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1 Introduction
motivation: [7], [1], [14]

Gallicagram: [2] + exemples d’utilisation ?
Sornette [17] and Crane [6]
Lehmann [13]
studies on word/token counts [10], [15]
change detection [8, 11]
kewords: reflexivity, time change, news?
main goal of Bouchad et al: show that jumps are not caused by news or volume, but by

"endogeneous" processes. what if it’s already the case. . . for news themselves? is there a structure
across the journals or do some activity spikes appear out of nowhere?

2 Data collection
Our corpus gathers the articles published by J = 36 French media outlets: national and regional
dailies, weeklies and online news sites, including the main national dailies — Le Monde, Le
Figaro, Les Échos. It currently contains more than 16 million articles. The archive depth varies
across outlets: the oldest one, that of Le Monde, goes back to 1944, and all 36 outlets are covered
from 2008 onwards. The corpus is updated daily.

Each article is segmented into words (tokens), and the counts are aggregated at the publication-
day level over a vocabulary common to all media. For each media j, each word w in the vocabulary
and each day t, we thus record the number of occurrences Xw,j

t and the total number of tokens
N j

t published by this outlet on this day.
These counts define the two corpora used in the sequel. The per-media corpus is the collection

of the individual series (Xw,j
t , N j

t ): it tracks the activity of a given journal. The unified corpus
aggregates the 36 outlets into a single journal, by summing occurrences and exposures day by
day:

Xw
t =

J∑
j=1

Xw,j
t , Nt =

J∑
j=1

N j
t .

3 Detecting anomalous activity

3.1 Vocabulary selection

We will study the word or n-gram frequency in the unified corpus, across time. The most frequent
words often do not bear any interesting information (such as « the », « and », « of », etc.).
We will therefore only consider words in a carefully selected vocabulary: we choose words and
n-grams

1. that are not connection words, simple verbs, demonstrative pronouns, etc.

2. ?

3.2 Statistical model and fitting

Fix a word w in the vocabulary. For each publication day t ∈ {1, . . . , T} we observe the count
Xt ≡ Xw

t ∈ N of occurrences of w, and the exposure of that day, which is the total number of
tokens Nt published that day. The (normalized) word frequency is

ft = 105 Xt

Nt
.
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Our preliminary goal is to detect days where ft is unusually high; but we have to account for the
fact that Nt varies from day to day. A day with low Nt is more likely to have a high ft simply
because it has fewer tokens to distribute, and thus ft would have a higher variance. To automate
the detection of these unusually high frequencies while taking into account Nt, we will first fit a
statistical model to the count data (Xw

t )T
t=1, and then we use the model to compute p-values for

each day.
We model the daily count as a mixture: a Bernoulli variable decides whether the word is

used at all that day (there are many days where the word is not used at all). Then, conditionally
on being used (ie Xw

t > 0), we model Xw
t − 1 as a negative binomial1 variable whose mean is

proportional to Nt. Formally, with parameters θ = (p, µ, r) ∈ (0, 1) × (0, ∞)2,

θ(Xt = k) =

p, k = 0,

(1 − p) f(k − 1; µNt, r) , k ≥ 1,
(1)

with f(· | m, r) being the density of the negative binomial with mean m and variance m + m2/r,
that is

f(k | m, r) = Γ(k + r)
Γ(k + 1)Γ(r)

(
r

r + m

)r ( m

r + m

)k

, (2)

In the sequel, we simply note Xt ∼ (p, µNt, r).
In the econometrics and applied statistics litterature, models like (1) with a probability p of

being zero, and a probability 1 − p of being random with a certain parametrized distribution, are
known under the name of hurdle models (see [5, 16]) or zero-inflated models, as in [12].

Conditionnally on being used (ie Xt > 0), the mean of Xt is proportional to Nt: this is
standard in the litterature for regression of count data [4, 9]. The moments of the model are

θ[Xt] = (1 − p) (1 + µNt), (3)

θ(Xt) = (1 − p)
(

µNt + (µNt)2

r

)
+ p(1 − p) (1 + µNt)2, (4)

the second term of (4) being the extra variance due to the Bernoulli component.
We will fit models like (1) to each word w in the vocabulary, using maximum likelihood

estimation. The likelihood of (1) is easy to evaluate: writing n0 = #{t : Xt = 0} for the number
of inactive days and A = {t : Xt ≥ 1} for the set of active days, the log-likelihood is

ℓ(p, µ, r) = n0 log p + (T − n0) log(1 − p)︸ ︷︷ ︸
Bernoulli

+
∑
t∈A

log f(Xt − 1 | µNt, r)︸ ︷︷ ︸
counting

, (5)

in which p appears only in the first term and (µ, r) only in the second. Hence the maximum
likelihood estimator gives p̂ = n0/T on the first hand, and then (µ̂, r̂) maximises a negative
binomial log-likelihood on the active days A. This can be done using standard methods
implemented in the Scipy library.

3.3 p-values and spike detection

Once the parameters θ̂ = (p̂, µ̂, r̂) are fitted for a certain word, we can compute the likelihood of
any count Xt under the fitted model, given the exposure Nt: for days with activity (ie Xt > 0),
the likelihood is

pt = (1 − p̂)f(Xt − 1 | µ̂Nt, r̂), (6)

and we call
t = − log10(pt)

1Elementary context on the negative binomial distribution is given in Appendix A.
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the surprise of the day t. Given a threshold H, a day is declared anomalous2 when t ≥ H, that
is pt < 10−H . In the sequel, we use H = 6 to be very conservative. If the statistical fit is correct,
that would correspond to a one-in-a-million event.
Remark 3.1. Two-stage fitting and robustification
Remark 3.2. Given fitted parameters θ̂, the quantiles of BNB(p̂, µ̂N, r̂) are decreasing with the
exposure N : with a low exposure N , the count X has a higher variance and thus a higher
probability to be large. Consequently, two different days t ̸= t′ with the same word count
Xt = Xt′ can have a very different surprise, if the exposure of the two days are different, Nt ≠ Nt′ .
Indeed, if Nt < Nt′ , then st < st′ .

4 Statistics of activity spikes

4.1 Anomalous days

total number of spikes | number of words with a spike | distribution of number of spikes per word
(histogram) | histogram of the surprises especially above the threshold

4.2 Co-jumps

For any day t, we note Kt the number of words having a spike at this day.
time series of of Kt | fit with heavy tail and quantiles and max |

5 Classification of single jumps

5.1 Methodology

The goal of this section is to find some regular time patterns around activity spikes. For this, we
perform a PCA on time windows around spikes. More precisely, let w be a word for which there
is an anomalous activity spike at a certain day t. Let D be a window size, to be chosen as a
hyperparameter — typically, D = 15 days. We extract a window of D time units before and after
the spike at time t, obtaining a vector of size 2D+1, Zw

t = (Xt−D, . . . , Xt−1, Xt, Xt+1, . . . , Xt+D).
If n is the total number of anomalous activity spikes detected in the corpus, we thus obtain a
matrix Z = (Zw

t )spike for (w,t) of size n × (2D + 1).

Non-maximal suppression . talk abt NMS [3]

Standardization of the windows . Before performing a PCA, we need to standardize the
lines of Z to have mean 0 and variance 1. We could compute the standardized z-score for each
window, but it is more sound to compute the mean and standard deviation in the window,
excluding the spike at time t. Thus, let Zs be a spike. We note

ms = 1
2D

∑
|i−t|≤D,i̸=t

Xi,

σs =
√√√√ 1

2D

∑
|i−t|≤D,i̸=t

(Xi − ms)2.

and we replace Zs by its standardized version, Z ′
s = (Zs − ms)/σs. We then perform a PCA (or

a variant) on the standardized matrix Z ′.
2We only test for excess activity and we did not consider the opposite, an anomalous absence of activity.
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5.2 Results

plots: valeurs singulières avec fit marchenko-pastur, nombre d’outliers
part de la variance expliquée (K50, K90) y compris pour des hyperparamètres
formes des vecteurs propres et interprétations

Remark 5.1. We explored different variants of the classical PCA, with no noticeable improvements.
In particular, Kernel PCA did not explain a significantly higher part of the data variance, showing
that the data does primarily have a linear structure. Further results on these explorations are
given in Appendix B.

6 The structure of jumps across journals
We now arrive to the main part of the paper, where we show patterns of activity jumps across the
different J journals. To do so, we have to split the windows of the unified corpus into per-media
windows. Our methodoly is as follows: for each detected spike s = (w, t), we extract J windows
of activity around the spike and stack them. If

Zs,j = (Xw,j
t−D, . . . , Xw,j

t−1, Xw,j
t , Xw,j

t+1, . . . , Xw,j
t+D)

is the window of activity around the spike for the word w and the journal j, then we set

Zs = (Zs,j)J
j=1 ∈ RJ×(2D+1)

the window of activity around the spike for the word w and the journals.
QUESTIONS: quelle normalisation adopter ?

7 Conclusion

Data and code availability
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A Negative binomial distribution
The usual parametrization of the negative binomial distribution is with a success parameter p
and a dispersion parameter r > 0, with probability mass function given by

Γ(k + r)
Γ(k + 1)Γ(r)pr(1 − p)k (k = 0, 1, 2, . . . ) (7)

When r is an integer, this distribution is often interpreted as the number of failures before the
r-th success in a sequence of Bernoulli trials with success probability p, and known under the
name of Pascal distribution. However, in general r needs not be an integer. The mean and
variance are given by

(X) = r(1 − p)
p

, (8)

(X) = r(1 − p)
p2 . (9)

Noting m = r(1 − p)/p, a simple computation gives (X) = m + m2/r. The parameter r thus
accounts for overdispersion: when it is small, the negative binomial has a higher variance that
the corresponding Poisson distribution, which has mean and variance equal to m. It is thus more
intuitive to parametrize the negative binomial distribution in terms of m and r. To go back to p,
we can use the relation p = r/(r + m) and 1 − p = m/(r + m). With this new parametrization,
the form of the probability mass function is then

f(k | m, r) = Γ(k + r)
Γ(k + 1)Γ(r)

(
r

r + m

)k ( m

r + m

)r

, (10)

as in (2).

B Further results on PCA
Ici : kernel PCA etc
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