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Abstract: Online feedbacks have become increasingly popular means of gathering students’ reviews 
and judging the quality of various services offered by an institution, such as courses, teaching, 
evaluation, infrastructure and many others. Generally, academic feedbacks include values through 
numerical ratings and free text comments. In this paper, we employ a natural language-based approach 
to extract features of feedbacks, capture sentiment words from those feedbacks and build opinion 
vocabulary from the corpus of academic feedbacks. Also, we focus on studying student behaviour 
while reporting their feedbacks. Particularly, we investigate the reliability of quantitative features 
through numerical ratings that students offer, by estimating the linguistic evidence from the free text in 
the feedback.  
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INTRODUCTION 
 
 People are talking about an educational institution and its business everyday (Spangler & Kreulen, 2002). 
For instance, students are talking about the institution directly face to face and behind its back. Students are 
saying how much they like the institution and how much they dislike the institution. They often express what 
they wish the institution could do for them. Students write a feedback to the institution every year or every 
semester, post blogs about the institution, discuss about the institution endlessly in public forums and in emails.  
 The employees of an institution are also talking about it. Employees produce greater ideas that are 
languishing for lack of right context to apply them. They are looking for the right support from their 
management to help them innovating things; reveal new ways to improve the internal activities and processes 
and even change the vision of the institution. Employees’ talk can be an inexhaustible resource for innovative 
ideas and quality improvements of an institution.  
 Similarly, parents and public who are related to the institution are also passing serious and meaningful 
comments on the institution positively and negatively (Hu & Liu, 2004). They talk about the institution over 
telephone, public forums, chat rooms and emails that will enable the institution to become the leader among its 
peers, if listened carefully.  
 Further, students provide valuable feedback through numerical ratings and opinions through free text 
comments every year as they go out of the institution after their graduation or progress themselves to next year 
of their academic study. The opinion through free text information they supply about their course, facilities and 
others are highly unstructured in their own language. But, these unstructured data can be much useful for the 
institute to shape up the curriculum, teaching methods, faculty improvements, infrastructure, its vision 
statement, and students’ facilities and so on. However, the unstructured nature of the feedback is relatively 
complex and large volume of feedback data requires automated analysis (Kim, 2004; Alpaydin, 2004; Weibe, 
2005).  
 Imagine 10000 or more of these meaningful comments and opinions in databases. In the database, they can 
be indexed and sorted based on year. But this large collection of comments cannot answer even this simple 
query, what are the curriculum related problems reported by the students in this year. If the data could be 
leveraged to do this analysis, then attention can be given to those courses that require intense revision, thus 
significantly improve the quality of the curriculum.  
 Unstructured information related to students, employees, parents and public could teach us many things 
about our views and excellence towards them. For example,  
� What are the most common issues that our students have?  
� What are the most common issues that our faculty and employees have?  
� Where are the areas of dissatisfaction of our students?  
� Where are the areas of dissatisfaction of our faculty and employees?  
� Who are the faculty doing good job?  
� What are the areas where the cost can be reduced?  
� What are the expectations of parents of students from the institution?  
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 Apart from these generic objectives of teaching, learning, facilities and infrastructure, we have further 
applied Blooms approach (Krathwohl, 2002) that refers to a classification of the different objectives that 
educators set for students (learning objectives). Bloom's Taxonomy divides educational objectives into three 
"domains": Cognitive, Affective, and Psychomotor (sometimes loosely described as knowing/head, feeling/heart 
and doing/hands respectively). Bloom's Taxonomy is considered to be a foundational and essential element 
within the education community. Further, our feedback aggregating system will have to be enhanced with the 
metrics to evaluate adaptive learning and personalization outcomes.  
 Besides unstructured information, students are expected to provide structured information of their details 
and academic performance to make their feedback reliable. Collecting feedbacks from students and their 
evaluation of teachers has become integral part of learning though there are several perspectives of evaluation 
process. Some view evaluation process as testing teaching materials, teaching methods and teaching 
effectiveness. Others view them as a means of improving current practices. Hence the purpose of evaluation will 
be to get quality assurance and quality enhancement in terms of accountability, appraisal and development of 
curriculum, infrastructure, teaching and so on (Hounsell , 2003; Jackson, 2007; Kember, 2002).  
 This paper focuses on automatic textual analysis of students’ feedbacks that are gathered through our 
Feedback and Opinion Miner system. It allows us to study both quantitative feedback features through 
numerical ratings as well as qualitative features through natural language free texts. In this paper, we have 
considered only academic feedbacks and opinions that are gathered by our domain specific feedback aggregator. 
We do not focus on students’ comments and opinions available in social media sites such as blogs, forums and 
emails.  
The main contributions of this paper are  
� Formal model for feedback and opinion representation  
� The natural language - based approach to extract sentiment words and build an opinion lexicon  
� Metric to predict truthful opinions, named Evidence.  
 The rest of the paper is organized as follows. Section 2 provides the context for feedback and opinion 
analysis by describing the set of 15 quantitative features that deal with teaching methods and curriculum and 4 
qualitative features for textual analysis. The formal model to define feedback and opinion is given in section 3. 
Section 4 discusses the architecture of the proposed system that outlines our natural language - based approach 
to extract features and sentiment words from feedback corpus, builds an opinion lexicon and predicts truthful 
opinions. Section 5 reports our experiments and results. Finally, conclusions and future work are discussed in 
section 6.  
 
Methodology: 
Feedback Setting: 
 We make use of real student feedbacks collected through our feedback aggregator. Our institute has student 
strength of 6000 students from various bachelors and masters students. On an average, there are 6 courses that 
every student takes up in a semester. Altogether, we have 20 departments spanning humanities, science, 
computing, technology and business offering courses. Therefore we have collected more than 10000 feedbacks 
from students in the previous semester (November 2011 – March 2012) through our system.  
 Our generic feedback aggregator has been designed to collect feedbacks and opinions from students of 
various departments of any institution. The following are the set of representative parameters based on Blooms 
taxonomy by which every student can offer feedbacks and express their opinions through free text every 
semester. Here, the name of the corresponding feature is highlighted in italics.  
Section-A  
� Ability to bring conceptual clarity & promotion of thinking ability by teacher (feature P1)  
� Motivation provided (P2)  
� Teacher’s communication skills (P3)  
� Teacher’s regularity & punctuality (P4)  
� Teacher’s subject knowledge (P5)  
� Completion & coverage of course (P6)  
� Complimenting theory with practical examples (P7)  
� Teacher interaction & guidance outside the class room (P8)  
� Teacher’s computer / IT skills (if applicable) (P9)  
� Teacher’s overall performance (P10)  
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Section-B  
� Result of test declared within two weeks of it being conducted (P11)  
� Adequate number of assignments / cases given (P12)  
� Would you recommend him/her to teach the same subject to your juniors? (P13)  
� Would you recommend him/her to teach you any other subject? (P14)  
� In your opinion is this syllabus adequate (P15)  
 
Section-C  
� What are the strengths of the teacher? (P16)  
� What are the areas of weaknesses of the teacher? (P17)  
� Any suggestions (regarding curriculum, subject, department)? (P18)  
� Any other comments? (P19)  
 
 Section-A contains a set of evaluation features (ie., P1 to P10) for which every student should give their 
feedbacks through nominal value from 0 to 5 for the corresponding rating of very poor, poor, average, good and 
excellent. The set of questions in section-B (ie., P11 to P15) are multiple choice type questions, there by 
students will offer feedbacks with either YES, NO or NO-COMMENTS responses. Finally, section-C provides 
some short descriptive questions so that students can describe the strengths and weaknesses of their teaching 
faculty members. Furthermore, question in P19 is of generic interest type where students can give their informal 
opinions about virtually anything about their life, environment and so on. Fig. 1 (Ramadoss, 2012) depicts the 
screen shot of our feedback aggregator tool to gather feedbacks from students.  
 The aim of collecting and analysing feedbacks and opinions from the students of an institution is two-fold.  
� With the help of the feedbacks obtained from the students through the feedback evaluation parameters, 
teachers, faculties and institution in general can review their current status of the courses, teaching standards, 
teaching methodologies and expectations of students from the institution during their course of study.  
� Understanding feedbacks help the institute to know not only the current trend of courses, teaching and 
facilities, but also future requirements, expectations, and visions for the institute.  
 The scope of this paper is restricted to characterizing free text comments only that are collected through the 
feature P19. As the features represented in parameters P1 to P18 are straight forward, these features can be 
processed easily.  
 We selected 5 faculties of our institute for this study: Computing, Business Management, Natural Sciences, 
Biological Sciences and Language Studies. For each faculty, we considered all courses taught by respective 
teaching staff members and recorded all reviews of the courses.  
 For each feedback, the system records values for 15 features (10 features in Section-A and 5 features in 
Section-B). Apart from these feature values, it also records textual review of the strengths and weaknesses of the 
teacher. Finally, our system collects informal opinion about anything related to their programme as a free-text. 
By default, the system will assume a numerical rating of 1 for all 10 features in section-A and YES, NO and No-
Comments for the 5 features of section-B. The typical length of textual feedbacks for section-C will be 
approximately 20 words. 
 

 
Fig. 1: Screen shot of feedback aggregator. This teacher and teaching evaluation tab allows students to rate their 

feedback through sliders and radio buttons. Further, they can give opinions through free text in Any 
other comments column. 
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Formal Model: 
 Formally, we begin to define a feedback to be a 6-tuple (r, c, P16, P17, P18, P19) where:  
� r = (rf) is a vector containing ratings rf є {1, 2, .. , 10} for features f є F = {P1, P2, ….., P10}  
� c = (cg) is a vector containing ratings cg є {Yes, No, No-Comments} for features g є G = {P11, P12, …, P15}  
� P16 is a free text describing strength of a teacher (as described in section 2)  
� P17 is a free text describing weakness of a teacher  
� P18 is a free text describing suggestions for the faculty, infrastructure etc  
� P19 is a free textual opinion for any-other-comments  
 Based on this formal model, reviews are collected through feedback aggregator and are indexed according 
to the variable i, such that (ri, ci, P16i, P17i, P18i, P19i) is the ith review in our database. Suppose if we need to 
consider all reviews that belong to a department d, we will use (rid, cid,Sid, Wid, Uid, Nid) to denote ith 
feedback about the department d. In the rest of the paper, we will use free text and feedback interchangeably.  
 
The Architecture: 
 Our proposed opinion mining system classifies the free text of the feedback into two categories: explicit 
features and implicit features. Explicit features are those features that are explicitly mentioned in the feedback or 
opinion. For example, consider the following feedback  
Example1. The infrastructure in my classroom is simply superb  
 In this feedback, a student is highly satisfied with the classroom infrastructure. Here infrastructure is the 
feature that the student talks about. While the feature of the classroom is explicitly mentioned about, some other 
features are implicit and hard to predict, as shown in the following example.  
Example2. Though often revised, the knowledge gained by students remain less  
 In this example, a student is talking about the syllabus of a course, even though the word, syllabus appears 
nowhere. In this paper, we focus on predicting explicit features from the free text associated with the feedbacks 
provided by students.  
 Fig.2 gives the architectural overview of our proposed feedback mining system. Feedback aggregator (as 
discussed in section2 and depicted in Fig.1) will gather all the feedbacks and opinions from students. The 
feedbacks and opinions include structured and unstructured texts. The unstructured text is the natural language 
used by students to express their opinion. The large collection of texts comments will be the corpus of opinions 
that provide ample scope for text analysis. The part of speech (POS) tagger performs natural language text 
analysis from which explicit feature will be extracted as well as sentiment words will be predicted. These 
explicit features and sentiment words will become our dataset for further feedback and opinion mining. 
 

 
 
Fig. 2: Architecture of our proposed system. 
 
POS Tagger:  
 POS tagger module was used to define boundaries, that is, to split opinions of students into series of 
sentences. The reason why opinions are split into sentences is basically to achieve a finer granularity as many 
opinion aspects may reside in different sentences that compose the whole text. Student feedbacks and opinions 
are basically nouns and noun phrases in their free text comment sentences. In this research, we have applied 
Stanford POS tagger in order to parse each feedback and to produce part-of-speech tag for each word. As a 
result, the word will be identified as a noun, verb, noun phrase, adjective and so on. The tagged sentences 
produced in this step, will play a very important role for the rest of the system. Feature identification module 
needs noun or noun phrases generated in this step to classify and to produce a set of possible opinion words.  
 



Aust. J. Basic & Appl. Sci., 7(6): 299-306, 2013 

303 

Feature Identification and Extraction: 
 Feature identification and extraction task involves identifying feedback features by which several students 
have expressed their opinions in a free text format. In this paper, we focus on identifying explicit features that 
are to be populated in the feature and sentiment words database. Some descriptions of explicit features are 
discussed in the previous section. In this research, we assume explicit features are those features that appear as 
nouns and noun phrases in the feedback which are gathered from academic learners.  
 Fig.3 depicts the algorithm for feature extraction module. The algorithm takes the given sentence as input 
and returns all features that are present in the sentence. It returns all nouns and noun phrases as features after 
segmenting it into series of POS tags. 
 

 
 
Fig. 3: Algorithm for feature extraction. 
 
Sentiment Word Prediction: 
 In most of the opinion mining or sentiment analysis applications, the sentiment dictionary plays a key role. 
Although an universal sentiment dictionary is desirable, domain specific sentiment dictionary or lexicon 
becomes highly practical. Sentiment words are words that convey positive or negative sentiment polarities. It is 
also well known that many such words are domain dependent. 
 After finding explicit features from a set of feedbacks, the next task for our system is to identify sentiment 
words or opinion words. Sentiment words express opinions about the subject, on contrast to the object. 
Subjective opinions are those opinions that discuss the subject. This is different from objective opinions which 
usually describe the factual information of the object. The adjective that is present in the given student feedback 
is used to predict the subjectivity of the feedback. So, our proposed system uses adjectives as sentiment words. 
Instead of predicting sentiment words in every sentence of the feedback, we consider only those sentences that 
contain an explicit feature.  
 Fig.4 depicts the algorithm to extract all sentiment words from the given sentence if it contains at least one 
feature. If a feature is present in the sentence, then the algorithm retrieves the adjacent adjective of the feature 
and returns all sentiment words that are aggregated in each iteration. The extracted sentiment words are 
populated in the semantic lexicon and are available for further textual analysis. 
 

 
 
Fig. 4: Algorithm for sentiment words extraction. 
 
Opinion Miner: 
 Currently, our opinion miner module is capable of predicting truthful opinions. All other text retrieval tasks 
utilizing the extracted features and sentiment words are differed to further research works. Free text associated 
with feature P19 of the feedback parameters is an important source of information for the institution. It naturally 
provides them important things of the environment such as infrastructure, facilities, ICT, and others. It tells us 
very specific opinion of aspects students honestly liked or disliked (Jurca, 2008).  
 More importantly, these free texts are the means for understanding how honest their feedback was, 
particularly the numerical ratings for the parameters P1 to P18 given by the students. The set of features 
discussed in the any other comments section will have direct impact and justify some of the high, low numerical 
ratings. The free text may also give suggestions for understanding the numerical ratings of the overall 
performance (OP) feature that allows students to provide a collective rating without any mathematical 
justification.  
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 However, the problem is that natural language comments or free text comments are difficult to understand 
automatically by the computer (Choi, 2006, Bernard, 2009, Pang, 2008). Machine understanding of free text 
suffers from serious problems such as grammar of the text, associated semantics, aggregation, ambiguity of 
words, multiple semantics in the same sentence, contradicting semantics, fuzziness and so on. Furthermore, 
human beings are more fun of using abbreviations and culture-specific terms while expressing their opinions 
(Pavlou, 2006).  
 Opinion miner assumes a very simple notion for handling free text feedbacks provided by students of 
various departments. It does not calculate either semantic orientation of the free text as either positive or 
negative or fuzziness of the free text. We simply calculate the fraction of N that discusses positive and negative 
aspects of a particular feature. As discussed in (Talwar, 2007), we create a list of more Frequent 25 Words (see. 
Appendix-A) that may likely describe the feature of the feedback. Formally, any-other-comments Evidence (E) 
is defined as follows:  
 
Definition 1 (Evidence):  
 Let F = {P1, P2, …, P15} be the feature space. Let f є F be a feature, Ni a free text of any-other-comments 
associated with the feedback and FWf the frequent words associated with f. Then, the evidence Efi for a 
particular feature f in the free text Ni is 
 

 
 
Definition 2: (Truthful Opinion):  
 An opinion is said to be a truthful opinion if its evidence score agrees with the corresponding feature’s 
numerical rating.  
 
Experiments and Results:  
 In this section, we will present the experiments conducted with the data gathered by us. Experiments were 
conducted based on the feedback ratings of only Computer Science department students. Four types of 
experiments were characterized to evaluate the quality of numerical ratings given by the students. For every 
feature, we are interested to find out the relation between its evidence and the corresponding ratings. The 
assumption is whenever the evidence of a feature is low; the corresponding rating would also be less obviously. 
Conversely, a high rating for a particular feature will be complemented with high evidence. This implies the 
ratings expressed by a student for a feature is validated with agreeable evidence and hence the opinion expressed 
in the free text is considered to be truthful.  
 
Hypothesis 1 (A High Rating for a Feature Implies High Evidence):  
 We test our hypothesis by studying the evidence corresponding to the following features.  
� Motivation (P2)  
� Communication skills (P3)  
� Subjective knowledge (P5)  
� Student interaction & guidance (P8)  
 

 
 
Fig. 5: Distribution of ratings w.r.t evidence weights for Subjective Knowledge feature. 
 



Aust. J. Basic & Appl. Sci., 7(6): 299-306, 2013 

305 

 Fig.5 plots the distribution of ratings r with respect to evidence E for the feature Subject Knowledge of 
Computing department. Here low weights have very little ratings for the corresponding feature. Whenever 
ratings are bit higher, then the corresponding weights also agree with higher weights. We can also observe from 
this figure that students did not specify large number of higher ratings (>8) and the corresponding weights 
signify this phenomenon. The ratings and their weights of subject knowledge scatter in higher weights of 5 to 8, 
and the rest of the feedbacks fall as outliers. 
 

 
Fig. 6: Distribution of ratings w.r.t evidence weights for Motivation feature. 
 

 
Fig. 7: Distribution of ratings w.r.t evidence weights for Communication skills feature. 
 

 
 
Fig. 8: Distribution of ratings w.r.t evidence weights for Guidance feature. 
 
 Fig.6 to 8 depicts the distribution of ratings corresponding to the weights of evidence for the features 
motivation, communication skills and interaction / guidance. In these figures, except few outliers most of the 
values lie in the range of 0.5 to 0.9 for which the corresponding ratings agree with higher ratings from 5 to 10. 
Further, there were not much low ratings for which the corresponding weights for the evidence are high. 
Similarly, there were not much low weights for evidence for which the corresponding ratings are high.  
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Conclusion: 
 Students provide quantitative feedbacks to evaluate the performance of teachers, teaching and courses. 
Also, they will provide qualitative opinions regarding these features using free texts. These rich feedbacks and 
opinions help academic stakeholders to improve infrastructure, curriculum and teaching effectively. In order to 
derive a meaningful opinion, textual features and sentiment words have been extracted and populated in the 
lexicon. Further, in this paper, we wanted to study the qualitative nature of students’ feedbacks by judging how 
honest their feedbacks are. To ensure the reliability of feedbacks and their opinions, this paper considers the 
correlation between the quantitative numerical ratings of various features and their corresponding qualitative 
evidence from comments feature.  
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