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In this study, we make a move to answer ranking task of medical community question answering
(QA). The task of answer ranking has four different settings based on whether features from ques-
tions or other answers are used. We designed multiple approaches under each setting to explore
how different features contribute to high answer quality. Experimental results on a Chinese Med-
ical QA Dataset show although question-answer relevance is important, cross-answer features are
more crucial to distinguish good answers from bad answers. Therefore, in order to become good
consultants, it is first recommended that doctors pay their attention to write high quality answers.
Finally, our case study demonstrates that good answers tend to show their concern to patient’s

feelings and to provide more tips for daily care.
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GLOSSARY

A-ONLY: Abbreviation of one of the four experimental settings where only features of an an-
swer are used.

A-A: Abbreviation of one of the four experimental settings where features of both answers of
a question are used.

MAP: Mean Average Precision, a broadly used evaluation metric for the task of answer ranking.
MRR: Mean Reciprocal Rank, a broadly used evaluation metric for the tesk of answer ranking.
QA: Question Answering.

Q-A: Abbreviation of one of the four experimental settings where features of a question and
one of its answers are used.

Q-A-A: Abbreviation of one of the four experimental settings where features of a question and
both of its answers are used.

Q-A-A COMB: Abbreviation of a category of approaches that directly concatenate embeddings
of question and answers under the setting of Q-A-A.

Q-A-A SIM: Abbreviation of a category of approaches under the setting of Q-A-A. These ap-
proaches compare similarities of QA pairs before scoring answers’ quality.

Q-A-A SIM + A-A DIFF: Abbreviation of a category of approaches under the setting of Q-A-A.
These approaches are combinations of approaches in Q-A-A Sim and approaches under A-A
settings.
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Chapter 1
INTRODUCTION

With the explosion of information, it is essential to seek and locate the most helpful information
in many real-world applications, such as search engine, customer service, personal assistant, etc.
It will be a challenge to distinguish good answers from bad answers in QA forums (e.g. Quoral).
One intuitive way to address this challenge is to rank all answer candidates and retrieve the top
of them. For example, in Quora, answers are ranked based on the number of upvotes/downvotes
given by forum users. Therefore, answer ranking is a crucial task where a list of answers are ranked
with respect to their quality and relevance to a given question [28, 10, 5, 8]. Past studies mainly
focus on general domain [33, 7, 32, 36, 38, 23, 20, 25, 3, 30]. Few studies have been conducted in
the medical domain, where language usage, expertise requirements, and even problem settings are

different.

As many online medical s ervice platforms have emerged (e.g. MedHelp? and 39ask?), a huge
amount of knowledge on diagnoses and analyses is produced with respect to various questions
raised by patients. As a result, we face a critical challenge of how to appropriately rank the an-
swers. The challenge might get even harder if it comes to Chinese, because of the problems of
word segmentation, medical name entity recognition, and the lack of existing Chinese medical re-
sources (e.g. knowledge base). We find that approaches may not result in the best performance
in the medical domain if they directly model question-answer relevance. As shown in Figure 1.1,
because both answers are very similar and good in terms of the relevance with the question, these

approaches may fail to distinguish the good answer from the bad answer. However, the good an-

Thttps://www.quora.com
Zhttps://www.medhelp.org
3http://ask.39.net



Question:
ZERLHT TEHRASIER, X2EALRE?
| often feel a sudden pain under my stomach. What is going on?

Good Answer:
TEESETAREH, B EEETTFENESRHIIE, 21K, FIEZEENEY.

May be caused by indigestion, it is recommended that the patient should have a
light diet, drink plenty of water, do not eat spicy food in daily life.

Bad Answer:

FIREEREmE %, —MEERTIE XNEMiaTT, BXEUFHE.

It might be acute gastroenteritis. In general, you can choose drugs that can treat
gastroenteritis. Please rest more.

Figure 1.1: An Example of Medical QA. Both answers are relevant to the question, but the good
answer offers more informative tips for daily care than the bad one.

swer selected by the questioner must have some advantages (e.g. offers informative tips for daily
care). Therefore, our motivation is to find and analyze factors affecting the way of being a good
answer.

In order to achieve this goal, we first introduce a Chinese medical QA dataset collected by one
of our team members. Questions in the dataset are raised by patients and their answers are written
by government licensed doctors. We next study the quality of answers from two aspects: how an
answer is related to the given question; how the quality of an answer is compared to other answers.
We design approaches under four experimental settings based on different aspects of modeling the
question-answer and answer-answer relations. These approaches include several state-of-the-art
text similarity calculation models [9, 13, 6]. Based on the experimental results, we find that answer-
answer relation is more important in the medical QA circumstance compared with question-answer
relevance. In addition, we conduct a small-scope human annotation. Its preliminary results indicate
it is not easy for untrained annotators without medical background to identify good answers based
on their intuitive judgment. More importantly, the results also emphasize the necessity of further

studying human performance in the medical answer ranking task to obtain a more comprehensive



understanding of the current results.

The following chapters are organized as follows. In Chapter 2, we cover related studies in QA
and answer ranking in the general domain, as well as studies in medical QA. In Chapter 3, we intro-
duce a Chinese Medical QA Dataset collected by our team member from the Internet. In Chapter
4, we describe our approaches under four different settings that are used to find out how features
from question-answer correspondence and answer-answer difference influence answer’s quality.
Chapter 5 gives experimental settings. We show experimental results and detailed discussion in

Chapter 6. In Chapter 7, we present our conclusions and future work.



Chapter 2
LITERATURE REVIEW

Related studies of answer ranking in the medical domain can be located from two aspects: (1)

QA and answer ranking in the general domain, and (2) QA in the medical domain.

2.1 QA and Answer Ranking in the General Domain

The area of QA aims at automatically answering questions posed by humans in natural language.
Typical studies in this field focus on retrieving information from articles and documents on the
Internet and generating summary-like answers [28, 10, 5, 8]. In these studies, answer ranking is
not regarded as a core task, although it always serves as a part of QA systems. However, an-
swer ranking is crucial in the area of community QA. Because questions in community QA (e.g.
Quora) are directly answered by other users, it will be a good solution for QA to retrieve the top
ranked/re-ranked answers of a question. Therefore, answer ranking or answer selection appears to
be significantly important in community QA, and it attracts much attention from researchers.

Most existing answer ranking research address the ranking task by modeling Q-A similarity.
They measured the relevance between a question and its answers [11] and achieved good perfor-
mance in popular general domain answer ranking datasets: TrecQA [33] and WikiQA [35]. Based
on the approaches they are using, existing studies can be classified into two categories: non-neural
approaches and neural approaches.

Typical non-neural approaches use manually selected features to rank answers. Wang et al.
[33] proposed a syntax-driven approach to the task of answer selection. Their approach derived
from the idea that questions and their correct answers related to each other via predictable syn-
tactic transformations. They modeled the syntactic transformation by extending a probabilistic

Quasi-Synchronous Grammar that was originally developed by Smith and Eisner [26]. Wang et al.



improved the grammar by using extra lexical semantics knowledge from WordNet and by apply-
ing conditional maximum likelihood estimation to training. Their experimental results on TrecQA
dataset collected by themselves show their approach significantly outperforms strong state-of-the-
art baselines.

In addition to the study of Wang et al. [33] that concentrated on syntax tree transformations,
research of Heilman and Smith [7], Wang and Manning [32], and Yao et al. [36] modeled Q-A
similarity with respect to the syntax tree edit distance.

Heilman and Smith [7] defined nine kinds of edit operations (INSERT-CHILD, INSERT-PARENT,
DELETE-LEAF, DELETE-&-MERGE, RELABEL-NODE, RELABEL-EDGE, MOVE-SUBTREE,
NEW-ROOT, MOVE-SIBLING) on dependency parse trees. They used a tree kernel as a heuristic
in a greedy search approach to extract sequences of tree edit between two sentences. After that, a
logistic regression approach was applied to build a sentence pair classifier. The experimental re-
sults show that their tree edit distance approach outperforms Wang et al. [33] without using lexical
semantics knowledge on TrecQA dataset [33].

Wang and Manning [32] addressed the ranking task in a more probabilistic way. They used
nearly 30 edit operations from three different edit types: Surface Edits, Semantic Edits, and Syn-
tactic Edits. Different from the study of Heilman and Smith [7] that did not use lexical semantics
knowledge, Wang and Manning took advantages of various linguistics resources, including Word-
Net and NomBank. Afterward, they used Finite-State Machine whose state transitions stand for
edit operations to find edit sequences. In addition, they applied Conditional Random Field to
parameterizing their classifier. Compared with results of Heilman and Smith [7], their approach
performs better with respect to the metric of Mean Reciprocal Rank (MRR) but it performs worse
with respect to the metric of Mean Average Precision (MAP).

Yao et al. [36] further improved the results of Heilman and Smith [7] and Wang and Manning
[32]. They used nine types of edit operations, and each type contains several possible operations.
Compared with the study of Heilman and Smith [7], Yao et al. used dynamic-programming solution
[40] to find edit sequences instead of greedy search. Besides, they applied extra 15 new syntactic

features and other lexical-semantic relations from WordNet.



Because of the rise of deep neural networks and their good performance, fewer and fewer re-
searchers focus on non-neural approaches. To the best of our knowledge, only one non-neural
approach [30] can be found in recent years. The researchers modeled Q-A relevance by taking
both intra-pair (Q-A) similarities and cross-pair (Q;-Q2 and A;-As) similarities into account. Mul-
tiple features including bag-of-n-grams overlap, pre-trained word embeddings, and tree-kernel,
were applied to build the ranking model based on logistics regression. The model performance on
TrecQA [33] and WikiQA [35] datasets outperformed many complex deep neural network based
systems.

In addition to non-neural approaches, neural approaches based on CNN, LSTM and attention
mechanism are also applied to the task of answer ranking. The learning approaches can be classi-
fied into three categories [11]: (1) point-wise approaches (e.g. Yu et al. [38]) that transform the
ranking task into a binary classification problem by classifying whether an answer q; ; is a correct
answer of question ¢; in QA pair (g;, a;;); (2) pair-wise approaches (e.g. Rao et al. [20]) that
consider one question ¢, one correct answer ™ and one incorrect answer o~ at the same time and
use triplet loss function (e.g. Equation 2.2); (3) list-wise approaches (e.g. Bian et al. [3]) where a
question and all its answer candidates are considered, and where a so ftmax activation is always
applied to the output layer. Compared to traditional non-neural approaches, neural approaches do
not rely on manually selected features and in general perform better.

Yu et al. [38] applied a point-wise approach in their system. They used encoders based on
bag-of-words and bigram to generate sentence representation vectors and measure Q-A similarity
by computing their dot product. Their bigram based model outperformed most non-neural models
with respect to MAP on TrecQA dataset [33].

Severyn and Moschitti [23] also used point-wise approach. They applied encoders based on
CNN and max pooling to both questions and answers. The similarity of the two sentences is

calculated by:

SiM(Xq, Xa) = XqMXa 2.1



where x4 and x, are embeddings of a question and an answer, respectively, and M is the similarity
matrix which will be optimized in training. Identical with Yu et al. [38], Severyn and Moschitti
treated the ranking task as a problem of binary classification and applied cross-entropy loss func-
tion to training. Taking the advantage of using CNN-based encoders, their approach outperforms
previous deep neural approach proposed by Yu et al. [38].

Different from studies of Yu et al. [38] and Severyn and Moschitti [23] that used cross-entropy

loss function, Rao et al. [20] used pair-wise approach and triplet loss function:

triplet_loss = maz(0,1 — (sim(q,a™) — sim(q,a™))) (2.2)

where a™ and a~ refer to a correct answer and an incorrect answer, respectively. This function tries
to optimize parameters by maximizing the margin between positive and negative samples. Their
system achieved state-of-the-art performance on TrecQA dataset [33].

In addition to the three above approaches based on Siamese architecture, approaches based on
Compare-Aggregate architecture [3, 25] also attracts researchers attention. The two unique parts
of Compare-Aggregate architecture are Matching Layer and Aggregation Layer [11].

The model proposed by Bian et al. [3] used a typical Compare-Aggregate architecture and a
list-wise approach. Before the Matching Layer, a question and its answer’s contextual represen-
tations of every position are calculated by an attention mechanism. In the Matching Layer, each
contextual representation of the question/answer is compared against all contextual representations
of the answer/question by element-wise multiplication. The outputs of two sequences of vectors
are then fed into Aggregate Layer where a CNN is used to generate comparison results. Their
system achieved state-of-the-art performance on TrecQA [33] and WikiQA [35] datasets.

In general, previous studies focus mainly on modeling question-answer relation. Their suc-
cesses indicate features of Q-A similarity are important in the general domain.

As for the datasets, TrecQA [33] and WikiQA [35] are two broadly used datasets for general
domain answer ranking. There are two versions of TrecQA. Both of them have the same training

sets where TRAIN contains manually labeled data and TRAIN-ALL consists of data labeled by



Data # of Questions | # of QA Pairs | Avg. # of Answers per Question | % Correct
TRAIN 94 4,718 50.2 7.4
TRAIN-ALL 1,229 53,417 43.5 12.0
Raw DEV 82 1148 14.0 19.3
Raw Test 100 1,517 15.2 18.7
Clean DEV 65 1,117 17.2 18.4
Clean Test 68 1,442 21.2 17.2

Table 2.1: Statistics of TrecQA dataset [33]. TRAIN contains manually labeled data and TRAIN-

ALL consists of data labeled by automatic methods.

Data # of Questions | # of QA Pairs | Avg. # of Answers per Question | % Correct
TRAIN 2,118 20,360 9.6 5.1
DEV 296 2,733 9.2 5.1
Test 633 6,165 9.7 4.8
Total 3,047 29,258 9.6 5.0

Table 2.2: Statistics of WikiQA dataset [35].

automatic methods. The development and test sets are different (Table 2.1). The average number

of answers per question in the two train sets is around 44. This number gets down to around 15 and

18 in the two versions of development and test dataset, respectively. In addition, the rate of correct

answers in TrecQA is less than 20%. The other dataset, WikiQA (Table 2.2), contains around 10

answers for each question on average and the rate of correct answers is around 5% which is lower

than the counterpart in TrecQA.




2.2 QA in the Medical Domain

Popular automatic QA research in the medical domain focuses more on retrieving scientific doc-
uments or generating summary-like answers from the Internet or knowledge database, instead of
answer ranking.

Task b in BioASQ challenge [29] is a typical task in the medical domain QA and many success-
ful medical QA systems can be found (e.g. BioAMA [24]). In this task, systems are required to
handle four types of biomedical question: yes/no, factoid, list and summary questions [2]. In phase
B of the task, participants need to extract/generate answers or summaries in natural language, given
questions and questions related articles and snippets.

From the description of the task, we can learn that it focuses more on the area of document
information retrieval instead of answer ranking. Although answer ranking may appear to be one
of the steps in automatic QA systems, researchers pay less attention to it because it is not the most
important part. For example, BioAMA [24], a system achieved state-of-the-art results on the ideal
answer type questions in Task 5b! of the BioASQ dataset, only mentioned that it used point-wise
ranking classifiers without detailed information on the model architecture.

Therefore, both the task description and researchers’ focus demonstrate that in medical QA,
it is information retrieval that attracts most researchers’ attention, instead of answer ranking. In
addition, to the best of our knowledge, few studies can be found in the medical domain answer
ranking.

Given this context, our study focuses on ranking doctor written answers in medical community
QA. Besides, we address answer ranking task in the medical domain by modeling both question-

answer and answer-answer relations, and find the later one plays a more important role.

IThe 5th edition of the Task b.
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Chapter 3
THE CHINESE MEDICAL QA DATASET

As is introduced in Chapter 2, existing datasets for answer ranking locate in the general do-
main. Besides, there is no existing datasets for the medical domain community QA, especially for
Chinese. We, therefore, introduce a Chinese medical QA dataset in this chapter. The dataset is
collected by one of our teammates through crawling 39ask'. It is a Chinese medical consultation
forum where patients briefly describe their symptoms, and doctors in the community offer their
diagnoses. In the following sections, we describe the dataset, introduce its properties, and provide

its potential usage.
3.1 Dataset Details

The first version of our dataset contains 35,000 questions, which cover 15 departments and 2992
disease types. Most questions (65.7%) come from internal medicine, and the rest range from an-
drology (5.6%), surgical department (5.5%), pediatrics (5.5%), infectious diseases (5.0%), gyne-
cology (5.0%), traditional Chinese medicine department (4.2%), plastic surgery (3.4%), and other
seven departments (0.2%). In addition, in the 35,000 questions, 9.0% of them have exactly one
answer, 87.6% are followed by two answers and 3.3% have three or more answers (Table 3.1).
Among the questions that have exactly two answers, 35.0 % have two good answers, and the rest
65.0 % have exactly one good answer and one bad answer. No questions containing two bad an-
swers can be found. The statistics of our dataset is shown in Table 3.2, where 69.2% of the answers
are good answers and 30.8% are bad answers.

Figure 3.1 represents a typical instance in our dataset. It is worth noting that English is not

a part of the dataset and it is added for the readers’ convenience only. In the question section,

Thttp://ask.39.net
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# of answers per question 1 2 >3 | Total

# of questions 3,160 | 30,675 | 1,165 | 35,000

Table 3.1: Statistics of the number of answers per question in the full Chinese medical QA dataset.

# of questions 35,000
# of answers 68,717
# of good answers 47,534
# of bad answers 21,183
Avg. # of answers per question 1.96
Avg. length of question (in char) 55.61
Avg. length of answer (in char) 107.14
Avg. length of Q + A (in char) 162.92

Table 3.2: Statistics of the Chinese medical QA dataset. Average lengths of questions and answers
are in characters.

the department and the disease type are specified by keyword “department”. Other information
of the question is also presented. It includes “title” which is a summary of the patient’s question,
“patient_info” that offers basic patient information of gender, age and the time of onsite, “ques-
tion_content” where the patient describes his/her symptoms, “time” of the question posted, and
“labels” that offers a list of keywords with respect to this question. As for the two answers follow-
ing the question, the name, specialty and other useful information of the answer provider are shown
in key words of “name”, “specialty” and “other_info”, respectively. The diagnosis (“answer’), re-

sponse time (“time”) and whether it is selected as a good answer by the patient (“selected”) are

also presented.



Question:
department WESWHRE I8 4 (Internal Medicine > Lymphocytosis)
title Ik L AR A g 2
Will lymphatic hyperplasia in the stomach cause cancer?
N B, 46 5, RFETE)  NEE
patient_info

Male, 46 years old, Onset time: not clear

question_content

WA HEA B MRS ARE, JEFHEL, FHiNE R
AR ?

| recently checked out the disease of lymphoid hyperplasia in the
stomach. | am very worried. Will it cause cancer?

time 2018-12-15 14:59
MBI RVEE &, Wl VBRI RSy, A, B, Wik
labels Chronic superficial gastritis, Helicobacter pylori infection, lymphatic
hyperplasia, stomach, digestion
Answer 1:

name XIFEAL (Liu, Xiangli)
%ﬂlﬂ‘}_“y %‘L‘ﬁ’ Hfﬁ‘u‘ﬁ’ 'D‘Eﬂ%‘bﬂﬂﬁ%

specialty Hypertension, coronary heart disease, pulmonary heart disease,
myocarditis, cardiomyopathy, etc.

other_info FAEEEIT  (Chief physician)
X — A W [ TR AT PR IR GG B, — MR G RS, AT DA
. BUWIREHE, ZoHE0maEY, degm, bEzg, &2
TR .

answer In general, this is caused by Helicobacter pylori infection and does not
cause cancer. So do not panic. It is recommended to have a regular
diet, eat digest friendly food and chew slowly. Do not eat much in one
meal and no spicy food is allowed.

time 2018-12-1911:21

selected True

Answer 2:

name M (Dong, chunlin)

specialty 4%} (General medicine)

other_info HEETHEEERE (Rizhao City Traditional Chinese Medicine Hospital)
KR — Pl R BRI SORE, 5 T TR AT R A k. AT LA
1% PR BT ARIE YT

answer This is a common chronic gastric mucosal inflammation and has a
relationship with Helicobacter pylori infection. You can choose
amoxicillin for treatment.

time 2018-12-15 15:12

selected False

12

Figure 3.1: An Example in the Chinese Medical QA Dataset. English is not a part of the dataset
and it is added for the readers’ convenience only.
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3.2 Properties of the Dataset

Compared with the general domain community QA datasets (TrecQA [33] and WikiQA [35]), our
dataset in the medical domain has two properties: (1) much lower average number of answers per
question (around 2 answers per question) and (2) much higher rate of good/correct answers (more
than a half). These two properties, in fact, reflect the two different contexts of studying QA in the
medical domain.

First, the requirement of being an answer provider is much higher in the medical domain. In
the general domain, everyone can be a potential answer provider, because it does not require any
professional knowledge to answer a question. However, when it comes to the medical domain,
answer providers are required to have government-issued doctor licenses and professional knowl-
edge. Therefore, it is uncommon to see one question followed by dozens of answers in medical
QA forums. The quality of answers are on average much better than the answers in the general
domain as well.

Next, the intent of patients’ questions are much clearer than that of questions in the general
domain. A question in general domain can be quite open and can be answered from different
aspects (e.g. “how are aircraft radial engines built?” in WikiQA [35]). However, patients are
asking questions about their medical concerns. When doctors narrow the patients’ intent down,
the answers will be more specific. Disagreement among doctors will also less likely to happen.
As a result, we can find out almost all answers in the medical domain are highly related to their

questions and more answers are selected as good answers by patients.

3.3 Potential Usage of the Dataset

There are several potential tasks can be applied to this dataset. Including the task of answer ranking,

we list four potential directions of research.

¢ Question Classification: identify the department/disease type a question belongs to;

¢ Question Summarization: generate its title given a question;



o Keys words generation/extraction: generate/extract labels of a question;

e Answer Ranking: identify which answer is selected by the patient.

14
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Chapter 4
OUR APPROACHES

To fulfill our motivation of finding and analyzing factors affecting the way of being a good
answer, we enumerate all possible features’ combinations of whether using the question or other
answers. We, therefore, design four settings for the answer ranking task: (1) A-Only where only
features of the answer are used; (2) Q-A where features of a question and one of its answers are
used; (3) A-A where features of both answers' of a question are used; (4) Q-A-A where features of
a question and both of its answers are used. For each setting, we design a set of approaches. These
approaches include several previous state-of-the-art text similarity calculation approaches (ARC-I

[9], DUET [13], and DRMM [6]).

4.1 A-Only Approaches

To find out how an answer’s content influences its quality, we design a set of approaches whose
only input is the answer itself. These approaches score an answer’s quality without knowing the
answer’s relevance to its question and other answers. We build answer encoders based on both
CNN and bi-directional LSTM to identify answers’ quality. Before the encoders, we first use a
150-dimensional word embedding to featurize the input answer. Next, in the CNN model, a 1-
dimensional CNN layer with 32 filters and a kernel size of 3 is used to extract phrase level features
and the size of hidden units in the bi-directional LSTM is set to 32. Then, a max pooling layer with
a pooling size of 2 is conducted to the output of CNN/LSTM to select the most important phrases.
After that, we reshape the feature matrix to a vector and pass it through a fully connected layer

with 64 hidden units. The architecture of encoders is shown in Figure 4.1.

"Because 87.6% of the questions in Chinese Medical QA Dataset have exactly two answers, we only use those
questions in our experiment.
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Answer Encoder

-

Answer——p»| Embedding | CNN /LSTM [—»| Max Pooling

\J
Fully Connected

L

Figure 4.1: Architecture of our approaches under A-Only setting.

4.2 (Q-A Approaches

To find out how question-answer relevance influences the answer’s quality, we design a set of
approaches whose inputs are a question and one of its answer. These approaches focus on modeling
the similarity of the question and the answer without knowing other answers.

We apply five approaches to answer ranking task under the setting of Q-A.

1. CNN is an approach measures Q-A similarity by making element-wise multiplication of

question and answer embeddings generated by CNN-based encoders.

2. LSTM uses the same Q-A similarity calculation approach as CNN model (element-wise
multiplication) and its architecture is also identical with CNN except for the encoder based

on bi-directional LSTM. The architecture of our approaches is shown in Figure 4.2.

3. ARC-I [9] captures Q-A similarity by directly concatenating question and answer embed-
ding vectors generated by encoders based on CNN and max pooling. The architecture of
ARC-I is identical with CNN-based Q-A Matcher shown in Figure 4.2, except for the merg-

ing strategy that is concatenation in ARC-I.

4. DUET [13] calculates Q-A similarity by summing up the scores from Local Model (LM) and

Distributed Model (DM). LM estimates Q-A relevance based on patterns of exact matches of
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Q-A Matcher

N 1

Question ——m=( Question Encoder

Multiply Merge
Dropout
\J
Fully Connected

Answer Encoder

Answer ——p»

L |

Figure 4.2: Architecture of our approaches under Q-A setting. The architecture of question and
answer encoders are identical with the architecture in Figure 4.1.

question terms in the answers. And DM first generates an embedded question feature vector
and answer feature matrix by CNN-based encoders, then use Hadamard product to merge

the two embeddings. Figure 4.3 shows the architecture of DUET.

5. DRMM [6] measures Q-A similarity by conducting dot product of word embeddings be-
tween a question and one of its answer. Then, for each word in the question, top k (in our
experiment, k equals to 10) similarities are selected. After that, two fully connected layers
are conducted to generate high-level similarity feature vectors for every word in the ques-
tion, and an attention mechanism is applied to the question to help final relevance score

calculation. Figure 4.4 shows the architecture of DRMM,

4.3 A-A Approaches

To find out how answer-answer relation influences the answers’ quality, we design a set of ap-
proaches whose inputs are both answers of a question. These approaches aim at modeling the

difference between answers’ content that allows an answer to be a good answer, without using
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Add
Fully Connected
A
Hadamard Product
Question | | |
Embedding Vector
Answer Embedding
T Matrx
Flatten | |
f A
CNN / Max Pooling CNN / Max Pooling
? A
Embedding Embedding
Quesion Answer

Distributed Model

Figure 4.3: Architecture of DUET. In Local Model, the number at each position of questions and
answers represents the index of the term in the vocabulary. The value at the position of ¢, j in the
merging matrix will equal to 1 if the term at position ¢ in the answer is identical with the term at
position j in the question. The value will equal to O elsewhere.
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Figure 4.4: Architecture of DRMM. In the similarity matrix, a;q; (¢ < n,j < m) represents the
dot product of the word embedding at position ¢ in an answer and the word embedding at position
Jj in its question. aj, (k < m) refers to the weight of attention mechanism at position k.
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A-A Comparator

[ il

Answer Encoder
Answer Encoder

L _

Prediction 1

Answer 1 ——m

Concatenate/Subtract
Y
Fully Connected

Answer 2 —»=

Prediction 2

Figure 4.5: Architecture of our approaches under A-A setting. The architecture of answer encoder
is identical with the one in Figure 4.1.

features of their question. We use two different ways to model A-A relation. The first is to directly
concatenate the two answer embeddings generated by CNN/LSTM encoders. It simply combines
features of both answers to medel their content difference. The second is to use the subtraction.
It offers a more intuitive way to model answers’ difference. After that, the vector presenting A-A
difference is passed through a fully connected layer with 64 hidden units and the final scores are
calculated without normalization. The architecture of our approaches under A-A setting is shown

in Figure 4.5, where the architecture of answer encoder is identical with the one in Figure 4.1.

4.4 (Q-A-A Approaches

To find out how they influence an answer’s quality if features of a question and both of its answers
are taken into account, we design a set of approaches whose inputs are the question and both of its
answers. We apply three categories of approaches to this setting: Q-A-A Combination approaches,

Q-A-A Similarity approaches and Q-A-A Similarity + A-A Difference approaches.
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Question ——p[ Question Encoder

Prediction 1

Answer 1 ——pm  Answer Encoder

Concatenate
Fully Connected

Prediction 2

Answer 2 ——p  Answer Encoder

Figure 4.6: Architecture of our Q-A-A Combination approach under Q-A-A setting. The architec-
ture of encoders is identical with the one in Figure 4.1

4.4.1 Q-A-A Combination Approaches

Q-A-A Combination (Q-A-A Comb) approaches merge features of a question and both of its an-
swers by directly concatenating their embeddings. They provide a simple way of considering all
features from the inputs, without specifically modeling their relations. In this kind of approaches,

both CNN- and LSTM-based encoders are used and the architecture is shown in Figure 4.6.

4.4.2 Q-A-A Similarity Approaches

Q-A-A Similarity (Q-A-A Sim) approaches compare the similarities of a question between both
of its answers before scoring every answer. They examine whether the comparison between Q-A
similarities contributes to answer ranking.

We apply all five approaches introduced in Section 4.2 to the setting of Q-A-A. These ap-
proaches are regarded as Q-A Matchers whose inputs are a question and one of its answer, and

whose output is a similarity feature vector (CNN, LSTM, and ARC-I) or score (DUET, DRMM).
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Q-A Similarity Comparator

Answer 1 |_ —l

Prediction 1

Q-A Matcher

Question

Concatenate
Y
Fully Connected

Q-A Matcher

Prediction 2

Answer 2 |_ J

Figure 4.7: Architecture of our Q-A-A Similarity approach under Q-A-A setting. Q-A matcher can
stand for any question-answer similarity calculator. We use five Q-A mathcers in our experiment:
CNN, LSTM, ARC-I, DUET, and DRMM.

Q-A similarities generated by a Q-A Matcher are directly concatenated and passed through a fully
connected layer with 64 hidden units to generate the vector of matching result. The vector is finally

fed into the output layer to calculate final scores without normalization (Figure 4.7).

4.4.3 Q-A-A Similarity + A-A Difference Approaches

Q-A-A Similarity + A-A Difference (Q-A-A Sim + A-A Diff) approaches combine Q-A-A Sim-
ilarity approaches (Section 4.4.2) and A-A approaches? (Section 4.3) to rank answers. These ap-
proaches concatenate the outputs of a Q-A Similarity Comparator (Figure 4.7) and an A-A Com-
parator (Figure 4.5) right before scoring the quality of answers (Figure 4.8). They allow us to

see whether A-A difference contributes to the ranking task compared with Q-A-A Similarity ap-

ZWe use “A-A Diff” instead of “A-A” to refer to our approaches under A-A setting. So “A-A” refers to one of our
experimental setting and “A-A Diff” refers to a kind of approaches applied to A-A setting.
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Figure 4.8: Architecture of our Q-As Similarity + A-A Difference approaches under Q-A-A setting.
The architecture of Q-A Similarity Comparator is introduced in Figure 4.7 and the architecture of
A-A Comparator is shown in Figure 4.5

proaches. We apply all five Q-A Matchers introduced in Section 4.2 to the combination. In addi-

tion, we only use CNN-based A-A Comparator in the experiment.
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Chapter 5

EXPERIMENTS

To evaluate our approaches under four different settings, we first sample a subset of the Chinese
Medical QA Dataset for our experiment. Then, we introduce the loss function of training and three
different kinds of evaluation metrics applied to the answer ranking task. Finally, we conduct a

small-scope human annotation to obtain an intuitive feeling of task difficulty.

5.1 Dataset

The dataset used in our experiments is a subset of the Chinese Medical QA Dataset which is
introduced in Chapter 3. Because 87.6% of the questions in the full dataset are followed by two
answers, and 65.0% of the two-answer questions have exactly one good and one bad answers, we
select all two-answer questions that contain exactly one good and one bad answers as the dataset
for the experiment. In addition, we clean the dataset by removing all questions and answers whose

character-based lengths are too long or too short!.

Finally, we sample a dataset with 19,924 questions and 39,848 answers for our experiment
(Table 5.2 and one typical instance for experience is shown in Table 5.1. We select 75% (14,943
questions and 29,886 answers) of the dataset as the training set and the rest 25% (4,981 questions
and 9,962 answers) for testing. In addition, we apply character-based embeddings, because the
word vocabulary in Chinese is too large and word segmentation approaches do not perform well in

the medical domain.

"'We rank the questions and answers by their character-based length and remove those at the top 1% and those at
the bottom 1%.



25

Question

HELeE BT BB Ersm, EEHL, BRIERREE
ney?
I recently checked out the disease of lymphoid hyperplasia in the stomach. I

am very worried. Will it cause cancer?

Good Answer

v

— OB TIRBEAT BRG], — IR, B A
i BWIXEME, ZohELEY), AREw, PaZE, ZaR
BIEEY
In general, this is caused by Helicobacter pylori infection and does not cause
cancer. So do not panic. It is recommended to have a regular diet, eat digest
friendly food and chew slowly. Do not eat much in one meal and no spicy

food is allowed.

Bad Answer

XM R R BRI RAE, S IR R R K o AT LU
FEPTEPEAIRTT -

This is a common chronic gastric mucosal inflammation and has a
relationship with Helicobacter pylori infection. You can choose amoxicillin

for treatment.

Table 5.1: An example of QA for our experiment. Compared with the bad answer, the good answer
not only soothes the patient but also provides a more informative suggestion by offering tips for

daily care.

5.2 Loss Function and Evaluation Metrics

Based on the nature of the binary answer classification of all our approaches under four different

settings, we apply binary cross-entropy loss function to training.

In addition, we apply three evaluation metrics to our experiment:

1. MRR (Mean Reciprocal Rank) and MAP (Mean Average Precision) are two broadly used

metrics in the task of answer ranking [11]. In our experiment, we assume all approaches only
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# of questions 19,924
# of answers 39,848
# of answers per question 2
Avg. length of question (in char) 62.99
Avg. length of answer (in char) 118.93
Avg. length of Q + A (in char) 181.92

Table 5.2: Statistics of the experiment data from Chinese medical QA dataset.

retrieve the answer with a higher score. Because only one good answer for each question

exists in our dataset, the two metrics are identical [11].

2. QA Set Accuracy is a reference metric that measures if systems correctly label two answers
simultaneously by scoring more than 0.5 to the good answer while less than 0.5 to the bad

answer. Obviously, this metric is more strict than MRR and MAP.

3. QA Pair Accuracy is another reference metric that evaluates models’ performance on every
single QA pair. An answer with a score of more than 0.5 is regarded as a good answer and is

regarded as a bad answer if its score is lower than 0.5.

In our experiment, the first metric measures whether a system give a good answer a higher score
regardless of whether the two answers are both classified as good or bad. The other two metrics,
in addition to whether good answers have a higher score, evaluate whether the system correctly

classifies good and bad answers by a threshold of 0.5.

5.3 Human Annotation

We conduct a small-scope human annotation by asking five annotators without medical background

to identify good answers of 20 randomly selected questions under four different settings (80 in
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total): (1) they can only see one answer; (2) they can see one QA pair; (3) they can see both two
answers; (4) they can see one question and both two answers.

The annotators are untrained, are required to give an intuitive judgment without deep analysis,
and are told that there is only one good answer in the answer list when they are given more than

one answer. Samples in the human annotation questionnaire can be found in Appendix A.
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Chapter 6
RESULTS AND DISCUSSION

We first analyze the results with respect to how features from different aspects contribute to
answer’s quality. Next, we discuss the results of human annotation. Finally, we conduct a case

study to find out which factors affect answer’s quality.

6.1 Model Results and Analysis

Table 6.1 and Table 6.2 present the experimental results of all approaches under different settings
and metrics (Section 5.2). Approaches in Table 6.1 are under settings of: (1) A-Only where only
features of the answer are used, (2) Q-A where features of a question and one of its answers are
used, and (3) A-A where features of both answers of a question are used; approaches in Table 6.2
are under the setting of (4) Q-A-A where features of a question and both of its answers are used. In
addition, because MRR and M AP are identical given only one correct answer in gold standard [11],
we only present MAP metric in these tables. Based on the experimental results, we present our
observations of how features of question-answer similarity and answer-answer difference influence

answer’s quality.

6.1.1 Q-Avs. A-Only

Cross-setting comparison between approaches under two settings of Q-A and A-Only in Table 6.1
tells us features of answer content are important to answer’s quality. Only using features form
answer content, approaches (A-[1,2]) can achieve comparable results to approaches under Q-A
setting (QA-[1-5]), where features of Q-A similarity are taken into account. It indicates features of

the answer itself may contribute to a good quality.
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Setting Expt. id Approach MAP | QA Set Acc | QA pair Acc
AOty A-1 CNN 81.23 51.56 73.50
A-2 LSTM 81.81 51.27 73.90
QA-1 CNN 81.29 52.36 74.32
QA-2 LSTM 81.53 53.10 74.01
Q-A QA-3 ARC-1 80.35 53.56 74.13
QA4 DUET 81.35 51.86 74.40
QA-5 DRMM 82.07 49.83 71.21
AA-cl CNN (conc) 83.15 82.69 83.12
AA-c2 LSTM (conc) 83.12 82.83 83.03
AA AA-sl CNN (sub) 83.22 82.75 83.27
AA-s2 LSTM (sub) 83.18 83.08 83.16

Table 6.1: Experimental results of all approaches under settings of A-Only, Q-A and A-A. “conc”
and “sub” refer to “concatenate” and “subtract”, the two ways of modeling A-A difference. MAP
evaluates whether the only answer retrieved by systems with a higher score is a good answer; QA
Set Acc requires systems to correctly label two answers simultaneously by scoring more than 0.5
to the good one while less than 0.5 to the bad one; QA pair Acc evaluates every single QA pair
separately. Because MRR and MAP are identical given only one correct answer in gold standard
[11], we only present MAP metric in this table. A model’s results under different metrics may
using parameters from different training epoch.

6.1.2 Q-A: Different Q-A Matchers

When comparing the performance of different approaches under Q-A setting (QA-[1-5]), we find
that the more features from answer content are reserved, the higher performance approaches tend
to achieve in QA Set Accuracy (the second metric column). When ranked by this metric, the re-
sults of CNN-based models from the best to the worst are ARC-I (QA-3, 53.56%) > CNN (QA-1,
52.36%) > DUET (QA-4, 51.86%). The same order appears when we rank those models from the
most to the least with respect to how many features of answer content are reserved. ARC-I com-

putes Q-A similarity by directly concatenate vectors of the question embedding and the answer



30

Set of Approaches Expt. id Approach MAP | QA Set Acc | QA pair Acc
QAC-1 CNN 82.41 81.99 82.44
Q-A-A Comb
QAC-2 LSTM 83.16 82.94 83.17
QAS-1 CNN 82.37 82.11 82.34
QAS-2 LSTM 81.63 81.33 81.63
Q-A-A Sim QAS-3 ARC-I 82.01 81.75 82.03
QAS-4 DUET 81.13 81.11 81.12
QAS-5 DRMM 81.57 81.45 81.58
QAS+AA-cl | CNN+conc 82.77 82.31 82.72
QAS+AA-c2 | LSTM+conc | 83.02 82.35 82.94
QAS+AA-c3 | ARC-I+conc | 82.71 82.23 82.73
QAS+AA-c4 | DUET+conc | 82.81 82.41 82.78
QAS+AA-c5 | DRMM-+conc | 82.41 81.95 82.38
Q-A-A Sim + A-A Diff
QAS+AA-s1 | CNN+sub 82.43 81.81 82.39
QAS+AA-s2 | LSTM+sub 81.99 81.65 82.04
QAS+AA-s3 | ARC-I+sub 82.96 82.59 82.97
QAS+AA-s4 | DUET+sub 83.42 82.98 83.41
QAS+AA-s5 | DRMM+sub | 82.55 82.11 82.60

Table 6.2: Experimental results of all approaches under the setting of Q-A-A where all features
of a question and its two answers are used. MAP evaluates whether the only answer retrieved
by systems with a higher score is a good answer; QA Set Acc requires systems to correctly label
two answers simultaneously by scoring more than 0.5 to the good one while less than 0.5 to the
bad one; QA pair Acc evaluates every single QA pair separately. “Sim”, “Diff” and “Comb” are
abbreviation of “Similarity”, “Difference” and “Combination”. In approaches of Q-A-A Sim +
A-A Diff, we use CNN-based encoder to calculate A-A difference and “conc” and “sub” mean the
ways to calculate A-A difference are “concatenate” and “subtract”, respectively. Because MRR
and MAP are identical given only one correct answer in gold standard [11], we only present MAP
metric in this table. A model’s results under different metrics may use parameters from different

training epoch.
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embedding. It, therefore, reserves most features from the answer. CNN multiplies the two embed-
dings so that positions that both the question and the answer emphasize will have a higher value,
and positions that they do not emphasize will have a lower value. It, therefore, reserves relatively
fewer features from the answer. Local Model of DUET is responsible for catching exactly word
level Q-A correspondence and its Distributed Model merges the question and the answer before
the answer embedding matures (Figure 4.3). DUET, therefore, reserves the least features from
the answer content. In addition, this analysis can be strengthened by the performance of DRMM
(QA-5). Because it only takes word-embedding-based Q-A term match into account (Figure 4.4), it
rarely reserves features from answer content and has the lowest QA set accuracy (49.83%) among

approaches under Q-A setting (QA-[1-5]).

6.1.3 A-Avs. A-Only

Compared with approaches under A-Only setting (A-[1,2]), all metrics are improved when features
of another answer are taken into account (AA-[cl1, c2, sl, s2]). It demonstrates the difference
between answers helps identify answers’ quality without referring to their question. Besides, no
obvious difference appears between different ways (concatenation or subtraction) of comparing

A-A difference (AA-[cl, c2, s1, s2]).

6.1.4 Q-A-A Comb vs. A-A

In this subsection, we compare approaches of Q-A-A Combination (QAC-[1,2]) and A-A ap-
proaches that use concatenation to model A-A difference (AA-c[1,2]). As is introduced in Section
4.4.1 and Section 4.3, the only difference between the two kinds of approaches is whether to con-
catenate question embeddings. When features of questions are taken into account, no significant
improvement is acquired (e.g. AA-c2 vs. QAC-2, MAP: 83.12 — 83.16) and the performance even
gets worse (e.g2. AA-cl vs. QAC-1, MAP: 83.15 — 82.41). This phenomenon, therefore, shows

the unstable contribution of features from questions.
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6.1.5 Q-A-A Simvs. Q-A

Compared with Q-A approaches (QA-[1-5]) in Table 6.1, Q-A-A Sim approaches (QAS-[1-5]) in
Table 6.2 achieve around 30% and 6% absolute improvement in metrics of QA Set Accuracy and
QA pair Accuracy, and can reach a comparable result with respect to MAP. The improvements in
the two metrics reveal that by comparing similarities from different answers, systems can not only
identify which answer is better (MAP) but also classify the answer’s quality by a threshold of 0.5
(QA Set Accuracy and QA Pair Accuracy).

However, with respect to MAP, the contribution of Q-A similarity comparison is not that clear:
the performance of CNN (QA-1 vs. QAS-1), LSTM (QA-2 vs. QAS-2) and ARC-I (QA-3 vs.
QAS-3) are slightly improved while the performance of DUET (QA-4 vs. QAS-4) and DRMM
(QA-5 vs. QAS-5) become slightly worse.

Therefore, the contribution of Q-A similarity comparison is controversial. On the one hand, it
will help much if we want to build systems that can classify good and bad answers by a threshold
of 0.5; on the other hand, its contribution seems to be unstable if we want to build systems that just

retrieve the answer with the highest score.

6.1.6 Q-A-A Sim + A-A Diff vs. Q-A-A Sim

Comparing results of Q-As Sim approaches with results of Q-As Sim + A-A Diff approaches,
we find features of A-A difference appear to have a stable and positive influence on the task of
medical answer ranking. All Q-A-A Sim approaches (QAS-[1-5]) are improved when features
of A-A difference are taken into account (QAS+AA-c[1-5], QAS+AA-s[1-5]), which is presented
Table 6.2. It may indicate that A-A difference contains features not only crucial to medical answer

ranking but also hard to be captured by just modeling Q-A similarity.

6.1.7 Q-A-A Sim + A-A Diff vs. A-A

One interesting phenomenon appears in this comparison is that almost all results in Q-As Sim +

A-A Diff (QAS+AA-c[1-5], QAS+AA-s[1-3,5]) are lower than the lowest result under A-A setting
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(AA-c2, MAP: 83.12) with respect to MAP. The only exception is DUET (QAS+AA-s4, MAP:
83.42) that achieves the best results among all results in Table 6.1 and Table 6.2. This phenomenon
shows different combinations of approaches modeling Q-A similarity and A-A difference may lead
to different results. For most combinations in our experiment, features of Q-A similarity could hurt
approaches only modeling A-A difference. However, an appropriate combination (QAS+AA-s4)
may strengthen the performance of both the approach for Q-A similarity (DUET) and the approach
for A-A difference (CNN-conc).

To conclude the above discussions, we find that Section 6.1.1, Section 6.1.2, Section 6.1.3 and
Section 6.1.6 demonstrate the important influence of answer content and A-A difference to the task
of medical answer ranking; Section 6.1.4 and Section 6.1.5 present a not obvious contribution of
question and Q-A similarity to answers’ quality. These discussions demonstrate features of A-A
difference may play more important roles than features of Q-A similarity in the medical domain
answer ranking. In addition, discussion in Section 6.1.7 further demonstrate the performance of
A-A comparators may get better if they are combined with appropriate Q-A matchers (e.g. CNN
(sub) + DUET in QAS+AA-s4).

As a result, in order to become a good consultant, the doctor is first recommended to write
answers with a high quality. In addition, he/she can try to make the answer be more related to the

question.

6.2 Human Annotation Results and Discussion

Table 6.3 shows the results and annotator agreement of our small-scope human annotation. We find
the average accuracy of human annotation (around 60%) under all settings are significantly lower
than model performance (around 80%). Besides, when we compare results under the settings
of Q+A, As and Q+As, human performance and agreement do not improve even though more
information is provided.

The big decreases of all three agreements when two answers are given (A Only and Q+A vs. As
and Q+As) may indicate the difficulty for untrained annotators to distinguish the good answer from

the bad answer based on their intuitive judgment. However, we also need to note the probability
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nnotator
I | I |IT|IV |V |Avg Acc || >4 Agr | 5 Agr | Avg. pairwise Agr
Settings
A Only 45 |45 |55 155 |50 50 0.90 | 0.25 0.69
Q+A 75 |55 1551|5560 60 0.85 | 0.50 0.77
As 6555|6570 |55 62 0.55| 035 0.60
Q+As 55150 |55 |65|70 59 0.50 | 0.25 0.60

Table 6.3: Accuracy and agreement of five human annotators under different settings. “Acc” and
“Agr” are abbreviations of accuracy and agreement, respectively. “> 4 Agr” refers to the agreement
of at least four annotators give the same annotation; “5 Agr” refers to the agreement of all five
annotators give the same annotation; “Avg. pairwise Agr” refers to the average agreement of every
two annotators.

“A Only”, “Q+A”, “As”, and “Q+As” refer to the settings that annotators are given only one answer,

one question and its answer, both two answers, and one question and its two answers, respectively.

that the results fail to present the real human performance because of the noise coming from the
small sample size. Therefore, to obtain an estimated upper bound for automatic systems in the
medical domain answer ranking, as well as to better explain these unexpected phenomena, further

studies of human annotation are required (e.g. train the annotators before they start).

6.3 Case Study

Discussion in Section 6.1.4 and Section 6.1.5 indicates an unstable contribution of features of Q-
A similarity to the task of medical answer ranking. We, therefore, conduct case studies and find
Q-A similarity contributes less because it is less likely for doctors to provide unrelated solutions.
Almost all answers are highly related to their questions and people can even infer the question
when its answer is given. Therefore, the contribution of Q-A relation in the medical domain is
weakened. What is more, answers that repeat patients’ symptoms in the question are not what the
questioners want. In this case, a high relevance of Q-A actually hurts the answer’s quality. Table

6.4 shows an example where the bad answer has a high word overlap (highlighted in blue) with the
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BEBARRSES, st k& RSN - DErakitmAs
B~ ODIEHZERE - LR - BART, MIZESH A7
Question When it is rainy, I will feel chest tightness, dizziness, and weakness. In
the past, I suffered from Cerebral insufficiency, cardiac neurosis, and high
blood pressure. How to treat and what should I pay attention to?
RIERAER, X ILAS AR DR IR X LR /& %
AH), HEPRGE I IZ 2560 o AT LAZRE RS, & 3ta
I EAEGL, B8 AT RARZ D i o

Good Answer | According to your description, this combination of symptoms is mainly

related to your underlying diseases. At present, it is usually better to take
medication control. You can take antihypertensive drugs, check blood
pressure regularly, and eat some supplements.
BHRRAEMR, FAARE, SEMAEREAIER, *H, K
E=Z MR FVGERRE, EHIME, 7T LAH AREeE i i 0 A 2
Y, A BRI E R E— /D

When it is rainy, the air pressure is low, and the oxygen is insufficient,

Bad Answer
which will cause symptoms of hypoxia in the human body. It is

manifested as dizziness, fatigue and chest tightness. It is recommended to
rest, control blood pressure, take drugs can improve brain blood supply, or

you can breathe oxygen for one hour every day.

Table 6.4: An example in Chinese medical QA dataset. Because the overlaps between the bad
answer and the question concentrate on the symptoms in which patients are not interested, the
answer is not selected as a good answer by the patient.

question. Because those overlaps concentrate on the symptoms in which patients are not interested,
the answer is not selected as a good answer by the patient.
We further find that the importance of A-A difference comes from two main characteristics of

good answers. Good answers tend to show their concern to patient’s feelings and to provide more
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tips for daily care instead of simply asking them to go to a hospital. Table 5.1 represents a good
example. The good answer captures the worry of the patient and soothes him/her by telling him/her
the disease is not as much severe as he/she thinks. In addition, the good answer offers several tips
that can be easily conducted in daily life (have a regular diet, chew slowly, do not eat spicy food,
etc.). On the contrary, the bad answer says nothing about what the patient needs to pay attention
to in daily life to relieve the symptoms. The importance of offering suggestions for daily care
may result from the nature of online medical consulting. Because patients are aware of that online
medical consulting forums are not substitutes for hospitals, where clear diagnoses can be made
with the help of careful medical examinations, suggestions for daily care or immediately doable
actions will be one of the most important information that patients expect. Therefore, answers
providing medical daily care exactly meet the patients’ expectation, so that they result in good
quality.

Additional examples and their analyses can be found in Appendix B.
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Chapter 7
CONCLUSIONS AND FUTURE WORK

In this study, we apply answer ranking techniques to the medical domain and explore how
features from question-answer relevance and answer-answer difference contribute to the ranking
task. Experimental results demonstrate a higher value of features of answer-answer difference
compared with features of question-answer relevance. Therefore, in order to be good consultants,
it is first recommended that doctors pay their attention to write high quality answers. Our case
study demonstrates that it will be helpful to an answer’s quality if the answer shows concerns
to patients feelings and provides more tips for daily care. In addition, preliminary small-scope
human annotation results show the potential difficulty for untrained people to identify the good
answer based on their intuitive judgment. The results also indicate the necessity of conducting
further studies on human annotation.

Future studies can be conducted in the following three directions:

1. In addition to directly concatenating and subtracting, we will apply more complex approaches
to model features of answer-answer difference. For these approaches, we will also try to find

appropriate approaches of modeling Q-A similarity.

2. We will further study the performance of human annotation to find out the real human perfor-
mance towards the task of medical domain answer ranking and find a convincing explanation
of current results. We will enlarge the size of human annotation questionnaire and train an-

notators before they start.

3. We will study the factors contribute to good answers via a more statistical way. In the
current study, the useful factors (e.g. good answers tend to provide more tips for daily

care.) are supported by our case study, which is based on a few samples. To provide a more
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comprehensive analysis of these factors, it is better to conduct a more statistical method (e.g.
apply attention mechanism to current method and use the weights to indicate the importance

of different terms in the answer).
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Appendix A
SAMPLES IN HUMAN ANNOTATION QUESTIONNAIRE

This chapter offers four samples in the human annotation questionnaire. Table A.1, A.2, A.3,

and A.4 present samples under settings of A-Only. Q+A, As, and Q+As, respectively.

g — MR RS BRI RE, SR IR R B ok - LU
FEPTEPIARIGTT -

Answer This is a common chronic gastric mucosal inflammation and has a
relationship with Helicobacter pylori infection. You can choose amoxicillins

for treatment.

Annotation | Is this a good answer (y/n)?

Table A.1: An example in human annotation questionnaire (A-Only setting).



P s HAE BRI B AEROR, EFEL, FRERER
Y

Question
I recently checked out the disease of lymphoid hyperplasia in the stomach. I
am very worried. Will it cause cancer?
— R VR AT R RS Y, — RN 2SR, BT AR
% HWEMEE, IZoHLKEY), dgEmHE, PEZE, R
BIEEY) .

Answer In general, this is caused by Helicobacter pylori infection and does not cause
cancer. So do not panic. It is recommended to have a regular diet, eat digest
friendly food and chew slowly. Do not eat much in one meal and no spicy
food is allowed.

Annotation | Is this a good answer (y/n)?

Table A.2: An example in human annotation questionnaire (Q+A setting).
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Answer 1

— MO A TR B BHSE R, — R R, BT AR
F UK EMNE, IZAHEIKEY), dREn, bEXg, 2Zai

BIEEY

In general, this is caused by Helicobacter pylori infection and does not cause
cancer. So do not panic. It is recommended to have a regular diet, eat digest
friendly food and chew slowly. Do not eat much in one meal and no spicy

food is allowed.

Answer 2

XM R RS BRI RE, S BT R R K o AT LU
P EPEMIRTT -

This is a common chronic gastric mucosal inflammation and has a
relationship with Helicobacter pylori infection. You can choose amoxicillin

for treatment.

Annotation

Which answer is better (1/2)?

Table A.3: An example in human annotation questionnaire (As setting).
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Question

P E HEE BRI B AR, EFEL, B EREE
i
I recently checked out the disease of lymphoid hyperplasia in the stomach. I

am very worried. Will it cause cancer?

Answer 1

— MR VIR AT R R Y, — AR IERERE, BT AR
i o BUURKEMEE, ZHHELKEY), e, bEZE, ZEl
WIEEY .

In general, this is caused by Helicobacter pylori infection and does not cause
cancer. So do not panic. It is recommended to have a regular diet, eat digest
friendly food and chew slowly. Do not eat much in one meal and no spicy

food is allowed.

Answer 2

R — MR A ISR B AR, SR IR B R K - A DLk
PP P AIRTT -

This is a common chronic gastric mucosal inflammation and has a
relationship with Helicobacter pylori infection. You can choose amoxicillin

for treatment.

Annotation

Which answer is better (1/2)?

Table A.4: An example in human annotation questionnaire (Q+As setting).
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Appendix B
EXTRA EXAMPLES IN OUR CHINESE MEDICAL QA DATASET

In this chapter, we offer three extra examples that present the characteristics of good answers.
We also give a brief analysis for each example. Table B.1 shows an example whose good answer
show its concern to the patient’s feelings; Table B.2 and B.3 offer two examples whose good

answers give suggestions with informative tips of daily care.



Question

WA NEIT R, IR ZGZIMFM T, BRZE LY
My child received infusion therapy. After the winged infusion set is

removed, the hand is swollen. What should I do?

Good Answer

— BRI IE DL — B B 2 KB R, AT TREE . PR
REZIE—EA TS R BY . N5 AT UL I — RPN R
), HEAESHREMI REHER LIE.

Generally this symptom will recover after a while, do not be too anxious.
Usually, eat as much food that contains vitamins as possible. Then you
can eat apple and watermelon etc. Try to do the sterilization work in daily

life.

Bad Answer

T T2 —ERERE, RETREESIREAKR T T, JTHEE
XHINET - AR — AT BATIHR, ATHEB M. B8 2%
HJ o

There is a reason for the swollen after infusion therapy. It is very likely
that the liquid is injected into the skin, especially for such children.
Symptoms generally disappear on their own. You can be applied with a

hot towel. It will be slowly relieved.
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Table B.1: An example in Chinese medical QA dataset. The good answer soothes the patient by
saying “do not be too anxious”, which shows its concern about the patient.



Question

KNESEY , B —BE AR 458
T E A EE?

I'am 63 years old. I don’t know why I always feel chest pain in the recent

oA AR, AR IR R

ﬂ

period. What is going on?

Good Answe

RIE B NIRRT, ATRER M TR ORI S8, #EER P
BRI EIRT, FRAREEMY, U —SEARRNMA
&, CFRAERIZLEE), WE EZELERNT, AECEHREY)
Analyzing based on the patient’s problem, it might due to coronary heart
disease. It is recommended that patients go to the hospital as soon as
possible to conduct examination and treatment. In daily life, do not blindly
use drugs, so as to avoid some adverse reactions. In daily life, do not

exercise vigorously, the main diet should be light, don’t eat spicy food.

Bad Answer

JEBE R T, DR E SRR A O OAERE, fEE
Bedt— AT O/, OIERE, SISO @SR EN, FRERE
BRI AIRE, DB Al — D AR B B AR .
Analyzing based on the patient’s problem, chest pain first needs to pay
attention to and clarify whether there is heart disease. Can make it clear by
going to the hospital for further ECG, cardiac color Doppler ultrasound,
dynamic heart color Doppler and other checks. At the same time, paying
attention to whether it is stomach disease. If necessary, make it clear by

further Physical examination and gastroscopy.

51

Table B.2: An example in Chinese medical QA dataset. Although both answers recommend the
patient to go to a hospital to have a clear diagnosis, the good answer, give informative tips for daily
care (highlighted in blue), which meets the expectation of the patients.



Question

UERESELIRE, Wrisd il LA BT A DEARYE A R elEis Fr, 35 RIX 1259
ﬁ%@?
Recently I felt a headache. I heard that I can use Aspirin and Vitamin C

Effervescent Tablets. So is this drug useful?

XAE AT LU FHIX AP Y] - EXTRIELRE —E IR B - PR T
BEOANDE, NEZEREY), EERE, 2K, ZIZEERRIK

Good Answer 5 o

In this case, you can use this drug. It helps to relieve headaches. Usually pay
attention to personal hygiene, do not eat spicy food, rest more, drink plenty

of water, eat more fruits and vegetables.

Bad Answer

Br] ] DEARAE A R CHIE A m] LU T8 B B s T IR B 5 i & 34,
WA T M P AR LR - R~ 2R ILAR - Fm -
RS, RWORAEERT -

Aspirin and Vitamin C Effervescent Tablets can be used for fewer caused by
the cold or influenza, and also used to relieve mild to moderate pain such as

headache, joint pain, toothache, muscle pain, neuralgia, dysmenorrhea, etc.,

and the effect is good.
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Table B.3: An example in Chinese medical QA dataset. The good answer not only directly re-
sponds to the patient’s question but also offers tips for daily care.
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