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Goals

• Quantify the temporal relationships 
between blogs at the semantic level;

• Show that these metrics adds to the 
knowledge obtainable by considering only 
the structural level.



Overview

• Semantic “Unit of Activity” Detection

• Probabilistic Precursor/Laggard Scoring

• Results (French political blogosphere)
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• Two or more words per n-gram

• At least one noun

• Reject words that are not 
nouns, verbs, adjectives or 
numbers

• Reject words with strong 
chronological meanings 
(Saturday, April, Spring, 
Christmas, etc..)
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which these posts where published.
The process of topic detection we propose consists of

a classical sequence of treatments that we perform on our
dataset:

1) Part-of-speech tagging and lemmatisation of each post’s
title and content in order to enumerate every relevant
n-grams in the corpus.

2) Detection and filtering of n-gram temporal bursts.
3) Merging of redundant n-gram bursts into unique topics.

A. linguistic treatment
We perform the first step using the TreeTagger tool (23).

In this step we generate a new version of each posts title and
textual content, where each word is lemmatised and augmented
with a part-of-speech tag.

We then divide the corpus of text generated by the previous
step into chunks, delimited by punctuation marks. Afterwords,
we find all the n-grams that occur in the chunks produced
by the previous step. This search is constrained by a set of
rules, as to not generate an intractable amount of n-grams, and
explore only cases we believe are likely to lead to meaningful
topics. The rules are the following:

• N-grams must have two or more words.
• An n-gram must contain at lease one noun.
• All words that are not nouns, verbs, adjectives or numbers

are discarded.
• All n-grams that contain words in a special set called

stop-words list are rejected.
These rules are empirical, having been obtained by experimen-
tation with real datasets. The word set in the last rule contains
words that have a strong temporal meaning, and that would
later on lead to the detection of meaningless temporal bursts
of usage. We used a set containing names of months, days of
the week and holiday seasons (like Christmas), in both French
and English.

B. Temporal bursts detection
In the second phase, we analyse the pattern of occurrence

of each n-gram, dividing the period of observation into bursts
of activity. For this purpose, we devised an algorithm that
iteratively divides the timeline into intervals, aiming at the
maximization of a value we will call the burst ratio. Let
us consider an ordered set T = {t0, t1, ..., tn} (in ascending
order), where each element is the time of an occurrence of the
n-gram. Furthermore, any two consecutive elements of T must
originate from different blogs. This guarantees that a burst can
only be maintained by the participation of multiple blogs.

We are interested in partitioning T into subsets which
correspond to temporal bursts. Let us consider the ordered
set Θ = {θ0, θ1, ..., θn} where θk = 1 if element tk is
the last element of a burst, and θk = 0 otherwise. Each
time θk equals 1 it means that the burst ends at tk. Given
a partition Θ of the sequence of a n-gram into bursts, it
is straightforward to compute the time-lag between the end
of a burst and the beginning of the next burst or the time-
lag between two occurrences inside the same burst. We can

time

T

!

t1 t2 t3 t4 t5 t6 t7

0 1 0 0 0 1 1

Figure 1. Example of a sequence of occurrences of a given ngram. The
ordered sets T and Θ are depicted. Inter-bursts and intra-burst intervals are
represented by arrows (respectively straight and curved).

compute the average time-lag between two consecutive bursts
or the average interval inside each burst on the whole timeline
as follows:

V !−→(T, Θ) =
∑|T |−1

i=1 (ti+1 − ti)θi
∑|T |−1

i=1 θi

,

if
|T |−1∑

i=1

θi > 0, 0 otherwise (1)

V!(T, Θ) =
∑|T |−1

i=1 (ti+1 − ti)(1− θi)
∑|T |−1

i=1 (1− θi)
,

if
|T |−1∑

i=1

θi > 0, 0 otherwise (2)

We also define the minimum inter-burst interval m !−→(T, Θ)
as:

m!−→(T, Θ) = min{i<|T |,θi=1}(ti+1 − ti)

We then define the burst ratio, ρ(T, Θ) as:

ρ(T, Θ) =
V !−→(T, Θ)
V!(T, Θ)

, if V!(T, Θ) > 0 , 0 otherwise

Simply put, ρ(T, Θ) is the ratio of the mean time interval
between bursts to the mean time interval between elements
inside bursts.

On algorithm 1 we present the pseudo-code that describes
the clustering method. The process is started with all the
elements of Θ initialized to 0, meaning that in the initial state,
all n-gram occurrences are considered to belong to a single
burst. The algorithm iteratively tries to add new divisions to
Θ, keeping the ones that increase the burst ratio, until no
further improvement is possible.

Parameters α and β determine, respectively, the minimum
burst ratio and interval between bursts (in days) that are ac-
cepted. These parameters allow us to prevent the formation of
bursts that are not sufficiently separated, both in relation to the
average interval between n-gram occurrences and in absolute
value. For our purposes, we experimentally determined α = 5
and β = 5 to be good values.

We devised our own burst detection algorithm instead of
using one of the available ones, due to the specific require-
ments of our approach. For example, the weighted automaton
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• Minimum number of participating 
blogs (4)

• Minimum average time between posts 
(1 hour)

• Maximum average time between 
posts (3 days)

• Minimum burst duration (3 days)

• Maximum total duration of bursts 
with same n-gram (1 month)
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Probabilistic Scoring

• Given two blogs, what’s the relationship of 
temporal precedence of one over the 
other, discounting asymmetrical posting 
rates?



Probabilistic Scoring

λ(γ(b, b′) = p|A, Y, C) =
!

Z∪R=Y
Z∩R=∅

λ(γ(b, b′) = p|A, Y, C, Z, R) (3)

The likelihood in equation 3 is defined as the sum of the
likelihoods for all possible hypothesis of the appearances of b
before b′ being caused by a temporal relationship or by chance.
The set Y of topics where the first participation of b precedes
the first participation of b′ can be decomposed as the union of
the set Z of topics where b is assumed to display a behavior
of precedence over b′, and the set R of topics where b is
assumed to precede b′ by chance. We define the likelihood of
each hypothesis as:

λ(γ(b, b′) = p|A, Y, C, Z, R) = PZ(A, Z, p) · PR(A, R, C)
(4)

PZ(A, Z, p) is the probability that b precedes b′ in the topics
in Z and not in the topics in A \ Z, given a probability of a
precedence relationship of b over b′ of p. PR(A, R, C) is the
probability that b precedes b′ by chance for the topics in R,
and not for the topics in A \ R, given C. These probabilities
are defined as:

PZ(A, Z, p) = p|Z|(1 ! p)|A|−|Z| (5)

PR(A, R, C) =
"

r∈R

Cr

"

r∈A\ R

1 ! Cr (6)

Now we have to define how to compute the probabilities Cr

that topic r is mentioned by b before b′. We compute these
probabilities by taking into account the total number of posts
published by each blog during the time interval of the topic,
in the following way:

Cr =
Np(b, [ts(r); te(r)])

Np(b, [ts(r); te(r)]) + Np(b′, [ts(r); te(r)])
(7)

ts(r) is the time of the beginning of topic r and te(r) is the
time of its end. Np(j, t, t′) gives the number of posts published
by blog j between times t and t′. Simply, this expression
reflects the idea that, the higher the number of posts of blog
b as compared to the total number of posts from both blogs
in the time interval, the more likely b is to publish the first
post on the topic by chance. We do not consider the overall
posting rates of the blogs, as these change over time.

The computation of the likelihood expressed in 3 suffers
from combinatorial explosion. In fact, the number of com-
putations that have to be performed to calculate λ(γ(b, b′) =
p|A, Y, C, Z,R) scales exponentially with |Y |. For this reason,
when |Y | is above 15, we resort to an estimation based on
sampling.

Finally, we estimate γ(b, b′) by calculating the mean of the
possible values it can take (γ(b, b′) " [0, 1]), weighted by
their likelihood:

γ(b, b′) =
#1
0 l(γ(b, b′) = p|A, Y, C) · p · dp
#1
0 l(γ(b, b′) = p|A, Y, C) · dp

(8)

Not having an analytical solution for equation 8, we use
Monte Carlo integration.

Having a way to compute dyadic precursor scores, we are
now interested in scoring the blogs according to their overall
precursor/laggard behaviors over the entire network. For this
purpose, we will define two metrics: the global precursor score
(P ) and the laggard score (L).

A dyadic precursor score γ(b, b′) can be interpreted as the
probability that a post from blog b′ participates in a topic
under a temporal relationship with blog b, where b precedes
b′, given that both blogs are known to participate in that topic.
We can remove the topic co-participation assumption using
Bayes’ theorem. Considering M to be the event of the post
participating in the topic under the temporal relationship, and
H to be the event of the post for blog b′ participating in a
topic where blog b also participates:

γ(b, b′) = Pr(M |H) (9)

Pr(M |H) =
Pr(H|M)Pr(M)

Pr(H)
(10)

ω(b, b′) = Pr(M) = Pr(M |H)Pr(H) = γ(b, b′)Pr(H)
(11)

We will call ω(b, b′) the adjusted dyadic precursor score.
Notice that Pr(H|M) = 1, because if the post participates in
a topic under a temporal relationship with the other blog, the
blogs will necessary co-participate in that topic.

We define the global precursor score for a blog b (P (b))
as the mean of all adjusted dyadic precursor scores where b
is the origin, and the laggard score (L(b)) as the mean of all
adjusted dyadic precursor scores where b is the target. Being
B the set of all blogs in the network:

P (b) =
1

|B| ! 1

!

b!∈B\{ b}

ω(b, b′) (12)

L(b) =
1

|B| ! 1

!

b!∈B\{ b}

ω(b′, b) (13)

V. RESULTS AND DISCUSSION

The protocol described in the previous sections was applied
to a dataset generated from a crawl of the French political
blogosphere, consisting of 916 blogs, between the days of
October 1st 2009 and February 11th 2010. During this period,
40, 191 posts were published, containing 16, 909 citation links
to other blogs in the network. We applied our topic detection
process on this data and identified 2, 619 different topics.

We then computed the global precursor and laggard scores
according to the process described in the previous section for
each blog that published at least 7 posts during the whole
observation period. We discarded nearly 300 blogs with very

A = {topics where both blogs participate}
Y = {topics where b participates before b’}

C = vector of the probabilities of b participating in a topic before b’ by chance
Z = {topics where b is hypothesized to display a behavior of precedence over b’}

R = {topics where b is hypothesized to have preceded b’ by chance}
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process on this data and identified 2, 619 different topics.

We then computed the global precursor and laggard scores
according to the process described in the previous section for
each blog that published at least 7 posts during the whole
observation period. We discarded nearly 300 blogs with very
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in the time interval, the more likely b is to publish the first
post on the topic by chance. We do not consider the overall
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The computation of the likelihood expressed in 3 suffers
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M = the event of b participating before b’ under a precedence relationship
H = the event of b and b’ participating on a same topic
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the set Z of topics where b is assumed to display a behavior
of precedence over b′, and the set R of topics where b is
assumed to precede b′ by chance. We define the likelihood of
each hypothesis as:

λ(γ(b, b′) = p|A, Y, C, Z, R) = PZ(A, Z, p) · PR(A, R, C)
(4)

PZ(A, Z, p) is the probability that b precedes b′ in the topics
in Z and not in the topics in A \ Z, given a probability of a
precedence relationship of b over b′ of p. PR(A, R, C) is the
probability that b precedes b′ by chance for the topics in R,
and not for the topics in A \ R, given C. These probabilities
are defined as:

PZ(A, Z, p) = p|Z|(1− p)|A|−|Z| (5)

PR(A, R, C) =
∏

r∈R

Cr

∏

r∈A\R

1− Cr (6)

Now we have to define how to compute the probabilities Cr

that topic r is mentioned by b before b′. We compute these
probabilities by taking into account the total number of posts
published by each blog during the time interval of the topic,
in the following way:

Cr =
Np(b, [ts(r); te(r)])

Np(b, [ts(r); te(r)]) + Np(b′, [ts(r); te(r)])
(7)

ts(r) is the time of the beginning of topic r and te(r) is the
time of its end. Np(j, t, t′) gives the number of posts published
by blog j between times t and t′. Simply, this expression
reflects the idea that, the higher the number of posts of blog
b as compared to the total number of posts from both blogs
in the time interval, the more likely b is to publish the first
post on the topic by chance. We do not consider the overall
posting rates of the blogs, as these change over time.

The computation of the likelihood expressed in 3 suffers
from combinatorial explosion. In fact, the number of com-
putations that have to be performed to calculate λ(γ(b, b′) =
p|A, Y, C, Z,R) scales exponentially with |Y |. For this reason,
when |Y | is above 15, we resort to an estimation based on
sampling.

Finally, we estimate γ(b, b′) by calculating the mean of the
possible values it can take (γ(b, b′) → [0, 1]), weighted by
their likelihood:

γ(b, b′) =
∫ 1
0 l(γ(b, b′) = p|A, Y, C) · p · dp
∫ 1
0 l(γ(b, b′) = p|A, Y, C) · dp

(8)

Not having an analytical solution for equation 8, we use
Monte Carlo integration.

Having a way to compute dyadic precursor scores, we are
now interested in scoring the blogs according to their overall
precursor/laggard behaviors over the entire network. For this
purpose, we will define two metrics: the global precursor score
(P ) and the laggard score (L).

A dyadic precursor score γ(b, b′) can be interpreted as the
probability that a post from blog b′ participates in a topic
under a temporal relationship with blog b, where b precedes
b′, given that both blogs are known to participate in that topic.
We can remove the topic co-participation assumption using
Bayes’ theorem. Considering M to be the event of the post
participating in the topic under the temporal relationship, and
H to be the event of the post for blog b′ participating in a
topic where blog b also participates:

γ(b, b′) = Pr(M |H) (9)

Pr(M |H) =
Pr(H|M)Pr(M)

Pr(H)
(10)

ω(b, b′) = Pr(M) = Pr(M |H)Pr(H) = γ(b, b′)Pr(H)
(11)

We will call ω(b, b′) the adjusted dyadic precursor score.
Notice that Pr(H|M) = 1, because if the post participates in
a topic under a temporal relationship with the other blog, the
blogs will necessary co-participate in that topic.

We define the global precursor score for a blog b (P (b))
as the mean of all adjusted dyadic precursor scores where b
is the origin, and the laggard score (L(b)) as the mean of all
adjusted dyadic precursor scores where b is the target. Being
B the set of all blogs in the network:

P (b) =
1

|B|− 1

∑

b′∈B\{b}

ω(b, b′) (12)

L(b) =
1

|B|− 1

∑

b′∈B\{b}

ω(b′, b) (13)

V. RESULTS AND DISCUSSION

The protocol described in the previous sections was applied
to a dataset generated from a crawl of the French political
blogosphere, consisting of 916 blogs, between the days of
October 1st 2009 and February 11th 2010. During this period,
40, 191 posts were published, containing 16, 909 citation links
to other blogs in the network. We applied our topic detection
process on this data and identified 2, 619 different topics.

We then computed the global precursor and laggard scores
according to the process described in the previous section for
each blog that published at least 7 posts during the whole
observation period. We discarded nearly 300 blogs with very
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F igure 3. Scatter plot of precursor (P ) vs. laggard ( L ) scores for all blogs
in the network.

low posting rates because of the noise they may introduce into
the computation of the global scores.

F igure 3 shows a scatter plot of the blogs, positioned in the
plane according to their global precursor and laggard scores:
P and L . This plot gives us an overview of the structure of
the network in terms of precursor/laggard behaviors. It can be
observed that there is a dense cluster of blogs near the origin,
with the distribution of blogs rarefying in both the x and y
directions.

A blog may be situated in the low scores cluster for different
reasons. It could be that it does not tend to participate in
popular topics (which also means that the topics it discusses
are not spread through the network), or it could be that it
maintains relationships of influence with other blogs which are
close to being symmetrical. This type of relationship between
two blogs makes it approximately equally likely that each blog
influences the other to enter a topic. Our scores are not capable
of distinguishing a symmetrical influence relationship from an
indirect relationship1.

In the study of blog networks, it is common to establish
popularity metrics based on the U R L links that point to a blog.
We compute the in-degree of a blog as the number of blogs
that link to it at least once during the observation period, as
well as the classical page rank. Our goal is to compare those
metrics based on the topology of the hyperlinks network with
our temporal semantic based scores.

F igure 4 shows box plots of in-linking and page rank per
interval of precursor score. The two plots present similar
shapes, showing an increase in both in-link degrees and page
ranks up to the third bar. On the fourth bar there is a clear
decrease, suggesting that the precursor behavior is positively
correlated with blog popularity only up to a certain point.

In figure 5 we plot in-linking per interval of laggard score.
This plot is more noisy and the pattern is less clear than

1Since the blog network is not a closed system, two blogs could have a
very similar set of external influences, leading to the same temporal patterns
they would display if influencing each other in a symmetrical way.

Table I
SI G N I F I C A N C E O F M E A N I N - D E G R E E R E L A T I O N S H I PS F O R C L A SS E S O F

B L O G S D E T E R M I N E D A C C O R D I N G T O P R E C U R S O R A N D L A G G A R D S C O R E
I N T E R V A L S.

2.08 6.19 1.59 3.50

pl Pl pL PL

2.08 pl

6.19 Pl **

1.59 pL * ***

3.50 PL ***

the previous one. H igher laggard scores appear to have a
detrimental effect on link popularity. A lthough not shown,
a similar pattern was found when comparing page ranks to
laggard scores.

In order to derive general principles, we divided the blog
set into four classes. Each class is characterized by a high
or low precursor score and a high or low laggard score. A
precursor score is considered low if it is equal or lesser than
the mean precursor score for the entire set (P  [0, P [), and
high otherwise (P  ]P , 1]). Laggard scores are classified in
an analogous fashion. We use the notation p for low precursor,
P for high precursor and so on. The class Pl, for example, is

F igure 4. A bove: box plots of in-linking distributions for intervals of
precursor scores. Below: box plots of page rank distributions for intervals
of precursor scores.
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Conclusions

• Detection of semantic units of iteration

• Dyadic and global precursor/laggard scores

• Fully automated process

• Scores add to the information obtainable 
by structural metrics

• Method validated by a blind test with an 
expert


