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Abstract. In recent years, the World Wide Web (WWW) has trans-
formed to a gigantic social network where people interact and collabo-
rate in diverse online communities. By using Web 2.0 tools, people con-
tribute content and knowledge at a rapid pace. Knowledge-intensive so-
cial networks such as Q/A communities offer a great source of expertise
for crowdsourcing applications. Companies desiring to outsource human
tasks to the crowd, however, demand for certain guarantees such as qual-
ity that can be expected from returned tasks. We argue that the qual-
ity of crowd-sourced tasks greatly depends on incentives and the users’
dynamically evolving expertise and interests. Here we propose expertise
mining techniques that are applied in online social communities. Our ap-
proach recommends users by considering contextual properties of Q/A
communities such as participation degree and topic-sensitive expertise.
Furthermore, we discuss prediction mechanisms to estimate answering
dynamics considering a person’s interest and social preferences.
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1 Introduction

The collaboration landscape has changed dramatically over the last years by en-
abling users to shape the Web and availability of information. While in the past
collaborations were bound to intra-organizational collaborations using company-
specific platforms, and also limited to messaging tools such as email, it is nowa-
days possible to utilize the knowledge of an immense number of people par-
ticipating in collaborations on the Web. The shift toward the Web 2.0 allows
people to write blogs about their activities, share knowledge in forums, write
Wiki pages, and utilize social platforms to stay in touch with other people.
Task-based platforms for human computation and crowdsourcing enable access
to the knowledge of thousands of people on demand by creating human tasks
that are processed by the crowd. Platforms for human computation including
Amazon Mechanical Turk (MTurk)1 are examples for crowdsourcing applica-
tions associated to the business domain. Human tasks include activities such as
1 http://www.mturk.com/
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designing, creating, and testing products, voting for best results, or organizing
information.

In open and dynamic crowdsourcing environments it becomes essential to
manage expertise profiles and reputation of people in an automated manner.
Here we argue that the quality of crowd-sourced tasks depends to a large extent
on the users’ dynamically evolving expertise and interests. Companies desiring
to outsource human tasks to the crowd typically demand for certain guarantees
such as quality that can be expected from returned tasks. Therefore, we pro-
pose expertise mining techniques that are applied in online social communities.
Somebody seeking help or advice on a specific problem or businesses issuing
task requests using, for example, crowdsourcing platforms need to be able to
find the right person who can assist by offering his or her expertise. Work in
expert finding, see for example [4], has been addressing the search for persons
with the right skill level by using ontologies and by combining diverse semantic
information from user skill profiles. Since Web-scale collaborations involving a
large amount of people does not only demand for scalable algorithms and ranking
solutions, but in many cases it is also desirable to consider the global properties
of a human interaction network to determine the importance of users.

In this paper, we present research performed in the context of Q/A commu-
nities and crowdsourcing with the following key contributions:

– We discuss the key characteristics of Q/A communities by studying the prop-
erties of a real-world dataset obtained from Yahoo! Answers [19]. Investigat-
ing interactions and Q/A behavior of people using Yahoo! Answers allows us
to analyze community structures and evolution over time. Our analysis has
important implications for the design of future crowdsourcing applications
that demand for high-quality results of delivered crowd-sourced tasks.

– We highlight expertise mining techniques that are applied in online so-
cial communities. Our approach recommends users by considering contex-
tual properties of Q/A communities such as participation degree and topic-
sensitive expertise.

– We propose link analysis techniques derived from popular ranking and min-
ing algorithms such as PageRank [14]. The presented approach accounts for
social dynamics in Q/A communities. Furthermore, we propose prediction
mechanisms to estimate answering dynamics considering a person’s interest
and social preferences.

– Our evaluations and discussions are based on the properties of a real Q/A
community. Our experiments confirm that our proposed ranking approach
is well suited for expertise mining and recommendations.

This paper is organized as follows: In Sect. 2 we present related work in the
area of online communities and social network analysis techniques applied to ex-
pertise networks. Sect. 3 is concerned with the definition of interactions in Q/A
systems and basic community characteristics. In Sect. 4, we present our exper-
tise mining model that is based on fine-grained contextual answering behavior
followed by our recommendation approach in Sect. 5. Finally, we conclude the
paper in Sect. 6.
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2 Background and Related Work

The availability of experts in emerging Q/A Web communities raises a number
of research issues and provides unique opportunities for new business models.
Recent crowdsourcing environments enable novel ways to utilize external expert
knowledge. When focusing on large-scale networks, where thousands of indi-
viduals are interlinked through a social and collaborative network, the broad
applicability of efficient and scalable algorithms becomes evident.

Discovery of experts in Q/A communities. Experts contribute their knowl-
edge in various fields by providing answers, e.g., posting comments, in respective
sub-communities [1]. However, since Q/A communities are typically open plat-
forms (everyone can join), quality of provided content becomes a key issue [2].
One approach to cope with quality issues is to find authoritative users based on
the link-structure in Q/A communities [8, 11]. Well-established ranking models
including HITS [12] and PageRank [14] have been applied and tested in online
communities [21]. Our approach is to find experts with respect to different top-
ics [15]. Most existing expertise mining approaches do not consider user posting
behavior in different topics. An approach for calculating personalized PageRank
scores was introduced in [9] to enable topic-sensitive search on the Web. In [18],
topic-sensitive ranking in Twitter networks was discussed. The connectivity of
users in different contexts (e.g., topics) may be very different based on their per-
sonal interaction preferences such as frequency of exchanged messages [6]. Thus,
considering context and discussion topics may help to discover relevant experts
in sub-communities.

Routing of requests within Q/A communities. The best candidate user for
answering a given question may be the person with the highest reputation in
a specific sub-community and with the highest number of trusted links. Aard-
vark [10], for example, is a social search engine that utilizes the social network
structure of its users to route questions to be answered by the community. In
such a system, it is essential to maintain an up-to-date view on users interests
and trust relations. A wide range of computational trust models to control inter-
actions have been proposed (e.g., [3]). Our approach is related to social trust [7,
16, 22] relying on previous behavior. In such Q/A communities, one of the key
issues also is to provide recommendations to users whose questions they should
answer based on their evolving interests.

Integration of crowds in enterprise systems. An emerging new business model
is to integrate the capabilities of crowds in enterprise systems through crowd-
sourcing techniques [5]. The first commercially available platform was MTurk
offering the crowd’s capability via Web service-based interfaces. One of the key
challenges in crowdsourcing is to estimate the quality that can be expected from
a particular crowd member. This could be done based on the user’s expertise.
If the quality of returned task results is expected to be low (due to missing ex-
pertise), different actions can be taken such as issuing multiple instances of the
same task and voting for best results. However, since open Web-based platforms
are subject to frequent changes (members are joining and leaving), the user’s
expertise must be calculated automatically.



4

3 The Yahoo! Answers Community

The goal of this work is to study the characteristics of Q/A communities. To
date, Yahoo! Answers (YA) [19] is one of the biggest and most successful Q/A
community on the Web. YA was established in 2005 and attracts a large number
of users to ask questions regarding different topics. The goal of our analysis of
the YA community is twofold:

1. In this work, we analyze the basic properties of the popular YA community
with the aim of providing insights in the structure and Q/A behavior of
users. The results could be a valuable input when designing, for example,
new rewarding or reputation schemes in online communities.

2. By understanding the basic properties of the community, we design a topic-
sensitive expertise mining algorithm. Also, understanding the evolution of
user interest plays a significant role when recommending questions or users
in Q/A communities.

3.1 Interactions and Actor Relations

In the following (Fig. 1) we give an overview of the basic interactions as com-
monly found in Q/A communities such as YA.

Asker (A) Responders (R)

...

Q1 A1 Ai...
Yahoo! Answers

(a) Basic Q/A model.

Q1 A1

T1

T2

Q2 A2

A R

(b) Topic relation.

u

wv

x

A

R
A

R

AR

Edges:

o Questions

o Answers

o Best answers

Nodes:

o Points

o Topics

o Num (best) 

answers

(c) Graph representation.

Fig. 1. Representation of Q/A communities.

Figure 1(a) shows the very basic actions taken by Askers (A) and Responders
(R). Askers post questions that may be replied by answers of one or more re-
sponder(s). Typically, one answer is selected as the best answer, thereby setting
the status of a question from open to closed. However, if the asker does not opt
for a best answer, other community members may vote for a best answer and
close a given question. Users get points for answering questions and more points
if answers are selected as best answer (see [20] for details about the YA scoring
system). The YA system has a predefined set of categories (hereafter refereed
to as topics) in which questions are posted. Categories typically depict popular
question topics. Thus, as shown in Fig. 1(b), each question and answer between
A and R is associated with a topic identifier. Of course, users may post and
answer questions regarding different topics.

A central theme of our work is the automated analysis of expertise based on
the users’ answering behavior. The basic idea of our approach is to apply sound



5

techniques from the information retrieval and social network analysis domain.
An intuitive approach is to model the Q/A community as a directed graph
G(N,E) composed of the set of node N and the set of edges E. Nodes represent
users and edges are established based on interactions that are derived from the
underlying question/answering behavior. Given the YA system, each node has a
set of properties such as the total collected points, set of topics the user is engaged
in, number of answers as well as best answers, and so forth. Fig. 1(c) shows the
essential graph model and the meaning of directed edges. In our approach, an
edge points from, e.g., v to u, in standard graph notation written as (v, u) ∈ E, if
u responded to v’s question. Each edge between nodes holds further information
such as the number of questions being asked and answered between a pair of
nodes u and v.

3.2 Q/A Structure and Community Evolution

The presented analysis of the answers community is based on user interactions
(questions and answers) that were posted from 2005 to 2008. We start our dis-
cussion of the YA community by analyzing basic statistics. In the following we
show the amount of questions and answers posted over time.

Table 1. Q/A volume over time.

2005 2006 2007 2008

Number of questions |Q| 15886 76084 74501 50088
Number of answers |A| 40797 828282 790918 304138

Ratio A/Q ≈2.6 ≈11 ≈11 ≈6

|Q|year/|Q|total 7% 35% 34% 23%
|A|year/|A|total 2% 42% 40% 15%

In Table 1, the number of questions and answers in consecutive years from
2005 to 2008 is shown. YA was established in 2005 so the number of questions |Q|
and answers |A| is the lowest in this year. An answer per question ratio A/Q of
approximately 11% can be observed (i.e., there is a high chance that a question
receives multiple answers). Crawling of the dataset was performed until half of
2008. Thus, 2006 and 2007 represented the only years of full Q/A volume. In
2008, the A/Q ratio is lower due to a cutoff in the YA dataset.

The Q/A behavior in the YA community is best approximated as a power-
law distribution, which is commonly used to describe the scaling laws of many
naturally evolving social networks such as email communications or the access
of Web resources [17]. We show the distributions of both questions per user and
answers per user (see Fig. 2). The results show the distributions for the entire
interval 2005-2008. The distributions in respective sub-figures can be modeled
as N(k) ∼ k−x with exponent x. First, we analyzed the distribution of questions
per user (see Fig. 2(a) with x = −1.79) and questions per user who also respond
to answers (see Fig. 2(b) with x = −1.77). As in many Q/A communities, some
users only ask questions (being askers only) and some users ask and answer
questions. Second, we analyzed the community structure with respect to answers
per users (see Fig. 2(c) with x = −1.19) and best answers per user (see Fig. 2(d)
with x = −1.39).
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(a) All questions.
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(b) By responders.
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(c) All answers.
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(d) Best answers.

Fig. 2. Question and answer distributions.

In Fig. 3 we show the answering behavior per question. In Fig. 3(a), one can
see that a large number of questions is answered by at least one response. Some
questions are answered by a large number of responders. This is typically the
case when users ask for opinions rather than factual answers. For example, in
some cases the YA platform is used like a discussion forum to chat with other
users about current news or celebrities [8]. This behavior is reflected by the tail
of the distribution in Fig. 3(a).
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(a) All answers.
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(b) Thumb-up voted.

Fig. 3. Answers per question.

By selecting only those answers that were voted using the thumb-up feature of
YA (a ‘like’ button), the maximum number of answers per question moves from
about 50 to about 30 (see the tail of the distribution in Fig. 3(b)). Given that a
large number of questions is answered by more than one answer, recommending
users who are able to provide high-quality answers becomes important in Q/A
communities. For example, a ranked list of answers could be presented to the
asker based on the responders community reputation and experience.

The next step in this work is to analyze the role of askers and responders. The
interesting aspect in YA is the role of two-sided markets [13]. In YA, users get
100 points by signing-up to the platform [20]. For each answer being provided,
users get additional points (more points if the answer is selected as best answer).
However, users lose points if they ask questions, thereby encouraging members
to provide answers. Based on the rewarding scheme in YA, users tend to have
either role – being asker or responder – instead of having both roles. This behav-
ior is shown by Fig. 4 where we plot the total number of points and the count of
users considering (i) askers only (see diamond shaped symbols) and (ii) respon-
ders (star-shaped symbols). One can see that users who only ask question have
typically considerably less points than those who also answer questions (respon-
ders). Given those two sets of users, the highest scoring asker collected a total
points value of 16.431 whereas the maximum value for responders is 425.225.
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Fig. 4. Total points asker and responder.

This observation means that many users who respond to questions also tend
to use the YA platform over a longer period of time since more points are ac-
cumulated over time. On the contrary, many users just try using the platform
by signing up to YA and asking a single question (see the spike at 100 points in
Fig. 4). The details regarding user participation over time are shown in Table 2
by analyzing the overlap of community members (based on their Q/A behavior)
in consecutive years and within the total duration from 2005 to 2008.

Table 2. User participation over time.

2005/2006 2006/2007 2007/2008 2006/2008

sim(ya, yb)A 9% 4% 5% 1%
sim(ya, yb)R 47% 31% 39% 12%

sim(ya, yb)A∩R 20% 5% 7% 1%

We use the following equations to obtain the entries in Table 2:

sim(ya, yb) =
|Uya

∩ Uyb
|

|Uya
|

(1)

The first equation (Eq. 1) calculates the similarity of sets of users Uya
and

Uyb
between two years ya and yb (these need not to be consecutive years). Thus,

Eq. 1 calculates the overlap of how many users participating in year ya also
participated in year yb in YA. In other words, Eq. 1 denotes the containment of
ya in yb. The results are shown in Table 2 as sim(ya, yb)A (for askers only) and
sim(ya, yb)R (responders only). One can observer that the number of responders
continuing using the platform is much higher than the number of askers. This
fact is even more drastic by comparing the overlap of users between the years
2006 and 2008. In particular, only 1% of askers who signed up in 2006 also
continued to ask questions in 2008, whereas 12% of responders kept using the
platform also in 2008.

Second, we calculate the similarity sim(ya, yb)A∩R of users who are askers
and responders as follows:

sim(ya, yb)A∩R =
|UA

ya
∩ UR

ya
∩ UA

yb
∩ UR

yb
|

|UA
ya
∩ UR

yb
|

(2)

The results are again shown in Table 2 (last row). The percentage of users who
have both roles and continue using the platform in consecutive years is higher
than for askers only but still much lower as compared to the set of responders.
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This is especially true for the comparison 2006/2008 where we observe equal
values of sim(ya, yb)A and sim(ya, yb)A∩R. Thus, users who ask and answer
questions do not typically use the platform over a longer period of time.

3.3 Community Topics

The YA community is structured in topics helping users to quickly access a set
of relevant questions and answers. Before designing a topic-sensitive expertise
mining approach, it is useful to understand the preference of users to post in
one or more topics (i.e., whether users post in different topics at all). Figure 5
visualizes the number of topics per user.
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Fig. 5. Number of topics per user.

In Fig. 5(a), the number of topics by askers are shown. Since many users
only ask one question (cf. previous section), the majority of askers is active in
one topic only. The responders’ behavior is shown in Fig. 5(b). We count the
number of topics per user if the user provided at least one answer. Based on
the results, we expect that a large fraction of responders typically post in 20-50
topics. However, by looking at those users who provided at least one best answer,
about 20 topics by responder can be expected.

In the next step, we picked questions and answers in one particular year
(2007) and analyzed the following properties: (i) which are the most discussed
topics, (ii) how much overlap is between the sub-communities in terms of users
posting in multiple topics, and (iii) the evolution and change of user interest.
The results are illustrated in Fig. 6. First, we rank each topic based on the
number of answers, which is a good indicator for community interest (see Top
20 topics shown in Table 6(c)). For each topic in Table 6(c), we calculate how
similar the user base is compared with another top-ranked topic using the for-

mula sim(Ta, Tb) =
|UTa

∩UTb
|

|UTa
| . In other words, similarity is expressed by how

many users post in both topics Ta and Tb. This measure is useful when com-
paring the impact and results of topic-sensitive expertise mining. If topics (sub-
communities) have virtually now overlap in their user base, it does not bring
any benefit to rank experts in joint topics. The similarities of (ranked) topics
are shown in Fig. 6(a). Here, the elements are interpreted as follows: given a
top-ranked topic, say ‘Cancer’ (Rank 1), the similarity to other topics is shown
from the left to the right were the index corresponds to the rank in Table 6(c).
The color shade of each element in the topic comparison matrix corresponds to
the numerical similarity value (see the colorbar on the right).
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(b) Interest change.

Rank Topic Rank Topic

1 Cancer 11 Women’s Health
2 Philosophy 12 Baseball
3 Heart Diseases 13 Men’s Premiere Leagues (UK)
4 Football (American) 14 Men’s Health
5 Words & Wordplay 15 Mathematics
6 Wrestling 16 Mental Health
7 Books & Authors 17 2006 FIFA World Cup(TM)
8 Diet & Fitness 18 Trivia
9 NASCAR 19 General Health

10 Astronomy & Space 20 Hockey

(c) Top 20 topics.

Fig. 6. Top answer topics in YA (2007) and interest evolution.

For all users who were active in 2007, we compared their interest evolution
by analyzing user topics (in which topics users were active) in 2007 and 2008.
We created a chart (Fig. 6(b)) that shows the percentage of users within the
similarity intervals [1, 0.8), [0.8, 0.6), [0.6, 0.4), [0.4, 0.2), and [0.2, 0] according to
the similarity value calculated using the definition of set overlap as discussed
in the previous paragraph. Fig. 6(b) shows that 73% of users mostly post in
the same topics they had posted in the past year. The remaining 27% have
changing interests (to some degree) whereby a very low fraction of users have a
high interest change (see most right category 0.2).

4 Topic-sensitive Expertise Mining in Q/A Communities

Here we propose link-based expertise mining techniques. Open Web-based com-
munities are governed by changes such as people joining and leaving the com-
munity. It is therefore important to automate aspects such as the management
of interest and expertise profiles due to scale and temporary nature of commu-
nities. We propose the application of well-established ranking methods used by
search engines to estimate users’ experiences based on the link structure of Q/A
communities. The goal of this work is to establish a relative order of users based
on their participation degree. The top-ranked users (i.e., responders) are consid-
ered to be authoritative experts who are recommended for answering questions
regarding a specific topic.
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Specifically, we propose the PageRank method [14], which can be personalized
for different topics as discussed in [9]. Consider a graph structure as previously
introduced (cf. Fig. 1(c)), where edges point from askers A to responders R. An
edge is thus established whenever R responds to a question from A, regardless
whether the answer was selected as best answer. The PageRank PR(u) of a node
u is defined as follows:

PR(u) = (1− α)p(u) + α
∑

(v,u)∈E

PR(v)

outdegree(v)
(3)

The equation consists of two parts. The first part p(u) is called personalization
vector that is used to assign preferences to certain nodes (we shall discuss shortly
how this is done). Without any preferences or bias towards a particular node, a
personalization vector p = [ 1

|N | ]|N |×1 is assumed. The second part of Eq. 3 can

be regarded as u’s relative standing (reputation) within the entire network. The
factor α is typically set to 0.85 because a random surfer on the Web is assumed
to follow six links (1− α) = 1/6 = 0.15 and ‘teleports’ with probability 0.15 to
a randomly selected Web page.

Our approach is to assign preferences to users based on their answering be-
havior in a particular topic of interest. For example, if experts need to be discov-
ered with regards to a topic T (see footnote2), then preferences are assigned to
those users who have answered questions with respect to this topic T . Formally,
the topic-sensitive personalization vector p is assigned as follows:

personalizationtopic : (u, T ) 7→

{

0, if u has not been active in T

answers(u, T ), otherwise

The function answers(u, T ) returns the number of all answers of u in topic
T . Answers may include best answers or even answers that were not useful at all
(e.g., even thumb-down voted answers). Our hypothesis is that both answering
behavior of users in a certain topic (i.e., personalization) and also a user’s global
(community wide) reputation are important.

Results. We performed three experiments in different topics and combina-
tions thereof. All experiments are visualized in Fig. 7 (top-25 ranked users that
are ordered based on their ranking scores). Ranking results have been obtained
by using the personalized PageRank model as discussed before using the param-
eter α = 0.75. If α was set to a higher value, ranking scores were biased too
much towards the global reputation of a user. On the other hand, by setting α
too low, also ‘spammers’ would be ranked high with, however, low community
reputation. Each node in Fig. 7 is labeled by its position in the ranking result.
The position of a node corresponds to an entry (# column) in Table 3. Only
edges that connect nodes within the top-25 rankings results are shown. Also, to
understand the quality of our results, we rank nodes according to (i) best answer
count BAC (not topic sensitive) and topic-based best answer count BACT (the
rank R is shown in parenthesis in Table 3).

2 Notice, T could be a single topic or a joint topic with T = {Ta, Tb}.
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This information is also encoded in the nodes’s color and shape. The border
of nodes is octagon-shaped and nodes have black fill color if nodes are ranked
within the top-25 list by BAC and within the top-25 list by BACT . Nodes with
fill color gray are only ranked in a high position by our method, but not by
BAC or BACT . Nodes with dark borders and gray core are ranked high by our
approach and also by BAC. Nodes with gray borders and a dark core are ranked
high by our approach and also by BACT .

(a) Experiment 1. (b) Experiment 2. (c) Experiment 3.

Fig. 7. Topic-sensitive expertise mining (users in top-25 results).

Further information shown in Table 3 includes: AC answer count, number of
topics T the user posts answers in, and ILT depicting the number of inbound
neighbors (askers) given a specific topic. For each experiment, we create 5 rows
depicting the properties of the top-10 ranked nodes (reduced from top-25 to
top-10 due to space limits).

Table 3. Experiment node properties.

# AC BAC(R) T ILT ACT BACT (R) # AC BAC(R) T ILT ACT BACT (R)

1 2072 1219 (1 ) 3 n/a n/a n/a 6 595 275 (6 ) 12 5 5 5(2 )
2 396 257 (9 ) 22 29 29 26(1 ) 7 172 8 (386 ) 42 8 8 1(2 )
3 505 118 (14 ) 18 18 18 0(589 ) 8 302 11 (266 ) 43 6 6 0(686 )
4 1328 851 (2 ) 6 1 1 0(918 ) 9 58 14 (190 ) 12 7 7 2(8 )
5 445 89 (17 ) 22 10 10 3(5 ) 10 126 63 (27 ) 2 n/a n/a n/a

1 2072 1219 (1 ) 3 n/a n/a n/a 6 35 5 (637 ) 2 30 30 5(6 )
2 396 257 (9 ) 22 60 60 50(1 ) 7 370 33 (57 ) 14 19 19 1(496 )
3 1328 851 (2 ) 6 1 1 0(4268 ) 8 97 3 (1359 ) 23 26 26 0(3895 )
4 505 118 (14 ) 18 38 39 1(396 ) 9 845 316 (4 ) 10 1 1 0(2821 )
5 445 89 (17 ) 22 29 29 4(9 ) 10 365 258 (8 ) 2 n/a n/a n/a

1 1328 851 (2 ) 6 1167 1300 842(1 ) 6 365 258 (8 ) 2 338 354 252(2 )
2 2072 1219 (1 ) 3 n/a n/a n/a 7 491 128 (13 ) 7 456 482 124(6 )
3 618 258 (7 ) 3 441 570 240(4 ) 8 126 62 (27 ) 2 121 125 62(11 )
4 595 275 (6 ) 12 362 544 247(3 ) 9 393 15 (175 ) 9 360 380 15(39 )
5 845 316 (4 ) 10 445 465 163(5 ) 10 286 59 (28 ) 2 270 285 59(12 )
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The first experiment (see Fig. 7(a) and first segment of rows in Table 3)
shows the ranking results within the topic General - Health, which we selected
because health related issues are of general interest in YA (a top ranked topic).
The first ranked user at position 1 would have been ranked at position 1 based
on BAC as well. However, the user never responded to a question in the specific
topic (thus, topic related info is not shown in the table – n/a). In this case, the
user’s community-wide reputation was predominant over the personalization.
By using a parameter α = 0.65 (giving more preference towards topic-based
personalization), the order of users ranked at position 1 and 2 would have been
changed. However, we noticed that many other globally low ranked (by BAC)
users would be ranked too high. The results of experiment 1 show that 8 of 10
have been active in the given topic, 4 of 10 would have been ranked top-10 by
BACT in the topic, and 4 of 10 would have been ranked top-10 by BAC.

The second experiment (see Fig. 7(b) and second segment of rows in Table
3) shows the ranking results within the topics General - Health and Diet &
Fitness, which we selected because both topics have a good overlap of users. The
visualization shows that adding another overlapping topic results in more edges
being added among the top-25 ranked nodes. The same node as in experiment 1
is ranked at position 1. However, the user previously ranked at position 4 is now
ranked at position 3. Notice, the node with label 3 is now connected with a set of
other nodes and was therefore ranked at a higher position (i.e., the community
embedding of the user improved by adding another topic). In experiment 2, 8 of
10 have been active in the given topics, 3 of 10 would have been ranked top-10 by
BACT given both topics, and 5 of 10 would have been ranked top-10 by BAC.

The third experiment (see Fig. 7(c) and third segment of rows in Table 3)
shows the ranking results within the topics General - Health and Heart Diseases,
to test the impact of combining the previously selected topic with the highest
ranked topic. Using these topics, the top-ranked user is now also top-ranked by
BACT and also high ranked by BAC. The combination with a high answering
amount topic results in even more connections between the nodes. In experiment
3, 9 of 10 have been active in the given topics, 6 of 10 would have been ranked
top-10 by BACT given both topics, and 6 of 10 would have been ranked top-10
by BAC.

To conclude the discussion on topic-sensitive expertise mining, personaliza-
tion based on topic activity combined with community-wide reputation delivers
very good results. Thus, the automatic discovery of experienced (authoritative)
users with respect to topics is possible by using the link-structure of Q/A
communities.

5 Personalized Recommendations

Due to the high number of questions that are typically asked in today’s Q/A
community, it becomes essential to provide recommendations (e.g., which ques-
tions should be answered). Our previous expertise ranking approach was based
on the assumption that authoritative users also provide good answers, which we
confirmed by comparing the rank of a user with the user’s best answer count.
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Our recommendation approach works in a manner similar. Instead of analyzing
questions, we recommend users that ask ‘good’ questions. This approach can be
used to order, for example, askers in a responder’s buddy list.

However, before actually designing a recommendation algorithm, the peer
answering behavior of users must be analyzed. If responders rarely (or never)
answer questions from the same asker, it is obviously not useful to provide rec-
ommendations because users would not prefer to interact repeatedly. The results
are shown by Fig. 8.
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(a) All answers.
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(b) Best answers only.

Fig. 8. Peer answering behavior.

Here we take all edges in G and count the number of answers associated with
(v, u) ∈ E. In Fig. 8, we show the number of asker/responder pairs and how
often questions are typically answered by the same responder. On average, 6
answers are provided between the pair v, u (calculated as the weighted average).
The average of best answers only is much lower (i.e., ≈ 0.4).

Notice, the objective is to recommend good askers to responders. To provide
recommendations, we use essentially the same equation (cf. Eq. 3) as previously.
What we do, however, is to change the direction of edges. For example, (v, u) ∈ E
becomes (u, v) ∈ E′ where the link inverted graph is defined as G′(N,E′). This
means that nodes (users) are ranked by their question authority instead of their
answer authority. In particular, those users who ask good questions are recom-
mended. However, not all responders should receive the same recommendations
but rather based on their previous interactions. Thus, recommendations should
be given from each responder’s individual point of view. Thereby, recommen-
dations are calculated using Eq. 3 based on the inverted graph G′(N,E′) with
n ∈ N and the following personalization of the preference vector:

recommendation : (u) 7→

{

1, if n = u

0, otherwise

This means that for each node n ∈ N personalized PageRank scores are
created by setting the preference to n with p(n)← 1. To evaluate our approach
we use the standard precision and recall metrics.

Recall: A measure of the ability of the system to present all relevant items.

recall =
|{rel nodes} ∩ {rec nodes}|

|{rel nodes}|
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The set {rel nodes} holds those nodes that are actually relevant and the set
{rec nodes} those nodes that were recommended.

Precision: A measure of the ability of the system to present only relevant
items.

precision =
|{rel nodes} ∩ {rec nodes}|

|{rec nodes}|

Results. We performed recommendations for the top-200 ranked users based
on their answer count AC (see Table 4). We calculated recall and precision for
recommendations for a reduced list of 25, 50, 100, 150, and the full list of 200
users. Recommendations are performed as follows: based on the year 2007 we cal-
culate recommendations as discussed before. So for example, a node u would be
recommended a set of users s/he should also interact in the following year 2008
(i.e., {rec nodes} based on previous interactions). Notice, the set {rec nodes}
would contain all users within YA since recommendations are available for all
nodes in the graph G′. We reduced the number of users in {rec nodes} by popu-
lating the set with users based on the ranked (recommended) list with a cutoff at
IL in 2007 (i.e., the number of inbound (askers) neighbors in 2007). We compare
recommendation results with the actual neighbors (asker) in year 2008 to check
whether recommendations were accurate. The parameter α was set to 0.2. In
PageRank nomenclature, the restart probability of a random walk on the graph
G′ is set to (1 − α) = 0.8; thus with high probability a random walk would be
restarted at node u. The simplest approach to provide recommendations, how-
ever, is to recommend the exact same asker neighborhood from 2007 in 2008
again. These results are also calculated as noRank and compared against our
approach rank.

Table 4. Recall and precision in ranking results.

@25 @50 @100 @150 @200

Avg. IL (2007) 413 263 178 141 122
Avg. IL (2008) 426 284 199 163 143

Recall (noRank) 0.948 0.890 0.836 0.816 0.803
Precision (noRank) 1.000 1.000 1.000 1.000 1.000
Avg. RQ (noRank) 436 296 212 172 152
Avg. PQ (noRank) 426 284 199 163 143

Recall (rank) 0.944 0.883 0.827 0.804 0.789
Precision (rank) 0.995 0.992 0.988 0.984 0.980
Avg. RQ (rank) 437 297 214 174 153
Avg. PQ (rank) 427 285 200 164 145

The first two rows in Table 4 show the average IL neighborhood comparing
the sets of users in 2007 and 2008. One can see a rising number IL which means
that responders actually increased answering questions (more asker neighbors).
This shows that recommendations are useful because responders increasingly
answer questions of ‘new’ askers which they have not previously interacted with.
In the next segment of Table 4, the average recall and precision of noRank
recommendations are shown. These recommendations achieve surprisingly high
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accuracy in terms of precision and recall. This means that responders tend to
interact with the same askers also in 2008 compared to 2007.

The next two rows show the average recall quality RQ and the average pre-
cision quality PQ. Instead of calculating recall and precision as a percentage
value, we calculated a weighted average that takes the number of IL neighbors
of askers into account. For example, recall and precision of responders who are
very active in terms of answering questions are given more weights since they
contribute more answers to the community. The following rows show the results
in terms of recall and precision of our recommendation approach (rank). Our
approach results are approximately as accurate as the noRank results. How-
ever, by comparing the average RQ and PQ, our approach outperforms noRank
recommendations.

Final remarks on personalization and performance issues. Consid-
ering non-personalized recommendations using the standard PageRank model
with G′ as input, we obtained an average recall value of 0.011 and average pre-
cision value of 0.014. This approach is clearly not usable for recommendations
because personalization greatly increases the accuracy of results (i.e., recall and
precision of the recommended neighborhood of askers).

Personalized recommendations and topic-sensitive expertise rankings using
Eq. 3 are much faster computed due to faster convergence of the ranking al-
gorithm towards stable ranking results (i.e., the iteratively computed ranking
scores do not change the order of nodes in the ranked result list). Comput-
ing non-personalized recommendations or expertise rankings takes a magnitude
longer. For example in graphs with |N | = 59000 computing personalized results
takes a couple of minutes whereas computing non-personalized results takes sev-
eral hours. This leads us to the conclusion that personalization is achievable also
in larger graphs. Other approaches such as the PageRank linearity theorem as
proposed in [9] could be applied to compute personalized PageRank results even
faster.

6 Conclusion

In this paper, we provided a comprehensive analysis of the structure and dy-
namics of Q/A communities with the focus on Yahoo! Answers – one of the
most popular Q/A platforms on the Web. Our analysis was based on funda-
mental properties such as Q/A answering behavior of users over time. Also, we
studied context-based properties of Yahoo! Answers by analyzing topic-sensitive
answering behavior. Our analysis provides important insights for the design of
topic-based expertise mining algorithms. Furthermore, we discussed experiments
focusing on recommending users to responders whose questions may be relevant
to answer. Our research has important implications for future crowdsourcing
environments in terms of designing incentive mechanisms for user participation
as well as algorithms to assist question routing to relevant experts in open Web-
based communities. In our future work, we will study different rewarding models
in two-sided markets and crowdsourcing with the aim of encouraging crowd users
to solve more complex tasks instead of just answering simple questions.
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