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ABSTRACT

Automatic Detection of User’s Query Intentions

for Community Question Answering

by

Bo-Wen Chiang

This paper aims to establish an intention type detection system for user questions.
We propose three types of feature data. The first one is using the word embedding vector
to generate the correlation features between the various vector dimensions. The second
is the similarity features of each word with a set of pre-defined medical concept
keywords. The third one is the embedded vector feature of the part-of-speech for each
word. Then two frameworks of CNN-based learning models are proposed. The first one
is CNN Joint Model, which concatenates CNN output results of various types of
features to learn the intention types. The second one is Ensemble CNN Model. The
feature data is used to predict the intention type degree value independently. Then the
Ensemble parameters are used to learn the weight of each feature to combine the
prediction results of various types of features. The results of experiments show that
when the medical concept keyword feature and the word vector dimension association
feature are combined as input features, the intent type of the question text can be
predicted with high F1 measure. To combine with the traditional word embedding
vector or part-of-speech embedding vector as the input feature data at the same time,
the prediction result can be improved furthermore. Through the comprehensive
evaluation on the experiments, when the predicted intention type degree value greater
than a threshold value 0.3, the best result of intention types prediction can be achieved,

whose F1 measure is at least 0.75.

Keywords: intention types classification, medical concept keyword feature, learning

network based on CNN
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(3) POS Embedding Matrix
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True intention type(s)

<disease,treatment>

<symptom,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.95246667

2 <symptom,treatment> 0.7579342

Query
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True intention type(s)

<disease,treatment>

<symptom,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.9560134

2 <symptom,treatment> 0.8171965

Query
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True intention type(s)

<disease,treatment>

<symptom,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.93715525

2 <symptom,treatment> 0.82183737
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True intention type(s)

<disease,medicine>

Predicted intention type(s)

1  <disease,medicine> 0.8847578

Query
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True intention type(s)

<disease,medicine>

<disease,treatment>

Predicted intention type(s)

1  <disease,medicine> 0.6174347

2  <disease,treatment> 0.32756937

Query
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True intention type(s)

<disease,symptom>

Predicted intention type(s)

1  <disease,symptom>0.93062633

2 <symptom,disease>0.821058
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Query
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True intention type(s)

<disease,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.7922719

2 <symptom,treatment> 0.5975859

Query
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True intention type(s)

<disease,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.73038226

2  <disease,medicine> 0.7147733

Query
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True intention type(s)

<disease,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.9797809
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True intention type(s)

<disease,medicine>

Predicted intention type(s)

1  <disease,medicine> 0.78043914

Query
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True intention type(s)

<disease,symptom>

<symptom,disease>

Predicted intention type(s)

1  <disease,symptom> 0.9412735

2  <symptom,disease> 0.7802168

Query
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True intention type(s)

<disease,treatment>

<symptom,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.7408761

2 <symptom,treatment> 0.5182596
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Query
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True intention type(s)

<disease,medicine>

Predicted intention type(s)

1  <disease,medicine> 0.7855088

Query
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True intention type(s)

<symptom,disease>

Predicted intention type(s)

1  <symptom,disease>0.571725
2 <symptom,treatment> 0.4616723

3 <disease,treatment> 0.34320992
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True intention type(s)

<disease,medicine>

Predicted intention type(s)

1  <disease,medicine> 0.5138817

Query

=

HAAST O MEME o BLE TR A
FIARE I HBERESIARS ARSI
3+

Eodri g e A3 L pring

True intention type(s)

<symptom,disease>

Predicted intention type(s)

1  <symptom,disease> 0.88355184

Query
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True intention type(s)

<disease,medicine>

<disease,treatment>

Predicted intention type(s)

1  <disease,medicine> 0.7473961

2 <disease,treatment> 0.4063462

77




Query

&

%k g

4
S

Ro 254 - SRS RFFAGT TP

X A e

(‘J
1

True intention type(s)

<symptom,treatment>

Predicted intention type(s)

1  <symptom,treatment> 0.73168224

Query
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True intention type(s)

<disease,symptom>

<symptom,disease>

Predicted intention type(s)

1  <disease,symptom> 0.8366909

2  <symptom,disease> 0.7684789

Query
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True intention type(s)

<medicine,side effect>

Predicted intention type(s)

1  <medicine,side effect> 0.6654733

2 <disease,medicine> 0.58859545
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True intention type(s)

<disease,medicine>

<medicine,instruction>

Predicted intention type(s)

1  <disease,medicine> 0.4506774

2 <medicine,instruction> 0.32731318

Query
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True intention type(s)

<disease,cause>
<disease,treatment>

<treatment,fee>

Predicted intention type(s)

1  <disease,treatment> 0.9811162

2 <treatment,fee> 0.3748141
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True intention type(s)

<medicine,side effect>

Predicted intention type(s)

1  <medicine,side effect> 0.4773712

2 <disease,medicine> 0.41674572

Query
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True intention type(s)

<disease,symptom>

<symptom,disease>

Predicted intention type(s)

1  <disease,symptom> 0.89254004

2 <symptom,disease> 0.79212236
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True intention type(s)

<symptom,treatment>

Predicted intention type(s)

I  <symptom,treatment> 0.76428103

2 <disease,treatment> 0.5245673

Query
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True intention type(s)

<disease,treatment>

Predicted intention type(s)

1  <disease,treatment> 0.9410856

2  <symptom,treatment> 0.74301505

Query
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True intention type(s)

<disease,treatment>

<symptom,treatment>

Predicted intention type(s)

I  <symptom,treatment> 0.65614545

2 <disease,treatment> 0.49265686
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