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1.	  CONSIDERATIONS	  
Pros	  &	  Cons	  of	  Co-‐cita7on/biblio.	  Coupling-‐based	  
Analyses	  	  
vs.	  
Text-‐based	  Analysis	  
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Co-‐cita7on	  Analysis,	  Biblio.	  Coupling	  and	  
Seman7c	  Comparison	  

•  How	  to	  measure	  the	  relatedness	  between	  papers?	  

A	   B	  
hQp://en.wikipedia.org/wiki/Co-‐cita7on	  

3	  

2	  

1	  

cites	  cites	  
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1	   2	  

Bet.	  A	  &	  B:	  co-‐cita7on	  analysis	  
Bet.	  1-‐3:	  biblio.	  coupling	  analysis	  
	  

Seman7c	  comparison	  of	  
papers’	  abstracts	  



Co-‐cita7on/Biblio.	  Coupling	  Analyses	  
Pros	   Cons	  

Co-‐occurrence-‐based	  
and	  bibliography-‐
centered,	  thus	  fast	  to	  
process	  with	  very	  
large	  sets	  of	  papers	  

Cita7on	  strategies	  are	  influenced	  by	  researchers’	  
prac7ces	  [Sword	  12]	  and	  mo7va7ons	  [Ding	  et	  al.	  
14]	  
-‐  Cita7on	  number	  differ	  across	  domains	  
-‐  Influenced	  by	  authors’	  impact	  factor	  
increasing	  endeavors	  

-‐  “Homage“	  effect	  may	  entail	  overcita7on	  
(a.k.a.,“preferen7al	  aQachment”)	  

Bib.	  coupling	  
captures	  
collabora7on	  &	  
communi7es	  
=>network	  
extrac7on	  easier	  

Assume	  all	  references	  are	  of	  similar	  value	  [Ding	  
et	  al.	  14],	  e.g.,	  don’t	  address	  the	  number	  of	  
7mes	  a	  ref.	  is	  cited	  in	  a	  paper	  [Wan	  &	  Liu	  14],	  
or	  how	  it	  is	  cited	  (where	  in	  the	  paper)	  

Two	  cita7ons	  of	  a	  given	  paper	  may	  refer	  to	  
different	  aspects	  of	  the	  cited	  paper	  
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Text-‐based	  Approach	  

Pros	   Cons	  

Content-‐based,	  thus	  more	  
accurate	  than	  Co-‐Cita7on	  
Analysis	  to	  assess	  paper’s	  
similarity,	  at	  least	  to	  measure	  
cohesion,	  topic	  similarity	  

Seman7c	  analysis	  is	  more	  
computa7onally	  demanding:	  fewer	  data	  
is	  computable	  in	  one	  pass	  
	  

Reduced	  variability	  of	  
summaries	  content	  and	  size	  
across	  domains	  

Network	  extrac7on	  is	  more	  difficult;	  no	  
obvious	  rela7onship	  with	  impact	  factor	  
measures	  

Co-‐cit.:	  Texts	  already	  there	  
(cita7ons	  come	  over	  7me)	  

Seman7c	  similarity	  bet.	  papers	  doesn’t	  
necessarily	  mean	  authors’	  “community	  
of	  thought“	  ,	  rather	  replica7ng,	  copying	  
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2.	  EXPERIMENT	  

Use	  the	  seman7c	  analysis	  (LSA/LDA/
WordNet)	  of	  paper	  summaries	  to	  compare	  
them	  directly	  (instead	  of	  using	  references	  as	  
a	  proxy).	  	  
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LSA	  Example	  [Landauer	  &	  Dumais	  97]	  

Human   1 0 0 1 0 0 0 0 0   .16  .40  .38  .47  .18 -.05 -.12 -.16 -.09 
interface  1 0 1 0 0 0 0 0 0   .14  .37  .33  .40  .16 -.03 -.07 -.10 -.04 
computer  1 1 0 0 0 0 0 0 0   .15  .51  .36  .41  .24  .02  .06  .09  .12 
user   0 1 1 0 1 0 0 0 0   .26  .84  .61  .70  .39  .03  .08  .12  .19 
system   0 1 1 2 0 0 0 0 0   .45 1.23 1.05 1.27  .56 -.07 -.15 -.21 -.05 
response  0 1 0 0 1 0 0 0 0   .16  .58  .38  .42  .28  .06  .13  .19  .22 
time   0 1 0 0 1 0 0 0 0   .16  .58  .38  .42  .28  .06  .13  .19  .22 
EPS   0 0 1 1 0 0 0 0 0   .22  .55  .51  .63  .24 -.07 -.14 -.20 -.11 
survey   0 1 0 0 0 0 0 0 1   .10  .53  .23  .21  .27  .14  .31  .44  .42 
trees   0 0 0 0 0 1 1 1 0   -.06 .23 -.14 -.27  .14  .24  .55  .77  .66 
graph   0 0 0 0 0 0 1 1 1   -.06 .34 -.15 -.30  .20  .31  .69  .98  .85 
minors   0 0 0 0 0 0 0 1 1   -.04 .25 -.10 -.21  .15  .22  .50  .71  .62 
  

r(human,user)= -.38     r(human,user)=.94 

§1: Human machine interface for ABC computer applications 
§2: A survey  of user opinion of computer system response time 
§3: The EPS user interface management system 
§4: System and human system engineering testing of EPS 
§5: Relation of user perceived response time to error measurement 
§6: The generation of random, binary, ordered  trees 
§7: The intersection graph of paths in trees 
§8: Graph minors IV: Widths of trees and well-quasi-ordering 
§9: Graph minors: A survey 

Introduction 
LSA technique 
Tests 
Cognitive models 
Limits 
Competing models 

H-‐M	  	  
Interface	  
	  

Graphs	  



Latent	  Seman7c	  Analysis:	  Sentence/Document	  
Representa7on	  	  [Landauer	  &	  Dumais	  90]	  

“The pilot parks the plane”

A	  sentence	  is	  represented	  by	  the	  sum	  of	  the	  vectors	  	  
of	  its	  words	  [Lemaire	  &	  Denhière	  ’05]	  
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LSA	  Captures	  some	  (but	  not	  all!)	  
Complex	  Word	  Seman7c	  Rela7onships	  
10	  

Hypothe7cal	  Vectors	  [Aper	  Tversky	  77]	  

USRR 

Antilla 



Topic	  Modelling	  with	  Latent	  
Dirichlet	  Alloca7on	  [Blei	  2012]	  

•  Probabilis7c	  method,	  each	  analysed	  document	  is	  a	  “mix”	  of	  
topics,	  of	  decreasing	  probabili7es.	  

•  Three	  example	  topics	  :	  
père(1750.0) famille(1267.0) mère(1221.0) fils(1139.0) 

enfant(1088.0) jeune(771.0) grand(644.0) 
parent(589.0) ...

guerre(1074.0) armée(381.0) soldat(294.0) 
résistance(227.0) combat(214.0) général(211.0) 
officier(187.0) ...

hôpital(975.0) médecin(774.0) médical(549.0) 
service(407.0) santé(405.0) malade(363.0) 
docteur(306.0) ...
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WordNet	  	  
(wordnet.princeton.edu)	  

•  Ontology	  >	  150,000	  concepts	  
•  Nouns,	  verbs,	  adjec7ves,	  adverbs	  
•  Built	  from	  psycholinguis7cs	  experiments	  à	  a	  
seman7c	  network	  of	  common	  concepts	  used	  
in	  language	  

12	  



WordNet:	  Topical	  Subtrees	  –	  An	  Example	  

�  Topic:	  	  silver,	  coinage,	  dollar,	  gold,	  	  bond 	   	  Polisemy	  
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Text	  Pre-‐processing	  
14	  

Tokenizing1

Spliting1

Stemming
(Snowball)

Spell-‐checking	  
(optional)
(LingPipe	  +	  
Lucene)

POS	  tagging1

Lemmatizing1

(Morpholau	  for	  
Fr)

NER1

(English	  only)

Co-‐reference	  
resolution1

(English	  only)

LSA	  vector	  
space	  

mapping
(GraphLab)

LDA	  topics	  
inference
(Mallet)

1	  Stanford	  NLP	  Core

NLP	  Pipe



Corpora	  Descrip7on	  

•  1,000	  abstracts	  from	  Jensen	  &	  Grauwin	  
database	  

•  Abstracts	  from	  educa7onal	  science	  domain	  
•  Problems	  of	  scalability	  &	  processing	  of	  en7re	  
corpora	  using	  full	  NLP	  pipe	  tools	  
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New	  Func7onali7es	  (1)	  

•  Corpus	  similarity	  view	  
– Conceptualize	  the	  corpora	  through	  seman7c	  
similarity	  between	  abstracts	  

– Finds	  most	  similar	  pairs	  of	  ar7cles	  
– Determine	  most	  central	  ar7cles	  

•  Document	  centrality	  view	  
– Find	  most	  similar	  ar7cles	  to	  a	  selected	  ar7cle	  
– Expand	  using	  a	  BFS	  strategy	  the	  graph	  by	  using	  
the	  connected	  ar7cles	  
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New	  Func7onali7es	  (2)	  

•  Concept	  view	  
–  Iden7fy	  most	  relevant	  concepts	  for	  the	  en7re	  
corpora	  

– Rela7onal	  meta	  models	  

•  Keyword-‐abstract	  overlaps	  
– Determine	  best	  overlap	  between	  keywords	  and	  
abstract	  content	  

– Compound	  score:	  occurrences	  of	  keywords	  (30%)	  
and	  the	  seman7c	  relatedness	  between	  keyword	  
”phrase”	  and	  abstracts	  (70%)	  
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Ar7cle	  View	  
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Concept	  View	  (LSA	  &	  LDA)	  
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Corpus	  Similari7es	  View	  
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Document	  Centrality	  View	  
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Concept	  View	  
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Keywords-‐abstract	  Overlap	  
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3.	  FURTHER	  WORK	  
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Towards	  a	  Content-‐based	  Cita7on	  
Analysis	  (CAA)	  [Ding	  et	  al.	  14]	  

There	  is	  at	  least	  15	  reasons	  why	  to	  refer	  to	  a	  paper	  
(prac7ces,	  purpose,	  or	  mo7va7on)	  [Garfield	  64].	  
Full-‐text	  analyses	  allow	  to	  dig	  deeper	  into	  these	  
mo7va7ons	  	  
•  Syntac7c	  CAA:	  Cita7on	  Proximity	  Analysis	  [Gipp	  &	  
Beel	  09]:	  accounts	  for	  co-‐occurrences	  within	  
sentences,	  paragraphs	  or	  paper	  sec7ons	  
(contexts)	  [Elkiss	  et	  al.	  08]	  

•  Seman7c	  CAA:	  Account	  for	  seman7c	  similarity	  
across	  full	  texts	  
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Go	  Full	  Text!	  
•  Seman7c	  analyses	  of	  full	  text:	  	  

– Use	  sen7ment	  analysis	  to	  dectect	  authors’	  cita7on	  
mo7va7on	  	  

–  Inter-‐paragraph	  cohesion	  to	  display	  overall	  paper’s	  
seman7c	  flow	  [O’Rourke	  &	  Calvo	  09]	  

•  How	  to	  decrease	  the	  computa7onal	  demand?	  
•  Consider	  using	  either	  LSA	  or	  LDA	  instead	  of	  both	  
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Warning	  by	  Icoma7c	  hQp://thenounproject.com/term/warning/	  

7 

� �
¦
�

�
 

ji
2
ij

2
ijij

d̂

d̂d
V  (3) 

 
 
Visualizing Flow 
 
A well structured essay should have a clear and logical flow of ideas represented through its flow in paragraphs. The 
2-dimensional visual representation can be used by students to reflect on the correctness of each argument (i.e. how 
each argument point follows each other). The visualization may also help detect ‘breaks’ in the flow, which is when 
two consecutive paragraphs talk about very different topics. The visualization presents the document in a different 
way, as it might appear for an external reader. In a paragraph ‘map’ such as the one in Figure 1, the essay’s 
paragraphs are plotted on a circular grid with the diameter of the grid equal to the maximum possible distance 
between any two paragraphs (i.e. no topic overlap). The paragraphs are represented using a node-link diagram with 
text labels and arrows used to indicate the paragraph sequence.  
 
For example, the clear sequence of topics in the five paragraph essay paradigm (Davis & Liss, 2006), can be 
visualized in our map. In this particular genre, the content of the ‘introduction’ and ‘conclusion’ paragraphs is 
expected to be similar, so these paragraphs should appear close in a map. The ‘body’ paragraphs address different 
subtopics and should ideally be linked through transitions so they should be sequentially positioned in the map. The 
map of a well structured ideal five paragraph essay would have a circular layout of sequential paragraphs, indicating 
a natural change in topic over the essay, with the introduction and conclusion starting and finishing on similar points. 
In contrast, we would expect a poorly structured essay to have many rough shifts in topic, with paragraphs positioned 
somewhat randomly around the map.  
 
The visualization should also make evident the difference between a lower and a higher quality essay. Figure 1 
illustrates the paragraph maps of two short essays. The essay on the left was given a low grade while the essay on the 
right was given a high grade. The topic flow of the high grade essays clearly resembles that of the prototypical five 
paragraph essay described above, while topic flow of the low grade essay appears disorganized. This qualitative 
evaluation implies that how much does statistically/geometrically the map/path deviate from a circle indicates the 
quality of its structure.  
 

  
Figure 1. The paragraph maps of an essay with a low grade (left) and an essay with a high grade (right) 

 
 



Further	  Work—Collabora7on	  

•  Domain	  representa7on	  readability	  (semio7c	  maps)	  
•  Server	  setup	  to	  play	  with	  data	  
•  Focus	  on	  specific	  sub-‐fields,	  like	  TEL	  -‐>	  ANR	  
Orphee	  

•  Merge	  our	  2	  approaches	  	  
•  1st	  7er:	  Seman7cally	  compare	  the	  summaries-‐>	  Map	  
•  2nd	  7er:	  Adjust	  the	  map	  with	  regard	  to	  papers’	  bib	  
coupling	  
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Further	  Work—Likely	  Milestones	  
•  Dynamic	  impact	  assessment:	  effect	  of	  the	  
introduc7on	  of	  bulks	  of	  published	  papers	  on	  the	  
paper’s	  space	  (over	  years)	  

•  LDA-‐based	  measurement	  [Song	  &	  Ding	  14]	  	  
–  to	  tag	  clusters	  
–  to	  extract	  key-‐words	  and	  compare	  with	  the	  actuals	  

•  Use	  researchers’	  networks	  and	  classifica7on	  
(Mendeley,	  CiteULike,	  etc.),	  a.k.a.	  alt-‐metrics,	  to	  
uncover	  sub-‐disciplines	  [Kraker	  et	  al.,	  in	  press]	  
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Even	  Further	  
•  Recommender	  systems	  (which	  paper	  to	  read)	  
•  Wri7ng	  advices	  (how	  to	  write:	  coherence,	  which	  
paper	  to	  cite)	  

•  Cita7on	  gene7c	  genealogy:	  a	  cited	  paper	  is	  the	  
“son”	  of	  the	  papers	  ci7ng	  it	  and	  shares	  their	  
“ADN“	  [Sun	  &	  Zhu	  12]	  

•  Adding	  RDF	  papers	  metadata	  (e.g.,	  CiTO	  tags	  
hQp://purl.org/spar/cito/	  &	  SPAR,	  Seman7c	  
Publishing	  and	  Referencing	  ini7a7ve)	  
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Discussion	  

•  Bib.	  coupling	  and	  seman7c	  analysis	  are	  
complementary	  approaches	  

•  Relate	  computer-‐based	  analyses	  with	  human-‐
based	  ones	  (results	  acceptability)	  
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THANK	  YOU	  FOR	  YOUR	  ATTENTION!	  

Refs	  available	  at	  	  
hQp://www.citeulike.org/user/pdessus/tag/
educmap	  
Contact	  

trausan@gmail.com	  
philippe.dessus@upmf-‐grenoble.fr	  	  
paraschiv.ionut@gmail.com	  
mikedascalu@yahoo.com	  	  
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Aggregated	  Cohesion	  Func7on	  	  

•  Normalized	  value	  in	  [0;	  1]	  considering	  the	  following:	  

–  Inverse	  normalized	  distance	  

–  Lexical	  proximity	  –	  iden7cal	  	  lemmas	  and	  seman7c	  

distances	  in	  WordNet	  /	  WOLF	  (Path,	  Wu-‐Palmer,	  Leacock-‐

Chodorow)	  

–  Seman7c	  similarity	  

•  Cosine	  similarity	  –	  LSA	  (GraphLab)	  

•  Jensen	  –	  Shannon	  Divergence	  –	  LDA	  (Mallet)	  
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Topics	  Extrac7on	  

•  Individual	  normalized	  term	  frequency	   	  -‐	  Sta0s0cal	  presence	  

•  Seman7c	  similari7es	  (LSA	  +	  LDA) 	   	   	  -‐	  Seman0c	  relatedness	  

–  Analysis	  element	  (sentence	  >	  block	  >	  document)	  

–  En7re	  document	  

•  Weighted	  similarity	  with	  seman7c	  chain 	  -‐	  Seman0c	  coverage	  
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Topic	  Relevance	  


