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Abstract

Question Answering (QA) has become one of the most significant infor-
mation retrieval applications. Despite that, most of the question answering
system focused to increase the user experience in finding the relevant result.
Due to the continuous increase of web content, retrieving the relevant
result faces a challenging issue in the Question Answering System (QAS).
Thus, an effective Question Classification (QC), and retrieval approach
named Bayesian probability and Tanimoto-based Recurrent Neural Network
(RNN) are proposed in this research to differentiate the types of questions
more efficiently. This research presented an analysis of different types of
questions with respect to the grammatical structures. Various patterns are
identified from the questions and the RNN classifier is used to classify the
questions. The results obtained by the proposed Bayesian probability and
Tanimoto-based RNN showed that the syntactic categories related to the
domain-specific types of proper nouns, numeral numbers, and the common
nouns enable the RNN classifier to reveal better result for different types of
questions. However, the proposed approach obtained better performance in
terms of precision, recall, and F-measure with the values of 90.14, 86.301,
and 90.936 using dataset-2.
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1 Introduction

Search engines are used for finding the answers to the questions in daily
life. However, the search engine requires the user to identify the effective
searching keywords for the questions, without spending a long time for
the users to search the answer for the questions [7, 13, 29]. Moreover, the
search engine offers the documents in a ranking order that includes only
partial content, which makes it more complex for the user to find interesting
documents. As, the questions created by the user are typically heterogeneous,
personal, open-ended, and extremely specific, the search engines are widely
not enough to identify the single web page, which contains the direct answer
for the user question [7, 14]. However, real humans are better in answering
and understanding than the machine [7, 15]. There exist some emerging
trends to the websites, such as Google Answer [11], Naver Knowledge
Search (Naver KiN) [9], Baidu Zhidao [12], and Yahoo! Answer [10], as
these websites are linearly growing. In these websites, the people answer
the question that is send by other users, and these websites are specified
as community-based question answering service (cQA) [4, 30], which are
widely used in various fields [38]. However, the community cQAS offers the
platform to allow the user to post the questions and answers that is already
posted by some other user. In CQAS, the questions are openly available to
receive the answers for a certain period of time. However, the asker can
select the efficient and the best answer to the question along with the rating in
the specified range. Moreover, each question has a list of an attribute called
tag of interests that specifies the number of users who are interested in the
question [7, 31].

QC plays a significant role in the question answering system and one
of the important tasks of the classification process is to find the types
of questions. However, most of the QAS tries to increase the technology
and the experience of the user in finding the matched result. Due to the
low response rate and the increasing amount of web content, finding the
relevant content faces a challenging issue [2, 16, 32]. One of the methods
used to perform the QC is to find the type of question with respect to
the keywords and the structure of the sentence that specifies the semantic
and the syntactic information, respectively. However, the set of patterns are
specified with the regular expression often with hard-coded. When the user
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enters a new question, it is matched with the set of patterns to find the
class that belongs to. When the pattern gets more accurate and complete,
the performance of the approach will be enhanced. In order to solve the
performance issue, the questions are defined with numerous patterns [17, 18].
To achieve the classification strategy, different machine learning classifiers,
such as Naive Bayes, K-Nearest Neighbor (KNN), auto-encoders [37] and
support vector machine (SVM) are widely used. QC is a bloom taxon-
omy that contains well-defined keywords and categories such that each
category contains well defined features. The classifier is trained by the
training examples such that the classifiers are used to classify the questions
[20, 33, 34].

In [19], decision tree, Sparse Network of Winnows (SNoW), naive bayes,
and KNN are used to classify the English questions, where the bag-of-n gram
features and the bag-of word features are effectively selected and showed
that the SVM classifier is highly effective than the other learning classifiers.
cQA services maintain and construct a large number of archives that include
answering to the questions and the previous questions. As the cQA can
directly answer to the queried questions rather than the list of documents such
that the pairs of question-answer with large scale data is transformed into the
information resource. If the relevant question and the answers are available,
then the user can retrieve the answer from the list of relevant documents.
Hence, question retrieval is a major factor in cQA service [4]. With the cQA
services, retrieval of the question becomes a major part of the knowledge
and information acquisition. The user expresses relevant meanings with the
semantically related result that generates the lexical gap among similar ques-
tions [21]. Question retrieval is the major archive of cQA services that aims
to retrieve the question answer pairs that are relevant to the query question.
Other methods used to perform the question retrieval include the syntactic
structure of questions and learning to rank methods [22].

This research focused to develop a question classification and retrieval
approach based on the Bayesian probability and Tanimoto based RNN. The
proposed Bayesian probability and Tanimoto based RNN is composed of
three different engines, namely question relevancy prediction engine, ques-
tion matching engine, and question retrieval engine. The proposed approach
efficiently identifies the quality of answers that are relevant to the question.
Here, the high quality of answers is accurately selected for the given ques-
tions. The temporal interactions between the answers are eliminated with the
proposed approach. RNN classifier enables the question relevancy prediction
engine to find the relevant questions based on the new loss function associated
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with the RNN classifier. In the question matching engine, the dictionary
based score is calculated using Planning Environment & Social Management
(PESM), the position-based score is computed using Bayesian probability,
and the common similarity is computed using the Tanimoto measure. With
these three scores, the hybrid score is evaluated such that the question
retrieval engine retrieves the relevant result based on the result of predicted
value and the hybrid score value.

Contribution of the paper:

• The major contribution of this work is the development of a question
classification and retrieval approach using the proposed Bayesian prob-
ability and Tanimoto based RNN classifier. The questions are classified
and are retrieved through the question retrieval engine based on the pre-
dicted result of RNN and the hybrid score value of the question matching
engine and reveal the effectiveness of user experience in retrieving the
relevant result.

• The proposed Bayesian probability and Tanimoto based RNN classifier
can solve the lexical gap issues and it can also estimate the relevancy
between the questions.

The paper is organized as follows: Section 2 describes the review of
the existing question classification and retrieval methods, and Section 3
elaborates the proposed Bayesian probability and Tanimoto for question
classification and retrieval. Section 4 discussed the result and discussion of
the proposed approach, and finally, Section 5 concludes the paper.

In this section, some of the existing question classification and retrieval
methods are surveyed along with their merits and demerits, which motivate
the researchers to develop a new question retrieval method in QAS.

2 Literature Survey

Various existing question retrieval techniques are reviewed in this section.
Kyoungman Bae, and Youngjoong Ko [1] introduced a dependency based
model (DM) and category-based model (CM) for increasing the performance
of question retrieval. It effectively solved the issues of the lexical gap using
the DM and CM models. However, the expansion words were selected
using the expansion model. It attained better retrieval performance but failed
to paraphrase the document using document and word embedding. Alaa
Mohasseb et al. [2] developed a grammar-based approach for query classi-
fication and categorization. This method effectively exploited the structure
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of questions and classified them. Here, the text was transformed into the
pattern-based grammatical representation. It attained better performance but
does not analyze and examine more questions from the various dataset.
Partha Sarathy Banerjee et al. [3] developed a natural language information
interpretation and representation (NLIIPS) model for question answering
system. It eliminated the transformation of user query to the Structured
Query Language (SQL) statements and avoided the storage of unstructured
documents. It required less memory and no training process. It failed to
consider the performance of the sentence with conjunctions. Kyoungman
Bae, and Youngjoong Ko [4] developed a weighting method to achieve
query classification. It effectively solved the issues of the lexical gap in the
question retrieval system. It increased the performance of query retrieval
and classification. However, it failed to consider the entity linking model to
extract the features.

Chi-Hua Chen [5] developed an ensemble Neural Network (NN) for the
question answering system. It used the training data with a random number
in the training phase. It received the requirements of input from users and
responded it with a suitable class of queries. This model obtained the highest
accuracy, but the time complexity was too high. Fei Wu et al. [6] developed a
temporal interaction and causal influence based long short term memory (TC-
LSTM) for leveraging the casual and the temporal interaction between the
question and answer. It effectively performed the answer ranking and answer
classification tasks. It achieved better performance in answer selection but
failed to use the attention model for discovering the semantic relations. Jinwei
Liu et al. [7] developed coupled semi-supervised mutual reinforcement-based
label propagation (CSMRLP) for quality prediction and analysis in the ques-
tion answering system. It effectively generated the answers with high quality
from the question features. It achieved better classification performance. It
failed to analyze the social features to enhance the evaluation of question
quality. Alami Hamza et al. [8] introduced a machine learning classifier in
order to classify the Arabic questions. The representation of queries was
calculated that allowed the user to capture the semantic and the syntactic
relations between the words. It achieved better classification performance
but failed to achieve the answer processing and document processing. Bei
Xu and Hai Zhuge [35] have analyzed the influence of semantic links on
the basic abilities of a type of QAS system that extracts answers from a
range of texts. This analysis concerns the ability to answering different types
of questions and supporting different patterns of answering questions. Asad
Abdi et al. [36] have modelled a QAS in which the query and documents



908 V. Jagannathan

Table 1 Features and challenges of existing question answering system
Authors
[Citations] Methodology Advantages Disadvantages

Kyoungman
Bae, and
Youngjoong
Ko [1]

DM and CM • It is easy to solve the
lexical gap

• Better retrieval
performance

• It is failed to
paraphrase the
document using
document and word
embedding.

Alaa
Mohasseb
et al. [2]

Grammar-
based
approach

• Easy to transform the
text into the
grammar-based
approach

• It does not analyze
and examine more
questions from the
various dataset

Partha
Sarathy
Banerjee
et al. [3]

NLIIPS • Avoids storage of
unstructured document

• Requires less memory
and no training process

• Failed to consider
the performance of
the sentence with
conjunctions

Kyoungman
Bae, and
Youngjoong
Ko [4]

Case
frame-based
retrieval
model with
word
embedding
(WCFM)

• Easy to solve the issues
of the lexical gap in the
question retrieval
system.

• It can increase the
performance of query
retrieval and
classification.

• It fails to consider
the entity linking
model to extract the
features.

Chi-Hua
Chen [5]

NN • Easy to train the data
with random numbers.

• Highest accuracy

• Time complexity is
very high

Fei Wu et al.
[6]

TC-LSTM • It can achieve better
performance in answer
selection

• Difficult to use the
attention model for
discovering the
semantic relations

Jinwei Liu
et al. [7]

CSMRLP • Easy to generate the
answers with high
quality of question
features.

• It can achieve better
classification
performance.

• It is difficult to
analyze the social
features to enhance
the evaluation of
question quality.

(Continued)
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Table 1 Continued
Authors
[Citations] Methodology Advantages Disadvantages

Alami
Hamza et al.
[8]

Machine-
learning
classifier

• Easy to capture the
semantic and the
syntactic relations
between the words can
achieve better
classification
performance

• Difficult to achieve
the answer
processing and
document
processing.

Asad Abdi
et al. [36]

Question
Answering
System in
Al-Hadith
using
Linguistic
Knowledge
(ASHLK)

• It is a time-saving
process.

• It can interpret natural
language.

• It fails to capture the
meaning of a
sentence and a
user’s query.

are processed by the question analyzer. It includes a set of basic linguistic
functions, such as tagger and tokenizing. It can interpret natural language. It
fails to capture the meaning when comparing a sentence and a user’s query;
hence there is often a conflict between the extracted sentences and user’s
requirements.

Due to the complexity issues, like the presence of diacritical marks,
inflectional nature, absence of capital letters, and derivational related to
complex morphology of the language, the question classification results a
great challenge in the cQA system [8]. Question answer matching associated
with the cQA poses a challenging issue, as it required efficient and effective
representation, which captures the semantic relations between the question
and answer [27]. The major challenge faced by the question retrieval mech-
anism is the feature sparsity, as the title of the question has a short length
keyword with irregular noise. It is very complex to extract the modeling word
from the entire question information [26]. The DM and the CM model in [1]
effectively enhance the performance of retrieval, but the usage of external
language resources, like wordnet, poses a challenging issue for the English
words. To solve the issues of the lexical gap in order to estimate the relevance
among the question poses a challenging issue in the question retrieval based
cQA service.



910 V. Jagannathan

To solve the lexical gap issues and to estimate the relevancy between the
questions is a significant research issue in the QAS. Hence, a question clas-
sification and retrieval approach is developed in this research using bayesian
probability and tanimoto based rnn classifier to achieve effective retrieval
performance.

3 Proposed Hybrid Question Retrieval Approach Using
Recurrent Neural Network

The proposed query classification and retrieval approach involves two dif-
ferent engines, namely question relevancy prediction engine and question
matching engine. In the question relevancy prediction engine, the user
enters the input question such that the words present in the input question
is converted into the word sequential representation format, which is in
the form of vector. The word sequential representation form is fed as the
input to the classifier, where the question classification is carried out by
the RNN classifier. In the question matching engine, three different scores,
like dictionary-based score, position-based score, and common similarity is
computed. However, the dictionary based score is calculated using PESM,
position based score is computed using Bayesian probability, and common
similarity is calculated using the Tanimoto measure. The hybrid score is
evaluated based on the dictionary-based score, position-based score, and
common similarity. Finally, the classified result obtained from the RNN
classifier, and the hybrid score of question matching engine are fused together
in the question retrieval engine. When the user enters the query, the query is
matched with the question retrieval engine, and the relevant answer for the
query is effectively retrieved. Figure 1 represents the schematic diagram of
the proposed Bayesian probability and Tanimoto based RNN.

3.1 Question Relevancy Prediction Engine

In the question relevancy prediction engine, the user enters the input question
to the question phase. The words present in the question are converted into
the word sequential representation format, which is in the form of vector. Let
us consider the user question as Q and the words present in the query Q are
represented by their corresponding index in the word set W . Here, the word
embedding matrix is designed to learn the word representation. The words in
the query are converted into the word sequential representation format, which
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Figure 1 Schematic diagram of the proposed hybrid question retrieval approach using RNN.

Figure 2 Schematic diagram of question relevancy prediction engine.

is represented as F . Figure 2 shows the schematic diagram of the question
relevancy prediction engine.

(i) Question relevancy prediction using RNN
The word sequential representation vector F is fed to the classification
module, where the query relevancy prediction is carried out using the RNN
classifier. RNN [28] takes the feature F as input and process the question
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Figure 3 Architecture of RNN.

relevancy prediction based on the newly designed loss function using the Tan-
imoto measure. RNN is the type of supervised machine learning approach,
which consists of artificial neurons with one recurrent loop termed as a
feedback loop. The benefit of using RNN is to reduce the retrieval time
between the query and the answer and to increase the retrieval result. Figure 3
represents the architecture of the RNN classifier.

It is capable to process the inputs based on the recurrent hidden state such
that the activation function is based on the previous step. The standard RNN
classifier is formulated as follows: Let us consider the sequence of inputs as
Fj(j = 1, 2, . . . , n), the sequence of hidden states as Hj(j = 1, 2, . . . , n),
and the sequence of predictions as Yp(p = 1, 2, . . . , n). However, the input is
given to the hidden units and the output units of the RNN classifier is specified
as, aj(j = 1, 2, . . . , n) and gj(j = 1, 2, . . . , n), respectively. The input given
to the hidden layer is represented as,

aj =WxyFj +WyyFj−1 +Bv (1)

where, aj denotes the input of the hidden layer, Wxy represents the weight
between the input and the hidden layer, Wyy denotes the weight associated
between two hidden layers, and Bv represents the bias vector, respectively.
However, the hidden state representation of RNN classifier is specified as,

Hj = λ(aj) (2)
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where, aj denotes the pre-defined vector values function. The output unit of
RNN is represented using the below equation as,

gj =WyzHj +Bs (3)

Here, Wyz denotes the weight connected between the hidden unit and the
output unit, and Bs indicates the bias vector. Finally, the predicted result is
represented as,

Yp = β(gj) (4)

where, β denotes the pre-defined vector values function. Finally, the result
obtained by the RNN classifier is denoted as, SRNN

m such that SRNN
m = Yp.

The loss function associated with the RNN classifier is modified using the
Tanimoto measure and is represented as,

X1 = −
k∑

p=1

Yo log(Yp) (5)

X2 = − log

 k∑
p=1

(Yo
⋂
Yp)

Yo
⋃
Yp

 (6)

Xloss =
X1 +X2

2
(7)

Here, Xloss is the loss function of RNN, which is obtained by modifying
the loss function of RNN with the Tanimoto measure. Loss function is used
to measure the deviation of predictions Yp from the actual labels Yo.

3.2 Question Matching Engine

The question matching engine contains three different scores, such as dic-
tionary based score, position-based score, and common similarity. Here, the
dictionary based score is computed using PESM, position-based score is cal-
culated using Bayesian probability, and the common similarity is calculated
using the Tanimoto measure. The hybrid score that is computed using the
question matching engine is discussed as follows:

(i) Dictionary based score using PESM
The dictionary based score is calculated using PESM [23] based on the
feature vector. PESM is the similarity degree used to retrieve the matched
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result from the dictionary and calculate the dictionary based score. The
dictionary contains numerous words, which is verified with the query entered
by the user in order to compute the dictionary based score. Let us consider
the user query as Qqry, which have the question as “How are you?”. When
the user enters a query to the question matching engine, the dictionary based
score is computed by the question matching engine using PESM and returns
the dictionary based score result. Let us assume the dictionary query as Qi,
which have the question as “What are you doing?”. The user query Qqry

is matched with the dictionary query Qi and compute the dictionary based
score by converting the user query into the dictionary based feature vector.
From the feature vector, the dictionary based score is calculated using PESM.
PESM is the measure used to compute the dictionary based score of the
user query. However, the dictionary based score computed using PESM is
represented as,

S1(Q
qry, Qi) = PESM(Qqry, Qi) (8)

Here, S1 represents the dictionary based score, and PESM specifies the
PESM measure, respectively.

(ii) Position based score using Bayesian probability
The second score to be calculated in the question matching engine is the
position based score, which is calculated based on the Bayesian probability.
The Bayesian probability is the interpretation of the concept of probability
that represents the probability value for each word present in the query.
However, the probability value for each word in the user query is calculated
by matching the user query with the dictionary query. The user query consists
of three words, such as ‘how’, ‘are’, and ‘you’. Each word present in the user
query is matched with the words situated in the dictionary query to compute
the probability value for each word. Let us specify the words ‘how’ as w1,
‘are’ as w2, and ‘you’ as w3, respectively. The position based score computed
using the Bayesian probability is represented as,

S2(Q
qry, Qi) = P (w1) ∗ P (w2) ∗ P (w3) ∗ P (w1, w2) ∗ P (w2, w3)

(9)

where, S2 represents the position based score. Here, the probability of w1 is
represented as P (w1) and is calculated as P (w1) = 0/4, as the word ‘how’
is not found in the dictionary query Qi, the probability of w2 is denoted as
P (w2), which is calculated as P (w2) = 1/4, as the word ‘are’ is found at one
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time in the query Qi, and the probability of a word w3is specified as P (w3),
which have the values of P (w3) = 1/4, as the word ‘you’ is found at one
time in the query Qi, respectively. The probability of combining two words,
such as w1and w2 is represented as P (w1, w2), which have the values of
P (w1, w2) = 0/3, as the word ‘how are’ is not found in the dictionary query
Qi, and the probability of combining the words w2 and w3 is represented as,
P (w2, w3), which have the values of P (w2, w3) = 1/3, as the word ‘are you’
is found at one time in the dictionary query Qi.

(iii) Common similarity using Tanimoto
Common similarity is a score that is calculated using the Tanimoto measure
[24] in the question matching engine. However, the common similarity score
computed based on the Tanimoto measure is expressed as,

S3(Q
qry, Qi) = − log2

(
Qqry

⋂
Qi

Qqry
⋃
Qi

)
(10)

S3(Q
qry, Qi) = − log2

(
2

5

)
(11)

where, S3 represents the common similarity value.

(iv) Hybrid score
The question matching engine calculates the hybrid score based on the dic-
tionary based score, position based score, and common similarity. Therefore,
the hybrid score computed in the question matching engine is represented as,

Smatch
m (Qqry, Qi) =

(S1 + S2 + S3)

3
(12)

Here, Smatch
m represents the hybrid score of question matching engine.

3.3 Question Retrieval Engine

In the question retrieval engine, the predicted result of the RNN classifier
obtained using the question relevancy prediction engine and the hybrid score
obtained from the question matching engine are fused together to retrieve
the relevant questions. The question retrieval engine effectively retrieves the
relevant question and returns the answers for the matched questions. Here,
the questions retrieved based on the predicted result of RNN and the hybrid
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score of matching engine is represented as,

Q01 =
N

Max
m=1

SRNN
m (13)

Q02 =
N

Max
m=1

Smatch
m (14)

Here, Q01 denotes the question retrieved based on the result of RNN,
and Q02 represents the question that is retrieved based on the hybrid score
value. Finally, the question selected for retrieving the answer is based on the
following condition,

Qout =


Q01 if Q01 = Q02

Q02 if Q01 6= Q02 and S
match
m > SRNN

m

Q01 if Q01 6= Q02 and S
match
m ≤ SRNN

m

(15)

Here, Qout represents the selected question used to retrieve the final
answer using the question retrieval engine. Finally, the answer obtained for
the selected query will be returned back to the user.

4 Results and Discussion

The results and discussion made using the proposed Bayesian probability
and Tanimoto based RNN in terms of precision, recall, and F-measure are
elaborated in this section.

4.1 Experimental Setup

The implementation of the proposed Bayesian probability and Tanimoto
based RNN is carried out in the PYTHON tool using the question answer
dataset specified in [25]. This dataset contains three different question files,
namely S08, S09, and S10. Among the three question files, the question file
S08, and the question file S09 are considered as dataset-1, and dataset-2,
which are used to obtain the experimental result. The question answer file
contains both the question and the answers. The parameters used for the
experimentation is listed in Table 2.

4.2 Evaluation Metrics

The performance of the proposed method is evaluated using the metrics, like
precision, recall, and F-measure.
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Table 2 Parameters setup
Parameters Value
Dropout rate 0.1

Number of epochs 50

Activation function ReLU

Number of hidden layers 2

Neuron count in each hidden layer 100

Precision: It is the measure used to specify the documents that are retrieved
for the query, which is specified as,

R =
K

K + L
(16)

Where, R indicates the precision measure, K denotes a true positive rate,
and L denotes a false positive rate, respectively.

Recall: It is the measure used to retrieve the relevant documents based on the
query, which is represented as

C =
K

K + V
(17)

where, C represents recall, and V indicates a false-negative rate.

F-measure: A measure that combines both the precision and recall measures
are specified as F-measure, which is represented as,

υ = 2
R.C

R+ C
(18)

Here, υ indicates F-measure.

4.3 Comparative Methods

The performance enhancement of the proposed approach is revealed by
comparing the proposed with the existing methods, like Dependency based
model and Category based model (DM+CM) [1], Question Classification
using a grammar-based approach (GQCC) [2], Augmented Reality ques-
tion answering system (AR-QAS) [5], WCFM [4], and TC-LSTM [6],
respectively.
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4.4 Comparative Analysis

The comparative analysis of the proposed Bayesian Bayesian probability and
Tanimoto based RNN with respect to the performance metrics is discussed in
this section.

4.4.1 Comparative analysis using dataset-1
The comparative analysis made using the dataset-1 based on the missing and
the scrambled words is discussed in this section.

(i) Analysis based on missing words
The question with the missing words is selected as input and this question is
processed using the proposed approach in order to evaluate the experimental
result based on the missing words. Figure 4 portrays the comparative analysis
of the proposed Bayesian probability and Tanimoto based RNN in terms of
precision, recall, and F-measure for the missing words. Figure 4(a) represents
the comparative analysis of precision by varying the number of questions.
When the number of questions = 400, the precision obtained by the existing
GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is 83.541%, 87.003%,
87.175%, 85.884%, and 87.321%, while the proposed Bayesian probability
and Tanimoto based RNN obtained better precision of 87.444%, respectively.
When the number of questions = 800, the precision obtained by the existing
GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is 84.8%, 88.117%,
88.562%, 86.729%, and 88.643%, while the proposed Bayesian probability
and Tanimoto based RNN obtained better precision of 89.055%, respectively.

Figure 4(b) represents the comparative analysis of recall by varying
the number of questions. When the number of questions = 400, the recall
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 81.237%, 83.519%, 83.699%, 83.143%, and 83.804%, while the
proposed Bayesian probability and Tanimoto based RNN obtained better
recall of 84.162%, respectively. When the number of questions are increased
to 800, the recall obtained by the existing GQCC, DM+CM, AR-QAS,
WCFM, and TC-LSTM is 81.983%, 83.588%, 84.113%, 83.563%, and
84.153%, while the proposed Bayesian probability and Tanimoto based RNN
obtained better recall of 84.741%, respectively.

Figure 4(c) represents the comparative analysis of F-measure by varying
the number of questions. When number of questions = 600, the F-measure
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 78.368%, 87.420%, 88.062%, 85.984%, and 88.345%, while the
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(a) (b) 

 
(c) 

Figure 4 Comparative analysis based on missing words, (a) precision, (b) recall, (c) F-
measure.

proposed Bayesian probability and Tanimoto based RNN obtained better F-
measure of 89.050%, respectively. When the number of questions = 800, the
F-measure obtained by the existing GQCC, DM + CM, AR-QAS, WCFM,
and TC-LSTM is 86.483%, 88.158%, 88.405%, 88.45%, and 89.074%, while
the proposed Bayesian probability and Tanimoto based RNN obtained better
F-measure of 89.312%, respectively. It is shown that the proposed Bayesian
probability and Tanimoto based RNN obtained stable result for 1200 ques-
tions such that the performance gets degrade by increasing the number of
questions.

(ii) Analysis based on scrambled words
The words in the questions are scrambled somewhere and the question with
the scrambled words are given as the input to the classifier to generate the
experimental result based on scrambled words. Figure 5 portrays the com-
parative analysis of the proposed Bayesian probability and Tanimoto based
RNN in terms of precision, recall, and F-measure for the scrambled words.
Figure 5(a) represents the comparative analysis of precision by varying the
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Figure 5 Comparative analysis based on scrambled words, (a) precision, (b) recall, (c) F-
measure.

number of questions. When the number of questions = 400, the precision
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 83.496%, 85.858%, 86.396%, 85.371%, and 86.178%, while the
proposed Bayesian probability and Tanimoto based RNN obtained better
precision of 86.541%, respectively. When the number of questions = 800, the
precision obtained by the existing GQCC, DM + CM, AR-QAS, WCFM, and
TC-LSTM is 84.863%, 87.635%, 87.966%, 87.298%, and 88.185%, while
the proposed Bayesian probability and Tanimoto based RNN obtained better
precision of 88.515%, respectively.

Figure 5(b) represents the comparative analysis of recall by varying the
number of questions. When number of questions = 400, the recall obtained
by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is
81.099%, 82.780%, 82.920%, 82.934%, and 83.699%, while the proposed
Bayesian probability and Tanimoto based RNN obtained better recall of
84.448%, respectively. When number of questions = 800, the recall obtained
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by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is
82.170%, 82.926%, 83.612%, 83.61%, and 84.024%, while the proposed
Bayesian probability and Tanimoto based RNN obtained better recall of
84.847%, respectively.

Figure 5(c) represents the comparative analysis of F-measure by varying
the number of questions. When the number of questions = 400, the F-
measure obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and
TC-LSTM is 86.123%, 86.186%, 86.754%, 86.825%, and 86.879%, while
the proposed Bayesian probability and Tanimoto based RNN obtained better
F-measure of 87.55%, respectively. When number of questions = 800, the
F-measure obtained by the existing GQCC, DM+CM, AR-QAS, WCFM,
and TC-LSTM is 87.134%, 88.027%, 88.766%, 88.399%, and 88.903%,
while the proposed Bayesian probability and Tanimoto based RNN obtained
better F-measure of 89.1307%, respectively. From the below graph, it is
clearly shown that the performance of the proposed Bayesian probability and
Tanimoto based RNN is stable for around 1000 and 1200 questions. When
the number of questions are increased to above 1200, the performance of the
proposed Bayesian probability and Tanimoto based RNN obtained may get
reduce.

4.4.2 Comparative analysis using dataset-2
The comparative analysis made using the dataset-2 based on the missing and
the scrambled words is discussed in this section.

(i) Analysis based on missing words
The question with the missing words is selected as input and this question
is processed using the proposed approach to evaluate the experimental result
based on the missing words. Figure 6 portrays the comparative analysis of
the proposed Bayesian probability and Tanimoto based RNN in terms of pre-
cision, recall, and F-measure with respect to the missing words. Figure 6(a)
represents the comparative analysis of precision by varying the number of
questions. When number of questions = 600, the precision obtained by the
existing GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is 83.414%,
87.237%, 87.543%, 86.83%, and 87.612%, while the proposed Bayesian
probability and Tanimoto based RNN obtained better precision of 87.894%,
respectively. When number of questions = 800, the precision obtained by the
existing GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is 84.579%,
88.298%, 88.350%, 87.435%, and 88.339%, while the proposed Bayesian
probability and Tanimoto based RNN obtained better precision of 88.376%,
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Figure 6 Comparative analysis based on missing words, (a) precision, (b) recall, (c) F-
measure.

respectively. When number of questions = 1000, the precision obtained
by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is
84.743%, 88.407%, 88.627%, 87.859%, and 88.834%, while the proposed
Bayesian probability and Tanimoto based RNN obtained better precision of
89.325%, respectively.

Figure 6(b) represents the comparative analysis of recall by varying
the number of questions. When number of questions = 400, the recall
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 80.889%, 81.549%, 83.274%, 82.103%, and 82.423%, while the
proposed Bayesian probability and Tanimoto based RNN obtained better
recall of 83.661%, respectively. When number of questions = 600, the recall
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 81.391%, 82.284%, 83.534%, 82.89%, and 82.928%, while the
proposed Bayesian probability and Tanimoto based RNN obtained better
recall of 83.789%, respectively. When number of questions = 1000, the
recall obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and
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TC-LSTM is 82.027%, 83.533%, 84.330%, 83.908%, and 84.309%, while
the proposed Bayesian probability and Tanimoto based RNN obtained better
recall of 84.799%, respectively.

Figure 6(c) portrays the comparative analysis of F-measure by varying
the number of questions. When number of questions = 400, the F-measure
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 79.205%, 87.068%, 87.391%, 85.372%, and 87.459%, while the
proposed Bayesian probability and Tanimoto based RNN obtained better
F-measure of 87.676%, respectively. When number of questions = 800, the F-
measure obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and
TC-LSTM is 86.723%, 87.998%, 89.219%, 89.072%, and 88.971%, while
the proposed Bayesian probability and Tanimoto based RNN obtained better
F-measure of 89.706%, respectively.

(ii) Analysis based on scrambled words
The words in the questions are scrambled somewhere and the question with
the scrambled words are given as the input to the classifier to generate
the experimental result based on scrambled words. Figure 7 portrays the
comparative analysis of the proposed Bayesian probability and Tanimoto
based RNN in terms of precision, recall, and F-measure with respect to the
scrambled words. Figure 7(a) represents the comparative analysis of precision
by varying the number of questions. When number of questions = 400, the
precision obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and
TC-LSTM is 83.66%, 86.166%, 86.886%, 85.459%, and 86.943%, while
the proposed Bayesian probability and Tanimoto based RNN obtained better
precision of 87.165%, respectively. When number of questions = 1000, the
precision obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and
TC-LSTM is 84.592%, 88.459%, 88.692%, 87.306%, and 89.028%, while
the proposed Bayesian probability and Tanimoto based RNN obtained better
precision of 89.236%, respectively.

Figure 7(b) represents the comparative analysis of recall by varying
the number of questions. When number of questions = 400, the recall
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 81.379%, 82.230%, 83.792%, 83.046%, and 83.457%, while the
proposed Bayesian probability and Tanimoto based RNN obtained better
recall of 84.099%, respectively. When number of questions = 800, the recall
obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and TC-
LSTM is 81.964%, 83.464%, 84.437%, 83.355%, and 84.199%, while the
proposed Bayesian probability and Tanimoto based RNN obtained better
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Figure 7 Comparative analysis based on scrambled words, (a) precision, (b) recall, (c) F-
measure.

recall of 84.495%, respectively. Figure 7(c) shows the comparative anal-
ysis of F-measure by varying the number of questions. When number of
questions = 400, the F-measure obtained by the existing GQCC, DM+CM,
AR-QAS, WCFM, and TC-LSTM is 86.227%, 86.807%, 87.411%, 87.046%,
and 87.442%, while the proposed Bayesian probability and Tanimoto based
RNN obtained better F-measure of 87.702%, respectively. When number of
questions = 1000, the F-measure obtained by the existing GQCC, DM+CM,
AR-QAS, WCFM, and TC-LSTM is 88.092%, 89.299%, 89.490%, 89.251%,
and 89.755%, while the proposed Bayesian probability and Tanimoto based
RNN obtained better F-measure of 90.072%, respectively. From the below
graph it is clearly stated that the performance get decrease by increasing the
number of questions, as it stated a stable result for 1200 questions.

4.5 Comparative Discussion

Table 3 portrays the comparative discussion of the proposed Bayesian prob-
ability and Tanimoto based RNN. By considering the missing words, the
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precision obtained by the existing GQCC, DM+CM, AR-QAS, WCFM, and
TC-LSTM is 85.541%, 88.771%, and 88.989%, while the proposed Bayesian
probability and Tanimoto based RNN obtained better precision of 89.567%,
respectively using dataset-1. By considering missing words using dataset-
1, the recall obtained by the existing GQCC, DM+CM, AR-QAS, WCFM,
and TC-LSTM is 83.008%, 84.036%, and 85.236%, while the proposed
Bayesian probability and Tanimoto based RNN is 85.386%, respectively. By
considering scrambled words using dataset-1, the precision obtained by the
existing GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is 85.555%,
88.766%, and 88.940%, while the proposed Bayesian probability and Tan-
imoto based RNN is 89.704%, respectively. By considering missing words
using dataset-2, the recall obtained by the existing GQCC, DM+CM, and
AR-QAS is 83.220%, 85.536%, and 85.596%, while the proposed Bayesian
probability and Tanimoto based RNN is 86.301%, respectively. By consid-
ering missing words using dataset-2, the F-measure obtained by the existing
GQCC, DM+CM, AR-QAS, WCFM, and TC-LSTM is 89.047%, 90.026%,
and 90.474%, while the proposed Bayesian probability and Tanimoto based
RNN is 90.936%, respectively. Thus, it is shown that the proposed Bayesian
probability and Tanimoto based RNN obtained better results using dataset-2
in terms of precision, recall, and F-measure with respect to the missing words.

4.6 Statistical Analysis

Table 4 illustrates the statistical analysis of dataset-1 for missing words and
scrambled words with precision, recall and F-measure metrics.

Table 5 illustrates the statistical analysis of dataset-2 for missing words
and scrambled words with precision, recall and F-measure metrics, and the
mean and variance of the existing GQCC, DM+CM, AR-QAS, WCFM, TC-
LSTM, and Proposed Bayesian probability and Tanimoto based RNN are
determined.

5 Conclusion

In this research, a hybrid question classification and retrieval approach is
developed using the proposed Bayesian probability and Tanimoto based RNN
classifier. The proposed QAS consists of three engines, namely question
relevancy prediction engine, question matching engine, and question retrieval
engine. Initially, the question pairs are sends to the question relevancy predic-
tion engine, where the relevant queries are retrieved, and question matching
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engine, where the queries that are matched to the user is retrieved. In the
question relevancy prediction engine, the user query is converted into the
word sequential representation format. In the question matching engine, the
hybrid score is calculated for each query to retrieve the relevant search
result. Finally, the classified result obtained from the RNN classifier, and the
hybrid score of question matching engine are fused together in the question
retrieval engine. When the user enters the query, the query is matched with the
question retrieval engine, and the relevant answer for the query is effectively
retrieved. The performance of the proposed method is analyzed using the
Question answer dataset and the results are compared with the existing meth-
ods, such as DM+CM, GQCC, and AR-QAS, WCFM, and TC-LSTM. From
the results, it is shown that the proposed method obtained better performance
in terms of precision, recall, and F-measure with the values of 90.14, 86.301,
and 90.936 using dataset-2.
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