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Abstract. The Community Question Answer (CQA) service is a typical forum of
Web2.0 in sharing knowledge among people. There are thousands of questions
have been posted and solved every day. Because of the above reasons and the
variant users in CQA service, the question search and ranking are the most im-
portant researches in the CQA portal. In this paper, we address the problem of
detecting the question being easy or hard by means of a probability model. In
addition, we observed the phenomenon called knowledge gap that is related to
the habit of users and use knowledge gap diagram to illustrate how much
knowledge gap in different categories. In this task, we propose an approach
called knowledge-gap-based difficulty rank (KG-DRank) algorithm that com-
bines the user-user network and the architecture of the CQA service to solve this
problem. The experimental results show our approach leads to a better perfor-
mance than other baseline approaches and increases the F-measure by a factor
ranging from 15% to 20%.
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1 Introduction

Recently, the forum system of Web 2.0 is more and more popular and interesting.
People can share or seek any information from any place in the world. One of the most
popular and useful forum system is Community-based Question-Answering (CQA)
portals. For example, the typical CQA portals such as Yahoo! Answers' in English,
Naver” in Korean, and Baidu Knows” in Chinese, can be regarded as variations of
online forums. In this paper, We choose Yahoo!Answers where approximately over
one hundred million resolved questions in English for our research .

On account of the increasing progressively increasing questions and answers, user
may not find the questions they want to know or discuss efficiently. Thus, most of
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works in CQA service are to improve their functionalities like question ranking, ques-
tion search, and question recommendation. However, the output of the prior work do
not consider the expertise (or authority) of users, i.e., for question ranking, the user may
be an amateur in this area and the outputs of the search engine are so hard to understand
for them. Moreover, an expert may wants to search the harder questions but the top
results are too easy to contain rich information for them. Thus, in this paper, we con-
cerned with how to rank questions by their difficulty levels.

Moreover, the work of expert finding is highly associated with our task. The expert
can be considered a user who is familiar with the particular topic or category, and the
expert can solve most of questions in the particular category. In short, the difference
between an easy question and a hard question is the ratio of non-experts and experts
participating in this question respectively, and we can separate the task as the two parts:
expert finding and question ranking. In this paper, the “expert” we want to find is dif-
ferent from the prior works, comparatively, we want to find the an-
swer-hard-question-frequently expert. That is to say, we want to find the user that not
only is an expert but also focuses on answering hard questions more than other users.

However, the fact in the real world is that the experts not only answer hard questions
but also easy questions and it bring about the difficulty of determining a question is
easy or hard. We observe a phenomenon called the knowledge gap existing in the CQA
service. The knowledge gap is a phenomenon which associates with the expertise of
users. There are two main principles on the knowledge gap. First, the non-experts have
no ability to answer the question that over their knowledge. Second, the experts have
less interesting in the question that under the certain the degree of difficulty. In this
paper, we investigate the knowledge gap how to effect a CQA service and we propose a
knowledge-gap-based difficulty rank (KG-DRank) algorithm calculating in probability
to tackle the task that determine the question is easy or hard.

The rest of this paper is structured as follows. In Section 2, we briefly discuss related
work. In Section 3, we define our task by the probability model and we present our
approach called KG-DRank algorithm to solve this task. Next, experimental results are
reported in Section 4. Section 5 concludes this work and our future work.

2 Related Work

There are several researches focusing on how to find expert by modeling and compu-
ting user-user graph such as [6,11,14]. McCallum [11] et al. utilize the user-user graph
to find the experts for particular topics and then Zhang et al. [14] use the network-based
ranking algorithms HITS [9] and PageRank [2] to identify users with high expertise.
Their results show high correlation between link-based metrics and the answer quality.
Next, Liu et al [10] use the features such as author’s activity, number of clicks for
finding the best answers for a given question. Then [6,7] use HITS algorithm to find the
authority of users in question/answering network that an asker is linked to an answerer
if the answerer replies the question that asker has been asked. The experiments show
that the obtained authority score is better than simply counting the number of answers
an answerer has given. Although the results demonstrate that HITS algorithm is a good
approach to find expert, but there are some potential factor like the habit of asking
questions and replying answers may reduce the performance. Unlike [6] and [14], Zhou
et al. [15] utilize the structural relations among users in the forum system and use
content-based probability model to find the experts for the particular question.
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Question ranking is to rank the results for purpose of browsing-time decreasing, the
typical approach is using the information of Q&A content such as best ratings such as
[3].Jeon et al. [8] addressed the answer quality problem in a community QA portal and
tried to estimate it, they used a set of non-textual features such as answer length,
number of points received, etc. for determining answer quality. Agichtein et al. [1]
expands on [8] by exploring a larger range of features including both structural, textual,
and community features. Su et al. [13] analyzed the quality of each answers varies
significantly. Bian et al. [3] proposed to solve collaborative QA by considering both
answer quality and relevance and also used content-based quality answers without
considering user expertise. Because of the answer quality problem on [3,8,13], Su-
ryanoto et al. [12] propose a quality-aware framework that considers both answer re-
levance and answer quality derived from answer features and expertise of answerers.

3 Problem Definition and Our Approach

3.1 Problem Definition

We state the problem of the degree of difficulty on questions q is by means of a
probability model. Given a question q, the probability of the question q being hard is
estimated as follows:

p(gl)p(h)
r(q)
where p(h) is the probability of a question being hard in the particular category and

p(q) is the probability of a question generated by users, and the two variables are the
same for all questions. Thus, our task is therefore to capture how much hard on the

question q by p(q|h).

p(hlq) = 1)

3.2 The KG-DRank Algorithm

The progress of our system only has iterations of the two steps: the expert finding and
the difficulty degree detecting. The expert finding concludes the expertise model and
reinforcement model, while the difficulty degree detecting concludes the difficulty
degree model and question ranking model.

3.2.1 Expertise Model
We cite the prior work [6] as our expertise model.

3.2.2 Difficulty Degree Model

The question can be divided to the two parts: the asking and answering. Thus, the
probability of a question q given the degree of difficulty being hard is obtained by
taking the summation across the users of the two parts on the question:

p(qlh) = a*p(cf|h) + (1 — a) = p(cq|R) )
Where p(cfﬂh) represents how much hard in asking, and while p(c,ﬂh) represents

how much hard in answering. In asking, we capture an estimate of p(c,‘; |h) by means
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of three types of architecture of CQA service, and it means how much expertise asker

has in asking. It can be expressed as:

p(c2|h) = p(cg|q) * p(qla) * pask (alOR) (3)

Where p(cg |q) is the probability of the content that asker a asks on the question q and
p(qla) is how much knowledge that the asker a contribute to the question q and
Pasi (@|Oh) is the probability of an asker-expert of the asker a given the difficulty
degree model 6h. The value of p,g, (a|Oh) is initialized to the hub value that section
3.2.1 referred and we will discuss the change of the next value later in this section.

To compute an estimation of p(c,ﬂq), we use the length of the content and nor-
malize it by the square root such as the following:

p(cila) = i

/(Zieq 19

Where cg is the content that user u has posted on the question q and [ is the length of
cq and Zleql is the summation of the length of all the posts on the question q. Ac-
cording to above estimation, the estimation of p(q|a) is defined by:

VB
MaX g1 ey /14

Where maxqreu\/l_u is the maximum of the length that user u had asked before. The
estimation of p(q|u) is similar to p(cq |q) but we use maximum instead of summation
to compute p(q|u). It is reasonable that the hard questions must be using more words to
ask and the easy questions instead. For the same asker, the question which the asker
uses more words to describe has stronger probability of being hard question than the
other questions the same asker asked.

In answering, we also divided it into two parts: the best answerer and the other rep-

liers, so how much difficulty given by the answerers can be obtained as follows:

p(cq|h) = B = p(cq|h) + (1 = B) = p(cq|h) (6)

C)

r(qlw) = )

3.2.3 Reinforcement Model
The main idea of reinforcement model is that the more hard questions user participates
in, the more expertise user obtains and the expertise can be divided into the asking and
the answering. In this model, we define two types of association between difficulty and
users. One of them is defined as :

|AunH|

Pask(Rlu) =—=—— ,  pans(hlu) =

|RunH|

(7

Where |4, is the number of questions that user has asked, while |R,, is the number of
questions that user has replied. And |4, N H| represents the number of hard questions
that user has asked, while |R,, N H| represents the number of hard questions that user
has replied, furthermore, we use equation 9 to represent the notation local difficulty
probability model. The other association between difficulty degree and user is that how
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much ratio of hard questions user participates in his/her all participating questions, and
it can be expressed as:

|4y N H] |Ry N H|
Pask (ulh) = —H Pans(ulh) = TH ®
Where |H| is the total number of hard questions in category C, and we called this eq-
uation as global difficulty probability module. Therefore, the global KG-DRank

(GKG-DRank) of p,s (u|6h) and pg,s(u|0h) is represented as:
pask(uleh)k+1 =A% pask(ulh) + (1 - /1) * pask(uleh)k (9)
pans(uleh)k+1 = A * pans(ulh) + (1 — 4) * pans(ulgh)k (10)

Where pge(u|6h)* and pg,s(u|@h)* are the kth-iteration-number score of
Dasic w|6h) and pgp,s(u|6h) which pyq (u|6h)° and pg,s(u|6h)° are hub and author-
ity that base HITS algorithm computes in the prior section, and 1€[0,1]. The other way
is local KG-DRank (LKG-DRank) is represented as :

pask(u|9h)k+1 oA x pask(hlu) + (1 - /1) * pask(uleh)k (11)
pans(uleh)k+1 & A * pans(hlu) + (1 —2) * pans(uwh)k (12)

4 Experiments

We crawled 40,000 resolved questions from Yahoo! Answers service in English for our
experiments, and these questions from five categories respectively such as Martial arts,
Cycling, Health, Pets, and Software, and there are 8,000 questions among each cate-
gory. For each category, ten colleague students volunteer to be our assessors and each
assessor also has interesting and basic knowledge at one or more categories. In general,
we let assessors choose questions from each category randomly and label the question
as ‘hard’ if they think that the question is hard to answer, otherwise, they label the
question as ‘easy’ if they think the question is easy to answer. In this step, although
people consider the question as easy or hard is subjective, we do our best to label it and
omit the ambiguous questions, and Table 1 is our answer set for each category.

Table 1. The answer set for each categories

Martial arts  Cycling  Health Pets Software
# Hard Q 93 75 70 70 70
# Easy Q 93 75 70 70 70

4.1 Baseline

We utilized five baseline methods in order to demonstrate the effectiveness of our
approach:
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1. Eigenrumour [4] algorithm: the linked based algorithm for ranking blogs, and the
relationship between users and blogs in Eigenrumour is similar to the relationship
between users and questions in our approach.

2. Base probability: the score that only do a half of KGB-DR, i.e., the iteration
number is 1 in KGB-DR

3. Base Hits: there are two steps in this approach. First, calculate the auth score and
hub score of users by [6]. Second, compute the score of the question by the sum of
the hub score of asker and auth score of answerers.

4. #Words: the number of words in the question included answers

5. #Answerers: the number of answerers in the question

4.2 Evaluation Metrics

In order to evaluate the performance of our system, we use the four evaluation metrics
such as the precision, the recall, the F-measure. In general, we set a variable “N” as a
threshold, i.e., if the rank of the question is more than N, the question is regarded as a
hard question, and while the question is regarded as an easy question instead. Fur-
thermore, as same as the prior work [1], we utilize the above evaluation metrics for
“hard question” and “easy question” separately, and both are measured when the ex-
periment threshold N is set to maximize the F-measure. We will use these evaluating
strategies to show how the performance of our methodology.

4.3 Comparison to Baseline

The final tuning of parameters for our two models is reported in Table 2 and the
comparison of methods for each category is represented later.

Table 2. The parameters for the two models

i o B A t

LKG-DRank| 15 | 0.3 | 0.7 ]0.001| 15%

GKG-DRank| 10 [ 04 [ 0.6 | 04 [ 15%

4.3.1 F-measure of Easy Question and Hard Question

The performance of the methods for all test data sets with the F-measure of hard
question is summarized in Table 3. The results presented in the table show that our
approach with the LKG-DRank exhibits the best performance among all the other
methods in detecting the hard question. The performance of the method we presented
with the GKG-DRank is similar to the Base probability and the two methods show the
second to the best performance. The #Answerers showed the worst performance and it
shows that the more the answerers in the question, the easier the question becomes.
Although EigenRumor also utilize the relationship between users and questions, the
method shows poor performance due to the phenomenon of the experts can answer easy
questions.
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Table 3. The F-measure of hard question for each method and each category

Martial arts Cycling Health Pets Software
LKG-DRank 0.77 0.71 0.79 0.81 0.50
GKG-DRank 0.67 0.70 0.66 0.68 0.55
Base probability 0.68 0.70 0.64 0.68 0.59
Base Hits 0.66 0.64 0.60 0.69 0.53
EigenRumor 0.50 0.54 0.61 0.64 0.41
#Words 0.67 0.60 0.55 0.53 0.38
#Answerers 0.48 0.41 0.50 0.46 0.31

Table 4 represents the performance of the methods for all test data sets with the
F-measure of hard question. Compare with Table 3, the performance with all methods
are increasing, but our approach with LKG-DRank also exhibits the best performance
for all categories. It is reasonable that the part of the expert computed in KGS is higher
than the part of the non-expert among all categories. In Table 4, the method that the
performance is most increasing compared to Table 3 is #Answerers. It represents that
the easy question is identified easier than the hard question via #Answerers.

Table 4. The F-measure of easy question for each method and each category

Martial arts Cycling Health Pets Software
LKG-DRank 0.78 0.73 0.81 0.83 0.69
GKG-DRank 0.73 0.73 0.75 0.76 0.69
Base probability 0.75 0.73 0.75 0.76 0.69
Base Hits 0.70 0.72 0.71 0.71 0.68
EigenRumor 0.67 0.67 0.67 0.69 0.64
#Words 0.72 0.66 0.73 0.66 0.63
#Answerers 0.68 0.59 0.61 0.62 0.59

4.3.2 The Examples of the Outputs Compared with the Basic Approaches

In order to compare the effectiveness of our approach, we give the particular query for
searching questions in the particular category with cosine similarity. For example, we
give the query “karate” in the category Martial arts and there are 358 questions in the
output. For the purpose of more showing the effectiveness of our approach, we list the
other questions and rank the questions with different methods and the outputs is shown
in Table 5. The numbers in the brackets in Table 5 represent the corresponding methods.
For example, the number 2,768 in No1l question represents there are 2,768 words in the
question including asking and answering and the number 161 represents the order of
the question is 161 of 358 by ranking with #words. The top three questions in Table 5
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are detected as hard questions by our approach and the order of the rank is 36, 39, and
56 respectively. The score of the top three questions computed by our approach is
higher and we can tell the three questions as hard by the question title, however, the
order of the same questions is last by the other two methods due to the less words and
number of answers in the questions. On the contrary, the last two questions in Table 5
are detected as easy question by our approach and it is easy to tell by the title of the
questions. But the two easy questions attract some non-experts to answer it and it bring
about the high order in the methods with number of words and answers. In addition, the
question of No2 and the question of No4 are similar in the particular viewpoint, how-
ever; the different type of asking may make question be easy or hard. The question of
No4 is the popular question of the amateur, but the question of No2 repeats asking the
same thing by the different viewpoints and it would make this question hard. The two
examples can prove the two similar questions may not be same degree of difficulty.

Table 5. The example of questions with query “karate” by our approach (358 total questions)

No. Question title Rank with Rank with #Answers | Degree of
our method #words difficulty
1 would shotokan karate 36 161(2768) 5 Hard
help for a mma career?
2 what age would you 39 255(1393) 8 Hard
consider being to old to
start karate?
3 Any karatekas who train 56 162(2757) 2 Hard
with partial or minimal
meniscus?
4 Starting karate at 16? 317 45(6133) 22 Easy

5 Conclusion

In this paper we defined the problem of detecting the question is easy or hard in YA and
addressed it as a probability model and then utilize the phenomenon called knowledge
gap in CQA service to solve this task. The contributions of this paper include:

1.  We observe the unreasonable relationship between users from knowledge gap
diagram, i.e., the expert can also answers the easy question in YA and it is not a
good situation for the expert-finding via link analysis.

2. We present the approach called KG-DRank algorithm combining the relationship
between users and the architecture in YA or CQA service, and the experiments
shows the performance of our approach with LKG-DRank is the best among all
baseline.

3. We demonstrate that the phenomenon of knowledge gap in our experiments and
the performance reflect to the strength of the knowledge gap in the particular
category.
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