





Table 5: Side-by-side experimental results fotJR on improving search results. All control groups are Google Search results. Impact
indicates the fraction of queries that differ in quality between the experimental and control groups. Mean score is the sum of rating
scores divided by the number of queries with agreement. Larger mean score is better.

Experimental Groups > _1r\15um5);> r Of_g Lée”esoat D'g.eéent ? atmlg.ss 5 Impact | Mean Score
UR without graph 0 1 0 18 | 237| 31| O 0 |0]| 0174 0.017
UR without weight 0 6 2| 30 |178| 44 | 9 6 |0 0.353 0.050
UR without topic 5 6 9| 16 |205| 21 (21| 4 | 5| 0.298 0.039
Ful UR 4 8 6 | 17 | 230 31|16| 6 |5 | 0.215 0.054

for web search, and performed a side-by-side experiment to exam-
ine the changes in the search results.
We sampled300 queries from Confucius’ search log, and re-

Table 6: The accuracy of best/non-best answer classification,
averaged over 10-fold cross-validation.

Algorithm Accuracy trieved the corresponding search results from Google. We used site
Random Forest 0.770 search restrictiogo limit the result to the Q&As from Confucius.
AdaBoost 0.753 For each search result, we combined the relevance scor&Rnd
Logistic Regressiony  0.739 score into a reordering scobeRel + (1 — X\)User Rank, where
SVMs (RBF) 0.698 the linear mixing factor\ = 0.9 was selected by a small scale
SVMs (polynomlal) 0.696 cross-validation.

ggzﬂ:pgr'gﬁar) 8:2?& We used a side-by-side experiment to evaluate the effectiveness
SVMs (sigmoid) 0.527 of UR. Our side-by-side experiments were a form of double-blind
Naive Bayes 0.499 testing. Two groups of search results were shown to human raters

in the same format and in random order. In the experimental group,
may get to the answer directly without submitting the question the search results were ordered by the combined score, while the
This reduces the redundancy in the Q&A database. Second, withincontrol group used the original ordering of Google search. The
the community, active users are the source of new answers. Moreraters were not able to identify which one is the experimental group.
clicks onQR links keep the users engaged within the community They were given the task to assign each query a score: Score value
for longer periods of time, thus increasing the probability that they 2 means that side A is much better than side-® means that

contribute answers. side B is much better than A, and other scores captures levels in
) between. We let multiple raters rate the same query until there was
4.5 Answer Quality Assessment an agreement, or at most three raters had participated but still had

We prepared the training data f&Q from user voted Q&A no agreement.
threads. Specifically, we used the Q&A threads that contain asker- UR scores are determined by three factors: the graph of users,
selected best answers. Threads that contain less3ttmrswers the quality of answers, and the topic of interactions. We also eval-
were not used, since the less participation, the more risk of it being uated each factor’s contribution by temporarily remove them from
spam. For each thread, we used its best answer as the positive exthe computation. Table 5 shows the results of the four side-by-side
ample, and randomly sampled an answer not marked as the best agxperiments. Impact measures how many results are affected by
the negative example. We collect&@0, 000 pairs of positive and  the reordering and it is computed fi3..onzerol /|Qagreeal, Where
negative samples for the experiment. |Qnonzerol| is the number of agreed queries with non-zero ratings

As described in Section 3.4Q uses a data-driven approach to  and|Qagrecal is the total number of agreed queries. The greater
select the best algorithm for answer quality prediction. Thanks to the impact, the more queries are affected. Mean score measures
our massive distributed computing facility, we could test a num- the improvements for the agreed queries and it is computed as
ber of algorithms in a short time, covering all possible parameter (S+ + S-)/|Qagreed| . Where Sy is the sum of positive rating
choices. We included Naive Bayes, Logistic Regression, Decision Scores, and_ is the sum of negative rating scores. The higher the
Tree, Perceptron, AdaBoost, and SVMs in the selection pool. For mean score, the better the experimental group is, compared to the
SVMs, we used common kernels, including linear kernel, RBF ker- control group. Queries with rating disagreement are ignored when
nel, polynomial kernel, and sigmoid kernel. Table 6 lists the 10- computing impact and mean score. All control groups are Google
fold cross-validation accuracy of best/non-best answer classifica- Search results.UR without graph” means computingR without
tion, showing each algorithm at its best across different parameterthe user activity graph;UR without weight” means computingR
values. without the quality weight on each edgéJR without topic” means

The best result came from the Random Forest, a Decision Tree-computing topic-independent rank scores for each user.
based probabilistic classifier, which outperformed the others, yield- 4.7 NLQ&A
ing an accuracy of.77. We noticed that the non-linear methods, ’
such as Random Forest and AdaBoost, outperformed linear ones. e evaluated th8lL subroutine by a set &f500 questions sam-
This result suggests that the target prediction function is not linear. Pled from web queries. We used only the queries that would trigger

Sl to ensure that they are questions. We use precision and coverage

4.6 User Ranking as the evaluation metrics. Precision measures the proportion of cor-
rectly answered questions among all questions that have been an-

To testUR, we incorporated it into web search result ranking. . )
swered. Coverage measures the proportion of answered questions

Lacking internal links, community Q&A sites, such as Confucius,
can barely benefit from PageRank or similar link-based ranking al- 2Added si t e: wenda. ti anya. cn to each Google query.
gorithms. We usedR as the query-independent quality indicator wenda. ti anya. cnis the URL of Confucius China.
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1 ] subjectivity, which is not possible with the current set of features.

c
:§ 0.95 Y Indeed, to our best knowledge, constructing complex user models
g 09 that encapsulate such bias remains a grand open problem in natural
% 008: language processing.
3 07 T Factoid Questions
- 0.7 L
0 01 02 03 04 05 06 07 08 09 1 We rely on relevance, coverage, and originality A& . However,
threshold for confidence score for certain factoid questions, these factors may be insufficient. Fac-
(a) Precision toid questions — about weather conditions, the solution to a par-
06 ticular math problem, or driving directions — typically have an
05 S objective, short, and specific “correct” answer. For instance, the
L 04 B answer to Did it snow in Beijing yesterdayis simply yes or no.
§ 03 First, relevance does not work for these extremely short answers.
3 02 Both word-relevance and topic-relevance require some topically re-
01 lated terms to appear in the answer. Yes, no or the number 43 are
%5 01 02 03 02 05 08 07 o8 o8 1 not likely to b_e f_ound in the quesnon,_ nor do they provide any evi-
threshold for confidence score dence for topic inference. Second, higher coverage does not neces-

sarily mean better answer quality for these questions. In contrast,
long answers for simple factoid questions may be spam. Third,
Figure 11: Precision (a) and coverage (b) dfIL. since the form of the answer to simple factoid questions is quite
rigid, most answers will be identified as copies, although the an-
nswerer is earnest.

There are possible ways to deal with factoid answer assessment.
First, we can leverage the question classifidMinto decide a ques-
tion’s type. Then, if the question type is factoid, we can check if the
Precision and coverage are not weighted equally in practical ap- answer is within the desired class and format. For instance, when

plications. In Confucius, we favor the precision over the coverage, CNecking the answers tdid it snow in Beijing yesterday?we
since giving the wrong answer hurts the user experience more thanCan €xpect a positive or negative reply, likeeS or “didn’t” NL
keeping silence. We used the threshold mentioned in Section 3.6 to@/SC Provides a way to assess answers to factoid questions. Though

control the tradeoff, that if the confidence score of the top-ranked NOt PerfectNL's accuracy on simple factoid questions is promis-
answer was below the thresholL would refuse to answer that ~ N9: as reported in TREC QA [4]. Checking the answers itfis
question. output might help judge the quality of the answer.

Figure 11 shows the precision and coverage of our preliminary
NL subroutine with respect to different threshold values. The pre- BeSt.AnSW.er Spam . o
cision increased as the threshold went higher (Figure 11 (a)), while Early in the history of Confucius, spammers identified best answers

(b) Coverage

among all questions. We asked three human raters to rate each a
swer provided byNL as good or bad. We treated an question as
correctly answered only if all raters said its top-ranked answer was
good.

the coverage drops (Figure 11 (b)). When udirgjas the thresh-  @s & prime spam target. As we rely on best answer labels in train-
old, NL can answeil0% of the questions with the precisidh9, ing, our ranking is somewhat susceptible to this type of spamming.
which is an acceptable performance for Confucius. In order to generate fake best answers, a spammer creates multiple

user accounts first. Then, he/she uses some of the accounts to ask

questions, and others to provide answers (most of which are typi-

5. DISCUSSIONS cally concealed ads). If uncaught, spammers may generate prodi-
Though significant progress has been made, several challengegjious amounts of fake best answers, which could have a non-trivial

remain to be tackled to maintain high service quality. impact on the quality of the machine learning model.
.. . When the spammer’s agenda is direct advertising, we can often
Opinion Questions identify telltale signs of his/her activity: repeated phone numbers

Many users ask for recommendations on things to buy or for ad- or URLs help us detect much of the best answer spam. However,
vice on life matters. Examples include “Who are more depend- When the spammer’s intention is to obtain higher status within the
able, women or men?” and “Which camera brand should | go with, community, and the perks that come with it, the spam content may
Canon or Nikon?.” We call these types of questiopinion ques- lack easily identifiable patterns. Such a spammer may post low
tions. Most opinion questions do not have an objective best answer.quality answers to his/her own questions, and select those as best,
At best, there may exist a handful of main-stream opinions, with a despite the presence of other, truly better answers in the thread.
large number of users supporting each. At worst, users may have There are clues that may help identify the best answer spammers.
significantly diverging subjective opinions. Each party may then First, the spammers have an incredible high best answer rate, com-
list some supportive evidence, which can trigger a debate in the pared to normal users. Screening the best answer rate list of users
thread. If such opinion questions are ever closed, the best answercan thus help identify them. Second, to be efficient, best answer
is typically chosen based on the asker’s arbitrary perception of the Spammers tend to answer their own question quickly. We can clus-
outcome of the argument. ter the users by their time of receiving best answer label to find the
Opinion questions present challenges to automatic answer qual-Spammers.
ity assessment. The model training step presented in Section 3.4 .
relies on best answers as positive samples and non-best answerQueStlon Spam
as negative samples. However, for opinion questions, the distinc- Spammers also target questions. First, they find a large document
tion between a best and a non-best answers is subjective. To han¢ollection to use as the source, such as an FAQ list or an archive of
dle them adequately, we would need a way of capture the asker’shistorical documents (common sources include history/geography
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