
 

 

© 2021 IJSRET 
2142 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 7, Issue 4, July-Aug-2021, ISSN (Online): 2395-566X 

 

 

Automatic Questionnaire Generator 
Asst. Prof. G.Vijaya Lakshmi, P. H Saraswathi, B.Reshmi, T. Sai Santoshi, P. Sunith Kumar 

Department of Information Technology, 
 Anil Neerukonda Institute of Technology and Sciences,  

Sangivalasa, Visakhapatnam, India. 

gvijayalakshmi.it@anits.edu.in, saraswathipalaghat@gmail.com, bolisettyreshmi@gmail.com, santoshitangudu45777@gmail.com, 
sunithkumar006@gmail.com

 
Abstract- This Project is based on the work carried out on bulk amount of text. Learning through the internet becomes popular 

that facilitates learners to learn anything, anytime, anywhere from the web resources. This system can find the self-learning 

gaps of learners and improve the progress of learning. The manual question generation takes much time and labor. Therefore, 

automatic question generation from learning resources is the primary task of an automated questionnaire generator. Stop 

words and unwanted words are identified by NLP techniques. In order to perform machine learning on text, the data is 

transformed into vector representations such that we can apply numeric machine learning. Representing data numerically 

gives us the ability to perform meaningful analytics and also creates the instances on which machine learning algorithms 

operate. Hence feature extraction is done by using Spacy module and performing One-Hot-Encoding. Naïve Bayes Classifier is 

used to train the data and the model performance is evaluated on the basis of metrics such as accuracy, precision, f1 score, 

recall, confusion matrix. The purpose of this project is to generate and assess the questions automatically in 3 formats 

(True/False, Choose the correct answers, Cloze Questions) when given text as an input. 

 

Keywords- NLP, Automatic Question Generator, NLTK, SpaCy, and one hot encoding, Named Entity Recognition, Naïve Bayes 

Classifier.

I. INTRODUCTION 

 
Traditionally question papers were generated manually. 

Preparing any exam paper is a very challenging task for the 

educators because they have to check whether there is any 

repetition in the pattern or not, and other than that security 

is one of the major concerns for them, also due to lack of 

teaching staff in any institute, creation of paper is not at all 

an easy task. Several existing systems proposed several 

approaches for question generation.  

 

It took years to bring each approach into existence. 

 2014 - Different approaches of automatic question 

generation for education. 

 2017 - A review of automatic question generation and 

evaluation techniques. 

 2018 - A survey of evaluation methodologies used in 

automatic question generation. 

 2020 - A review of automatic question generation for 

educational purposes. 
 

The FIRST contribution is to summarize the related 

existing datasets. We also critically analyzed various 

purposes and limitations of the use of these datasets.The 

SECOND contribution is to discuss and summarize the 

existing and possible question generation methods used to 
automate the Questionnaire Generation system. 

Proposed System works upon Objective Questionnaire 

Generation. This system presents the different types of 

objective question generation techniques. 

 

So, here we are proposing an Automatic Question 

Generator System which generates questions in the form 

of3 formats i.e., True/ False questions, Choose the correct 

answers & Cloze Questions for given dataset or Text book 

as input. 

 

II. LITERATURE SURVEY 
 

Nguyen-Thinh Le has published Automatic Question 

Generation for Educational Applications – The State of 

Art. 

This study carried out, the state of the art of approaches to 

developing educational applications of question generation.  
Recently, researchers from multiple disciplines have been 

showing their common interest in automatic question 

generation for educational purposes. They concluded that 

although a great variety of techniques on automatic 

question generation exists, just a small amount of 

educational systems exploiting question generation has 

been developed and deployed in real classroom settings. 

They also proposed research directions for deploying the 

question technology in computer-supported educational 

systems. 
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Riken Shah, Deesha Shah, Lakshmi Kurup has 

published 2nd International Conference on 

Communication Systems, Computing and IT 

Applications (CSCITA) in 2017. 

In this paper, they have presented the system of automatic 

MCQs (Multiple Choice Questions) generation for any 

given input text along with a set of distractors. The system 

is trained on a Wikipedia-based dataset consisting of URLs 

of Wikipedia articles. The important words (keywords) 

which consist of both bigrams and unigrams are extracted 

and stored in a dictionary along with many other 

components of the knowledge base.  

 

They have used Inverse Document Frequency (IDF) 
measure for ranking the extracted keywords and Context-

Based Similarity approach using Paradigmatic Relation 

discovery techniques for generation of distractors. In 

addition, the question generation phase includes 

eliminating sentences starting with Discourse Connectives 

to avoid a question with incomplete information. They 

have obtained significant accuracy compared to many 

similar approaches.  

 

The results were quite promising considering that there is 

no human intervention. The task of automatic question 
generation can be of quite an importance in MOOCs 

(Massive Open Online Courses), Intelligent Tutoring 

Systems and for self-assessment while learning a new 

concept. Though they have developed their system for the 

field of physics, it can be extended to any field. 

 

Soni, Sonam and Kumar, Praveen and Saha, Amal, 

Automatic Question Generation: A Systematic Review 

(March 15, 2019). International Conference on 

Advances in Engineering Science Management & 

Technology (ICAESMT) – 2019 

This paper presents the review of various approach of 
automatically question generation from text content. Most 

of the algorithm mainly using Natural language processing.  

Comparison of various approaches which has been used for 

question generation is presented. The main objective is to 

generate a syntactically and semantically correct and good 

quality of question from text. The work is mainly done 

using NLP. 

 

NER (named entity recognition) and SRL (semantic role 

labeling) is used to identify the semantic relation. This 

motivational field of Automatic Question Generation 
(AQG) has always been the area in need of continuous 

improvements like we can consider True/False, Analytical, 

Experimental type of Q&A (Questions and Answers) being 

generated in future. 

  

GhaderKurdi, Jared Leo, BijanParsia, Uli Sattler & 

Salam Al-Emari published “A Systematic Review of 

Automatic Question Generation for Educational 

Purposes”-International Journal of Artificial 

Intelligence in Education. 

The goal of this review is to provide a comprehensive view 

of the Automatic Question Generator. While exam-style 
questions are a fundamental educational tool serving a 

variety of purposes, manual construction of questions is a 

complex process that requires training, experience, and 

resources. This, in turn, hinders and slows down the use of 

educational activities (e.g. providing practice questions) 

and new advances (e.g. adaptive testing) that require a 

large pool of questions.  

 

To reduce the expenses associated with manual 

construction of questions and to satisfy the need for a 

continuous supply of new questions, automatic question 

generation (AQG) techniques were introduced.  
 

This review extends a previous review on AQG literature 

that has been published up to late 2014. It includes 93 

papers that were between 2015 and early 2019 and tackle 

the automatic generation of questions for educational 

purposes. The aims of this review are to: provide an 

overview of the AQG community and its activities, 

summarize the current trends and advances in AQG, 

highlight the changes that the area has undergone in the 

recent years, and suggest areas for improvement and future 

opportunities for AQG.  
 

Similar to what was found previously, there is little focus 

in the current literature on generating questions of 

controlled difficulty, enriching question forms and 

structures, automating template construction, improving 

presentation, and generating feedback. Our findings also 

suggest the need to further improve experimental reporting, 

harmonize evaluation metrics, and investigate other 

evaluation methods that are more feasible. 

 

Automatic Question Generation System- cited by P 

Pabitha M. Mohana, S.Sugantji, B.Sivanandhini , 

International Conference on Recent Trends in 

Information Technology, 2014. 

The process of automating the question generation consists 

of many tasks. Selecting the target content (what to ask), 

question type (who, why, how) and actual question 

generation are the major issue of Automatic Question 

Generation. Certain definitions retrieved are available in 

Wikipedia either directly or is the outcome of executing set 

of sub queries for each key phrase categories. 

 

The problem in the existing system is that some of the 
definition sentences which are taken out from Wikipedia 

were implicit. The proposed system overcomes the 

problems by using Supervised Learning Approach, Naïve 

Bayes method. It also extends its work to use 

Summarization, Noun Filtering and Question Generation in 

the aim of generating semantically correct questions. 

 

III. METHODOLOGY 
 

1. Data Set: 
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Stanford Question Answering Dataset (SQuAD) is a 

reading comprehension dataset, consisting of questions 
posed by crowdworkers on a set of Wikipedia articles, 

where the answer to every question is a segment of text, or 

span, from the corresponding reading passage, or the 

question might be unanswerable.It is a collection of 

question-answer pairs derived from Wikipedia articles. In 

SQuAD, the correct answers of questions can be any 

sequence of tokens in the given text.  

 

Because the questions and answers are produced by 

humans through crowdsourcing, it is more diverse than 

some other question-answering datasets. SQuAD 1.1 

contains 107,785 question-answer pairs on 536 articles. It 
is comprised of two files: train.v1 file and dev.v1 file.  

 

Dataset is divided into Training Data and Testing Data. 

1.1 Training Data: The observations in the training set form 

the experience that the algorithm uses to learn. In 

supervised learning problems, each observation consists 

of an observed output variable and one or more observed 

input variables. 

1.2 Test Data: The test set is a set of observations used to 

evaluate the performance of the model using some 

performance metric. It is important that no observations 
from the training set are included in the test set. If the test 

set does contain examples from the training set, it will be 

difficult to assess whether the algorithm has learned to 

generalize from the training set or has simply memorized 

it. 

 

Example of an Article from the Dataset 

 

2. Workflow of the Project: 

 

 
Fig 1. Workflow of the Project 

 

3. Data Exploration: 

In this project, we used SQuAD 1.1 dataset. The dataset 

consists of 107,785 question-answer pairs on 536 articles. 

Here, we explore the data by reading the dataset. We 

concatenate both test set and dev set.  

 

Then we found many insights like total titles_count, total 

paragraphs_count, total questions_count through which we 

can find title id, paragraph id and question id from a 

required article and retrieve questions and answers. We 

also checked for the containment factor. 

 

4. Feature Extraction: 

For the features of the words we're going to use spacy. 

Once we tokenize the text we can access features like Part 

of speech and others. Once we extract all the words from 

the texts, we'll save them using pickle. Then we can easily 

use them in the other modules and have to wait for them to 

generate again.  

 

So, to save/store the generated words we used pickle 

module. We have concatenated the train dataset and dev 

dataset and extracted qas, sentences and finally words from 
the paragraph. 
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Fig 2. Flow chart of Feature Engineering. 

 

 

5. Training the Data: 

Here, we used Naïve Bayes classifier to predict whether the 

word is an answer or not. Dataframe (dataset) is taken 
which is generated from feature engineering phase and we 

performed one-hot-encoding. One-hot- encoding is used to 

convert categorial data into numerical data. By using it we 

extracted more features. 

 

Steps to implement Naïve Bayes algorithm: 

 Data Pre-processing step 

 Fitting Naive Bayes to the Training set 

 Predicting the test result 

 Test accuracy of the result(Creation of Confusion matrix) 

 Visualizing the test set result. 
 

 
Fig 3. Flow chart of Training the model. 

 

IV. RESULTS 
 

1. Output Images: 

The following results were observed: 

 

 
 

These are the features extracted using SpaCy module in 

feature engineering phase. 

 

 
 

After performing one hot encoding these are the features 

obtained and converted categorical data into numerical 

data. Accuracy we got after training the data is: 

29.86111111111111. 

 

This doesn't really tell us anything. Since our dataset is not 

balanced - only 02.53% of the words are answers we need 

to use a different metric. So we used recall which gave 

100% score. 
  

2. Confusion Matrix: 

 

 
Fig 4. Confusion Matrix. 
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3. Prediction of Words: 

F Architecturally T School 
T Catholic T character F Atop 

T Main 

T Building T gold 

T dome T golden T statue 

T the Virgin Mary F Immediately 

T the Main Building F facing 

T copper T statue T Christ T arms 

F upraised T legend 

T Venite Ad Me Omnes T the Main Building T Basilica 

T the Sacred Heart F Immediately 

T basilica T Grotto 

T Marian T place 
T prayer 

T reflection T replica 

T grotto T Lourdes T France 

T Virgin Mary F reputedly 

F appeared 

T Saint Bernadette Soubirous 

T 1858 

T end T main T drive 

T direct T line 

F connects T 3 

T statues 
T the Gold Dome T simple 

T modern T stone T statue T Mary 

 

4. Incorrect Words that are predicted: 

Architecturally atop Immediately facing upraised 

immediately reputedly appeared connects 

  

V. FUTURE SCOPE & CONCLUSION 

 
Within this preliminary work, we studied various modules, 

applications and libraries of Machine learning which can 

be used for text classification. We used SQuAD 1.0 dataset 

that consists of about 536 articles and 1, 07,785 question-

answer pairs. We used different python modules to get 
desired qualities of required output.  

 

SpaCy module helped a lot to extract features (words) from 

the dataset and categorize into different columns like NER, 

POS, DEP, shape and so on. After performing one hot 

encoding we extracted many features and converted 

categorical data into numerical data. We used sklearn’s 

Gaussian Naïve Bayes algorithm to classify each word 

whether it’s an answer or not. The best part about Naïve 

Bayes algorithm is that we get the probability for each 

word.  
 

By using the probability of the word we can classify and 

sort the words from the most likely, to be an answer to the 

least likely. From the results, we can conclude that the 

model predicted most of the appropriate words as answers. 

The ones that the model did not predict were least likely to 

be an answer. Genism module really worked very well to 

generate the distractors i.e., to extract incorrect answers. 

And finally, we generated questions and answers in the 

three formats (True/False, Choose the correct answers, 
Cloze Questions). We finally conclude that all the 

generated questions are not suitable to go into a classroom 

straight away. But, they are not really bad either. Very few 

questions are not suitable.   A little manual work is needed 

to remove the questions that are not sensible. In future, we 

would like to improve the performance which generates 

meaningful questions by trying out various approaches and 

adding additional features to it. 
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