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Anyone can edit the Wikipedia
• This has been the key to its success (get knowledge from all sources).

• But if anyone could have added it, how do we know whether we can trust it?

– Typos, misleading information, slander, information deletion, ... 



  

Author Reputation  +  Text Trust

Author Reputation:

• Promote constructive behavior

• Provide information on author reliability

Text Trust:

• Give a guide to text reliability

• Provide alert for attempts to tamper with content



  

Content-driven reputation

• Authors of long-lived contributions gain reputation

• Authors of reverted contributions lose reputation
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Why content-driven reputation?

• No change to Wikipedia user experience

– Transparent to casual users

– No need to explicitly rate others and be rated, less stress

• Everybody votes (via their edits)

– Technically dedicated users do not carry more weight

• Less prone to reputation wars

• We have the data 

– The whole Wikipedia history, many million article versions.

We would like to avoid displaying reputation values directly; our main 
use for reputation is as a means of computing text trust. 



  

Goals of reputation in Wikipedia

• Prescriptive: encourages people to behave in a good way (e.g., 
Ebay system).

– We want to encourage lasting contributions. 

• Descriptive: gives information to users (e.g., Pagerank, Ebay 
system). 

– Author reputation can be used as a rough guide to the trust in 
new text/edits.

• Predictive: Is reputation a good predictor for future behaviour?  
Few systems make this claim!

– We use this as our evaluation criterion, and we show that 
our reputation can predict edit quality.
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Does our reputation have predictive value?
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The reputation of author A 
at the time of an edit E depends 
on the history before the edit.

The longevity of an edit E 
depends on the history 

after the edit.

We will show a correlation between 
author reputation and edit longevity

Does our reputation have predictive value?



  

Building a content-driven 
reputation system



  

What is a “contribution”?

Text

bla ei

bla eiyak

Edit

We measure how 
long the added 
text survives.

Based on text 
tracking.

bla yak

yak bla

bla bla

buy viagra!

bla bla

We measure how long the “edit” 
(reorganization) survives.

Based on edit distance.



  

Text

bla bla wuga boinkversion 9
5 8 9 6

bla bla wuga boink
5 8 9 6

wuga
10

wuga
10

version 10

We label each word with the version where it was 
introduced.   This enables us to keep track of how 
long it lives.



  

Text

time

(versions)

Amount of
new text

Amount of
surviving text
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Text:  Longevity

Text Longevity ®text:

• We find the ®text 2 [0,1] that yields the best geometrical 
approximation for the amount of residual text. 

• We call ®text the text longevity of edit k. 
 ®text ' 1: long-lived; ®text = 0: removed immediately.

time

(versions)k j

Tk ¢ ®text
j-kTk
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Text: Reputation update

• As a consequence of version j, we increment the 
reputation of Ak in proportion to  Tj , and to the 
reputation of  Aj .

time

(versions)k j

Tj 
Tk

Ak Aj (authors)
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Edit

We compute the edit distance between versions k-1, k, and 
j, with k < j  (see paper for details on the distance).

k-1

j

d(k-1, j)

k

d(k, j)

judge

k < j

d(k-1, k)

judged



  

Edit:  good or bad?

k is good: d(k-1, j) > d(k, j)

k-1

j

k

d(
k,

 j)d(k-1, j)

k is bad: d(k-1, j) < d(k, j)

k-1

j

d(k-1, j)

k

d(k, j)

“k went towards the future” “k went against the future”

judge

judged

the past

the future

the past
judged

judge

the future



  

Edit:  Longevity

Edit longevity measures the fraction of 
change that agrees with the future page 
evolution.

•   ®edit ' +1:   edit k is good

•  ®edit '  -1:   edit k is reverted

k-1

j

k

“work done”
d(k-1 ,k)

Edit Longevity:

d(k-1,j)-d(k,j)

“progress”

Corollary: we can detect reversions automatically.

the past

the future



  

Edit:  Updating reputation

Reputation update:

Edit Longevity:
k-1

j

k

The reputation of Ak 

•  increases if ®edit > 0, 

•  decreases if ®edit < 0.

Ak

Aj

“work done”
d(k-1 ,k)

d(k-1,j)-d(k,j)

“progress”

the past

the future

(see our WWW07 paper for details)



  

Results: English Wikipedia, in detail

   
% of edits below a given longevity
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Bin   %_data   l<0.8   l<0.4   l<0.0   l<-0.4   l<-0.8

  0   16.922   93.11   91.65   89.15   83.76    73.53

  1    1.191   77.24   69.83   65.60   61.11    56.00

  2    1.335   69.53   57.08   49.79   45.71    41.25

  3    1.627   38.00   28.61   20.23   16.16    13.62

  4    2.780   32.84   22.31   13.32    9.57     8.04

  5    4.408   41.70   15.76    5.90    3.80     2.57

  6    6.698   29.40   16.74    7.54    4.35     3.12

  7    8.281   32.04   15.16    5.44    2.25     1.40

  8   12.233   34.06   16.64    6.78    3.79     2.73

  9   44.524   32.55   15.51    5.05    1.88     1.14
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Predictive power of low reputation

• Recall: Low-reputation authors (those in the bottom 
1/5 of reputation) account for 18.1% of the edits, and 
for 82.9% of short-lived edits.

• Precision: An edit has a 5.7% probability of being 
short-lived.  However, if the edit is done by a low-
reputation author, this probability raises to 48.9% .

Recall and precision are high, even though this is a human 
behavior predicition problem! 



  

From author reputation
to text trust



  

Text Trust: Principles

Compute trust at word level to track changes:

• New text starts with a trust value proportional to the 
author's reputation. 

• Text trust can raise when the text is revised by higher-
reputation authors. 

Trust must alert visitors to information tampering.

Display trust via background colors:

trusted text untrusted textdecreasing trust

[Related work: Zeng, Alhoussaini, Ding, Fikes, McGuinnes 06]



  

Trust:  New Text

existing text



  

Trust:  New Text

existing text

textnew text, by low-rep author

The color of new text 
is proportional to the
author's reputation

existing



  

Trust:  New Text

Even top-reputation authors cannot single-handedly create 
trusted text: trust always requires consensus.

existing text

existing textnew text, by hi-rep author

block boundary behavior
(more on this later)The color of new text 

is proportional to the
author's reputation



  

Trust: Rearranging Blocks of Text

A B C D E F

A D E F B C

At every border between new neighbours, 
the text has the same trust as new text.  

The trust gradually returns to the 
original value as the distance from the 

disrupted border increases. 



  

Trust: Text revision effect 

trust 0

max trust

text

trust of existing text



  

Trust: Text revision effect

trust 0

max trust

text

trust of existing text

author reputation



  

Trust: Text revision effect

If text has trust lower than the author's reputation, we 
update it as follows: 

 trustnew   =   trustold    +  ® ¢ (reputation   –   trustold) 

trust 0

max trust

text

trust of existing text

author reputation

trust of new text



  

All (trust updates) together now! 

A B C D

A B DE

1
2

3223
4

4

tr
us

t
tr

us
t

1 Trust of new text

2
New block borders have
the same trust as new text

3 The revision effect increases
the trust of existing text

4 Note: this is not a new border



  

Italian Cuisine, revisited



  

Cheerleading and word spotting

Spam

Not spam

Many tell us that we should use semantic analysis as well.
But the present method is simpler, and language independent.



  

Word or sentence level? 

Word level gives more information.



  

Finding non-obvious tampering 

The correct spelling is Fogh.

In Danish, “fjog” means “fool” or “goofy”



  

How to evaluate our trust computation? 

Via a human trial? 

• Long, boring, expensive

• Not suited to algorithm optimization

• Surprising difficult even for humans to judge whether 
information is trustworthy.

Idea: Trust should predict text stability [Zeng, Alhoussaini, 
Fikes, McGuinness 96]

• Text that is trusted should be less likely to change.



  

Low trust predicts text deletion

• Recall wrt. deletions:  Text in the bottom half of trust 
values consitutes 3.4% of the text, yet corresponds to 66% 
of the text that is deleted in the next revision.

• Precision wrt. deletions: Text in the bottom half of trust 
values has a probability of 33% of being deleted in the very 
next revision, compared with 1.9% for general text.  The 
probability raises to 62% for text in the bottom fifth of 
trust values.

Data obtained by analyzing 1,000 articles selected at random among 
those with at least 200 revisions.



  

Trust predicts text lifespan

Word trust
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From new text to trusted text - animation
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Social interaction on the Wikipedia 

• We can automatically detect the amount of 
contribution, reversions, edit wars, and other 
phenomena!

• This enables all sorts of sociological studies of the 
Wikipedia, and of how people collaborate.

• We are just starting to look into the data...  



  

The demo, and the tool: WikiTrust

• Live demo: http://trust.cse.ucsc.edu/

• The tool WikiTrust is now available (BSD license): 
http://trust.cse.ucsc.edu/WikiTrust

• We are currently developing an on-line version of the 
tool, that can compute reputation and trust in real-
time, as edits are made. 

• Goal: deployment on the live Wikipedia. 

• We thank CITRIS for the support!!

The End


