undergraduate program during 
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the years 2017 and 2018 in a face-to-face format. The undergraduate program has approximately 2.500 

students distributed in a 5-year program. The survey is voluntary for the students and applied online at the 

end of each course. The courses of the program cover a broad range of disciplines, including Economics, 

all areas of Business, Statistics, and Psychology, among others. The total number of courses analyzed in 

this study is 737, and 270 different professors. About half of the professors are full-time, and half are part-

time. 

 

The SET evaluates, on a scale of 1 to 4, the course and the professor in each of 12 dimensions, including 

use of pedagogical resources, class development, coordination with T.A.s, incentives developed by the 

professor for active student participation, professor’s disposition, development of analytical thinking, and 

learning achieved. Additionally, students make a recommendation for the professor on the yes/no scale and 

evaluate their satisfaction with the course, also on the yes/no scale. At the end of the survey, students have 

the possibility to make, separately, a positive comment and/or a negative comment regarding some aspect 

of the course and/or the professor. The data available for analysis in this study are at the course level and 

not at the student level. The SET used at this university in Chile is relatively standard and very similar to 

SET surveys at other higher education institutions, so the results and methodologies proposed in this study 

can be extended to other case studies (Denson et al., 2010). 

 

(Table 1(a) about here) 

 

Table 1(a) shows statistics on the frequency of comments made by students. On average, 51.4% of students 

answered the survey, and 77% of them made some comment. It is interesting to note that positive and 

negative comments are more balanced than quantitative evaluations: 41% of students made a positive 

comment, 36% made a negative one, while the general evaluation of the quantitative part of the survey is 

3.3 (on a scale of 1 to 4) and that the recommendation for the professor and satisfaction with the course are 

80.1% and 76.4%.  

 

(Table 1(b) about here) 

 

Table 1(b) reports simple correlations between the number of student comments and selected indicators 

from the answers in the quantitative part of the survey. The total number of comments, which includes both 

positive and negative comments, has a non-significant correlation with most of the quantitative student 

evaluation of teaching indicators. However, both positive and negative comments have a moderate but 

statistically significant correlation with evaluations of the quantitative part of the survey. Similar results are 

found in the literature (Newman & Joyner, 2018, Alhija & Fresko, 2009). Positive comments have, in 

absolute value, a slightly lower correlation (around 0.28) than negative comments (around -0.39). The 

highest correlation of the survey indicators is with the net number of comments; correlation coefficients 

with this variable exceed the value of 0.60. 

 

Quantitative Analysis of Comments in SET  

Table 2 shows the results of estimating a mixed linear model for the number of positive comments and the 

number of negative comments with different characteristics of the course. The number of students in the 
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course has a negative impact on positive comments but does not affect negative comments. Meanwhile, 

students with better previous grades (PGA) make more comments, especially negative ones. Students with 

a greater number of pre-approved credits make more negative comments, but not necessarily more positive 

comments. Finally, the grade of the course evaluated has a significant correlation with the number of 

comments, especially negative comments. Given that no structural or causality model has been formulated, 

the p-values reported in Table 2 should be considered reference values to indicate significant correlation 

and not necessarily causality. 

 

Qualitative Analysis of Comments in SETs  

In analyzing comments, it is necessary to do a word cleaning process that consists of transforming all the 

words into lower case letters, eliminating numbers, punctuation, exclamation marks and meaningless words 

such as articles and conjunctions. It is also required to make a stemming process of the endings of many 

words such as verbs, which are taken to the infinitive form, and nouns, adjectives, and adverbs that are 

taken to the singular and feminine form. In addition, survey texts are relatively short, so they contain many 

words with very low frequency. This phenomenon, known in the literature as sparsity, generates noise in 

the detection of topics and also slows down the model estimation process (Idrissi & Zellou, 2020). To 

reduce the sparsity problem, words that appeared in less than 1% of comments are deleted. After all the 

aforementioned data cleaning processes, the number of different words in positive comments after 

homogenizing the words is 290 (out of the original 10,268). For negative comments, the number of final 

words is 198 (out of the original 8,204). 

 

The parameters of the LDA model are estimated in a Bayesian context in two steps. The number of topics 

and the parameters that determine the prior distribution of probabilities are first estimated by maximum 

likelihood. Conditional on these coefficients, the probabilities that associate each comment to the different 

topics are obtained by conditional expectations. The results are shown in Table 3(a) for positive comments 

and in Table 3(b) for negative comments. These tables show, for each of the topics, the probability of the 

presence of each topic in the second column, a concept associated with the topic that is derived from the 

six most frequent words associated with each topic in the last column. These words are arranged according 

to their probability from highest to lowest. The probability is shown for the extreme world. 

 

For example, in Table 3(a), the first topic has a presence of almost 12% in students’ comments, and the 

words most frequently associated with this topic are professor (0.092), student, good, disposition, learning, 

and excellent (0.042). The concept associated with this topic, based on the words with higher probability, 

is defined as Professor’s Good Disposition towards Students. Similarly, the results are interpreted for the 

other topics. The different topics in Table 3(a) have a similar probability of appearing in the comments. 

Table 3(b) shows the concepts or latent topics in negative comments. Table 3(b) shows the latent concepts 

or topics in negative comments. In this case, the number of topics is greater and the variety in probabilities 

of topics is also greater.  

 

Several aspects stand out from the latent topics described in tables 3(a) and 3(b). In the first place, all the 

topics extracted from comments have a concrete interpretation and can be associated with a concept of the 

professor or the course. In this sense, the results of the topic extraction process can be considered successful.  
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Second, it is observed that most topics are quite specific and can be much more useful as feedback for 

professors than the dimensions asked about in the quantitative part of the survey. The dimensions in the 

quantitative part are much more aggregated and difficult to associate with specific actions. For example, 

the concept associated with topic 6 in negative comments, the subject matter is covered too fast, is part of 

the quantitative dimension of the survey, the development and sequence of classes in this course facilitated 

my learning, but it refers to a much more specific aspect. The same happens with topic 6 of positive 

comments, professor good at explaining the subject matter, which corresponds to the same dimension 

mentioned above, but describes a very specific aspect in the preparation and development of the professor’s 

classes. In some cases, the topics extracted are equivalent to some of the survey dimensions, perhaps 

because the survey is more specific in some aspects. For example, topic 8 in negative comments, late 

delivery of grades, coincides with the dimension the professor delivered evaluation grades on time.  

 

Third, topics can be added in more general dimensions. In positive comments, topics 1 and 4 refer to the 

professor’s disposition and represent 25% of comments. Topics 2, 5, 6, 7, and 8 refer to pedagogical 

practices of professors and represent almost 63% of comments. Finally, topic 3 refers to the interestingness 

of the course and the use of real examples and represents approximately 12% of comments.  Something 

similar occurs with negative comments. Topics 2, 3, 8, 10, and 12 refer to different aspects of the evaluation 

and grading process and represent approximately 40% of comments. On the other hand, topics 1, 4, 6 and 

11 refer to different aspects of class development and have a presence equal to 35%. Topic 9, with a 9% 

probability, refers to the use of real examples in the course. The remaining 16% corresponds to the 

coordination between the professor and the T.A. 

 

Considering the dimensions of positive and negative comments, it can be seen that the dimension related 

to facilitating learning accounts for a high frequency of comments, in both positive and negative comments. 

Aspects concerning evaluations, grades, and coordination with the teaching assistant have a lot of presence 

in negative comments, but they do not appear in positive comments. Finally, the use of real-life applications 

in courses is important for students.  

 

Fourth, many of the issues raised by students in their comments are directly actionable to enhance the 

learning experience. In positive topics, topics 1, 3, 4, and 8 can be identified, which account for almost 50% 

of comments and correspond to actions that professors can implement in their courses for the benefit of 

student learning. These actions have to do with the use of real examples in their courses and a greater 

disposition to answer questions. In negative comments, there are also topics from which direct actions can 

be generated: topics 2, 8 and 12 refer to different aspects of evaluations that can be improved or better 

communicated; topics 5 and 7 refer to coordination with the T.A., and topic 9 refers to the use of real 

examples in class. These three concepts add up to approximately 50% of negative comments.  

 

(Table 4 about here) 

 

A final aspect that emerges from analyzing the extracted topics and the dimensions of the quantitative part 

of the survey is that there are several dimensions of the survey that receive no comments from the students. 
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Table 4 makes a correspondence between the quantitative dimensions of the survey and the qualitative 

dimensions added from the topics. It can be seen that there are six out of 12 dimensions in the SET that do 

not receive comments from students. It is possible that these dimensions are not very relevant for students, 

some of them may not apply to the specific course, or the students may not have a complete appreciation 

of these dimensions to make explicit comments. It is also apparent from Table 4 that some dimensions 

added from topics are very highly weighted compared to others that are low weighted. This analysis could 

help to make improvements in the survey design. 

 

5.   Discussion 

 

This study analyzes the comments made by students in the student evaluation of the teaching survey. With 

data from a sample of undergraduate courses taught between 2017 and 2018 in the School of Economics 

and Business Administration at a Chilean university, the number of positive and negative comments made 

by students in the different courses and the texts in these comments are analyzed. The sample is composed 

of 737 courses taught by 270 professors, and the unit of analysis is the course.  

 

The first analysis performed refers to the number of positive (negative) comments for each course in the 

survey, relative to the total number of students who answered it; 42% of the students who answered the 

survey made a positive comment, and 36% made a negative comment. Positive and negative comments 

have a moderate but statistically significant correlation with evaluations of the quantitative part of the 

survey. Similar results are found in the literature (Newman & Joyner, 2018, Alhija & Fresko, 2009). Nasser 

and Fresko (2009) interpret their results as an indication of the validity of the written comments and their 

unique contribution to the course evaluation. 

 

From a mixed regression model, with random professor effects, it appears that the number of students 

negatively impacts positive comments, but does not affect negative comments, that students with better 

previous grades (PGA) make more comments, especially negative ones, that students with a higher number 

of credits made more negative comments, but not necessarily more positive comments. For its part, the 

grade of the course evaluated has a significant correlation with the number of comments, especially with 

negative ones.  

 

In the qualitative analysis, the Latent Dirichlet Allocation methodology is used to extract topics from 

positive and negative comments in the survey. The results of this analysis show the presence of eight topics 

in positive comments and 12 topics in negative comments. Different topics have similar probabilities of 

appearing in comments, both in the positive and the negative ones. The concepts latent to these topics show 

that most topics are interpretable, obey to intuitive concepts and are quite specific, so they can be very 

useful as feedback for professors and authorities.  

 

Topics can be added in broader dimensions. In the case of positive topics, these refer to professor’s 

disposition (25%), facilitating learning (63%), and the use of real-life applications and examples (12%). In 

the case of topics extracted from negative comments, these are added in the evaluation and grading system 

(40%), aspects that do not facilitate learning (35%), coordination with the TA (16%) and use of real-life 
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applications and examples (9%). Approximately 50% of the themes or topics reported by students in their 

comments are directly actionable and can improve the students’ learning experience. Finally, although there 

is correspondence between the topics extracted and the dimensions of the quantitative part of the survey 

because all the topics can be linked to one dimension, there are six of the 12 dimensions of the quantitative 

survey that are not associated with the topics. These dimensions may not be very relevant to students, they 

may not apply to the specific course, or students may not have a thorough appreciation of these dimensions 

to make explicit comments. In any case, the results of this study could help to better define the dimensions 

of the survey and the weight of each of these dimensions. 

 

The results in this study confirm some findings in previous studies. The number of positive and negative 

comments have a moderate correlation with the quantitative part of the survey (Newman & Joyner, 2018; 

Alhija & Fresko, 2009). This study, however, extends those analyses and shows that the number of 

comments correlates with some characteristics of the students in the class: number of students, previous 

grades, and pre-approved credits. On the other hand, topics extracted from students’ comments in this study 

are informative, specific, and contain concrete suggestions. This is consistent with previous findings 

(Lewis, 2001; Nasser & Fresko, 2002; Svinicki, 2001). Only half of these topics, however, are directly 

associated with the quantitative dimensions of the survey. Thus, the analysis of open-ended questions 

allows redefining the quantitative dimensions of SET.  

 

From a methodological point of view, most studies in the literature that analyze open-ended questions in 

SET (Nasser & Fresko, 2009; Hodges & Stanton, 2007) are based on qualitative methodologies, which are 

difficult to scale and based on the expert’s criteria. The results of this study show that the LDA methodology 

(Blei et al., 2003; Blei & Laferty, 2007) can provide an improvement in the analysis of open-ended 

questions since (i) can be scaled, (ii) does not depend on expert´s subjective criteria and (iii) is based on a 

probabilistic model. 

 

The present study presents various limitations. First, although the sample is large in terms of the number of 

students and the number of courses, it corresponds to one specific school of a large university in Chile. 

Some results in this study might not be extrapolated to teaching universities, small schools, or universities 

in another cultural environment. Second, although the LDA model proposed in this study is an unsupervised 

model and can be scaled to many courses and many academic periods, the process requires cleaning the 

comments. An automatic cleaning process would reduce the time in processing the methodology. Finally, 

SETs include the same courses and professors over time. It would be interesting to observe the evolution 

of the number of comments and topics for the same course and/or professor (Blei & Laferty, 2006). 
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Table 1 (a): Descriptive Statistics: Comments by Course from Student Evaluation of Teaching 
Descriptive statistics of comments of respondents to student evaluation of teaching. For 232 professors and 3.2 courses per professor  

Variable Obs. Mean Std. Dev. Min Max 

Proportion of responses to survey 737 0.514 0.193 0.080 1.00 

Total comments / Responses 737 0.772 0.275 0.133 1.000 

Positive / Responses 737 0.415 0.167 0.000 1.000 

Negative / Responses 737 0.357 0.157 0.040 1.000 

Net / Responses 737 0.057 0.172 -0.500 0.500 

 

 

 

 

Table 1 (b): Correlation coefficients between Number of Comments and Survey’s Selected Quantitative Indicators 
Correlation coefficients between number of comments in student evaluation of teaching and selected indicators of the survey (*) 

 p < 0.10, (**) p < 0.05 y (***) p < 0.01. The Net variable is the difference between positive and negative comments 

Variable Total Comments Positive Comments  Negative Comments  Net 

Average dimension (1 – 4) -0.021 0.325*** -0.381*** 0.664*** 

Learning dimension (1 – 4) -0.021 0.298*** -0.352*** 0.611*** 

Recommends professor (0 – 100) -0.072 0.252*** -0.393*** 0.605*** 

Satisfaction w/ course (0 – 100)     -0.093** 0.239*** -0.417*** 0.614*** 
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Table 2: Regression Models for Student Evaluation of Teaching Indicators 
Linear mixed model with dependent variables corresponding to the proportion of comments, positive and negative, relative to the number of students  

who answer the survey with a random professor effect. Standard errors are robust and MSE refers to the mean squared error  

 

Variable 

Positive  

Comments 

Negative 

Comments 

Students /100 (0 – 1.2)  -0.111*** -0.056 

PGA (1 – 7)   0.059***  0.142*** 

Credits/100 (0 – 5)   0.010  0.023*** 

Grade (1 – 7)  0.032* -0.063*** 

Econometrics  0.000  0.000 

Economics -0.086**  0.020 

Entrepreneurship / Innovation -0.153***  0.043 

Finance / Accounting -0.048 -0.008 

Macroeconomics -0.043  0.041 

Marketing -0.122*** -0.009 

Microeconomics -0.064 -0.013 

Other -0.358*** -0.146*** 

Persons -0.096** -0.015 

Statistics / Operations -0.137***  0.004 

Strategy -0.134*** -0.008 

Constant  0.099 -0.053 

N   701   701 

Groups (Professors)   220   220 

MSE 0.017 0.018 

Intra-group Correlation 0.266 0.169 

R2 (adjusted) 0.346 0.280 

Ramsey (p value) 1.72 (0.162) 5.01 (0.002) 

Hetero (p value) 5.29 (0.021) 9.87 (0.002) 
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Table 3(a) Concepts Associated to Positive-Comment Topics 
Words associated to each topic in positive comments, presence of each topic concept and, within parentheses, some probabilities of words.  

 

Topic Presence (%) Topic Concept Most Likely Words for Concept 

1 11.9 
Professor’s good disposition towards 

the students 

professor (0.092), student, kind, willing, learn, 

excellent(0.042) 

2 12.0 Professor’s class helps study for tests 
class(0.080), professor, do, well, subject, 

test(0.026) 

3 12.1 
Interesting course, professor covers 

real-life topics 

course(0.070), professor, real, good, class, 

interesting(0.032) 

4 13.1 Professor always answers doubts 
doubt(0.106), professor, always, answer, 

disposition(0.058) 

5 14.9 Professor makes subject easier to learn 
professor(0.074), more, subject, course, do, 

learn(0.026) 

6 12.7 
The professor’s class is fun and 

dynamic 

class(0.136), professor, doing, entertaining, good, 

dynamic(0.034) 

7 11.8 Professor is good at explaining content 
professor(0.143), good, explain, good, subject, 

clear(0.046) 

8 11.5 
Professor explains subject using 

examples 

professor(0.074), subject, explain, understand, 

example, class(0.040) 
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Table 3(b) Concepts Associated to Negative-Comment Topics 
Words associated to each topic in negative comments, presence of each topic concept and, within parentheses, some probabilities of words  

 

Topic 
Presence 

(%) 
Concept Most Likely Words 

1 8.1 Q&A in class professor(0.092), student, do, time, classes, ask(0.041) 

2 8.0 
Reading quizzes and pre-announced 

tests  
quiz(0.063), reading, more, time, course, test(0.034) 

3 7.4 Classroom participation grade 
class(0.125), more, grade, professor, student, 

participation(0.039) 

4 8.6 Professor makes course more difficult subject(0.066), professor, course, do, more, believe(0.018) 

5 8.0 Professor-assistant coordination 
professor(0.056), assistant, assistantship, content, explain, 

course(0.032) 

6 9.7 Subject matter covered too fast subject(0.082), class, timing, quick, pass, professor(0.048) 

7 8.7 TA to do more exercises for test TA(0.093), exercise, test, more, class, do(0.041) 

8 7.8 Late to deliver grades grade(0.062), class, time, deliver, professor, TA(0.024) 

9 9.1 More examples and real-life content more(0.107), course, be, believe, content, real(0.023) 

10 8.4 Course work  work(0.068), course, do, more, homework(0.032) 

11 8.2 Professor’s class boring class(0.136), more, do, slides, professor, boring(0.033) 

12 8.0 Guideline to graded questions to study test(0.054), ask, grade, guideline, do, study(0.020) 
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Table 4: Dimensions in Student Evaluation of Teaching and Topics in Comments 
Dimensions of the quantitative part of student evaluation of teaching and average probability of said dimension’s presence in positive and negative comment topics 

 

TAS quantitative dimensions 
Probability of Positive- 

Comment Topics (%) 

Probability of Negative- 

Comment Topics (%) 

Eases learning 63 35 

Available on request 25 0 

Uses real-life examples 13 9 

TA coordination 0 16 

Grading by known criteria 0 
40 

Timely grade delivery 0 

Other dimensions: Classroom 

participation, Creative thinking, 

Achieved learning, Respect toward 

students, Autonomous research, 

Pedagogical resources  

0 0 

Total 100 100 

 

       

                                        

 


