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The digital revolution has transformed the exchange of information between people,
blurring the traditional roles of sources and recipients as active and passive entities.
To study this, we build on a publicly available database of quotes, organized as units
of information flowing throughmedia and blogs withminimal distortion. Building on
this, we offer an innovative interpretation of the observed temporal patterns through
a minimal model with two ingredients: a two-way feedback between sources and
recipients, and a delay in the media’s response to activity on blogs. Our model
successfully fits the variety of observed patterns, revealing different attention decays
in media and blogs, with rebounds of information typically occurring between 1 and
4 days after the initial dissemination. More important perhaps, the model uncovers a
functional relationship between the rate of information flow frommedia to blogs and
the decay of public attention, suggesting a simplification in the mechanisms of
information exchange in digital media. Although further research is required to
generalize these findings fully, our results demonstrate that even a bare-bones
model can capture essential mechanisms of information dynamics in the digital
environment.
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Introduction

To effectively understand the mechanisms that drive the flow of information in the
digital environment, a pressing need exists to study how attention to novel items propagates
and fades among large populations (Wu and Huberman, 2007; De Domenico and Altmann,
2020; Lorenz-Spreen et al., 2020; Gildersleve et al., 2023). Accordingly, researchers have
explored the dynamics of public attention using a battery of methodological tools, including
dynamical systems, analytical solutions to master equations, epidemiological models,
stochastic processes, auto-regressive models, and agent-based models (Towers et al.,
2015; Rizoiu et al., 2017; Shang, 2017; Teng et al., 2017; Baumann et al., 2020),
revealing the difficulties of constructing a quantitative theory of information flow.

One of the classic research lines in sociophysics is the temporal dynamics of the public
agenda, which involves tracking topics across various domains—economics, politics,
culture—that emerge from processing large sets of articles published in the media
(Pinto et al., 2019; Gozzi et al., 2020; Schawe et al., 2023). At the other end of the
scale, the temporal consumption of individual words, such as X (ex Twitter) hashtags, has
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also been studied (Altmann et al., 2013; Lorenz-Spreen et al., 2019;
Lin et al., 2021; Pardo Pintos et al., 2022). However, the gap between
both extremes of the scale has not been extensively explored.

The seminal work of Leskovec and collaborators stands out as a
reference for this intermediate scale, “where lies much of the
temporal and textual range over which propagation on the web
and between people typically occurs” (Leskovec et al., 2009). The
authors compiled a massive database of short statements by public
figures from news and blogs during 2008 in the United States.
Notably, it is most common for the media not to use the original
quotes. For instance, variants like “you can put lipstick on a pig but it
is still a pig” and “you know you can put lipstick on a pig” can be
found originating from Obama’s campaign quote. To associate the
different instances, the authors set up a scalable algorithm that
clusters the variants into “memes.” These memes act as units of
information that travel undisturbed along the information flow,
providing a coherent representation of the news cycle. This
organization of quotes represents the main result of the original
work by Leskovec et al., making this database particularly suitable as
a starting point to explore the evolution of units of information that
travel along the media and blogs.

Building on this, we propose an innovative interpretation of the
observed temporal patterns, which wemake operational using a low-
dimensional model with globally interpretable parameters. In
particular, we distinctly differentiate between media and blogs,
considering them as proxies for sources and recipients of
information, respectively. The relationship between media and
public opinion was historically framed by the Agenda-Setting
theory (McCombs and Shaw, 1972; McCombs and Valenzuela,
2020). Although the directionality of these dynamics (whether
media directly shapes public opinion or vice versa) remains a
topic of debate, recent literature suggests a more subtle two-way
feedback loop (Towner and Muñoz, 2018; Pinto et al., 2019; Wang
et al., 2023) which we incorporate in the structure of our model. The
second ingredient of the model, inspired by observed time lags
between peak volumes in media and blogs (Leskovec et al., 2009;
Lorenz-Spreen et al., 2019), is a delay in media response to changes
in public opinion.

Combining these two ingredients in a minimalist mathematical
model reproduces the empirical time series of media and blogs
remarkably well. The final picture reveals that the mean attention
to information units decays within approximately 13 h in the
media and within 2 h in the blogs, with rebounds typically
occurring between 1 and 4 days after the initial dissemination.
Our model also uncovers a functional relationship between the rate
of information flow from media to blogs and the decay of public
attention, suggesting a simplification in the mechanisms of
information exchange in digital media. Although further
research is required to generalize these findings, our results
demonstrate that even a bare-bones model can capture the
essential mechanisms of information dynamics in the digital
environment.

Data

The database contains the mentions of approximately
70,000 quotes that appeared in English mainstream media and

blogs during a period of 3 months in 2008. Most of the quotes
received very few mentions and survived for 2 or 3 days both in the
media and blogs, as shown in Figure 1A. In the same figure we also
show a relevant subset of approximately 200 quotes that were highly
mentioned in both media and blogs, with good signal-to-noise ratio
along periods larger than 1 week (see Methods for details). These
series are the subject of our analyses and were further re-sampled to
a 1 h resolution and analyzed in a period of 24 days, starting 3 days
before the peak value, and smoothed with a 24 h rolling window (see
Methods for details).

Results

We categorized the series upon visual inspection into four
distinct families, as illustrated in Figure 1B. The quote “the united
states is leading diplomatic efforts to achieve a meaningful cease-
fire that is fully respected” is an example of exponential decay in
both media and blogs. This behaviour constitutes around the 36%
of the time series in our selected subset. The remaining time series
exhibit more complex dynamics, characterized by damped
rebounds of information. For instance, the quote “offered up
to a million dollars to name him to the US senate federal law
enforcement” demonstrates a larger amplitude rebound in media
compared to blogs (about 21% of our subset share this
behaviour). Conversely, the quote “he was bum-rushed by
200 people” exhibits the inverse trend (about 37% of the
subset). Additionally, there are instances like “we have sort of
become a nation of whiners” where the magnitude of fluctuations
remains consistent across both media and blogs (observed in
around the 6% of the selected subset).

To account for these experimental patterns, we present a
minimal model of interaction between media and blogs with
interpretable parameters, as schematized in Figure 2. We assume
that the attention in the media and blogs decay at rates p and q and
that information flows from media to blogs and back at rates rm and
rb, respectively. This interaction is formalized as follows:

dm

dt
� −m t( ) + rb b t − τ( )

db

dt
� −q b t( ) + rm m t( ) + k b t( ) b t − τ( ).

(1)

The variables m and b represent the volume of information
units in the media and blogs, respectively. Eq. 1 are in
dimensionless form, and therefore the decay in blogs is
expressed in units of the decay in media (the same holds for
the other variables, see Methods for details).

When τ = 0 and k = 0 we recover the simplest possible model for
the feedback process, one in which both variables b and m interact
linearly. The general solutions of a two-dimensional linear system
include exponential decays and oscillations around the origin
(Wiggins, 2003). Since our variables represent the volume of
information units, which are definite positive, oscillations around
the origin are forbidden and this system can only explain the
observed exponential decays.

To account for the observed positive oscillations, and based on
the observation of time lags between mass media and social media
peak volume values (Leskovec et al., 2009; Lorenz-Spreen et al.,
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2019), we introduce a typical time delay τ in the media’s response to
activity on blogs, which indeed generates oscillations mounted on
the decays (Lahcen, 2006).

However, the relative intensities of these rebounds can be
very different in media and blogs (see Figure 1B). We can account
for this by introducing a non-linear term b(t) b(t − τ), inspired in
the competition for finite resources in population dynamics of
animal species (Lahcen, 2006). It states that the public’s attention
is influenced not only by the volume of mentions at present time,
but also by the past mentions. In this approach, we let the control

parameter k to be either positive or negative, allowing for
an amplification (k > 0) or inhibition (k < 0) of the
feedback effects.

By construction, this model presents a set of minimum
parameters needed to explain the observed dynamics. The result is
a two-dimensional linear system with delay and a saturation term,
described by five independent parameters: the decay q of attention in
the public relative to that of media, the rates information flowing from
media to blogs rm and back rb, the self-feedback k and the delay τ.

We fitted the model to the experimental series using a genetic
algorithm (see Methods). Figure 3 shows examples of selected time
series fitted by the model and the distribution of solutions in the
projection (rb, k) of the parameter space. In this particular projection
it becomes apparent that exponential decays emerge when both rb
and k are small. In this case, the equation for media is decoupled
from blogs (dm/dt ~ −m) and both variables simply decay
exponentially, as shown in the lower left panel of Figure 3.
Information rebounds become more noticeable as the feedback
from blogs rb increases, and the line k = 0 separates the ones
that are higher in blogs (blue dots) than those higher in media
(red dots).

Increasing the feedback from blogs is not the only mechanism
that produces information rebounds. In fact, when k > 0 blogs are
also affected by the delay, independently from the value of rb. In this
case, rebounds are not generated by the forcing of the media, but are
self-induced by the interest of blogs themselves. Interestingly, we
found examples of this behavior in the experimental data (upper left
panel of Figure 3).

The projections (rb, k) and (rm, k) shown in Figure 4 highlight
that the information rebounds prevail in the media or in blogs when

FIGURE 1
Volume of mentions produced by the information units and patterns of temporal evolution. (A)We estimate the volume of quotes by summing the
mentions in a 3-day period around the peak. Most of the quotes receive very few mentions and survive in the system for a short time of around 2 days.
However, there is a subset of approximately 200 quotes circled in black that survive in the system for more than a week, and produce time series with
good signal to noise ratio. The dynamics observed for the volume of quotes can be organized in four families: (B) exponential decays, which
constitutes around the 36% of the selected subset; (C) damped rebounds which are prominent in media (21% of the subset); (D) damped rebounds which
are prominent in blogs (37%) of the subset; and (E) roughly similar rebounds (6%).

FIGURE 2
Two-way feedback between media and blogs. On a press
release, information flows from the media to the social media at a rate
rm. The reactions over a time τ produce a self-feedback effect k and
also feed back to the media at a rate rb. Eventually, collective
attention fades at rates p in the media and q in the blogs. This flow of
information is made operational in Eq. 1 (p = 1 in the
dimensionless form).
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the self-feedback effect is larger than the forcing of the media, |k| >
rm. In the opposite case, when |k| < rm, blogs and media display
essentially the same decaying dynamics.

Finally, the projection shown in Figure 5 discloses an important
dynamical property of the system, as data tends to cluster around the
line rm = q. This means that units of information that flow fast from
media to blogs also decay fast. This finding allows a reduction in the
number of free parameters of the system from five to four. In
particular, when |k| is small and q is large, blogs passively follow the
media (top right panel of Figure 5).

This first set of analyses supports the pertinence of a delay
mechanism for explaining the observed patterns of information
exchange. Under this hypothesis, data fitting shows that about 80%
of the delays τ occur between 1 and 4 days after receiving the
information, as shown in Figure 6, while the median of the
attention decay is 1/p ~ 13 h in media (with the 80% of the
values lying between 8 and 18 h) and 1/q ~ 2.5 h in blogs (80%
between 1.1 and 12.3 h), comparable to the attention decay for
hashtags reported in Lorenz-Spreen et al. (2019) and showing a
faster reaction of blogs when compared to media. It is important to

FIGURE 3
Data fitting and organization of patterns in the parameter space. The central panel shows the parameters of the time series fitted with the model in
the plane (rb, k). Crosses represent exponential decays. Triangles pointing up show series where rebounds in blogs exceed that ofmedia, and the opposite
aremarkedwith triangles pointing down. Similar rebounds in both platforms aremarkedwith squares. Side panels show examples of series of the different
regions of the parameter space.

FIGURE 4
Self-feedback and transfer rates between media and blogs. Projections of the parameter spaces (rb, k) and (rm, k). Dashed lines in right panel
correspond to |k| = rm. Color code is the same as for Figure 3.
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note that a signature of these delay models is the presence of
rebounds at multiples of τ. Although in most of the observed
time series the effect is too weak, this signature is indeed visible
in some experimental series, as the ones shown in the upper panels
of Figure 7 with two and three visible rebounds at multiples of τ ~
30 h and τ ~ 44 h, respectively. Lower panels show simulations with
rebounds at similar times, although the relative heights are not
accurately reproduced with our minimal model.

We next investigated the relationship between the observed
dynamical patterns and the semantic content of the quotes. For
that sake, we first discarded effects due to the length of the quotes or
the number of mentioned variants, and also effects due to the total
volume of the quotes. We then performed a direct inspection of the
content, which we complemented with a summary retrieved by
ChatGPT (gpt3.5-turbo), which use a Large Language Model to
analyze the content and the tone of each meme.

The series characterized by rebounds in the blogs driven by self-
feedback (left upper panel of Figure 3) predominantly fall within the
realm of gossip and entertainment, and tend to employ a more
casual language, reflecting individual perspectives. This pattern
reflects the fact that this content often trigger discussions on
specialized or niche blogs. The second group comprises time
series with rebounds that are larger in blogs compared to those
of the media (upper right panel of Figure 3). This group shows
references to Obama’s campaign and victory speeches. The news
articles within this group are characterized by high emotional
content with a significant impact on debates at both the media
and blogs. The series that show larger rebounds in media than blogs
(lower right panel of Figure 3) correspond to quotes that tackle
harder-hitting topics, primarily revolving around economics and
politics such as the acceptance speech of Obama’s candidacy. This
group exhibits a more critical and sarcastic tone. Finally, the group
of exponential decays (lower left panel of Figure 3) includes a diverse
range of topics.

FIGURE 5
Reduction of free parameters. For q > 1 and rm > 1, data accumulates along the line q = rm. Colors shows different behaviours at the beginning of the
series. Blue refers to a faster decay of media respect to blogs, red to a faster decay of blogs respect to media and green roughly equal decay rate. Side
panels show examples of series of the different regions of the parameter space.

FIGURE 6
Distribution of the delay times τ. The model allows disclosing the
typical feedback time of public opinions. Here τ is expressed in hours,
computed from the dimensionless parameter τ of Eq. 1.
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Conclusion

In this work, we re-analyzed data from a comprehensive
database of quotes in the digital environment, uncovering
persistent temporal patterns that signify a complex interplay
between information sources and recipients. Our study departs
from traditional interpretations by conceptualizing media and
blogs as distinct entities within the information exchange ecosystem.

We introduced a minimalist dynamical model that effectively
captures these observed patterns, establishing a novel understanding
of delayed interactions between media and blogs. Our model not
only successfully fits a variety of empirical data but also categorizes
diverse dynamics into finite categories associated with distinct
regions in the parameter space. This categorization extends
beyond mere data fitting, suggesting a deeper connection between
the dynamical behavior of quotes and their semantic content.
Moreover, our findings suggest a functional relationship between
the rate of information flow from media to blogs and the rate of
attention decay. This insight implies a potential reduction in the
model’s complexity, enhancing its applicability and interpretation.

Our model was build upon a two-dimensional linear model to
encapsulate the basic two-way feedback interaction between themedia
and public opinion, grounded in existing literature (Towner and
Muñoz, 2018; Pinto et al., 2019; Wang et al., 2023). However, this
basic model is incapable of generating positive oscillations like the
ones observed in the content volume rebounds. We explored
additional mechanisms, such as introducing a third linear
equation, with which the system is indeed capable of producing
positive oscillations (Wilson, 2005). However, this would require
the inclusion of another variable beyond the media and blogs’
content volume, which is neither observable nor interpretable.

Instead of introducing a third equation, we opted for incorporating
a delay in the media’s response to public opinion changes. This
decision was influenced by the observation of time lags between mass
media and social media peak volume values (Leskovec et al., 2009;
Lorenz-Spreen et al., 2019). Conversely, this model allows for the
description of the temporal evolution of the average content volume in
media and blogs for the most voluminous time series, selected in
Figure 1, which do not require the inclusion of stochastic noise.

Finally, modeling the interaction between mass media and social
media in terms of decay and feedback times allows the extension of
our analysis to different datasets. Indeed, preliminary findings on a
database of the 2019 electoral period in Argentina indicate
consistency with the patterns presented here for the
2008 electoral period in the United States, suggesting our model’s
mechanisms may capture universally applicable information
dynamics. We anticipate that a detailed comparison with this
new dataset will reveal shifts in decay and feedback times,
reflecting the accelerating pace of digital communication as noted
in Lorenz-Spreen et al. (2019). These results, to be discussed in a
forthcoming publication, will further validate our model’s
applicability across different geopolitical landscapes and timeframes.

Methods

Data

In the dataset presented in Leskovec et al. (2009), the authors
analyze a massive amount of news articles and blogs posts and extract
a set of quoted phrases usually used to cite people literally. However,
quotes are commonly published with variants, and the authors set up

FIGURE 7
Time series with multiple rebounds. Our model predicts rebounds at multiples of τ. Although rebounds are usually rapidly damped, multiple
rebounds can be observed in some series, such as the ones in the upper left panel at τ ~ 30 h and 2τ, and the upper right panel at τ ~ 44 h, 2τ and 3τ.
Bottom panels show qualitative fittings.
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a clustering algorithm to identify the root phrases. We take these root
phrases as our starting point to study their time evolution.

For each time series, we re-sampled to a 1 h by counting the
number of quotes within each interval. We identified the global peak
(number of quotes both in mainstream media and blogs) and
focused on the interval of 3 days before and 21 days after this
peak, in order to identify the period of largest activity. Finally,
we extracted the trend of this period by performing a rolling window
average of 24 h. In summary, we obtained a set of smooth time series
that represent the use of quotes and their textual variants both in
mainstream media and blogs.

Dimensionless model

The original model reads:

dm

dt
� −pm t( ) + rb b t − τ( )

db

dt
� b t( ) −q + k b t − τ( )[ ] + rm m t( )

(2)

withm(t = 0) =m0 and b(t = 0) = b0, wherem(t) and b(t) are the
volume of quotes at time t in media and blogs, respectively. All
parameters are defined positive, except k that can be either positive
or negative. The dimensionless version of Eq. 2 results from the
following re-scalings:

pt → t
m pt( )

m0
→ m t( )

b pt( )
b0

→ b t( )

Setting p→ 1, (qp)→ q, (rbm0/pb0)→ rb, (rmb0/pm0)→ rm, and
pτ → τ, results m(t = 0) = 1 and b(t = 0) = 1.

We have conducted a stability analysis confirming that the
system has two fixed points. Given that all of the analyzed time
series tend toward zero, the solutions for these cases were found
in regions of the parameter space that favor stable fixed points
near the origin, including the case where the stable point is the
origin itself. Moreover, these regions are distant from
bifurcations that could significantly alter the dynamics,
yielding similar solutions for slight variations in the
parameters. This stability underscores the robustness of our
model, ensuring that the observed phenomena are not artifacts
of specific parameter choices but rather inherent to the
modeled dynamics.

Data fitting

The integration of delayed differential equations like our system
of Eq. 1 is prone to numerical instabilities, particularly because they
involve boundary conditions associated with initial values that must
be appropriately addressed. Here we followed the procedure
outlined in Lahcen (2006) to approximate DDEs with a system of
ODEs by introducing n auxiliary variables. The advantage of this
approximation lies in the possibility to apply standard ODE solvers.
Here we used n = 30, obtaining a good compromise between

computational time and resemblance to artificially created
solutions of the original model (we found a coefficient of
determination R2 > 0.95 between the solutions of the original
and the approximated model for several set of parameters).

We then fitted the numerical solutions to the data using a genetic
algorithm (population size = 64, recombination rate = 0.30 and
mutation rate uniformly sampled between 0.1 and 1.9 in each
generation) implemented in the python package scipy (Virtanen
et al., 2020). We used the error as the mean squared distance
between the numerical solution and data in the two-dimensional
space of media and blogs. To ultimately assess the quality of the fit,
we computed the coefficient of determination, R2. Eighty percent of
the R2 values fall between 0.91 and 0.98 for both media and blogs
data, indicating a high quality of the fit.

Data and codes

Data and codes are available at https://github.com/spinto88/
Meme_project.

Discarded series

In Figure 8 we show two examples of series that were discarded
despite having sufficient data for analysis. We observed cases in
which the volume does not decay (left panel) and shows a strong
trend (right panel) due to external variables that are not considered
in our model.

Data availability statement
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