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Automatic Question Classifiers: a Systematic 
Review 

Valtemir A. Silva, Ig I.B. S. Pinto, and José C. Maldonado 

Abstract— Question classification is a key point in many applications, such as Question Answering (QA), Information Retrieval 

(IR) and E-learning systems. This paper aims to carry out a systematic review of the literature on automatic question classifiers 

and the technology directly involved. Automatic classifiers are responsible for labeling a certain evaluation item using a type of 

categorization as a selection criterion. The analysis of 80 primary studies previously selected revealed that SVM is the main 

algorithm of the Machine Learning used, while BOW and TF-IDF are the main techniques for feature extraction and selection, 

respectively. According to the analysis, the taxonomies proposed by Li and Roth and Bloom were the most used ones for the 

classification criteria, and Accuracy/Precision/Recall/F1-score were proven to be the most used metrics. In the future, the 

objective is to perform a meta-analysis with the studies that authorize the availability of their data. 

Index Terms—Question classification, machine learning, feature selection, feature extraction.  

——————————      —————————— 

1 INTRODUCTION

he large amount of digital information available on 

the Internet, especially in the form of text, transforms 

the knowledge organization, analysis and extraction into 

essential activities, both in the academic universe and in the 

job market. For this reason, the automatic classification of 

texts has been gaining more and more prominence in these 

tasks [1], [2]. 

Within the universe of text or document classification, 

there is a more restricted subgroup called question classi-

fication that basically corresponds to the association of a 

label according to a pre-determined criterion. The problem 

becomes complex once the amount of information availa-

ble in a question is much smaller when compared to the 

texts in documents in general [3]. 

The main applications of automatic question classification 

are [4]: 

1. Question Answering (QA): primary application of 

question classification based on questions formu-

lated in natural language aimed to retrieve a set of 

associated documents and find the most compati-

ble answers. Example: Yahoo! answers.  

2. Information Retrieval (IR): similar to QA, it focuses 

on the document retrieval. Example: Google's search 

engine. 

3. E-learning: retrieval of questions – normally multi-

ple-choice – divided into categories – competence 

or degree of difficulty – for cognitive evaluation 

tests. Example: classifiers via Bloom's taxonomy. 

4. Specific languages: document retrieval and conver-

sion evolving specific language characteristics not 

present in the English language. Example: Chinese 

classifiers. 

Specifically considering the educational environment, 

the automatic generation of evaluation tests has immediate 

and practical application in e-learning systems since it en-

ables the customization of teaching by searching for ques-

tions appropriate to a certain learning profile [5]. These 

adaptive teaching systems make use of question banks of 

various formats and use them to apply diagnostic tests on 

different skills and competencies on a continuous basis [6]. 

To use these questions in tests, it is vital to classify them in 

terms of their skill area and degree of difficulty in order to 

appropriately recommend them to each student according 

to their performance [7]. Nevertheless, creating a bank of 

classified items is a complex task due to the need of cate-

gorizing a large number of questions in a representative 

variety of skills and competences, among other reasons. On 

the other hand, there is a vast number of nonclassified 

questions in digital didactic materials and on the web that 

could be used for making educational diagnosis were they 

related to the skills and competences they evaluate.  

Considering such limitations, this paper aims to describe 

the current scenario evolving techniques and algorithms 

for question classification. To do so, a systematic review 

(SR) was conducted to identify, evaluate, interpret and syn-

thesize the primary studies available to establish the state 

of the art in this area. 

Some works have already been done considering ques-

tion classification, although not exclusively focusing on 

such subject and using a smaller number of studies as initial 

selection [4], [8], [9], [10]. The idea of this work is to present 

a detailed view of the question classification area consider-

ing the most used techniques, criteria and indicators. In this 

sense, this paper shows the results of a SR with studies pub-

lished between January 2012 and July 2017, following a 

protocol defined according to the guidelines proposed by 

[11], [12].  

The work is organized as follows: in Chapter 2, the main 

techniques associated with question classification are 
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described, including algorithms, taxonomies and result 

metrics; in Chapter 3, the methodology adopted to execute 

the SR activities are presented; in Chapter 4, the results of 

quality evaluation on the primary studies are described, an 

overview of the selected studies is provided and an analysis 

of the extracted data is performed; finally, Chapter 5 dis-

cusses the scope of the work, lists the threats to its validity 

and the challenges encountered, points out possible future 

work, and presents the final conclusions. 

2 AUTOMATIC QUESTION CLASSIFICATION 

Although question classification works in a similar way to 

text classification, the difficulty in obtaining reasonable 

precision indexes is huge [3]. This happens as a result of the 

small amount of information in the questions when com-

pared to the information present in text documents. The 

main idea is to effectively associate labels to questions ac-

cording to the intended criterion, which can be related to 

an assignment of a degree of difficulty (e.g. easy, hard), 

types of expected answers (with subjects such as politics, 

sports, health etc.) or even a specific school topic (e.g. Ge-

ometry/Mathematics or Syntax Analysis/Portuguese), 

among others. 

One of the first outstanding works developed consider-

ing question classification that is still used as reference is 

the study described by [3], developed at the University of 

Illinois Urbana-Champaign (UIUC). It is a SNoW hierarchical 

classifier with a base of 6,000 English questions for classifi-

cation in 6 main categories and 50 specific ones (Fig. 1). The 

classifier presented an accuracy of 84.2% and its results and 

database are still a reference in the area, including the ma-

jority of studies selected in this SR.  

Another work that is a reference in the area is the one 

done by [13], who used a compact set of features through 

head words and hypernyms – such terms will be later ex-

plained – with an accuracy of 89.2% using the Linear SVM 

algorithm and 89% with the Maximum Entropy (ME) algo-

rithm.  

[14] describes several ways of dividing types of classifi-

ers. Taking into consideration the number of classification 

categories, they can be divided into binary (2 classes, a sin-

gle association with the question), single-label (several 

classes, a single association with the question) e multi-label 

(several classes, several associations). On the other hand, 

considering the relationship between the categories, the 

classifiers can be divided into flat (no relationship) and hi-

erarchical (categories and sub-categories). As to classifica-

tion decision, they can be grouped into hard (true/false to 

define if a question belongs to a category) and soft (nu-

meric indicator that measures the degree of reliability of 

question classification within a certain category). According 

to [8], [15], [16], the main way of categorizing question clas-

sifiers is in relation to their class association strategy, con-

sisting of 3 types:  

1. Rule-based: nonstatistical approach by means of 

formulas based on question structure to predict 

classes with a high degree of accuracy that de-

creases with a large number of questions.  

2. Machine Learning (ML): search of patterns through 

statistical analysis of the structure of a set of ques-

tions. Its degree of correction in classification tends 

to improve by increasing the amount of data. It can 

be supervised (model generated from a set of la-

beled data used as training), unsupervised (without 

set of data labeled for training) and semi-super-

vised (model generated from an initial set of labeled 

and unlabeled data).     

3. Hybrid: a combination of rules and ML algorithm. 

Based on the work of [10], Fig. 2 shows the different 

stages during question classification. The idea is to trans-

form the initial text of the question into a set of relevant 

features that directly influence on the classifier perfor-

mance. 

 
2.1 Preprocessing 

According to [14], the preprocessing phase consists of con-

verting the initial text of the question into a well-defined 

set of features. This includes removing all irrelevant words 

such as pronouns, prepositions, punctuation, as well as uni-

fying similar words. Among the main possible prepro-

cessing operations, we can highlight [14], [17]: 

 

1. Tokenization: division of the text into elementary 

fragments called tokens, which are separated by a 

specific character. In the case of questions, the to-

kens are the words, and the specific character is the 

space.  

2. Removal of Stop Words: withdrawal of common 

words such as pronouns, prepositions and articles 

 

Fig. 1. Categories defined by Li and Roth [4]. 

 

Fig. 2. Stages of the classification process [10]. 
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(all called stop words), which have no relevance to a 

certain classification. Other irrelevant characters, 

such as numeric ones and punctuation, are also de-

leted. 

3. Tagging: association of morphological-lexical clas-

ses with each token, e.g. article, verb and adverb. 

4. Stemming: replacement of each token with its word 

stem, e.g. 'writer', 'writing' and 'wrote' with 'write'. 

5. Parsing: generation of a token structure in a tree for-

mat from a set of grammatical rules in order to rep-

resent the syntactic structure of the question. 

2.2 Feature Extraction 

As a result of the preprocessing phase, several types of fea-

tures can be extracted and, consequently, can directly in-

fluence on the performance of the classification process ac-

cording to the strategy adopted. Usually, they are divided 

into lexical, syntactic and semantic [15], [17] (see Fig. 3): 

1. Lexical: basically, it consists of words in a question 

context. Below are some examples: 

a. Unigram or Bag-of-words (BOW): they cor-

respond to each pair (t, f), where t repre-

sents a question word, and f is the number 

of times this word t appears. 

b. N-grams: generalization of BOW for N con-

secutive terms that appear f times in a 

question. Unigrams is the case for N=1, Bi-

grams is the case for N=2, and so on. 

c. Wh-words: words that imply a question 

sense (what, who, where etc.). 

2. Syntactic: features derived from the syntactic 

structure of the question. Here are some examples: 

a. POS tags (Part-of-Speech tags): tagging of 

words according to their word class or 

words such as adjectives, nouns, adverbs 

etc. 

b. Head words: keywords in questions ob-

tained through a parsing operation and 

that contain the main information for the 

classification process (Fig. 3). 

3. Semantic: features associated with a certain ques-

tion classification. The main examples are Hyper-

nyms/Hiponyms, that is, words that represent the 

semantic concept of generalization/specialization. 

For instance: (Color)/(Blue, Red, Green) or 

(Flower)/(Rose, Jasmime and Orchid). 

2.3 Feature selection 

Feature selection consists of discovering which features are 

more relevant than others for the classification problem. 

Reducing the number of features tends to make the classi-

fication algorithm faster and more efficient by improving 

the performance indicators, such as accuracy. The idea is to 

use algorithms to calculate weights and/or indexes in order 

to differentiate the most relevant features. Among the most 

common techniques for feature selection we can highlight: 

1. Binary [19]: simple technique consisting of assign-

ing the value 1 if the feature appears in a given 

question, and 0 if there is no occurrence.   

2. DF - Document Frequency [20]: number of docu-

ments (questions) in which a certain feature occurs. 

A limit value is established and all features with 

 

Fig. 3. Features types [18]: (a) Lexical, (b) Syntactic and (c) Semantic. 
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smaller DF values are discarded.    

3. TF – Term Frequency [19]: corresponds to the total 

occurrences of a feature in the same question. 

4. TF-IDF – Inverse Document Frequency [19]: this 

technique adjusts the TF value once common terms 

in many questions usually do not contribute to the 

classification and appear very frequently. The for-

mula for calculating the TF-IDF for each feature is: 

𝑇𝐹𝐼𝐷𝐹 =  TF ∗  log (N/n) 

Where: 

N = Total number of questions 

n = number of questions in which the feature ap-

pears (DF). 

5. TF-ICF – Inverse Class Frequency [19]: method simi-

lar to TF-IDF, it considers the incidence of a feature 

in many categories instead of questions. It works as 

an adjustment factor to the original TF-IDF: 

𝑇𝐹𝐼𝐶𝐹 =  TF ∗  [1 +  log (N/n)]  ∗  [1 +  log (C/c)] 

Where: 

N = Total number of questions 

n = number of questions in which the feature ap-

pears (DF). 

C = Total number of categories 

c = number of categories in which the feature ap-

pears. 

6. CHI² - Chi-Square [14]: measure of the degree of de-

pendence between a feature f and a category c. The 

higher the value of this statistic, the higher the as-

sociation between f and c. to calculate it, it is neces-

sary to take as a basis the contingency table be-

tween f and c (Table 1), where A is the number of 

times f appears in c, B is the number of times that f 
appears without c, E is the number of times c ap-

pears without f, K is the number of times f and c do 

not appear, and N is the total number of documents: 

𝐶𝐻𝐼2(f, c) =  
N(AK −  EB)2

(A +  E)(B +  K)(A +  B)(E +  K)
  

 

Other techniques widely used are: Information Gain 

(IG), Odds Ratio (OR) and Mutual Information (MI), 

which are detailed by [8].  

2.4 Algorithms 

As described at the beginning of the chapter, question clas-

sifiers are practically divided into rule-based algorithms, 

machine learning algorithms, and a combination between 

them. The rules are usually hard-coded instructions, that is, 

formulas defined according to the problem, having no 

predefined algorithms. Machine Learning has a great vari-

ety of algorithms and the following sections highlight the 

most used ones in question classification.      

2.4.1 KNN - K-Nearest Neighbor 

According to [10], KNN is an algorithm in which objects are 

classified through voting of several training examples la-

beled with their smallest possible distances for each object. 

The algorithm is known for its ability to recognize patterns, 

and its major disadvantage is the need of using all features 

to compute distances, which generates a high computa-

tional cost [10], [21]. 

2.4.2 Decision trees 

A decision tree reconstructs training data in a tree format 

using well-defined conditions in a true-false format [21]. 

The leaf nodes represent a set of features, and conse-

quently one or more groups or categories. With the gener-

ated tree, new data can be confronted to the conditions of 

each node, resulting in a prediction of classification for 

them. 

The main advantage is the ease of understanding the 

model through its structure, while the main disadvantage 

is the fact that training data have many features resulting 

in performance problems and overfitting [20]. There is a va-

riety of algorithms for decision trees, such as ID3, ID4-hat, 

ID5, C4.5 and CART. 

2.4.3 Naive Bayes 

The Naive Bayes algorithm is also a known algorithm in the 

text classification area and basically consists of the analysis 

of probabilities from a training database; these probabili-

ties classify questions through the extracted features [10]. 

Naive Bayes assumes an independence between features, 

making the learning performance fast and simple. The 

problem is the loss of performance in case there is a kind 

of relationship between the features. 

2.4.4 SVM – Support Vector Machine 

SVM (Support Vector Machine) is a classification method 

for linear and nonlinear data. It uses nonlinear mapping to 

transform training data into higher dimensions, and then 

finds a linear optimal hyperplane for category separation 

[10].  

TABLE 1 
CONTINGENCY TABLE BETWEEN F AND C 

 

 

Fig. 4. Stages of the classification process [20]. 
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The linear classifier is defined by the function WT x + B 

= 0 (Fig. 4), where W is the hyperplane direction and B is its 

exact position [20]. 

The items outside the hyperplanes represent two sepa-

rate categories, and the coordinates belonging to the hy-

perplanes are known as support vectors. For [20], SVM is 

robust and has optimal accuracy values, although it is 

highly complex and requires extensive memory usage for 

large-scale tasks. 

2.4.5 ANN – Artificial Neural Network  

ANN is a system composed of processing units called neu-

rons that receive inputs, and each input generates an out-

put. According to [21], the objective is to simulate some of 

the functionalities of the biological neuron through the in-

terconnection between neurons. Its structure can range 

from a simple layer of neurons (perceptron) to multiple lay-

ers such as MLP (multilayer perceptron), as shown in Fig 5: 

Still according to the authors, one advantage is the good 

performance with a great number of features, consequently 

having as a disadvantage the high cost of processing and 

memory, besides the inherent difficulty in understanding 

the ANN operation by its users. 

2.5 Taxonomies 

The process of question classification requires criteria to 

separate categories. They can be expressed through taxon-

omies, which detail the common requirements for 

grouping. 

As shown in Fig. 1, the taxonomy proposed by [3] is one 

of the most used because of its well-defined classes and 

database available for use. 

Another widely referenced taxonomy is the one pro-

posed by Bloom, which consists of a system based on edu-

cational objectives to classify questions according to learn-

ing and comprehension levels [22].  The taxonomy has 

three domains: cognitive, affective and psychomotor, alt-

hough some works on classification of evaluation items 

usually consider only the cognitive domain. This domain is 

similar to school evaluations and consists of six hierarchical 

levels, starting from the simplest one, knowledge, to the 

most complex one, evaluation. Table 2 describes each level 

of the cognitive domain illustrating simple examples: 

2.6 Performance Indicators 

The great goal of automatic classifiers is to get as close as 

possible to the accuracy of label assignment, thereby re-

ducing human intervention. To do so, it is necessary to eval-

uate the process progress, which can be accomplished 

through performance indicators. 

The indicators are extracted by means of surveying cor-

rectly categorized questions and classification errors, which 

are obtained through the generated contingency matrix. 

The contingency matrix is generally the basis for most in-

dicators (Table 3), although there are others, such as pro-

cessing time. 

The most known indicators are [8], [14]: 

1. Accuracy: proportion of correctly classified ques-

tions. 

Accuracy = (TP + TN) / TOTAL 

Where: 

TP: True Positives (questions correctly classified in 

the category) 

TN: True Negatives (questions correctly nonclassi-

fied in the category) 

TOTAL = Total number of questions 

2. Precision: proportion of correctness between the 

questions predicted for a certain category. 

Precision = TP / (TP + FP) 

Where: 

TP: True Positives (questions correctly classified in 

the category) 

TABLE 2 
BLOOM’S TAXONOMY 

 

 

Fig. 5. Neural networks: (a) Perceptron and (b) MLP. 
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FP: False Positives (questions incorrectly classified in 

the category) 

TP + FP = Total number of questions classified in a 

certain category 

3. Recall: proportion of correctness for the questions 

belonging to a certain category. 

Recall = TP / (TP + FN) 

Where: 

TP: True Positives (questions correctly classified in 

the category) 

FN: True Negatives (questions incorrectly nonclassi-

fied in the category) 

TP + TN = Total number of questions belonging to 

a certain category 

4. F1-score (F1-measure): Harmonic mean of Precision 

and Recall.  

F1 = (2 * Precision * Recall) / (Precision + Recall) 

3 METHOD 

Using an SR as a research method means to identify, eval-

uate and interpret a search for information associated with 

a research question, area or phenomenon to generate evi-

dence that may support possible conclusions [24]. The con-

text in which the SR is performed is the automatic question 

classification, also called evaluation items, as introduced in 

Chapter 2. 

The SR protocol guidelines and template were based on 

the work of [11], [12], [24], [25] and and include the activi-

ties of planning, execution and result analysis. 

The SR planning is responsible for identifying whether 

there is a need for a systematic review on the chosen topic 

and, if so, which strategy should be used to search for pri-

mary studies through a protocol definition [12]. Such pro-

tocol includes the methods for defining the research ques-

tion, search terms and sources, selection and exclusion cri-

teria as well as data extraction and synthesis. The protocol 

specifies the methods that will be used to undertake a spe-

cific systematic review. [11] defines the following compo-

nents for a protocol: 

1. Rationale, that is, the research reason. 

2. Research questions the review intends to answer. 

3. Strategy that will be used to search for primary 

studies, including search terms and sources for data 

extraction. This includes the formulation of 

keywords and the creation of search strings through 

their combination, as well as the selection of re-

sources that will be searched, which may include in-

dexed databases, specific journals and event annals.  

4. Criteria for study inclusion and exclusion according 

to defined objectives such as the original language 

of the study and its area of application.       

5. Checklists to evaluate the quality of the selected 

studies. 

6. Strategy for data extraction. It will be used to define 

how the information required from each preliminary 

study will be obtained, i.e., whether it will be neces-

sary to validate the data through some inference or 

manipulation. 

7. Synthesis and analysis of the extracted data. 

8. Project timeline to define the duration of each re-

view step. 

It should be noted that these components/steps are not 

sequential, and during the review process they can be exe-

cuted more than once and undergo changes as a result of 

approval processes in both the planning and execution 

phases. 

The protocol of systematic review represents the actual 

planning, since it describes all strategies, methods and con-

siderations to be applied while it is executed. In order to 

support the protocol definition and the RS conduction, the 

software StArt (State of Art through Systematic Reviews), 

which has shown positive results, was used [26].  

3.1 Research Questions 

The objective of this systematic review is to identify the 

state of the art in algorithms used for automatic question 

classification, their advantages and disadvantages. There is 

a fair number of algorithms for text classification involving 

TABLE 3 
CONTINGENCY MATRIX FOR THE CLASSIFICATION PROCESS – ADAPTED FROM [23] 

 

———————————————— 

1 http://dl.acm.org 
 
2 http://www.scopus.com 
 
3 http://www.sciencedirect.com 
 
4 http://ieeexplore.ieee.org 
 
5 https://webofknowledge.com 
 
6 http://scholar.google.com 

http://dl.acm.org/
http://www.scopus.com/
http://www.sciencedirect.com/
http://ieeexplore.ieee.org/
https://webofknowledge.com/
http://scholar.google.com/
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Machine Learning technology. In the case of questions, the 

amount of information is small, and their classification ac-

cording to some labels become more complex. What is 

worse, there is also a lack of surveys on the state of the art 

of question classifiers, their possible applications and the 

quantity and quality of the available algorithms. Thus, the 

goal is to support the following primary research question: 

 

What are the main automatic classification 
algorithms for questions? 
 

Based on the primary question, specific questions of in-

terest arise, as shown in Table 4: 

3.2 Source and Study Selection 

The selection criterion of archive sources considered the 

possibility of browsing studies on the web, regularly up-

dated publications, availability of texts, quality of results, 

possibility of exporting bibliographic references, and 

search mechanism by title, abstract and keywords, all writ-

ten in English. Formal and informal literature reviews writ-

ten by experts and the opinion of researchers were also 

considered, both somehow involving the area of automatic 

text and question classification according to the guidelines 

described by [25]. 

Based on the requirements mentioned above, the fol-

lowing electronic databases were selected for the research: 

ACM Digital Library1, Scopus2, Elsevier Science Direct3, IEE-

EXplore Digital Library4, Web of SciencS5 and Google 

Scholar6.   

Prior to the creation of the search string, a list of primary 

studies considered as control references was created. This 

list was extracted from the research work of the authors and 

also from secondary references on the subject previously 

analyzed, such as the work of [8], who developed an SR fo-

cused on question classification in computer exams, and 

the informal review published by [4], who considered the 

question classification in QA, IR, education and language 

conversion environments. The checklist is presented in Ta-

ble 5: 

 

Based on the research questions and the SR guidelines, 

a search string was defined considering the areas and al-

gorithms involved, that is, Machine Learning, Data Mining 

and Question Classification. Taking into account the possi-

ble synonyms, the following result was obtained: 

Among the possible types of studies, the primary stud-

ies published in journals, conferences and book chapters, 

can be highlighted, preferably giving emphasis to the most 

recent publications in case similar studies are found. Based 

on the guidelines proposed by [11], Table 6 presents the 

inclusion/exclusion criteria defined for this SR: 

 

 

 

 

 

 

 

TABLE 4 
RESEARCH QUESTIONS 

 

TABLE 5 
STUDY SELECTION FOR THE CONTROL GROUP 

 

 
((“MACHINE LEARNING”  OR 
   “DATA MINING”   OR 
   “TEXT MINING”    OR 
   “DEEP LEARNING”)  

AND 
 

(“QUESTION CLASSIFICATION”  OR  
 “QUESTION CLASSIFIER”   OR  
 “QUESTION ANALYSIS”   OR  
 “QUESTION ANALYZE”  OR  

         “QUESTION CATEGORIZATION”)) 
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In the first stage of the process, called Preliminary Selec-

tion, the search string was adapted and executed for each 

electronic database of the source list. The initial search re-

sulted in a selection of 4,460 compatible primary studies. 

Fig. 6 shows the steps for applying the inclusion/exclusion 

criteria, and the types of studies discarded are detailed on 

the right. 

To limit the number of studies loaded, the database filter 

mechanism was used to select only the ones published af-

ter the beginning of January 2012 (IC3). This first filter re-

sulted in 1,454 studies, which were identified and loaded 

into the StArt tool responsible for organizing and debug-

ging information as well as deleting duplicate entries (176), 

resulting in 1,278 records. 

The next step was the application of the inclusion crite-

ria. At first, we read the title, keywords and area of 

knowledge addressed by the study to exclude the ones that 

did not meet the inclusion criteria and were not related to 

the research questions. After discarding 1.026 records, 252 

primary studies remained for analysis. We read their ab-

stract and again applied the inclusion/exclusion criteria, re-

sulting in the exclusion of 92 more entries (details of the 

exclusion are presented in the second frame to the right in 

Fig. 6).  

We fully retrieved the texts of 160 selected studies and 

read the introduction and conclusion sections. From this 

step, 53 other studies were discarded taking into consider-

ation the inclusion/exclusion criteria, once the vast majority 

either had their questions translated into another language 

(24 studies, 45%) or not specifically addressed question 

classification (21 studies, 39%). Considering the biblio-

graphical references of the selected studies and the sec-

ondary studies (reviews) discarded in the previous steps, 4 

were added to the selection (see Fig. 7), resulting in 111 

studies for the application of IC4 referring to the minimum 

score in the quality criteria. At last, 31 studies were elimi-

nated, and the 80 remaining ones underwent a systematic 

review. The criteria with the lowest score were QC4 (de-

scription of limitations, mean = 0), QC7 (data availability, 

mean = 0.08), CQ5 (statistical analysis, mean = 0.3) and 

QC6 (validation test, mean = 0.4). 

3.3 Quality Evaluation 

The quality evaluation allows the selection of the most rel-

evant studies with concrete results within the desired re-

search theme. Five questions were obtained from the liter-

ature and two other proposals according to the scope and 

research questions were formulated. 

The scoring scale was based on the dichotomy Yes (S)/ 

No (N), with a score of 1 for affirmative answers and 0 for 

negative ones, with the possibility of partial attendance of 

the question (P) and respective score of 0.5. As a minimum 

exclusion criterion, a score less than 3.5 was considered 

since it represented 50% of the utilization of the 7 possible 

scores (Table 7). 

Table 8 shows the selected studies based on the results 

of quality evaluation and the application of the inclusion 

criterion IC4. Analyzing the evaluation results, the average 

score of the studies was 4.43 (63.2%). The study S05 ob-

tained the highest score (6.5 or 92.9%), while 13 studies 

achieved the threshold score (50%) for data extraction and 

result analysis (S4, S10, S13, S18, S21, S39, S41, S42, S45, 

S61, S63, S71 and S75). Taking into account the quality cri-

teria individually, it can be seen that the criteria Q1 and Q2 

obtained the highest scores, indicating well-founded ra-

tionales and clearly defined objectives; on the other hand, 

the criterion Q4 obtained a very low average (0.09), imply-

ing that most studies did not describe the possible limita-

tions of their research. 

 

 

 

 

TABLE 6 
INCLUSION/EXCLUSION CRITERIA 

 

TABLE 7 
QUESTIONS FOR QUALITY EVALUATION 
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Fig. 6. Flow of application of the inclusion and exclusion criteria. 

 

Fig. 7. Most cited references in the selected studies. 
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TABLE 8 
STUDIES SELECTED THROUGH QUALITY EVALUATION 
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3.4 Data Extraction 

Based on the guidelines proposed by [24] and the com-

plete reading of 80 selected studies, a form was created to 

extract relevant information (Table 9). Basically, such infor-

mation describes an overview of each study and details the 

answers to the proposed research questions. 

The general information selected was: year, country, 

question or document database, study publication medium 

and sample size. Considering the research questions, the 

tabulated data were: algorithms (classifiers), classification 

criteria (taxonomies), preprocessing techniques, feature se-

lection and indicators (metrics) used. 

4 RESULT ANALYSIS 

From the data extracted from the 80 selected studies, this 

chapter presents the results obtained considering its gen-

eral information and proposed research questions. 

4.1 Year of Publication 

Despite establishing the years between 2012 and 2017 as 

the original observation interval of the studies, we decided 

to include in the bibliographic references the 4 most cited 

studies published between 2002 and 2011. Most of the 

studies were published in 2016 (28.75%), followed by the 

year 2015 (22.5%), 2014 (17.5%), 2012 (11.25%), 2013 (10%) 

and 2017 (5%). The punctual inclusions (years 2002, 2003, 

2008 and 2011) correspond to 1.25% each (Fig. 8). 

It is worth noting that 2017 is not finished yet and 

should have a considerable number of papers still to be 

published due to the increasing number of publications 

that has been observed since 2014. 

 

4.2 Country 

China (20%), United States (14%) and India (13%) concen-

trated nearly half (47%) of the primary studies selected. Tak-

ing into consideration the continents, Asia had 48 studies 

selected (60%), while Africa had less than 1%, with a single 

published work (Morocco). To complete the list, Europe 

represented 19% of the publications, followed by America 

(16%) and Oceania (4%). Fig. 9 shows the distribution of the 

studies among the countries with the highest number of 

publications: 

4.3 Question Base and Publication Medium 

All 80 primary studies selected had their origin in the aca-

demic environment, which often resulted in the manual 

preparation of the question base using the evaluations pro-

duced inside the institution (20%) or the use of databases 

as reference in the question classification area, e.g. the da-

tabase generated through the work of [3] (22.5%) carried 

out at the University of Illinois Urbana-Champaign (UIUC), 

in the United States, and provided by TREC (Text REtrieval 

Conference), one of the world's leading conferences on the 

subject. If we consider the non-exclusive use of the 

UIUC/TREC database, the use index rises to 33.75% of the 

studies. 

In addition to the academic area, there are also several 

question sources available on the web, such as QA Yahoo! 

Answers (6.25%) and Stack Overflow (2.5%) systems, and 

bases with short text storage (similar to questions), such as 

TABLE 9 
FORM FOR DATA EXTRACTION 

 

 

Fig. 8. Number of publications over the years. 

 

Fig. 9. Distribution of studies per country. 
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Reuters (6.25%), 20NewsGroups (6.25%) and Baidu (2.5%), 

which are also used together several times. A graph with 

the main question bases surveyed is shown in Fig. 10. 

As already described in Table 9, the types of publication 

medium adopted in this work were journal, conference, 

workshop, book chapter and electronic archive. Book chap-

ters include master's theses and Ph.D. dissertations. The 

electronic archive category was created to label studies 

stored in the arXiv.org electronic library of Cornell Univer-

sity not published elsewhere. Most of the studies were pub-

lished in conferences (52.5%), journals (35%), electronic 

media (8.75%), book chapters (2.5%) and workshops 

(1.25%). 

4.4 RQ1: Computational Methods 

The purpose of this research question was to identify the 

different techniques used to implement classifiers. Two sit-

uations were observed: the first refers to the use of a simple 

algorithm or combination of algorithms to classify the 

questions; the other is about the main contribution of the 

study, in this case the focus on the classification logic 

(adaptation of basic algorithms, such as SVM and Neural 

Network, or creation of new algorithms), or on the feature 

identification, extraction and organization as a basis for the 

classifier mechanism. 

Analyzing the computational methods of the 80 selected 

studies, 55 (68.75%) chose to use a single algorithm as a 

basis for the classifier. Table 10 shows the distribution of 

algorithm choice and the consequent predominance of 

SVM, Neural Network, Rules and Clustering. 

Regarding the 25 studies that combined algorithms, we 

verified that SVM was also the preferred choice, followed 

by Naive Bayes, Rules, Decision Tree and Neural Network 

(Table 11). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE 10 
DISTRIBUTION OF UNITARY ALGORITHMS 

 

 

Fig. 10. Distribution of questions per question base. 
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Finally, adding the 25 studies with algorithm combina-

tion to the initial analysis of 55 studies with unitary algo-

rithms, SVM, Neural Network and Rules remained in the 

first three positions with 41.25%, 22.5% and 17.5%, respec-

tively, while Naive Bayes occupied the forth place (15%). 

As to the main contribution of the studies in the con-

struction of question classifiers, 49 of them that focused on 

the classification logic were preferably chosen (61.25%) 

against 31 of those focused on the feature structuring 

(38.75%). As it can be seen in Fig. 11, algorithm combina-

tion was the main choice for selecting the studies, either 

regarding logic (12 studies, 15%) or feature (13 studies, 

16.25%). Besides that, we could also verify that SVM had its 

main use in classifiers focused on feature extraction/selec-

tion (13 studies, 16.25%), while Neural Network (10 studies, 

12.5%) and Rules (7 studies, 8.75%) were the main basic al-

gorithms chosen for the new implementations of classifica-

tion logic. 

Results showed that Neural Network and SVM are the 

two types of classifiers mostly used to improve algorithms 

for classification. On the other hand, SVM was the main op-

tion when the choice was to make a combination of algo-

rithms or to propose a new logic for feature handling. 

The predominant use of Neural Network and SVM 

demonstrates that the processing cost has become an in-

creasingly small barrier to the feasibility of research exper-

iments as well as to the search for classifiers with the best 

possible performance indicators to classify questions. 

4.5 RQ2: Taxonomies for Classification 

The objective of this research question was to identify the 

most used criteria to classify questions and, therefore, the 

use of taxonomies already defined in the literature. It was 

observed that the use of authorial criteria of each research 

was predominant (35 studies, 43.75%, ranging from cate-

gories belonging to geographical areas and medical re-

quirements to QA systems, such as Yahoo! Answers. It was 

also observed the use of binary classification (Yes/No, Pos-

itive/Negative, Relevant/Irrelevant) in 4 studies (5%). SVM 

was the most used algorithm (10 of 35 studies, 28.57%), 

followed by algorithm combination (9 of 35 studies, 

25.71%). 

 

TABLE 11 
DISTRIBUTION OF ALGORITHMS IN STUDIES WITH COMBINA-

TIONS 

 

 

Fig. 12. Distribution of studies per criteria/taxonomy. 

 

Fig. 11. Distribution of studies per construction of classifiers. 
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Among the taxonomies observed in Fig. 12, the one pro-

posed by Li and Roth [3] was the most adopted (26 studies, 

32.5%), followed by Bloom's taxonomy [106], which was 

used in 13 studies (16.25%), and taxonomies developed by 

Costa [88] and Sekine [91], each appearing in only 1 study 

(1.25%). Table 12 shows the identification of studies in each 

taxonomy/criterion found: 

 

Taking into account the relationship between the taxon-

omies developed either by Li and Roth or Bloom and the 

unitary algorithms implemented (no combinations nor au-

thorial taxonomies), it was found that Rules were mostly 

used with Bloom's taxonomy (5 of 13 studies, 38.46%), 

while Neural Networks were preferably used with the tax-

onomy proposed by Lee and Roth (10 of 26 studies, 

38.46%). This result reflects the compatibility between the 

use of mapping Rules and the learning levels proposed by 

Bloom; it also shows the ease of adapting Neural Networks 

to hierarchical classifications as proposed by Lee and Roth. 

4.6 RQ3: Feature Extraction and Selection 

The objective of this research question was to identify 

which mechanisms were used for feature extraction after 

the initial preprocessing of questions, as well as which tech-

niques were responsible for assigning weights or indexes 

to features in order to select the most relevant ones to a 

certain question. After analyzing the 80 studies selected, it 

was possible to note that the majority chose either the ex-

traction or the selection technique, which means that only 

36% of the studies analyzed (29 studies) described both the 

extraction and the selection of features used to classify 

questions. Individually, extraction appeared in 62 studies 

(77.5%) and selection in 45 studies (56.25%), while only 9 

studies (11,25%) did not present the extraction nor the se-

lection technique. 

TABLE 13 
STUDIES PER TYPE OF FEATURE EXTRACTION 

 

TABLE 12 
IDENTIFICATION OF STUDIES IN EACH TAXONOMY 
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TABLE 14 
STUDIES PER TYPE OF FEATURE SELECTION 

 

TABLE 15 
METRICS USED IN THE STUDIES 
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As to different mechanisms for extracting features (Table 

13), the BOW (Bag-of-words) technique was the most used 

(24 studies, 30%), followed by N-Grams (17 studies, 

21.25%) and Headwords and POS-tags, with 11 studies 

each (13.75%). On the other hand, the feature selection ap-

peared in 45 studies (56.25%). In general, we observed the 

great predominance of N-Grams and their variations (BOW, 

Bigrams, Trigrams), representing 61.25% of the studies, 

which means that the use of sequential tokens extracted 

from the question prevailed over the other forms involving 

concepts/meanings, keywords, or relationships between 

the question terms. 

In the case of feature selection (Table 14), the TF-IDF 

technique was the most used (10 studies, 12.5%), followed 

by Cosine Similarity (6 studies, 7.5%), TF (4 studies, 5%), Bi-

nary Vector and Chi-Square, both with 3 studies each 

(3.75%). This result demonstrates a "spraying" in the use of 

selection techniques with a slight TF-IDF domain. 

4.7 QP4: Result Metrics 

Accuracy, Precision, Recall and F1 (F-measure) are result in-

dicators widely used in academic studies and were also cor-

roborated in this SR (see all results in Table 15). Accuracy 

was the most employed metric, appearing in 55 of 80 stud-

ies, followed by Precision (29 studies, 36.25%), Recall (27 

studies, 33.65%) and F1 (24 studies, 12.12%).  

5 FINAL CONSIDERATION 

The focus of this Systematic Review was to achieve the 

state-of-the-art in the techniques, criteria and indicators 

associated with question classification. This article sur-

veyed studies directly and specifically involved in question 

classification and disregarded works with broader scope, 

such as text classification (which encompasses the ques-

tions) or associated scope but different focus (QA, IR and 

language translation systems), e.g. document handling, 

system architecture, or expressions in a particular language. 

Eighty studies were selected according to inclusion, ex-

clusion and quality criteria, in which two main computa-

tional methods, 6 taxonomies/criteria, 2 mechanisms of 

feature control and the 4 most used indicators to measure 

question classification were identified. 

Between the two types of computational methods used, 

the great majority of studies opted for contributions in the 

classification logic. Neural Networks, SVM and algorithm 

combination represented the most used computational 

methods. 

Feature handling stood out both in algorithm identifica-

tion and selection and extraction techniques, since more 

than a third of the studies (38.75%) implemented new al-

gorithms for such handling, and almost 90% (88.75%) used 

some extraction/selection mechanism. 

The criteria/taxonomies and the indicators did not show 

any newness in relation to what had already been described 

in the literature (sections 2.5 and 2.6): the use of categories 

defined by the authors had the same prominence as did 

Accuracy/Precision/Recall/F1-score, which proved to be the 

most adopted metrics to measure the performance of the 

classifiers. 

As threats to validity and limitations, we can cite the use 

of few researchers in the survey and the possible adoption 

of subjective decisions regarding the inclusion/exclu-

sion/quality criteria applied to the selected studies. These 

factors may have directly influenced the absence of some 

search source, resulting in the non-inclusion of some im-

portant studies and/or exclusion of studies relevant to the 

research objectives. 

In relation to future work, our purpose is to carry out a 

detailed survey based on the quality analysis produced in 

this SR to retrieve data whose sources were made available 

in their respective studies. With this, the intention is to con-

duct a meta-analysis of such studies to compare and vali-

date the disclosed results. 

REFERENCES 

 

[1]  S. M. Weiss, N. Indurkhya e T. Zhang, Fundamentals 

of predictive text mining, vol. 41, Springer, 2010.  

[2]  C. C. Aggarwal e C. Zhai, Mining text data, Springer 

Science \& Business Media, 2012.  

[3]  X. Li e D. Roth, “Learning question classifiers,” em 

Proceedings of the 19th international conference on 
Computational linguistics-Volume 1, 2002.  

[4]  A. Sangodiah, A. Muniandy e L. E. Heng, “Question 

classification using statistical approach: a complete 

review,” Journal of Theoretical and Applied 
Information Technology, vol. 71, nº 3, pp. 386-395, 

2015.  

[5]  C. Romero e S. Ventura, “Data mining in education,” 

Wiley Interdisciplinary Reviews: Data Mining and 
Knowledge Discovery, vol. 3, nº 1, pp. 12-27, 2013.  

[6]  N. Sonwalkar, “Adaptive individualization: The next 

generation of online education,” On the horizon, vol. 

16, nº 1, pp. 44-47, 2008.  

[7]  V. P. Mahatme e K. Bhoyar, “Questions 

Categorization in E-Learning Environment Using 

Data Mining Technique,” World Academy of Science, 
Engineering and Technology, International Journal 
of Computer, Electrical, Automation, Control and 
Information Engineering, vol. 10, nº 1, pp. 93-97, 

2016.  

[8]  M. K. TAQI e R. ALI, “AUTOMATIC QUESTION 

CLASSIFICATION MODELS FOR COMPUTER 

PROGRAMMING EXAMINATION: A SYSTEMATIC 

LITERATURE REVIEW,” Journal of Theoretical and 
Applied Information Technology, vol. 93, nº 2, 2016.  

[9]  S. Jayalakshmi e A. Sheshasaayee, “Question 

classification: A review of state-of-the-art algorithms 

and approaches,” Indian Journal of Science and 
Technology, vol. 8, nº 29, 2015.  

[10]  A. Patra e D. Singh, “A survey report on text 

classification with different term weighing methods 

and comparison between classification algorithms,” 

International Journal of Computer Applications, vol. 

75, nº 7, 2013.  



SILVA ET AL.:  AUTOMATIC QUESTION CLASSIFIERS: A SISTEMATIC REVIEW 17 

 

[11]  B. Kitchenham, “Procedures for performing 

systematic reviews,” Keele, UK, Keele University, vol. 

33, nº 2004, pp. 1-26, 2004.  

[12]  J. Biolchini, P. G. Mian, A. C. C. Natali e G. H. Travassos, 

“Systematic review in software engineering,” System 
Engineering and Computer Science Department 
COPPE/UFRJ, Technical Report ES, vol. 679, nº 05, p. 

45, 2005.  

[13]  Z. Huang, M. Thint e Z. Qin, “Question classification 

using head words and their hypernyms,” em 

Proceedings of the Conference on Empirical 
Methods in Natural Language Processing, 2008.  

[14]  A. Alahmadi, “Automatic text classification using bag 

of words and bag of concepts based 

representations,” 2016.  

[15]  S. Jayalakshmi e A. Sheshasaayee, “INTERNATIONAL 

JOURNAL OF ENGINEERING SCIENCES \& 

RESEARCH TECHNOLOGY A REVIEW ON QUESTION 

CLASSIFICATION USING MACHINE LEARNING 

BASED ON SEMANTIC FEATURES,” 2015.  

[16]  H. a. C. Y.-N. Hardy, “Question classification using 

extreme learning machine on semantic features,” 

Journal of ICT Research and Applications, vol. 7, nº 

1, pp. 36-58, 2013.  

[17]  M. Pota, A. Fuggi, M. Esposito e G. De Pietro, 

“Extracting compact sets of features for question 

classification in cognitive systems: a comparative 

study,” em P2P, Parallel, Grid, Cloud and Internet 
Computing (3PGCIC), 2015 10th International 
Conference on, 2015.  

[18]  N. Van-Tu e L. Anh-Cuong, “Improving question 

classification by feature extraction and selection,” 

Indian Journal of Science and Technology, vol. 9, nº 

17, 2016.  

[19]  M. Emmanuel, S. M. Khatri e D. R. Babu, “A Novel 

scheme for Term Weighting in Text Categorization: 

Positive Impact factor,” em Systems, Man, and 
Cybernetics (SMC), 2013 IEEE International 
Conference on, 2013.  

[20]  F. P. Shah e V. Patel, “A review on feature selection 

and feature extraction for text classification,” em 

Wireless Communications, Signal Processing and 
Networking (WiSPNET), International Conference 
on, 2016.  

[21]  F. S. Gharehchopogh e Y. Lotfi, “Machine learning 

based question classification methods in the 

question answering systems,” Int J Innovat Appl 
Stud, vol. 4, nº 2, 2013.  

[22]  D. Abduljabbar e N. Omar, “Exam questions 

classification based on Bloom’s taxonomy cognitive 

level using classifiers combination,” Journal of 
Theoretical and Applied Information Technology, 
vol. 78, nº 3, pp. 447-455, 2015.  

[23]  Wikipedia, F1 Score, 2017.  

[24]  S. Keele e others, “Guidelines for performing 

systematic literature reviews in software 

engineering,” em Technical report, Ver. 2.3 EBSE 
Technical Report. EBSE, sn, 2007.  

[25]  E. Y. Nakagawa, K. R. F. Scannavino, S. C. P. F. Fabbri 

e F. C. Ferrari, Revis{\~a}o Sistem{\'a}tica da 

Literatura em Engenharia de Software: Teoria e 

Pr{\'a}tica, Elsevier Brasil, 2017.  

[26]  E. Hernandes, A. Zamboni, S. Fabbri e A. D. 

Thommazo, “Using GQM and TAM to evaluate StArt-

a tool that supports Systematic Review,” CLEI 
Electronic Journal, vol. 15, nº 1, pp. 3-3, 2012.  

[27]  S. S. Haris e N. Omar, “A rule-based approach in 

Bloom's Taxonomy question classification through 

natural language processing,” em Computing and 
Convergence Technology (ICCCT), 2012 7th 
International Conference on, 2012.  

[28]  S. S. Haris e N. Omar, “BLOOM'S TAXONOMY 

QUESTION CATEGORIZATION USING RULES AND 

N-GRAM APPROACH.,” Journal of Theoretical \& 
Applied Information Technology, vol. 76, nº 3, 2015.  

[29]  K. Jayakodi, M. Bandara e I. Perera, “An automatic 

classifier for exam questions in Engineering: A 

process for Bloom's taxonomy,” em Teaching, 
Assessment, and Learning for Engineering (TALE), 
2015 IEEE International Conference on, 2015.  

[30]  N. Omar, S. S. Haris, R. Hassan, H. Arshad, M. Rahmat, 

N. F. A. Zainal e R. Zulkifli, “Automated analysis of 

exam questions according to Bloom's taxonomy,” 

Procedia-Social and Behavioral Sciences, vol. 59, pp. 

297-303, 2012.  

[31]  A. A. Yahya, A. Osman, A. Taleb e A. A. Alattab, 

“Analyzing the cognitive level of classroom 

questions using machine learning techniques,” 

Procedia-Social and Behavioral Sciences, vol. 97, pp. 

587-595, 2013.  

[32]  A. A. Yahya e A. Osman, “Classification of high 

dimensional Educational Data using Particle Swarm 

Classification,” em Computer Systems and 
Applications (AICCSA), 2014 IEEE/ACS 11th 
International Conference on, 2014.  

[33]  S. Mahdavi-Hezavehi, M. Galster e P. Avgeriou, 

“Variability in quality attributes of service-based 

software systems: A systematic literature review,” 

Information and Software Technology, vol. 55, nº 2, 

pp. 320-343, 2013.  

[34]  T. Dyba e T. Dingsoyr, “Empirical studies of agile 

software development: A systematic review,” 

Information and software technology, vol. 50, nº 9, 

pp. 833-859, 2008.  

[35]  N. Salleh, E. Mendes e J. Grundy, “Empirical studies 

of pair programming for CS/SE teaching in higher 

education: A systematic literature review,” IEEE 
Transactions on Software Engineering, vol. 37, nº 4, 

pp. 509-525, 2011.  

[36]  P. a. S. A. a. I. R. a. M. M. N. Achimugu, “A systematic 

literature review of software requirements 

prioritization research,” Information and software 
technology, pp. 568-585, 2014.  



18 IEEE TRANSACTIONS ON LEARNING TECHNOLOGIES,  MANUSCRIPT ID 

 

[37]  W. a. L. P. a. T. A. a. V. V. H. Ding, “Knowledge-based 

approaches in software documentation: A 

systematic literature review,” Information and 
Software Technology, pp. 545-567, 2014.  

[38]  S. B. S. Bandyopadhyay, “Question Classification and 

Answering from Procedural Text in English,” em 24th 
International Conference on Computational 
Linguistics, 2012.  

[39]  H. M. Braum, S. J. Rigo e J. L. Barbosa, “MODELO DE 

CLASSIFICA{\c{C}}{\~A}O AUTOM{\'A}TICA DE 

QUEST{\~O}ES NA L{\'I}NGUA PORTUGUESA,” 

RENOTE, vol. 12, nº 2.  

[40]  W. Chan, W. Yang, J. Tang, J. Du, X. Zhou e W. Wang, 

“Community question topic categorization via 

hierarchical kernelized classification,” em 

Proceedings of the 22nd ACM international 
conference on Conference on information \& 
knowledge management, 2013.  

[41]  C. Chen, H. Han e Z. Liu, “KNN question classification 

method based on Apriori algorithm,” 2014.  

[42]  L. Chen, D. Zhang e M. Levene, “Identifying local 

questions in community question answering,” 

Lecture Notes in Computer Science (including 
subseries Lecture Notes in Artificial Intelligence and 
Lecture Notes in Bioinformatics), vol. 7675 LNCS, pp. 

306-315, 2012.  

[43]  A. Chernov, V. Petukhova e D. Klakow, “Linguistically 

motivated question classification,” em Proceedings 
of the 20th Nordic Conference of Computational 
Linguistics, NODALIDA 2015, May 11-13, 2015, 
Vilnius, Lithuania, 2015.  

[44]  M. Dalavi e S. Cheke, “Hadoop MapReduce 

implementation of a novel scheme for term 

weighting in text categorization,” em Control, 
Instrumentation, Communication and 
Computational Technologies (ICCICCT), 2014 
International Conference on, 2014.  

[45]  S. Diab e B. Sartawi, “Classification of Questions and 

Learning Outcome Statements (LOS) Into Blooms 

Taxonomy (BT) By Similarity Measurements Towards 

Extracting Of Learning Outcome from Learning 

Material,” arXiv preprint arXiv:1706.03191, 2017.  

[46]  M. Dubey e V. Goyal, “Classifying stack overflow 

questions based on bloom’s taxonomy,” 2016. 

[47]  S. Filice, D. Croce e R. Basili, “A Stratified Strategy for 

Efficient Kernel-Based Learning.,” em AAAI, 2015.  

[48]  J. Foley e J. Allan, “Retrieving hierarchical syllabus 

items for exam question analysis,” Lecture Notes in 
Computer Science (including subseries Lecture 
Notes in Artificial Intelligence and Lecture Notes in 
Bioinformatics), vol. 9626, pp. 575-586, 2016.  

[49]  T. Hao, W. Xie e F. Xu, “A WordNet Expansion-Based 

Approach for Question Targets Identification and 

Classification,” em Chinese Computational 
Linguistics and Natural Language Processing Based 
on Naturally Annotated Big Data, Springer, 2015, pp. 

333-344. 

[50]  M. M. Hoque, T. Goncalves e P. Quaresma, 

“Classifying Questions in Question Answering 

System Using Finite State Machines with a Simple 

Learning Approach,” Sponsors: National Science 
Council, Executive Yuan, ROC Institute of Linguistics, 
Academia Sinica NCCU Office of Research and 
Development, p. 409, 2013.  

[51]  L.-F. Huo, L.-M. Zhang e X.-Q. Zhao, “Question 

recognition based on subject,” Lecture Notes in 
Electrical Engineering, vol. 375, pp. 353-361, 2016.  

[52]  D. Hutzler, E. David, M. Avigal e R. Azoulay, “Learning 

Methods for Rating the Difficulty of Reading 

Comprehension Questions,” em Software Science, 
Technology and Engineering (SWSTE), 2014 IEEE 
International Conference on, 2014.  

[53]  K. Jayakodi, M. Bandara e D. Meedeniya, “An 

automatic classifier for exam questions with 

WordNet and Cosine similarity,” em Moratuwa 
Engineering Research Conference (MERCon), 2016, 

2016.  

[54]  K. Jayakodi, M. Bandara, I. Perera e D. Meedeniya, 

“WordNet and Cosine Similarity based Classifier of 

Exam Questions using Bloom's Taxonomy.,” 

International Journal of Emerging Technologies in 
Learning, vol. 11, nº 4, 2016.  

[55]  N. Kalchbrenner, E. Grefenstette e P. Blunsom, “A 

convolutional neural network for modelling 

sentences,” arXiv preprint arXiv:1404.2188, 2014.  

[56]  A. E. Karyawati, E. Winarko, A. Azhari e A. Harjoko, 

“Ontology-based why-question analysis using 

lexico-syntactic patterns,” International Journal of 
Electrical and Computer Engineering, vol. 5, nº 2, p. 

318, 2015.  

[57]  Y. Kim, “Convolutional neural networks for sentence 

classification,” arXiv preprint arXiv:1408.5882, 2014.  

[58]  A. Komninos e S. Manandhar, “Dependency based 

embeddings for sentence classification tasks,” em 

Proceedings of NAACL-HLT, 2016.  

[59]  L. La, Q. Guo, D. Yang e Q. Cao, “Multiclass boosting 

with adaptive group-based kNN and its application 

in text categorization,” Mathematical Problems in 
Engineering, vol. 2012, 2012.  

[60]  P. Le e W. Zuidema, “The Forest Convolutional 

Network: Compositional Distributional Semantics 

with a Neural Chart and without Binarization.,” em 

EMNLP, 2015.  

[61]  J. Y. Lee e F. Dernoncourt, “Sequential short-text 

classification with recurrent and convolutional 

neural networks,” arXiv preprint arXiv:1603.03827, 
2016.  

[62]  P. Le-Hong, X.-H. Phan e T.-D. Nguyen, “Using 

dependency analysis to improve question 

classification,” em Knowledge and Systems 
Engineering, Springer, 2015, pp. 653-665. 

[63]  Y. Li, A. Tripathi e A. Srinivasan, “Challenges in Short 

Text Classification: The Case of Online Auction 



SILVA ET AL.:  AUTOMATIC QUESTION CLASSIFIERS: A SISTEMATIC REVIEW 19 

 

Disclosure,” 2016.  

[64]  Z. Lin, H. Wang e S. McClean, “Tree Similarity 

Measurement for Classifying Questions by Syntactic 

Structures,” em International Conference on 
Intelligent Computing, 2016.  

[65]  Z. Lu, Y.-R. Lin, Q. Zhang e M. Chen, “Classifying 

Questions into Fine-Grained Categories Using Topic 

Enriching,” em Information Reuse and Integration 
(IRI), 2016 IEEE 17th International Conference on, 

2016.  

[66]  Y. Luo, T. F. Boucher, T. Oral, D. Osofsky e S. Weber, “A 

Study on Expert Sourcing Enterprise Question 

Collection and Classification.,” em LREC, 2014.  

[67]  M. Ma, L. Huang, B. Xiang e B. Zhou, “Dependency-

based convolutional neural networks for sentence 

embedding,” arXiv preprint arXiv:1507.01839, 2015.  

[68]  H. T. Madabushi e M. Lee, “High Accuracy Rule-

based Question Classification using Question Syntax 

and Semantics,” 2016.  

[69]  D. Marincic, T. Kompara e M. Gams, “Question 

classification with active learning,” Lecture Notes in 
Computer Science (including subseries Lecture 
Notes in Artificial Intelligence and Lecture Notes in 
Bioinformatics), vol. 7499 LNAI, pp. 673-680, 2012.  

[70]  S. K. Mishra, P. Kumar e S. K. Saha, “A Support Vector 

Machine Based System for Technical Question 

Classification,” em International Conference on 
Mining Intelligence and Knowledge Exploration, 

2015.  

[71]  L. Mou, H. Peng, G. Li, Y. Xu, L. Zhang e Z. Jin, “Tree-

based convolution: A new neural architecture for 

sentence modeling,” em Proceedings of Conference 
on Empirical Methods in Natural Language 
Processing (to appear), 2015.  

[72]  A. I. Obasa, N. Salim e A. Khan, “Hybridization of 

Bag-of-Words and Forum Metadata for Web Forum 

Question Post Detection,” Indian Journal of Science 
and Technology, vol. 8, nº 32, 2016.  

[73]  K. Osadi, M. Fernando e W. Welgama, “Ensemble 

Classifier based Approach for Classification of 

Examination Questions into Bloom’s Taxonomy 

Cognitive Levels,” 2017.  

[74]  A. OSMAN e A. A. YAHYA, “CLASSIFICATIONS OF 

EXAM QUESTIONS USING NATURAL LANGUAGE 

SYNTATIC FEATURES: A CASE STUDY BASED ON 

BLOOM’S TAXONOMY”.  

[75]  A. OSMAN e A. A. YAHYA, “CLASSIFICATIONS of 

EXAM QUESTIONS USING LINGUISTICALLY-

MOTIVATED FEATURES: A CASE STUDY BASED on 

BLOOM’S TAXONOMY”.  

[76]  J. Patrick e M. Li, “An ontology for clinical questions 

about the contents of patient notes,” Journal of 
Biomedical Informatics, vol. 45, nº 2, pp. 292-306, 

2012.  

[77]  P. G. Pillai e J. Narayanan, “Question categorization 

using SVM based on different term weighting 

methods,” International Journal on Computer 
Science and Engineering, vol. 4, nº 5, p. 938, 2012.  

[78]  Y. PING, Y. jian ZHOU, C. XUE e Y. xian YANG, 

“Efficient representation of text with multiple 

perspectives,” The Journal of China Universities of 
Posts and Telecommunications , vol. 19, nº 1, pp. 

101-111, 2012.  

[79]  M. Pota, M. Esposito e G. De Pietro, “A forward-

selection algorithm for SVM-based question 

classification in cognitive systems,” Smart 
Innovation, Systems and Technologies, vol. 55, pp. 

587-598, 2016.  

[80]  M. Poyraz, Z. H. Kilimci e M. C. Ganiz, “Higher-order 

smoothing: a novel semantic smoothing method for 

text classification,” Journal of Computer Science and 
Technology, vol. 29, nº 3, pp. 376-391, 2014.  

[81]  X. Qi, L. Su, B. Yang, J. Chen, Y. Li e J. Liu, “Question 

Classification Based on Hadoop Platform,” em 

International Conference on Cloud Computing, 

2014.  

[82]  B. Qu, G. Cong, C. Li, A. Sun e H. Chen, “An evaluation 

of classification models for question topic 

categorization,” Journal of the American Society for 
Information Science and Technology, vol. 63, nº 5, 

pp. 889-903, 2012.  

[83]  A. K. M. M. M. Rahman e C. K. Roy, “Embedded 

Emotion-based Classification of Stack Overflow 

Questions Towards the Question Quality Prediction,” 

2016.  

[84]  K. Roberts, H. Kilicoglu, M. Fiszman e D. Demner-

Fushman, “Automatically classifying question types 

for consumer health questions,” AMIA ... Annual 
Symposium proceedings / AMIA Symposium. AMIA 
Symposium, vol. 2014, pp. 1018-1027, 2014.  

[85]  K. Roberts, H. Kilicoglu, M. Fiszman e D. Demner-

Fushman, “Decomposing consumer health 

questions,” em BioNLP Workshop, 2014.  

[86]  A. SANGODIAH, R. AHMAD, W. AHMAD e W. 

FATIMAH, “TAXONOMY BASED FEATURES IN 

QUESTION CLASSIFICATION USING SUPPORT 

VECTOR MACHINE.,” Journal of Theoretical \& 
Applied Information Technology, vol. 95, nº 12, 2017.  

[87]  M. Sarrouti, A. Lachkar e S. E. A. Ouatik, “Biomedical 

question types classification using syntactic and rule 

based approach,” em Knowledge Discovery, 
Knowledge Engineering and Knowledge 
Management (IC3K), 2015 7th International Joint 
Conference on, 2015.  

[88]  P. Shanthi e I. Krishnamurthi, “A Semantic Approach 

for Question Classification Using Register Linear 

Based Model,” Middle-East Journal of Scientific 
Research, vol. 23, nº 4, pp. 685-694, 2015.  

[89]  J. Silva, L. Coheur, A. C. Mendes e A. Wichert, “From 

symbolic to sub-symbolic information in question 

classification,” Artificial Intelligence Review, vol. 35, 

nº 2, pp. 137-154, 2011.  



20 IEEE TRANSACTIONS ON LEARNING TECHNOLOGIES,  MANUSCRIPT ID 

 

[90]  V. Singh e S. K. Dwivedi, “{An Integrated Pattern 

Matching and Machine Learning Approach for 

Question Classification},” em {2015 1st International 
Conference on Next Generation Computing 
Technologies (NGCT)}, {2015}.  

[91]  D. Tomas e J. L. Vicedo, “{Minimally supervised 

question classification on fine-grained taxonomies},” 

{KNOWLEDGE AND INFORMATION SYSTEMS}, vol. 

{36}, nº {2}, pp. {303-334}, {AUG} {2013}.  

[92]  Q. Wan, S. Huang e M. Wei, “Research on 

pretreatment of questions based on large-scale real 

questions set,” Journal of Networks, vol. 8, nº 8, pp. 

1810-1817, 2013.  

[93]  D. Wang e H. Zhang, “Inverse-category-frequency 

based supervised term weighting schemes for text 

categorization,” Journal of Information Science and 
Engineering, vol. 29, nº 2, pp. 209-225, 2013.  

[94]  F. Wang, Z. Yang, Z. Li e J. Zhou, “Query Classification 

by Leveraging Explicit Concept Information,” em 

Advanced Data Mining and Applications: 12th 
International Conference, ADMA 2016, Gold Coast, 
QLD, Australia, December 12-15, 2016, Proceedings 
12, 2016.  

[95]  P. Wang, B. Xu, J. Xu, G. Tian, C.-L. Liu e H. Hao, 

“Semantic expansion using word embedding 

clustering and convolutional neural network for 

improving short text classification,” 

Neurocomputing, vol. 174, pp. 806-814, 2016.  

[96]  P. Wang, J. Xu, B. Xu, C.-L. Liu, H. Zhang, F. Wang e H. 

Hao, “Semantic Clustering and Convolutional Neural 

Network for Short Text Categorization.,” em ACL (2), 
2015.  

[97]  R. Yadav e M. Mishra, “QUESTION CLASSIFICATION 

FOR QUESTION ANSWERING SYSTEM USING BACK 

PROPAGATION FEED FORWARD ARTIFICIAL NEURAL 

NETWORK (BPFFBNN) APPROACH,” 2013.  

[98]  A. A. Yahya, A. Osman e M. S. El-Bashir, “Rocchio 

algorithm-based particle initialization mechanism 

for effective \{PSO\} classification of high 

dimensional data,” Swarm and Evolutionary 
Computation , pp. - , 2016.  

[99]  Y. Yoshikawa, T. Iwata e H. Sawada, “Latent support 

measure machines for bag-of-words data 

classification,” em Advances in Neural Information 
Processing Systems, 2014.  

[100]  L. Zhang, Y. Li, Y. Xu, D. Tjondronegoro e C. Sun, 

“Centroid Training to achieve effective text 

classification,” em 2014 International Conference on 
Data Science and Advanced Analytics (DSAA), 2014.  

[101]  D. Zhang e W. S. Lee, “Question classification using 

support vector machines,” em Proceedings of the 
26th annual international ACM SIGIR conference on 
Research and development in informaion retrieval, 
2003.  

[102]  R. Zhang, H. Lee e D. Radev, “Dependency sensitive 

convolutional neural networks for modeling 

sentences and documents,” arXiv preprint 

arXiv:1611.02361, 2016.  

[103]  Y. Zhang, S. Roller e B. Wallace, “MGNC-CNN: A 

simple approach to exploiting multiple word 

embeddings for sentence classification,” arXiv 
preprint arXiv:1603.00968, 2016.  

[104]  Z. Zhang, H. Lin, P. Li, H. Wang e D. Lu, “Improving 

semi-supervised text classification by using 

Wikipedia knowledge,” em International Conference 
on Web-Age Information Management, 2013.  

[105]  C. Zhou, C. Sun, Z. Liu e F. Lau, “A C-LSTM neural 

network for text classification,” arXiv preprint 
arXiv:1511.08630, 2015.  

[106]  B. S. Bloom, “The 2 sigma problem: The search for 

methods of group instruction as effective as one-to-

one tutoring,” Educational researcher, vol. 13, nº 6, 

pp. 4-16, 1984.  

 

 

 

 
Valtemir A. Silva started working toward theon his PhD degree in 
computer Computer science Science in July 2014 at the ICMC – Uni-
versity of São Paulo (USP). He received the master’s degree in pro-
duction Industrial engineering Engineering in 2006 at from the EESC 
– USP. In the context of the PhD, he isHis areas of interest are con-
cerned with software engineering and computational intelligence. His 
research investigates problems regarding text classification, question 
classification, adapative learning and relationship between human 
skills and learning requisites requirements for evaluations. 

 
Ig Ibert Bittencourt is an Associate Professor at Federal University 
of Alagoas (Brazil), the former president of the Special Committee on 
Computers and Education from Brazilian Computer Society (leading 
around 2500 researchers) and editor of IEEE Transactions on Learn-
ing Technologies. Prof. Ig Bittencourt co-founded an awarded com-
pany called MeuTutor (more than 50 thousand students already used) 
and he stands out from his peers by creating one of the most innova-
tive companies in the field of educational technology in Brazil. He be-
lieves in innovative social entrepreneurship as a model for promoting 
a sustainable economic and social development to mankind. 
 
José C. Maldonado received his bachelor’s degree in Electrical En-
gineering from the University of São Paulo, São Carlos/Brazil, in 1978, 
his master’s degree in Spatial Engineering and Technology from the 
National Institute For Space Research, São José dos Campos/Brazil, 
in 1983, and his PhD in Electrical Engineering - Computing and Auto-
mation from the University of Campinas, Campinas/Brazil, in 1991. He 
was a postdoctoral researcher at the Purdue University, West Lafa-
yette, Indiana/United States, in 1996, and since 1997 has been a Pro-
fessor at the University of São Paulo, São Carlos/Brazil. 


