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ABSTRACT: The quality of user-generated content varies drastically fom excellent to
abuse and spam. As the availability of such content increase the task of identifying
high-quality content in sites based on user contributions| social media sites|becomes in-
creasingly important. Social media in general exhibit a rid variety of information sources:
in addition to the content itself, there is a wide array of non-content information available,
such as links between items and explicit quality ratings fran members of the community. In
this paper we investigate methods for exploiting such commanity feedback to automatically
identify high quality content. As a test case, we focus on Yalwo! Answers, a large commu-
nity question answering portal that is particularly rich in the amount and types of content
and social interactions available in it. We introduce a geneal classi cation framework for
combining the evidence from di erent sources of informatian that can be tuned automati-
cally for a given social media type and quality de nition. In particular, for the community
guestion answering domain, we show that our system is able teeparate high-quality items
from the rest with an accuracy close to that of humans.
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1. Introduction

Recent years have seen a transformation in the type of contdravailable on the web. Dur-
ing the rst decade of the web's prominence|from the early 19 90s onwards|most online
content resembled traditional published material: the majority of web users were consumers
of content, created by a relatively small amount of publishes. From the early 2000s,user-
generated contenthas become increasingly popular on the web: more and more usepar-
ticipate in content creation, rather than just consumption . Popular user-generated content
(or social media) domains include blogs and web forums, saai bookmarking sites, photo
and video sharing communities, as well as social networkinglatforms such as Facebook
and MySpace, that o er a combination of all of these with an emphasis on the relationships
between users of the community.

Community-driven guestion-answering portals are a partialar form of user-generated
content that is gaining a large audience in recent years. Thge portals, in which users answer
guestions posed by other users, provide an alternative charel of obtaining information on
the web: rather than browsing results of search engines, use present detailed information
needs|and get direct responses authored by humans. In some rarkets, this information
seeking behavior is dominating over traditional web searct28].

An important di erence between user-generated content andtraditional content that
is particularly signi cant for knowledge-based mediums sich as question-answering portals
is the variance in the quality of the content. As Anderson [3] describes, in traditional
publishing|mediated by a publisher|the typical range of qu ality is substantially narrower
than in niche, unmediated markets. The main challenge posedby content in social media
sites is the fact that the distribution of quality has high variance: from very high-quality
items to low-quality, sometimes abusive content. This make the tasks of Itering and
ranking in such systems more complex than in other domains. Bwever, for information
retrieval tasks social media systems present inherent advdages over traditional collections
of documents: their rich structure o ers more available data than in other domains. In
addition to document content and link structure, social media exhibit a wide variety of
user-to-document relation types, and user-to-user interations.

In this paper we address the task of identifying high-quality content in community-driven
guestion-answering sites, exploring the bene ts of the addional sources of information in
this domain. As a test case, we focus on Yahoo! Answers, a laggportal that is particularly
rich in the amount and types of content and social interaction available in it. We focus on
the following research questions:

1. What are the elements of social media that can be used to fatdte automated discovery
of high-quality content? In addition to the content itself, there is a wide array of
non-content information available, from links between items to explicit and implicit
quality rating from members of the community. What is the uti lity of each source of
information to the task of estimating quality?
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2. How are these di erent factors related? Is content alone enagh for identifying quality
items? Can community feedback approximate judgments of spalists?

To our knowledge, this is the rst large-scale study of combning the analysis of the content
with the user feedback in social media. In particular, we moel all user interactions in
a principled graph-based framework (Section 3 and Section )4 allowing us to e ectively
combine the di erent sources of evidence in a classi cationformulation. Furthermore, we
investigate the utility of the di erent sources of feedback in a large-scale, experimental
setting (Section 5) over the market leading question-answeng portal. Our experimental
results show that these sources of evidence are complimema and allow our system to
exhibit accuracy close to that of humans in identifying high quality content (Section 6). We
discuss our ndings and directions for future work in Sectian 7, which concludes this paper.

2. Background and Related Work

Social media content has become indispensable to milliond aisers. In particular, com-
munity question answering portals are a popular destination of users looking for help with a
particular situation, for entertainment, and for communit y interaction. Hence, in this paper
we focus on one particularly important manifestation of soéal media { community question
answering sites, speci cally on Yahoo! Answers. Our work daws on signi cant amount
of prior research on social media, and we outline the relatedvork before introducing our
framework in Section 3.

2.1. Yahoo! Answers

Yahoo! Answers is a question-answering system where people ask and answenesg-
tions on any topic. What makes this system interesting is tha around a seemingly trivial
guestion-answer paradigm, users are forming a social netwo characterized by heteroge-
neous interactions. As a matter of fact, users do not only linit their activity to asking and
answering questions, but they also actively participate inregulating the whole system. A
user can vote for answers of other users, mark interesting agstions, and even report abusive
behavior. Thus, overall, each user has a threefold role: ask, answerer and evaluator.

The central element of the Yahoo! Answers system are questis. Each question has a
lifecycle. It starts in an \open" state where it receives ansers. Then at some point (decided
by the asker, or by an automatic timeout in the system), the question is considered \closed,"
and can receive no further answers. At this stage, a \best anser" is selected either by the
asker or through a voting procedure from other users; once adst answer is chosen, the
guestion is \resolved."

As previously noted, the system is partially moderated by the community: any user
may report another user's question or answer as violating tle community guidelines (e.g.,
containing spam, adult-oriented content, copyrighted material, etc.). A user can also award

 http://answers.yahoo.com/
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a question a \star,” marking it as an interesting question, sometimes can vote for the best
answer for a question, and can give to any answer a \thumbs up'or \thumbs down" rating,
corresponding to a positive or negative vote respectively.

Yahoo! Answers is a very popular service (according to somesports, it reached a market
share of close to 100% about a year after its launch [26]); as result, it hosts a very large
amount of questions and answers in a wide variety of topics, m@king it a particularly useful
domain for examining content quality in social media. Similar existing and past services
(some with a di erent model) include Amazon's Askville?, Google Answers, and Yedda’.

2.2. Related Work

Link analysis in social media Link-based methods have been shown to be successful
for several tasks in social media [29]. In particular, linkbased ranking algorithms that
have been shown to be successful in the context of evaluatinguality of Web pages have
been applied in this context. Two of the most prominent link-analysis algorithms are
PageRank [24] and HITS [20].

Consider the graph G = ( V; E) with vertex set V corresponding to the users of a ques-
tion/answer system and having a directed edgee = (u;v) 2 E from a useru 2 V to a
userv 2 V if user u has answered to at least one question of user. ExpertiseRank [31]
corresponds to PageRank over the transposed grapB°®= (V;E9, that is, a score is propa-
gated from the person receiving the answer to the person ging the answer. The recursion
implies that if person u was able to provide an answer to persomn, and personv was able to
provide an answer to personw, then u should receive some extra points given that he/she
was able to provide an answer to a person with a certain degreef expertise.

The HITS algorithm was applied over the same graph [7, 17] andt was shown to produce
good results in nding experts and/or good answers. The mutwal reinforcement process in
this case can be interpreted as \good questions attract gooénswers" and \good answers
are given to good questions"; we examine this assumption in &tion 5.2.

Propagating reputation Guha et al. [12] study the problem of propagating trust and
distrust among Epinions® users, who may assign positive (trust) and negative (distrist)
ratings to each other. The authors study ways of combining tust and distrust and observe
that, while considering trust as a transitive property makes sense, distrust can not be
considered transitive.

Ziegler and Lausen [32] also study models for propagation diust. They present a
taxonomy of trust metrics and discuss ways of incorporatinginformation about distrust
into the rating scores.

2http://askville.amazon.com/
Shttp://answers.google.com/
*http:/lyedda.com/
Shitp://epinions.com/
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Question-answering portals and forums The particular context of question-answering
communities we focus on in this paper has been the object of s®e study in recent years.
According to Su et al. [30], the quality of answers in questio-answering portals is good on
average, but the quality of speci c answers varies signi cantly. In particular, in a study of
the answers to a set of questions in Yahoo! Answers, the autls found that the fraction
of correct answers to speci ¢ questions asked by the authorsf the study, varied from 17%
to 45%. The fraction of questions in their sample with at leas one good answer was much
higher, varying from 65% to 90%, meaning that a method for nding high-quality answers
can have a signi cant impact in the user's satisfaction with the system.

Jeon et al. [15] extracted a set of features from a sample of awers in Naver® a Korean
guestion answering portal similar to Yahoo! Answers. They liilt a model for answer quality
based on features derived from the particular answer beingraalyzed, such as answer length,
number of points received, etc., as well as user features, sl as fraction of best answers,
number of answers given, etc. Our work expands on this by expking a substantially
larger range of features including both structural, textual, and community features, and by
identifying quality of questions in addition to answer quality.

Expert nding Zhang et al. [31] analyze data from an on-line forum, seekingp identify
users with high expertise. They study the user answers graphn which there is a link
between usersu and v if u answers a question byv, applying both ExpertiseRank and
HITS to identify users with high expertise. Their results show high correlation between
link-based metrics and the answer quality. The authors alsadevelop synthetic models that
capture some of the characteristics of the interactions amiog users in their dataset.

Jurczyk and Agichtein [18] show an application of the HITS algorithm [20] to a question-
answering portal. The HITS algorithm is run on the user-ansver graph. The results demon-
strate that HITS is a promising approach, as the obtained autority score is better corre-
lated with the number of votes that the items receive, than simply counting the number of
answers the answerer has given in the past.

Campbell et al. [7] computed the authority score of HITS overthe user-user graph in
a network of e-mail exchanges, showing that it is more corrgted to quality than other
simpler metrics. Dom et al. [9] studied the performance of seeral link-based algorithms
to rank people by expertise on a network of e-mail exchangegesting on both real and
synthetic data, and showing that in real data ExpertiseRank outperforms HITS.

Text analysis for content quality Most work on estimating the quality of text has

been in the eld of Automated Essay Grading (AES), where writings of students are graded
by machines on several aspects, including compositionalit style, accuracy, and soundness.
AES systems are typically built as text classi cation tools, and use a range of properties
derived from the text as features. Some of the features empjed in systems are lexical, such
as word length, measures of vocabulary irregularity via regtitiveness [6] or uncharacteristic

Shttp://naver.com/
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co-occurrence [8], and measures of topicality through wordand phrase frequencies [27].
Other features take into account usage of punctuation and di&ction of common grammatical
error (such as subject-verb disagreements) via prede nedegmplates [4, 23]. Most platforms
are commercial and do not disclose full details of their intenal feature set; overall, AES
systems have been shown to correlate very well with human jugments [5, 23].

A di erent area of study involving text quality is readability; here, the di culty of text
is analyzed to determine the minimal age group able to compreend it. Several measures
of text readability have been proposed, including the Gunnhg-Fog Index [13], the Flesch-
Kincaid Formula [19], and SMOG Grading [21]. All measures cmbine the number of
syllables or words in the text with the number of sentences|t he rst being a crude approx-
imation of the syntactic complexity and the second of the semantic complexity. Although
simplistic and controversial, these methods are widely-usd and provide a rough estimation
of the di culty of text.

Implicit feedback for ranking Implicit feedback from millions of web users has been
shown to be a valuable source of result quality and ranking iformation. In particular, clicks
on results and methods for interpreting the clicks have beerstudied in references [1, 16, 2].
We apply the results on click interpretation on web search rasults from these studies, as a
source of quality information in social media. As we will shav, content usage statistics are
valuable, but require di erent interpretation from the web search domain.

3. Content Quality Analysis in
Social Media

We now focus on the task nding high quality content, and desaibe our overall approach
to solving this problem. Content quality evaluation is an essential module for performing
more advanced information retrieval tasks on the questionanswer system. For instance, a
guality score can be used as input to ranking algorithms. On ahigh level, our approach
is to exploit features of social media that are intuitively correlated with quality, and then
train a classi er to appropriately select and weight the features for each specic type of
item, task, and quality de nition.

In this section we identify a set of features of social media ad interactions that can be
applied to the content quality task. In particular, we model the intrinsic content quality
(Section 3.1), the interactions between content creators ad users (Section 3.2), as well
as the content usage statistics (Section 3.3). All these fdare types are used as an input
to a classi er that can be tuned for the quality de nition for the particular media type
(Section 3.4). In the next section, we will expand and re ne the feature set speci cally to
match our main application domain of community question ansvering portals.
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3.1. Intrinsic Content Quality

In this paper we focus on social media content items that are pmarily textual in nature
(e.g., blogs, answers). Hence, our intrinsic quality metres (i.e., the quality of the content
of each item) focus on the text. For user-generated content foother types (e.g., photos or
bookmarks), intrinsic quality may be modeled di erently.

As a baseline, we use textual features only|with all word n-grams up to length 5 that
appear in the collection more than 3 times used as features. Ais straightforward approach
is the de-facto standard for text classi cation tasks, both for classifying the topic and for
other facets (e.g., sentiment classi cation [25]).

Additionally, we use a large number of semantic features organized as follows:

Visual Quality Poor quality text, and particularly of the type found in onli ne sources,
is often marked with low conformance to common writing pracices. For example, capi-
talization rules may be ignored; excessive punctuation|particularly repeated ellipsis and
guestion marks|may be used, or spacing may be irregular. Seeral of our features capture
the visual quality of the text, attempting to model these irr egularities; among these are
features measuring punctuation, capitalization, and spamg density (percent of all charac-
ters), as well as features measuring the character-level &opy of the text. A particular
form of low visual quality is misspellings and typos; additional features in our set quantify
the number of out-of-vocabulary words and spelling mistaks.

Syntactic and Semantic Complexity Advancing from the visual level to more involved

layers of the text, other features in this subset quantify the syntactic and semantic com-
plexity of it. These include simple proxies for complexity such as the average number of
syllables per word or the entropy of word lengths, as well as mre intricate ones such as the
readability measures mentioned in Section 2.2.

Grammaticality Finally, to measure the grammatical quality of the text, we use several
linguistically-oriented features. We annotate the contert with part-of-speech (POS) tags,
and use the tagn-grams (again, up to length 5) as features. This allows us to a&pture,
to some degree, the level of \correctness" of the grammar use Some POSn-grams are
typical of correctly-formed questions: e.g., the sequencerb to vb  (\how to identify...")

is typical of lower-quality questions, whereas the sequerewrb vbp prp vb  (\How do |
remove...") is more typical of correctly-formed content.

Additional features used to represent grammatical propertes of the text are its formality
score [14], and the distance between its (trigram) languagenodel and several given language
models, such as the Wikipedia language model or the languageodel of the Yahoo! Answers
corpus itself (the distance is measured with KL-divergencg
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3.2. Contributor and User Relationships

A signi cant amount of quality information can be inferred f rom the relationships be-
tween users and items. For example, we could apply link-angkis algorithms for propagating
quality scores in the entities of the question/answer systen, e.g., we use the intuition that,
say, \good" answerers write \good" answers, or vote for othe \good" answerers, etc. The
main challenge we have to face is that our dataset, viewed as graph, often contains nodes
of multiple types (e.g., questions, answers, users), and ge&s represent a set of interaction
among the nodes having di erent semantics (e.g., \answers,"\gives best answer", \votes
for", \gives a star to").

These relationships are represented as edges in a graph, witontent items and users as
nodes. The edges are typed, i.e., labeled with the particulatype of interaction (e.g., \User
u answers a questionq’). Besides the user-item relationship graph, we also conder the
user-user graph. This is the graphG = ( V; E) in which the set of verticesV is composed of
the set of users, and the seE represents implicit relationships between users. For exaiple,
a user-user relationship could be \Useru has answered a question from usev."

The resulting user-user graph is extremely rich and heterogneous, and is unlike tra-
ditional graphs studied in the web link analysis setting. However, we believe that (in our
classi cation framework) traditional link analysis algor ithm may provide useful evidence
for quality classi cation, tuned for the particular domain . Hence, for each type of link we
performed a separate computation of each link-analysis alyithm. We computed the hubs
and authorities scores (as in HITS algorithm [20]), and the aad PageRank scores [24]. In
Section 4 we discuss the speci ¢ relationships and node tygedeveloped for community
guestion answering.

3.3. Content Usage Statistics

Users of the content (who may or may not also be contributors)provide valuable in-
formation about the items they nd interesting. In particul ar, usage statistics such as the
number of clicks on the item and dwell time have been shown udel in the context of
identifying high quality web search results, and are complenentary to link-analysis based
methods. Intuitively, usage statistics measures are usefufor social media content, but
require di erent interpretation from the previously studi ed settings.

In particular, we exploit the number of item views (clicks), as well as derived statistics
such as the expected number of views for a given category, thaeviation from the expected
number of views, and other second-order statistics desigmeto normalize the values for each
item type. For example, all items within a popular category such as celebrity images or
popular culture topics may receive orders of magnitude morelicks than, say, Science topics.
Nevertheless, when normalized by the itemcategory, the deviation from expected number
of clicks can be used to infer quality directly, or can be incoporated into the classi cation
framework. The speci c normalization methods are directly adapted from references [1]
and [2].
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3.4. Quality Classi cation Framework

We cast the problem of quality ranking as a binary classi cation problem, in which a
system must learn automatically to separate high-quality mntent from the rest.

We experimented with several classi cation algorithms, including those reported to
achieve good performance with text classi cation tasks, soh as support vector machines
and log-linear classi ers; the best performance among thedchniques we tested was obtained
with stochastic gradient boosted trees [11]. In this classcation framework, a sequence of
(typically simple) decision trees is constructed so that eah tree minimizes the error on
the residuals of the preceding sequence of trees; a stoch@aselement is added by randomly
sampling the data repeatedly before each tree constructionto prevent over tting. A partic-
ularly useful aspect of boosted trees for our settings is the ability to utilize combinations
of sparse and dense features.

Given a set of human-labeled quality judgments, the classier is trained on all available
features, combining evidence from semantic, user relati®hip, and content usage sources.
The judgments are tuned for the particular goal. For example we could use this framework
to classify questions by genre or asker expertise. In the caf community question answers,
described next, our goal is to discover interesting, well fonulated and factually accurate
content.

4. Modeling Content Quality in Community Question Answerin g

Our goal is to automatically assess the quality of questionsand answers provided by
users of the system. We believe that this particular sub-prdlem of quality evaluation is an
essential module for performing more advanced informatiormretrieval tasks on the question
answering or web search system. For example, a quality scoman be used as a feature for
ranking search results in this system.

Note that Yahoo! Answers is question-centric. the interactions of users are organized
around questions, as shown in Figure 1. This screenshot shewthe main user interface
elements that allow the forms of interactions between contibutors (asking a question, an-
swering a question, selecting best answer, voting on an angm). These relationships are
explicitly modeled in the relational features described net.

4.1. Application-Speci ¢ User Relationships

The relationships between questions, users asking and answng questions, and answers
can be captured by a tripartite graph outlined in Figure 2, where an edge represents an
explicit relationship between the di erent node types. Since a user is not allowed to answer
his/her own questions, there are no triangles in the graph, e in fact all cycles in the graph
have length at least 6.

Note that our dataset, viewed as a graph, contains multiple ¥pes of nodes and multiple
types of interactions, as illustrated in Figure 3. This leads us to introduce multi-relational
features to describe multiple classes of objects and multlp types of relationships between
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Figure 1. Example Yahoo! Answers question thread demonstiting some
of the common interactions between contributors and other sers.

these objects. In this section, we expand on the general useelationships ideas of the
previous section to develop speci cialized relational fetures that exploit the unique char-
acteristics of the community question answering domain.

10
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M

Users

Questlons A Answers

Figure 2: Depiction of the users-questions-answers inteions as a tri-

LI

Figure 3: Partial entity-relationship diagram of answers.

Answer features In Figure 4, we depict the user relationship data that is avaiable for
a particular answer. The types of the data related to a partiaular answer form atree, in
which the type \Answer" is the root. So, an answera 2 A is at the zero-th level of the tree,
the question g that a answers to, and the usem who posteda are in the rst level of the
tree, and so on.

To streamline the process of exploring new features, we suggt haming the features
with respect to their position in this tree. Each feature corresponds to a data type, which
resides in a speci c node in the tree, and thus, it is charactdzed by the path from the root
of the tree to that node.

Hence, each specic feature can be represented by a path in éhtree. For instance, a
feature of the type \QU represents the information about a question @ and the user (U
who asked that question. In Figure 4, we can see two subtreedasting from the answer
being evaluated: one related to the question being answerednd the other related to the
user contributing the answer.

The types of features on the question subtree are:
Q Features from the question being answered
QUFeatures from the asker of the question being answered
QAFeatures from the other answers to the same question

The types of features on the user subtree are:
UA Features from the answers of the user

11
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e Answers to

') questions asked
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@ Questions asked

@) Answers given
0) Votes given

Answer being
evaluated

Asker of question

being answered
e Other answers to

the same question

Question being
answered

Figure 4: Types of features available for inferring the quaity of an answer.
Aj
que;:?;irzsl?ed
Answers to the
question being
evaluated

Questions asked @) Question being

evaluated

Answers given

User asking
question

Votes given

Answerers of
question being
evaluated

Figure 5. Types of features available for inferring the quaity of a question.

UQFeatures from the questions of the user
UV Features from the votes of the user
UQAFeatures from answers received to the user's questions
U Other user-based features

This string notation allows us to group several features inb one bundle by using the
wildcard characters \?" (one letter), and \ *" (multiple letters). For instance, U* represents
all the features on the user subtree, andQ* all the features in the question subtree.

Question features We represent user relationships around a question similayl to repre-
senting relationships around an answer. These relationsps are depicted in Figure 5. Again,
there are two subtrees: one related to the asker of the quesin, and the other related to
the answers received.

The types of features on the answers subtree are:
A Features directly from the answers received
AU Features from the answerers of the question being answered

The types of features on the user subtree are the same as the emabove for evaluating
answers.

12
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Implicit user-user relations As stated in Section 3.2, besides the user-question-answer
graph, we also consider the user-user graph. This is the grépG = ( V; E) in which the set
of vertices V is composed of the set of users and the s& = E;[ Ey[ Ev[ Es[ E+ [ E
represents the relationships between users as follows:

E, represents the answers: ;v) 2 E; i user u has answered at least one question
asked by userv.

Ep represents the best answers: u;v) 2 E, i user u has provided at least one best
answer to a question asked by usev.

E, represents the votes for best answer: W;v) 2 E, i user u has voted for best

answer at least one answer given by user.

Es represents the stars given to questions: u;v) 2 E, i user u has given a star to

at least one question asked by usev.

E.=E represents the thumbs up/down: (u;v) 2 E.=E i user u has given a

\thumbs up/down" to an answer by user v.

For each graph Gx = (V;Ex), we denote by hub(x) the vector of hub scores on the
vertices V, by auth(x) the vector of authority scores, and by pr(x) the vector of PageRank
scores. We also denote byr{x) the vector of PageRank scores in the transposed graph.

To classify these features in our framework, we consider thaPageRank and authority
scores are related mostly to in-links, while the hub score dais mostly with out-links. For
instance, let's take hub(b). It is the hub score in the \best answer" graph, in which an
out-link from u to v means that u gave a best answer to user. Then, hub(b) represents
the answers of users, and is assigned to the answerer record4.

The assignment of these features is done in the following way

UQTo the asker record of a user:auth(a), auth(b), auth(s), pr(a), pr(b)

UATo the answerer record of a user: hub(a), hub(b), pr{a), prdb), auth(v), pr(v),
auth(+), pr(+), auth( ), pr( )

UV To the voter record of a user: hub(v), prqv), hub(s), prqv), hub(+), prq+), hub( ),
pra )

4.2. Content Features for QA

As the base content quality features for both questions and aswer text individually we
use directly the semantic features from Section 3.1. We relon feature selection methods
and the classi er to identify the most salient features for the speci c tasks of question or
answer quality classi cation.

Additionally, we devise a set of features specic to the QA domain that model the
relationship between a question and an answer. Intuitively a copy of a Wall Street Journal
article about economy may have good quality, but would not (usually) be a good answer
to a question about celebrity fashion. Hence, we explicittymodel the relationship between
the question and the answer. To represent this we include theKL-divergence between
the language models of the two texts, their non-stopword ovdap, the ratio between their

13
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lengths, and other similar features. Interestingly, the text of answers often relates to other
answers for the same question. In the example of Figure 1, thé¢hird answer actually
disagrees with the answer chosen as best by the asker. Whildis information is di cult

to capture explicitly, we believe that our semantic feature space is rich enough to allow a
classi er to e ectively detect quality questions (and answers).

4.3. Usage Features for QA

Recall that community QA is question-centric. a question thread is usually viewed as
a whole, and the content usage statistics are available primrily for the complete question
thread. As a base set of content usage features we use the ravage view numbers, as well
as temporal statistics (i.e., how long ago the question was gsted).

In addition, we exploit the rich set of metadata available for each question. In partic-
ular, the topical and genre categorization for each questin, selected by the asker, is an
extremely valuable resource, since clickthrough counts o question are heavily in uenced
by the topical and genre category: celebrity and dating topcs receive orders of magnitude
more clicks than, say, Science questions. We capture this farmation both by directly
providing category information as features to the classi @, and by computing deviation
information (i.e., how di erent is usage statistics for the question thread) compared to the
expected number of page views, conditioned on the questionategory.

In summary, while many of the item content, user relationshp, and usage statistics
features are designed and are applicable for many types of sial media, we augment the
general feature set with additional information speci c to the community question answering
domain. As we will show in the empirical evaluation presente in the next sections, both the
generally applicable, and the domain speci ¢ features turnout to be signi cant for quality
identi cation.

5. Experimental Setting

This section describes the experimental setting, datasetsand metrics used for producing
our results in Section 6.

5.1. Dataset

Our dataset consists of 6,665 questions and 8,366 questi@amswer pairs. The base usage
features (page views or clicks) were obtained from the totalnumber of times a question
thread was clicked (e.g., in response to a search result). Abf the above questions were
labeled for quality by human editors, who were independent fom the team that conducted
this research. Editors graded questions and answers for webbrmedness, readability, utility,
and interestingness; for answers, an additional correctrss element was taken into account.
Additionally, a high-level type (informational, advice, p oll, etc.) was assigned to each
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qguestion. In a subset of 300 questions from this dataset, thenter-annotator agreement was
= 0:68. The assessors were also asked to look at the type of quests. They found that
roughly 1/4 of the questions were seeking for an opinion (intead of information or advice).

Following links to obtain user relationship features Starting from the questions
and answers included in the evaluation dataset we considederelated questions and answers
as follows. LetQg and Ag be the sets of questions and answers, respectively, includen
the evaluation dataset.

Now let U1 be the set of users who have made a question i@g or given an answer inAg.
Additionally we select Q1 to be the set of all questions asked by all users itJ;. Similarly
we selectA; to be the set of answers given by users itJ; and A, to be the set of all the
answers to questions in Q1. ObviouslyQg Qi and Ag A;. Our dataset is then de ned
by the nodes Q1;A1[ A2;U;) and the edges induced from the whole dataset.

Figure 6 depicts the process of nding related items. The rehtive size of the portion we
used (depicted with thick lines) is exaggerated for illustration purposes: actually the data
we use is a tiny fraction of the whole collection.

Evaluated by editors

Users O Used for computing
features

Figure 6: Sketch showing how do we nd related questions and mswers,
depicted with thick lines in the gure. All the questions Qg and answers
Ag evaluated by the editors are included at the beginning, and hen (1)
all the askers Uy of the questions inQq, (2) all the answerersUg of the
answers inAg, (3) all the questions Q; by users inUg, (4) all the answers
A1 by users inUg, and (5) all the answersA» to questions in Q1.

This process of following links to include a subset of the dat only applies to questions
and answers. In contrast, for the user rating features, we inluded all of the votes received
and given by the users inU; (including votes for best answers, \stars" for good questias,
\thumbs up" and \thumbs down"), and all of the abuse reports w ritten and received.
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5.2. Dataset Statistics

The degree distributions of the user interaction graphs desribed earlier are very skewed.
The (complementary) cumulative distribution of the number of answers, best answers, and
votes given and received is shown in Figure 7. The distributbn of the number of votes
given and received by the users can be modeled accurately byaReto distributions with
exponents 1.7 and 1.9 respectively.

(a) answers (b) best answers
w
& 1 ng 5 1
9] =
NN %}
% &
c ~ ot
a NN 7]
x k]
S 0.1 <
J: c
= 5]
e £ 01 N
o .
E g
e 1S
=
g oo g
(3] Q
= o
9 Q
) Answers given < Best answers given
& Answers received 2 Best answers received -------
0.001 el . & 001 el S e
1 10 1 10 100 1000
Number of answers given/received = X Number of best answers given/received = X
(c) votes given (d) votes received
1 Al 1 T Al
Votes given —— Votes received
074 _______ 085 _______
X 5 X
0 2
] o
8 >
>
x 01 . X o1
S A o
o 5]
[=]
g s
¢ 001 ¢ = 001
N [}
i e .
o \
1 10 100 1000 10000 1 10 100 1000 10000
Number of votes given = X Number of votes received = X

Figure 7: Distribution of degrees in the graph representingrelationships
between users: (a) number of answers given and received; (Imumber
of best answers given and received; (c) nhumber of votes giverand (d)
number of votes received. The \votes" including votes for bet answer,
start, \thumbs up" and \thumbs down".

In each of the graphsGy = (V;Ex), with x 2 fa;b;v;s;+; g , we computed the hubs
and authorities scores (as in HITS algorithm [20]), and the aad PageRank scores [24]. Note
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that in all cases we execute HITS and PageRank on a subgraph dhe graph induced by
the whole dataset, so the results might be di erent than the results that one would obtain
if executing those algorithms on the whole graph.
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Figure 8: Number of questions and number of answers for eachser in
our data.

The distributions of answers given and received are very siifar to each other, in contrast
to [10] where there were clearly \askers" and \answerers" wih di erent types of behaviors.
Indeed, in our sample of users, most users participate as blbt\askers” and \answerers".
From the scatter-plot in Figure 8, we observe that there are ro clear roles of \asker" and
\answerer" such as the ones identi ed by Fisher et al. [10] inUSENET newsgroups. The
fact that only users with many questions also have many answs is a by-product of the
incentive mechanism of the system (points), where a certaimumber of points is required
to ask a question, and points are gained mostly by answering wgstions.

In our evaluation dataset there is a positive correlation béween question quality and
answer quality. In Table 1 we can see that good answers are mhanore likely to be written
in response to good questions, and bad questions are the onsit attract more bad answers.
This observation is an important consideration for feature design.

5.3. Evaluation Metrics and Methodology

Recall that we want to automatically separate high-quality content from the rest. Since
the class distribution is not balanced, we report the precigon and recall for the two classes,
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Table 1: Relationship Between Question Quality and Answer Quality
Question Quality

Answer Quality || A. High B. Medium C. Low

A. High 41% 15% 8%
B. Medium 53% 76% 74%
C. Low 6% 9% 18%
Total 100% 100% 100%

\high quality" and \normal or low quality" separately: both are measured when the classi er
threshold is set to maximize the F1 measure. We also report th area under the ROC curve
for the classi ers, as a non-parametric single estimator otheir accuracy.

6. Experimental Results

In this Section we show the results for answer and question etent quality. Recall that
as a baseline we use only textual features for the current ite (answer/question) at the level
; of the trees introduced in Section 4.1. In the experiments rported here, 80% of our data
was used as a training set and the rest for testing.

6.1. Question Quality

Table 2 shows the classi cation performance of the questiorclassi er, using di erent
subsets of our feature set. Text refers to the baseline, bag-ofi-gram features; Intrinsic
is the features derived from the text, described in Section 3; Usagerefers to click-based
knowledge described in Section 3.3; anRelation features are those involving the community
behavior, described in Section 3.2.

Table 2: Precision P, Recall R, and Area Under the ROC Curve fo the
Task of Finding High-Quality Questions

High qual. Normal/low qual.

Method P R P R AUC
Text (Baseline) 0.654 0.481 0.762 0.867 0.523
Usage 0.594 0.470 0.755 0.836 0.508
Relation 0.694 0.603 0.806 0.861 0.614
Intrinsic 0.746 0.650 0.829 0.885 0.645
T+Usage 0.683 0.571 0.798 0.865 0.575
T+Relation 0.739 0.647 0.828 0.881 0.659
T+Intrinsic 0.757 0.650 0.830 0.891 0.648
T+Intr.+Usage 0.717 0.690 0.845 0.861 0.686
T+Relation+Usage  0.722 0.690 0.845 0.865 0.679
T+Intr.+Relation 0.798 0.752 0.874 0.901 0.749
All 0.794 0.771 0.885 0.898 0.761
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Clearly, a standard text classi cation approach|used in ou r baseline, the rst line in
Table 2|does not address the task of identifying high qualit y content adequately; but
relying exclusively on usage patterns, relations, or intrnsic quality features derived from
the text (next 3 lines in the table) results in suboptimal solutions too.

In-line with intuition, we witness a consistent, gradual increase in performance as ad-
ditional information is made available to the classi er, indicating that the di erent feature
sets we use provide, to some extent, independent informatia

The 10 most signi cant features for question quality classication, according to a chi-
squared test, included features from all subsets, as follosv

UQAverage number of "stars" to questions by the same asker
; The punctuation density in the question's subject
; The question's category (assigned by the asker)
; The clicks on the question, normalized by the average clicken its category
UA Average number of "Thumbs up" received by answers given to dter questions asked
by the asker
; Number of words per sentence
UA Average number of answers with references (URLS) given to agstions asked by the
asker
UA Fraction of questions asked by the asker in which he opens thquestion's answers to
voting (instead of picking the best answer by hand)
UQAverage length of the questions by the asker
UV The number of \best answers" authored by the user
U The number of days the user was active in the system

We performed a comprehensive exploration of our feature sgas, in particular focusing
on user relational features and the content usage featuresDue to space constraints, we
discuss here only the e ectiveness of di erent content usag, or implicit feedback, features.
These features are derived from page views statistics as deged in Section 3.3. A variant
of the C4.5 decision tree classi er was used to predict qualy based on click features alone.
Table 3 breaks down the classi cation performance by featue type.

Table 3: Overall Precision, Recall, and F1 for the task of nding high-
quality questions using only usage features

Features Precision  Recall F1
Page Views 0.540 0.250 0.345
+ Question category 0.600 0.410 0.510
+ Deviation from expected 0.630 0.460 0.530
All Usage features 0.594 0.470 0.530
Top 10 Usage features 0.630 0.540 0.580

These results support our hypothesis that topical categoryinformation is crucial for
interpreting usage statistics. As we can see, normalizinghte raw page view counts by ques-
tion category signi cantly improves the accuracy, as well & modeling the deviation from the
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expected page view count, which provides additional improement. Finally, including top
10 content usage features selected according to chi-squarstatistic provide some additional
improvement. Interestingly, including all derived features similar to those described in [1]
actually degrades performance, indicating over tting when relying on usage statistics alone
without the bene t of other forms of user feedback.

Because of the e ectiveness of the relational and usage faates to independently identify
high-quality content, we hypothesized that a variant of co-training or co-boosting [22] would
be e ective to expand the training set in a partially supervised setting. However, our
experiments did not result in an classi cation improved acauracy, and this remains an open
question for future work.

6.2. Answer Quality

Table 4 shows the classi cation performance of the answer aksi er, again examining
di erent subsets of our feature set. In this case, we did not e the Usage subset, as there
are no separate clicks on answers within Yahoo! Answers (annawer is displayed on the
guestion page, alongside other answers to the question).

Table 4: Precision P, Recall R, and Area Under the ROC Curve fo High-
Quality Answer Finding

High qual. Normal/low qual.

Method P R P R AUC

Text (Baseline) 0.668  0.862 0.968 0.906 0.805
Relation 0.552  0.617 0.914 0.890 0.623
Intrinsic 0.712  0.918 0.981 0.918 0.869
T+Relation 0.688 0.851  0.965 0.915 0.821
T+Intrinsic 0.711 0.926 0.982 0.917 0.878
All 0.730 0.911 0.979 0.926 0.873

Once again, we observe an increase in performance attributieto both additional feature
sets used; however, in this case improvement is milder. An emnination of the data shows
that one particular feature|the answer length|is dominati  ng over other features, resulting
in relatively high performance of the baseline.

The 10 most signi cant features for answer quality, accordng to a chi-squared test, were:

; Answer length
; The number of words in the answer with a corpus frequency largr than ¢
UA The number of \thumbs up" minus \thumbs down" received by the answerer, divided
by the total number of \thumbs" s/he has received
; The entropy of the trigram character-level model of the ansver
UA The fraction of answers of the answerer that have been pickeds best answers (either
by the askers of such questions, or by a community voting)
; The unique number of words in the answer
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U Average number of abuse reports received by the answerer avall his/her questions
and answers
UA Average number of abuse reports received by the answerer avhis/her answers
; The non-stopword word overlap between the question and the mswer
; The Kincaid[19] score of the answer
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Figure 9: ROC curve for the best-performing question qualiy classi er

(top) and answer quality classi er (bottom).
ROC curves for the baseline question and answer classi ersdm Tables 2 and 4, as well

as for the classi ers with the maximal area under the curve agearing in these tables, are
shown in Figure 9.
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7. Conclusions

We presented a general classi cation framework for qualityestimation in social media.
As part of our work we developed a comprehensive graph-basetiodel of contributor re-
lationships and combined it with content- and usage-baseddatures. We have successfully
applied our framework to identifying high quality items in a web-scale community question
answering portal, resulting in a near-human level of accuray on the question and answer
quality classi cation task. Community QA is a popular infor mation seeking paradigm that
has already entered mainstream, and our results provide siyj cant understanding of this
new domain.

We investigated the contributions of the di erent sources of quality evidence, and have
shown that some of the sources are complementary { i.e., capte the same high-quality
content using the di erent perspectives. As one implication, the resulting classi er is likely
to be more robust to spam, since the classi er automaticallyassigns appropriate weights to
di erent features, including those from user relationships or usage statistics. In the future,
we plan to more speci cally explore the relationships and uage features to automatically
identify malicious users.

We demonstrated the utility of our approach on a large-scalecommunity QA site. How-
ever, we believe that our results and insights are applicald to other social media settings,
and to other emerging domains centered around user contribied-content.

Acknowledgments:  the authors wish to thank Byron Dom, Benoit Dumoulin, and
Ravi Kumar for many useful discussions.
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