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Community  Ques2on  Answering


• Means	
  for	
  communi@es	
  to	
  share	
  informa2on	
  and	
  to	
  collec@vely	
  sa@sfy	
  
their	
  informa2on	
  needs.	
  	
  

•  Forums	
  organize	
  content	
  in	
  the	
  form	
  of	
  ques2on–comment	
  threads	
  

• A	
  ques2on	
  posed	
  by	
  a	
  user	
  may	
  be	
  answered	
  by	
  a	
  possibly	
  long	
  list	
  of	
  
comments	
  from	
  other	
  users.	
  	
  



Which	
  is	
  the	
  best	
  bank	
  in	
  Qatar?	
  

Community  Ques2on  Answering:  Example


Finding	
  answers	
  to	
  a	
  new	
  ques@on	
  is	
  challenging:	
  
•  Similar	
  ques2ons	
  are	
  repeatedly	
  posted	
  
•  Long	
  list	
  of	
  comments	
  
•  OVen	
  redundant	
  and	
  noisy	
  content	
  



Our  Approach
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1)	
  Combine	
  Search	
  and	
  NLP	
  techniques	
  to:	
  
•  Find	
  related	
  ques2on	
  threads	
  in	
  the	
  forum	
  

• Rank	
  the	
  comments	
  within	
  each	
  ques@on	
  thread	
  

2	
  )	
  Introduce	
  a	
  novel	
  interac2ve	
  visual	
  interface	
  to:	
  
• Navigate	
  through	
  the	
  comments	
  to	
  sa@sfy	
  the	
  informa2on	
  needs	
  



Outline


-­‐	
  Analyze	
  user	
  requirements	
  in	
  CQA	
  forums	
  
iden@fy	
  use	
  cases,	
  tasks	
  and	
  design	
  needs	
  

-­‐  The	
  system	
  
-­‐  Combine	
  NLP	
  and	
  search	
  techniques 	
  	
  
-­‐  Design	
  CQAVis	
  using	
  user-­‐centered	
  methodologies	
  

-­‐	
  Evaluate	
  CQAVis:	
  
-­‐	
  Online	
  user	
  study	
  among	
  hundreds	
  of	
  users	
  in	
  an	
  	
  
	
  	
  	
  	
  ecologically	
  valid	
  way	
  
-­‐	
  Lessons	
  learned	
  from	
  the	
  study	
  



•  Analyzing	
  exis@ng	
  HCI	
  literature	
  
•  What	
  types	
  of	
  ques@ons	
  are	
  asked?	
  	
  

•  Many	
  ques*ons	
  are	
  subjec*ve	
  in	
  nature	
  
•  Who	
  answers	
  and	
  why?	
  

•  Slower	
  responses	
  
•  What	
  is	
  the	
  quality	
  of	
  answers?	
  

•  Lots	
  of	
  variability	
  

•  Interviewing	
  Qatar	
  Living	
  admins	
  and	
  users	
  
•  Many	
  naive	
  users	
  
•  Users	
  want	
  to	
  find	
  useful	
  answers	
  quickly	
  
•  Difficulty	
  in	
  finding	
  good	
  answers	
  	
  
•  Screen	
  space	
  constraints	
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User  Requirements  Analysis


Summary	
  of	
  requirements:	
  
•  We	
  need	
  a	
  comment	
  classifica2on	
  

technique	
  to	
  find	
  good	
  answers	
  
•  Interface	
  should	
  support	
  users	
  in	
  

iden@fying	
  good	
  answers	
  quickly	
  
•  Interface	
  should	
  be	
  simple	
  and	
  intui2ve.	
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  among	
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  in	
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  Lessons	
  learned	
  from	
  the	
  study	
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Input	
  ques@on	
  

cQA	
  Forum	
  
datasets	
  

Ranked	
  ques@on	
  
threads	
  

Pre-­‐processing	
  

Answer	
  ranker	
  
module	
  

Presenta@on	
  module	
  

Trained	
  
models	
  

Search	
  engine	
  
module	
  

QatarLiving	
  
website	
  

Ques@on	
  threads	
  with	
  	
  
ranked	
  list	
  of	
  answers	
  

(a)	
  Offline	
  processing	
  

(b)	
  Online	
  processing	
  

System  Overview




NLP  Analysis:  The  Comment  Classifier
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•  The	
  task:	
  Given	
  a	
  thread	
  ques*on	
  and	
  a	
  list	
  of	
  comments	
  associated	
  with	
  it,	
  
the	
  task	
  of	
  the	
  comment	
  classifier	
  is	
  to	
  assign	
  a	
  relevance	
  score	
  to	
  each	
  of	
  the	
  
comments	
  according	
  to	
  their	
  goodness	
  at	
  answering	
  the	
  thread	
  ques*on.	
  	
  

•  SVM	
  Classifier:	
  
-­‐  Linear	
  kernels	
  over	
  numeric	
  and	
  embedding	
  features	
  
-­‐  Tree	
  kernel	
  over	
  shallow	
  syntac@c	
  trees	
  of	
  ques@on	
  and	
  comment	
  

Figure 3: Shallow syntactic trees: for the question (left) and for an answer (right). The arrow shows an
example of the links between the two trees using the REL tags.

Classification Performance Table 1 shows a
comparison of our classification performance with
the baseline, the top performing system and the
average results at SemEval-2016 task 3. The base-
line system just orders the comments chronolog-
ically based on the time of posting, and thus it
makes no direct prediction for goodness.

Our system achieved the second position in
MAP, the official evaluation metric. When we
compare to other metrics, we see that we achieve
better F1 with respect to good (+1.8) and bet-
ter Acc (+0.4) than the top system. However, on
the IR-based metrics, our results are slightly lower
than the top system (i.e., �1.5 on MAP, �0.77 on
AvgRec and �1.49 on MRR).

4 The System in Action

We now describe how the system supports the user
in exploring the answers to his/her question. The
design of our interface was guided by previous re-
search on designing visual interfaces for exploring
online conversations (Hoque and Carenini, 2014;
Hoque and Carenini, 2016); however, in this new
design we took into account specific features of
cQA data and tasks.

Our interface consists of the following compo-
nents: a search bar at the top, a question list view

that shows the top-most relevant questions to the
user’s question; and a conversation view showing
the question followed by the answers for a partic-
ular question thread (see Figure 4).

Questions list view After the system finds the
related questions to the user’s question, it presents
the top relevant questions in a scrollable list view
(see Figure 4, left). Each item within the question
list view represents a question thread, showing a
set of metadata such as the original question, the
posting date, the number of total comments and
the number of useful comments identified by our
system. In this way, the user can get a sense of
which threads seem to be more relevant and which

threads may contain the most useful answers. The
questions are ordered by their relevance rank by
default, but the user can change this order by se-
lecting a criteria from the popup menu ‘Order by’.
For instance, s/he can order the question threads
based on the number of useful answers within each
of these threads.

Note that at the top of the question list view,
the interface also shows the comment that has re-
ceived the best score with respect to the new ques-
tion (“Best Answer”). In this way, the user may be
able to find a very good answer to his/her question
immediately, without having to open any question
thread and then navigating to a good answer within
that thread.

Conversation view When the user selects a par-
ticular question thread from the list, the system
presents the corresponding thread in the conver-
sation view (see Figure 4, right). At the top of
this conversation view, the original question along
with a visual overview of the entire thread is pre-
sented, followed by the list of detailed comments.
The thread overview visually encodes the com-
ments using a sequence of rectangles from left
to right, where each rectangle represents a com-
ment. A set of five sequential colors was used
in a perceptually meaningful order, ranging from
dark green (highly useful) to white (not useful)
to encode the classification score for each com-
ment. Note that before visual encoding, we nor-
malized the original classification score returned
by the classifier to a value in [0, 1] by passing the
score through a sigmoid function.

From the thread overview, the user can quickly
notice which comments seem to be more useful
and then immediately navigate to a particular com-
ment by clicking on the rectangle representing
that comment (see Figure 5). Note that hovering
on a rectangle in the thread view highlights the
corresponding comment in the detailed view (by
scrolling if needed) and vice-versa, thus provid-



NLP  Analysis:  Classifica2on  Performance
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Our model is motivated by the fact that a com-
ment posted to the thread of q0 should be ranked
higher with respect to q not only if it is a good
answer for q0, but also based on the similarity be-
tween q0 and q (Barrón-Cedeño et al., 2016).

3.1 The Comment Classifier
Given a question and a set of comments associated
with it, the task is to assign a relevance (good-

ness) score to each of the comments. This prob-
lem was set as shared tasks (subtask A of task 3)
at SemEval 2015 and 2016 (Nakov et al., 2015;
Nakov et al., 2016). We train a Support Vector
Machine (SVM) classifier (Corinna and Vapnik,
1995) on the SemEval-2016 dataset to distinguish
between good vs. bad comments. The dataset is
split into training, development and test sets, with
2,669, 500, and 700 questions, and 17,900, 2,440,
and 7,000 answers, respectively. The kernel func-
tion in SVM is defined as a linear combination of
four functions: a linear kernel over numeric fea-
tures, a linear kernel over embedding features, and
two tree kernels over shallow syntactic trees.

Numeric Features The numeric features in-
clude three types of information: (i) a vari-
ety of textual similarity measures computed be-
tween the question and the comment, (ii) several
boolean features capturing the presence of cer-
tain relevant patterns, e.g., URLs, emails, pos-
itive/negative words, acknowledgements, forum
categories, presence of long words, etc., and (iii) a
set of global features modeling dialogue and user
interactions in the thread. In-depth descriptions of
these features are available in (Barrón-Cedeño et
al., 2015; Nicosia et al., 2015).

Embedding Features We learn embeddings for
questions and answers by training a convolutional
neural network on the comment classification task
following the approach of Severyn and Moschitti
(2015). Figure 2 shows the network architecture.
The sentence matrices contain the word embed-
dings for the question and the answer. The sen-
tence model f(s) performs a convolution and a
max pooling operations on the word embeddings
and on the convoluted feature maps, respectively,
to produce the question embedding (QE) and the
answer embedding (AE). These embeddings are
then combined to produce a similarity value us-
ing a similarity matrix M . The similarity and the
embeddings along with other additional similar-
ity features are then passed through a hidden layer

Figure 2: Question and answer embeddings
learned with a convolutional neural network.

A MAP AvgRec MRR F1 Acc
Baseline 59.53 72.60 67.83 - -
Average 73.54 84.61 81.54 - -
Our 77.66 88.05 84.93 66.16 75.54
Top 79.19 88.82 86.42 64.36 75.11

Table 1: Performance comparison of our classifier
with the top performing and baseline systems on
subtask A of Task 3 at SemEval-2016.

and next to the output layer for classification. The
QE and AE are learned by backpropagating the
(cross entrory) errors from the output layer. We
concatenate QE and AE, and use the resulting vec-
tor as features in our SVM model.

Tree Kernels In addition to the numeric and em-
bedding features, we also use tree kernels to mea-
sure the syntactic similarity between the question
and the comment. In particular, we construct shal-
low syntactic trees for the question and for the an-
swer using the Stanford parser (Klein and Man-
ning, 2003). Following Severyn and Moschitti
(2012), we also link the two trees by connecting
nodes such as NP, PP, VP, when there is at least one
lexical overlap between the corresponding phrases
of the trees. We mark those links using a specific
tag called REL; see Figure 3 for an example. The
kernel function K in the SVM is defined as fol-
lows:

K((t1, t2), (u1, u2)) = TK(t1, u1)+TK(t2, u2)

where TK(t, u) is a tree kernel function operating
over a pair of question (t) and answer (u) trees.

We use the partial tree kernel (Moschitti, 2006)
and the syntactic tree kernel (Collins and Duffy,
2002) models.

SemEval	
  2016	
  Dataset	
  

•  Train:	
  	
  
	
  -­‐	
  2,669	
  ques@ons	
  
	
  -­‐	
  17,900	
  comments	
  	
  

•  Test:	
  	
  
	
  -­‐	
  700	
  ques@ons	
  
	
  -­‐	
  7,000	
  comments	
  	
  

SemEval	
  2016	
  Results	
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Design  of  CQAVis


• Guided	
  by	
  previous	
  work	
  on	
  
visualizing	
  mul@ple	
  conversa@ons.	
  

•  Simplified	
  and	
  tailored	
  to	
  	
  CQA	
  
data	
  and	
  tasks.	
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Enamul	
  Hoque	
  and	
  Giuseppe	
  Carenini	
  (IUI	
  2016).	
  

Mul-ConVis	
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q:	
  Which	
  is	
  the	
  best	
  bank	
  in	
  Qatar?	
  

qm:	
  Need	
  a	
  personal	
  loan.	
  Suggest	
  a	
  good	
  bank	
  

q2:	
  What	
  is	
  the	
  best	
  bank	
  to	
  open	
  an	
  account?	
  

q1:	
  what	
  is	
  the	
  best	
  bank	
  in	
  qatar	
  for	
  small	
  business	
  

C11:	
  IBQ.if	
  your	
  salary	
  is	
  25k	
  above	
  you	
  will	
  have…	
  

C12:	
  West	
  bank	
  ????	
  

C1n:	
  Thanks	
  CBQ;	
  I	
  in	
  fact	
  applied	
  for	
  an	
  account…	
  

…	
  

C21	
  

C2n	
  

…	
  

Cm1	
  

Cm2	
  

Cmn	
  

…	
  

…	
  

C22	
  

Related	
  ques2on	
  
•  relatedness	
  score	
  w.r.t.	
  new	
  ques@on	
  [0,1]	
  

Comment	
  
•  classifier	
  score	
  normalized	
  to	
  a	
  value	
  between	
  [0,1]	
  

Top	
  answers	
  	
  
•  combine	
  relatedness	
  and	
  classifier	
  scores	
  

Qatar	
  Living	
  forum	
  dump	
  (from	
  March	
  2016):	
  
	
  Total	
  conversa@ons:	
  202,304	
  
	
  Total	
  comments:	
  2,043,022	
  	
  
	
  Avg.	
  comments	
  per	
  conversa@ons:	
  10.21	
  

Designing  CQAVis:    
What  Informa2on  Should  be  Presented?




V1	
  (based	
  on	
  training	
  corpus)	
  

V2	
  (first	
  live	
  demo)	
  
Iyas.qcir.org/demo	
  

V3	
  (Qatar	
  Living	
  beta	
  version)	
  
Qatarliving.com/betasearch	
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Design  of  CQAVis:  Itera2ve  Prototyping




Re
la
te
d	
  
qu

es
@o

ns
	
  

Co
nv
er
sa
@o

n	
  
vi
ew

	
  

Thread	
  Overview	
  

Final  Design  of  CQAVis




Live	
  Demo	
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Introduc@on	
  

Tasks	
  

Post-­‐study	
  ques@onnaire	
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Online	
  User	
  Study	
  
Real	
  users,	
  real	
  data	
  and	
  real	
  tasks	
  
	
  	
  	
  -­‐	
  To	
  enhance	
  ecological	
  validity	
  
	
  	
  	
  -­‐	
  Uncontrolled,	
  less	
  incen@ves	
  for	
  users	
  	
  

hTp://www.Qatar	
  Living.com/betasearch	
  

Pilot	
  (lab)	
  study	
  
	
  	
  	
  	
  -­‐	
  To	
  revise	
  the	
  study	
  

User  Evalua2on  of  CQAVis




Online  User  Study:  Results  Analysis


• User	
  sta2s2cs:	
  
•  768	
  par@cipants	
  

• Data	
  Collec2on:	
  
• Query	
  log	
  
•  Interface	
  ac@ons	
  
• Ques@onnaires	
  (measured	
  on	
  Likert	
  scale)	
  
• Open-­‐ended	
  comments	
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User  Evalua2on  of  CQAVis:  Ques2onnaires

•  Subjec@ve	
  ra@ngs	
  

From	
  56	
  users	
  

4.1	
  

3.9	
  

3.78	
  

4.25	
  

1	
   2	
   3	
   4	
   5	
  

I	
  found	
  this	
  tool	
  to	
  be	
  useful	
  

I	
  found	
  this	
  tool	
  easy	
  to	
  use	
  

I	
  found	
  this	
  interface	
  enjoyable	
  to	
  
use	
  

This	
  tool	
  enabled	
  me	
  to	
  find	
  
answers	
  relevant	
  to	
  my	
  ques@ons	
  

Average	
  ra@ng	
  
 
 
 
Would you prefer this tool over the regular one? * 
Yes: 75%, No: 6.25, Can’t tell: 18.75%  
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User  Evalua2on  of  CQAVis:  Interac2on  Sta2s2cs  



97.98	
  

97.40	
  

11.98	
  

87.21	
  

54.01	
  

39.40	
  

6.51	
  

74.48	
  

9.01	
  

0	
   10	
   20	
   30	
   40	
   50	
   60	
   70	
   80	
   90	
   100	
  

Search	
  

Hover	
  conversa@on	
  

Sort	
  conversa@on	
  

Click	
  Conversa@on	
  

Hover	
  Thread	
  Overview	
  

Click	
  Thread	
  Overview	
  

SortComments	
  

Hover	
  Comment	
  

Filter	
  Comments	
  

%	
  of	
  users	
  

Interac@ons	
  in	
  
Ques2on	
  list	
  view	
  

Interac@ons	
  in	
  
Conversa2on	
  view	
  

Time	
  spent:	
  155	
  sec	
  (median),	
  	
  2483	
  sec	
  (average)	
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Lessons  Learned


Design	
  	
  
•  Less	
  is	
  more	
  	
  
•  Enhance	
  learnability	
  	
  
•  Introduce	
  familiar	
  visualiza@ons	
  	
  
	
  

Evalua2on	
  
• Challenges	
  in	
  collec@ng	
  feedback	
  from	
  users	
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Conclusions


• We	
  successfully	
  integrate	
  NLP	
  and	
  InfoVis	
  for	
  CQA	
  
•  NLP:	
  retrieve	
  and	
  rank	
  comments	
  given	
  a	
  new	
  ques@ons	
  
•  InfoVis	
  :	
  helps	
  the	
  user	
  in	
  rapidly	
  naviga@ng	
  the	
  comments	
  

• Used	
  by	
  a	
  popula2on	
  with	
  possibly	
  low	
  visualiza2on	
  literacy	
  
•  Lessons	
  learned	
  from	
  the	
  study	
  
•  Future	
  work:	
  

•  Further	
  improve	
  the	
  comment	
  classifier	
  
•  Apply	
  CQAVis	
  in	
  other	
  forum	
  conversa@ons	
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Thank	
  you!	
  

24	
  

Check	
  out	
  the	
  live	
  demo:	
  	
  

iyas.qcri.org	
  

Department	
  of	
  Computer	
  Science	
  
University	
  of	
  Bri@sh	
  Columbia	
  



Supplementary	
  slides	
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•  Analyzing	
  Exis@ng	
  HCI	
  literature	
  
•  What	
  types	
  of	
  ques@ons	
  are	
  asked?	
  	
  

•  Many	
  ques*ons	
  are	
  subjec*ve	
  in	
  nature	
  
•  Who	
  answers	
  and	
  why?	
  

•  Slower	
  responses	
  
•  What	
  is	
  the	
  quality	
  of	
  answers?	
  

•  Lots	
  of	
  variability	
  

•  Interviewing	
  Qatar	
  Living	
  admins	
  and	
  users	
  
•  Many	
  naive	
  users	
  
•  Users	
  want	
  to	
  find	
  useful	
  answers	
  quickly	
  
•  Difficulty	
  in	
  finding	
  good	
  answers	
  	
  
•  Screen	
  space	
  constraints	
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User  requirements  analysis


(Morris	
  et	
  al.	
  2010,	
  Ellison	
  et	
  
al.	
  2013,	
  Hecht	
  et	
  al.	
  2012)	
  

•  We	
  need	
  a	
  comment	
  classifica2on	
  
technique	
  to	
  find	
  good	
  answers	
  

•  Interface	
  should	
  support	
  users	
  in	
  
iden@fying	
  good	
  answers	
  quickly	
  

•  Interface	
  should	
  be	
  simple	
  and	
  intui2ve.	
  



User  Evalua2on  of  CQAVis


•  Some	
  qualita@ve	
  feedback?	
  
• About	
  limita@ons?	
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Literature  Review


• Conversa@on	
  visualiza@on	
  in	
  general	
  
•  Convis	
  and	
  others	
  

•  Specific	
  for	
  CQA	
  domain	
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Future  Work


•  Further	
  improve	
  the	
  comment	
  classifier	
  
• Apply	
  CQAVis	
  in	
  other	
  forum	
  conversa@ons	
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