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ABSTRACT

Information adoption in online social networks may be pre-
ceded by different patterns of social exposure, yet how these
patterns vary across information environments remains insuf-
ficiently understood. In this paper, we extend a previously
proposed ego-network analytical basis into a unified frame-
work for comparative information diffusion analysis. The
framework integrates Frequency, Diversity, Interaction, and
Temporal Dynamics. The Interaction Dimension is opera-
tionalized through the proposed Reinforced Influence Index
(RII), which characterizes exposure organization by relat-
ing the observed exposure volume to the number of distinct
adopting followees. We evaluate the framework using two
large-scale ego-network datasets collected from Twitter (now
X) during the 2019 European Parliament election in France
and the COVID-19 pandemic in Brazil. The analysis is con-
ducted at the item, user, and topic levels to characterize
exposure patterns preceding adoption across both datasets.
Our results show that repeated and diversified social exposure
exhibit distinct patterns across content types, topics, and
datasets. RII further reveals differences in exposure organiza-
tion, including higher User-level exposure-per-source ratios
in the Brazilian dataset, while temporal analyses reveal dif-
ferences in the length and organization of exposure sequences
preceding adoption. Overall, the findings reveal both recur-
ring exposure patterns and substantial heterogeneity across
analytical dimensions and empirical contexts. The proposed
framework provides a unified and interpretable perspective
for studying information diffusion and supports comparative
analyses across online social systems.
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1 INTRODUCTION

Information diffusion in online social networks has been exten-
sively studied through global network statistics, probabilistic
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diffusion models, and aggregate adoption patterns. Although
these approaches successfully characterize macroscopic diffu-
sion, they provide limited insight into the local reinforcement
mechanisms that precede adoption from the perspective of
individual users. In particular, adoption may be preceded by
repeated interactions with the same source or exposure to
information from multiple distinct social contacts. Moreover,
most empirical studies focus on a single dataset or context,
limiting our understanding of how these reinforcement mech-
anisms vary across different information environments.

Using an ego-network representation of information adop-
tion, we organize information diffusion into four complemen-
tary analytical dimensions. Frequency and Diversity char-
acterize repeated and diversified social exposure through
Repeated Exposure Influence (REI) and Social Exposure
Influence (SEI), respectively, at the Item-, User-, and Topic-
levels. We introduce the Reinforced Influence Index (RII), a
novel diagnostic indicator that operationalizes the Interac-
tion Dimension by relating the number of observed exposure
events to the number of distinct adopting followees, also
across these three aggregation levels. Finally, the Temporal
Dimension examines how new and repeated exposures are
organized over time before adoption.

We evaluate the proposed framework through the first
comparative analysis between a previously studied [9, 10]
French Twitter dataset collected during the 2019 European
Parliament election in France and a newly analyzed Brazilian
Twitter dataset on the COVID-19 pandemic in Brazil. These
contrasting empirical contexts enable the investigation of
diffusion patterns across distinct datasets while preserving a
common analytical framework.

This work makes three main contributions. First, we extend
our previous ego-network analytical basis into a unified four-
dimensional framework that integrates Frequency, Diversity,
Interaction, and Temporal Dynamics for comparative analysis.
Second, we introduce RII, a novel diagnostic indicator that
characterizes exposure organization by measuring the average
number of observed exposure events per distinct adopting
followee. Third, we conduct the first unified comparison of
the previously studied French ego-network dataset and the
newly analyzed Brazilian COVID-19 dataset under the same
analytical framework.

The comparative analyses show that repeated and diver-
sified social exposure exhibit distinct patterns across topics
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and datasets, revealing heterogeneity in the reinforcement
patterns preceding adoption. RII further reveals differences
in how exposure volume is organized relative to the number
of distinct social sources, while temporal analyses reveal dif-
ferences in how new and repeated exposures are organized
over time across the two datasets.

Overall, this work advances the understanding of informa-
tion diffusion by moving beyond isolated adoption mecha-
nisms and single-context analyses. The proposed framework
provides a unified view of Frequency, Diversity, Interaction,
and Temporal Dynamics preceding information adoption in
online social networks.

2 RELATED WORK

Research on information diffusion has evolved from classi-
cal contagion theories to models that examine how social
reinforcement, contextual factors, and local network struc-
tures shape information adoption. Granovetter [12] first pro-
posed that individuals adopt a behavior once social influ-
ence exceeds a personal threshold, an idea later extended by
Watts [27] to complex networks, demonstrating how network
topology influences cascade dynamics. Building upon these
foundations, Centola and colleagues [5-7] distinguished be-
tween simple and complex contagions, showing that many
behaviors require reinforcement from multiple social con-
tacts rather than a single exposure. Together, these studies
established the theoretical foundation for understanding in-
formation adoption as a process driven by repeated and
diversified social influence.

Subsequent empirical studies demonstrated that differ-
ent forms of social reinforcement contribute to adoption
in complementary ways. Repeated exposure increases adop-
tion through cumulative interactions and memory effects [14,
26, 30], whereas exposure from multiple distinct neighbors
provides social validation and reduces uncertainty [22, 29].
Additional work showed that heterogeneous thresholds, tem-
poral dynamics, and network topology further modulate these
reinforcement processes [21, 24, 25]. Nevertheless, repeated
and diversified exposure are still commonly analyzed inde-
pendently or treated as a single reinforcement process.

Beyond reinforcement itself, diffusion dynamics have also
been shown to vary across information environments and
empirical contexts. Studies on political communication, mis-
information, crisis events, and public health emergencies
have reported differences in adoption behavior associated
with topic, urgency, polarization, and temporal structure [2,
4, 16, 18, 19, 28]. Recent work further demonstrates that
user heterogeneity, topical domains, and nonlinear reinforce-
ment mechanisms affect cascade dynamics and diffusion out-
comes [11, 15, 17].

Ego-network analysis complements these global perspec-
tives by reconstructing adoption from the viewpoint of indi-
vidual users, enabling the explicit characterization of repeated
and diversified exposure before adoption occurs. Classical
theories of structural holes and social capital [3], together
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with more recent studies on tie strength and structural diver-
sity [1, 13, 15], show that local network organization strongly
influences diffusion and user susceptibility.

Despite these advances, important gaps remain. Existing
studies rarely integrate repeated exposure, social diversity,
their joint organization, and temporal evolution within a
unified analytical framework, particularly in comparative
analyses across empirical contexts. These gaps motivate the
framework proposed in this paper.

3 EXPERIMENTAL SETTING

We evaluate the framework on two large-scale Twitter (now
X) datasets: a previously studied dataset from the 2019
European Parliament election in France [9, 10] and a newly
analyzed dataset from the COVID-19 pandemic in Brazil.
Table 1 summarizes their main characteristics.

Both datasets were reconstructed using the same ego-
network methodology [9, 10], including seed-user selection,
ego-network reconstruction, and historical timeline collection.
Hashtags were grouped into topical clusters using Word2Vec
embeddings, t-SNE, and k-means, providing a common basis
for Topic-level analyses.

Table 1: Summary of the experimental datasets.

Dataset ‘Window Seeds Users Tweets Timelines Topics
France May’18-May’19 8,554 1.8M 1.1B 1.2M 10
Brazil  Dec’19-Aug’20 4,237 1.9M 1.5B 1.0M 7

Source: Research data.

4 METHODOLOGY

This work builds upon the ego-network framework and ex-
posure measures introduced in our previous studies [9, 10].
Specifically, the previous framework defined measures of re-
peated and social exposure, previously termed susceptibility
and threshold, at the Item-, User-, and Topic-levels. In this
work, these existing measures are adopted and referred to
as Repeated Exposure Influence (REI) and Social Exposure
Influence (SEI), respectively, to emphasize their analytical
roles as the Frequency and Diversity dimensions.

We extend this previous analytical basis by introducing
the Interaction Dimension, operationalized through the Rein-
forced Influence Index (RII), which relates exposure volume to
the number of distinct adopting followees, and by integrating
Frequency, Diversity, Interaction, and Temporal Dynamics
into a unified framework for comparing information diffu-
sion patterns across the French and Brazilian ego-network
datasets.

4.1 Adoption Framework

We adopt the ego-network representation and adoption-event
reconstruction defined in our previous studies [9, 10]. In this
framework, users are represented by ego-networks composed
of their followees. An information item is considered intro-
duced when it has previously been published by at least one
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followee, and adoption occurs when a user first publishes
the same item within a temporal influence window 7 after
its introduction. The estimation of 7 follows the procedure
defined in the previous framework. These reconstructed adop-
tion events provide the common methodological basis for the
analyses conducted in this work.

The Item-, User-, and Topic-level aggregation scheme is
also inherited from the previous framework [9, 10]. The
Item-level represents individual user—item adoption events,
the User-level aggregates adoption behavior across all items
adopted by a user, and the Topic-level specializes the analy-
sis within thematic groups of semantically related items. In
the present work, these existing aggregation levels provide
a common basis for applying and comparing REI, SEI, and
RII, while the Temporal Dimension separately characterizes
the organization of exposure sequences preceding adoption.

4.2 Frequency Dimension: Repeated Exposure
Influence (REI)

Repeated Exposure Influence (REI), corresponding to the
repeated-exposure measure introduced in our previous work [9,
10], characterizes the frequency of repeated exposure preced-
ing adoption.

Item-level. REI is computed for an individual adoption
event as

S(u,x) = !

=— z € Xa(u), | Xr(u,z)| > 1.
o] Alw), X1, )

(1)
User-level. User-level REI aggregates repeated exposure
over all adopted items:

_ [ Xa(u)]

[ X7 (u)]”

Topic-level. Topic-level REI specializes the same measure
within topic Xj;:

S(u) (2)

_ |XA(qul)| (3)
| X1 (u, X5)|
Higher REI values indicate that adoption occurs after fewer
repeated introductions, whereas lower values correspond to
adoption events preceded by a larger number of repeated
introductions.

S(u, Xl)

4.3 Diversity Dimension: Social Exposure
Influence (SEI)

Social Exposure Influence (SEI), corresponding to the social-
exposure measure introduced in our previous work [9, 10],
characterizes the diversity of social exposure preceding adop-
tion. Let F'u denote the set of followees of user u, and Fau, x
the subset of followees who adopted item x before w.

Item-level.

|Falu,2)]
) = TEay
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User-level.

Pu) =ave, v (,) Pu, 7). (5)

Topic-level.

d)(uaXi) = anIEX](u,Xi) ¢(U, $) (6)

Higher SEI values indicate that adoption is preceded by
exposure from a larger fraction of distinct followees, whereas
lower values indicate exposure from a smaller fraction of the
user’s social neighborhood.

4.4 Interaction Dimension: Reinforced Influence
Index (RII)

While REI and SEI characterize complementary properties
of the exposure process, neither directly describes how the
observed exposure events are distributed across the distinct
social sources preceding adoption. The Interaction Dimension
examines the relationship between these underlying expo-
sure properties by characterizing exposure volume relative to
social-source diversity. Rather than representing a statistical
interaction between REI and SEI, this dimension captures
how observed exposure events are organized across the dis-
tinct social sources preceding adoption. To operationalize this
relationship, we propose the Reinforced Influence Index (RII),
a diagnostic indicator that measures the average number of
observed exposure events per distinct adopting followee. RII
is derived from the previously defined measures of incoming
influence (Iin) and unique adopting followees (ku¢) [9, 10].
The incoming influence and the number of distinct adopt-
ing followees are defined in Equations 7 and 8, respectively.

Iin(u,z) = S(u, )", (7)

kud(u, x) = |Fa(u,z)|, (®)

RII is defined at the three aggregation levels as follows.

|Fa(u,z)| > 1.

Ttem-level.

Iin(u, )

—_— . 9

kug(u,x) ®
Since Iin(u,z) = |X;(u,x)| and kud(u,x) = |Fa(u,x)l,

Item-level RII can be equivalently expressed as

RII(u,x) =

_ [Xi(u,2)|

RII(u,x) = Fa(u.2)|

(10)

This formulation makes the interpretation of RII explicit:
it represents the average number of observed exposure events
associated with each distinct adopting followee before adop-
tion.

User-level.

RII(u) = avg RII(u, x). (11)

a:EXA(u)
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Topic-level.

RII(u, X;) = avg RII(u, x), (12)

reEX 5 (uXL)

where | X 4(u, X;)| > 1 and |Fa(u, X;)| > 1.

At the User- and Topic-levels, RII represents the average
Item-level exposure-per-source ratio across the corresponding
adopted items; it is therefore an aggregation of event-level RII
values rather than a ratio computed from pooled exposure
and source counts.

RII captures a relational property that is not represented
by either REI or SEI alone. REI characterizes exposure fre-
quency without accounting for how those exposures are dis-
tributed across social sources, whereas SEI characterizes the
fraction of the user’s social neighborhood represented by dis-
tinct adopting followees without accounting for how many
exposure events these sources generate. RII relates these un-
derlying quantities by expressing exposure volume relative
to the number of distinct observed sources.

The minimum RII value is 1, which occurs when every
observed exposure originates from a different adopting fol-
lowee. Values greater than 1 indicate that at least some social
sources contribute multiple exposure events, with increasing
values reflecting a greater concentration of exposures among
recurring sources. RII should therefore be interpreted as a
descriptive diagnostic of exposure organization preceding
adoption, rather than as a causal measure of social influence
or an adoption threshold.

4.5 Temporal Dimension: Information Diffusion
Dynamics

The temporal descriptors adopted in this dimension build
upon the influence-sequence analysis introduced in our pre-
vious work [9, 10]. In the present work, they are integrated
with REI, SEI, and RII to provide the Temporal Dimen-
sion of the comparative framework. While REI, SEI, and
RII characterize complementary dimensions of information
diffusion, a temporal perspective provides additional insight
into how reinforcement unfolds during the adoption process.
To this end, each adoption event is represented as an ordered
sequence of exposure events, from which three complemen-
tary descriptors are derived: influence sequences, sequence
entropy, and trigger probabilities.

Influence sequences. For each adopted item, the exposures
received by user u before adoption are represented as an
ordered sequence E(u,z) € {N, R}", where N denotes the
first exposure originating from a previously unseen followee,
whereas R denotes a repeated exposure from a followee al-
ready observed in the sequence. By definition, the first event
is always labeled N. This representation preserves the tem-
poral ordering of exposure events, providing the basis for
analyzing reinforcement dynamics before adoption.

Entropy. To quantify the structural diversity of influence
sequences, we employ Shannon entropy. This measure cap-
tures how balanced the sequence is between new and repeated
exposures. Low entropy indicates reinforcement dominated
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by one event type, whereas higher entropy reflects a more
heterogeneous combination of both.

H(u,z) = Entropy(E(u, x)). (13)

To account for differences in sequence length, entropy
is averaged over sequences containing the same number of
exposure events:

R(n) = avg (H (u, )) (14)

\E(u,x)|:n

This normalization enables meaningful structural compar-
isons independently of the number of observed exposures.

Trigger probabilities. Finally, we estimate the probability
that the last exposure preceding adoption originates from a
new followee; the complementary probability corresponds to
repeated reinforcement.

Py (n) =Pr(last(E(u,z)) = N||E(u,z)| =n), (15)
Pr(n) =1— Pyn(n). (16)

Together, these descriptors characterize the temporal or-
ganization of reinforcement preceding information adoption.

4.6 Statistical Comparison

Cross-dataset differences at the User-level were assessed us-
ing two-sided Mann-Whitney U tests, since the analyzed
measures exhibit non-normal and heavy-tailed distributions.
Statistical significance was complemented by Cliff’s [8, 20]
delta () to quantify effect magnitude. Following conven-
tional thresholds, |§] < 0.147 was interpreted as negligible,
|0] < 0.330 as small, |§] < 0.474 as medium, and larger values
as large.

5 COMPARATIVE ANALYSIS OF
INFORMATION DIFFUSION

This section presents a comparative analysis of information
diffusion across the French and Brazilian datasets using the
four-dimensional analytical framework introduced in Sec-
tion 4. The analysis examines four complementary dimen-
sions: repeated exposure (REI), social-source diversity (SEI),
their relationship through exposure organization (RII), and
temporal dynamics preceding adoption.

5.1 Comparative Overview

Adoption events in the Brazilian dataset are generally pre-
ceded by more observed exposures than in France, particularly
for hashtags. Hashtag adoption is preceded, on average, by
169.29 introductions and 24.96 distinct adopting followees in
Brazil, compared with 39.68 and 13.06 in France, respectively.
The following sections examine these cross-dataset differences
through the four analytical dimensions.

5.2 Frequency Dimension: Repeated Exposure
Influence (REI)
Repeated Exposure Influence (REI) characterizes the fre-

quency of repeated exposure preceding information adoption.
Figures 1(a—b) show a consistent qualitative pattern across
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Figure 1: Distributions of Repeated Exposure Influence (REI) and Social Exposure Influence (SEI) for retweet and hashtag

adoptions in the French and Brazilian datasets.

Source: Research data.
Interpretation: Panels (a) and (b) show the distributions of Repeated Exposure Influence (REI) at the Item-level and User-level, respectively. Panels
(c) and (d) show the corresponding distributions of Social Exposure Influence (SEI). Each panel compares retweet and hashtag adoptions in the
French (FR) and Brazilian (BR) datasets. Colors identify each dataset—content pair: FR retweets (red), FR hashtags (blue), BR retweets (green),
and BR hashtags (orange). Mean values are reported in each legend.

Table 2: Topic-level summary of information diffusion metrics across hashtag groups in the French (FR) and Brazilian (BR)

datasets.

Mechanisms Entropy RII Influence
Dataset Topic group S(u, X;) ¢(u, X;) ‘ Avg. R(n) IQR Max.n % Adopt. ‘ n  Median IQR P99 ‘ Avg. I(u, X;) % Adopt.
FR Notre-Dame 0.111 0.016 0.588 0.093 20 67 1972 1.478 0.853 11.395 28.9 74
FR Int. politics 0.153 0.013 0.632 0.065 13 58 943 1.500 1.000 8.000 31.5 76
FR Tourism 0.216 0.010 0.480 0.264 16 69 1269 1.429 1.000 11.118 31.0 83
FR French politics 0.116 0.016 0.543 0.095 17 61 1742 1.500 0.890 26.829 43.7 79
FR EU elections 0.104 0.022 0.617 0.068 20 68 1438 1.500 0.947 7.053 30.9 7
FR Entertainment 0.180 0.011 0.470 0.184 18 75 1290 1.500 1.463 12.436 25.7 80
FR Protests 0.172 0.012 0.590 0.085 18 71 1685 1.364 0.817 6.883 22.3 76
FR Climate 0.150 0.014 0.576 0.088 12 42 1784 1.800 1.122 10.387 53.1 7
FR Gilets jaunes 0.110 0.019 0.613 0.054 20 61 1664 1.641 0.930 7.395 60.9 81
FR Sports 0.130 0.017 0.552 0.142 12 62 924 1.417 0.983 10.383 23.1 7
BR Int. entertainment 0.136 0.028 0.431 0.212 13 51 1385 2.084 3.545 40.530 60.0 81
BR Brazilian COVID-19 0.121 0.028 0.457 0.246 18 55 1249 2.217 2.695 37.849 122.5 84
BR Bolsonaro supporters 0.271 0.054 0.561 0.147 10 40 530 2.000 2.469 21.770 193.3 81
BR Int. COVID-19 0.136 0.021 0.534 0.171 17 61 837 1.699 1.189 24.746 51.6 81
BR Brazilian entertainment 0.082 0.023 0.349 0.246 20 50 1470 3.059 5.131 84.245 194.2 82
BR Protests 0.180 0.025 0.543 0.158 8 54 1578 1.525 1.821 25.943 45.0 86
BR Brazilian politics 0.211 0.042 0.547 0.173 12 59 779 1.833 2.133 66.819 74.0 81

Source: Research data.
Interpretation: Topic-level summary of REI, SEI, entropy, RII, influence-sequence length, and adoption rates across French and Brazilian hashtag
groups.

both datasets: retweet adoption is preceded by fewer expo-
sures than hashtag adoption. However, important quantita-
tive differences are observed between the two datasets.

At the Item-level, the difference is driven mainly by hashtag
adoption. The average number of prior retweet exposures
increases only modestly from 2.69 in France to 3.27 in Brazil,
whereas the average number of prior hashtag introductions
increases from 39.68 to 169.29. This contrast shows that the
cross-dataset difference in repeated exposure is substantially
more pronounced for hashtags than for retweets.

The User-level results (Figure 1b) preserve the same qual-
itative distinction between content types. User-level REI
distributions remain heterogeneous in both datasets, with
larger cross-dataset differences observed for hashtags than for
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retweets. Thus, the Item-level differences are also reflected
in the User-level distributions rather than being restricted
to isolated adoption events. The User-level cross-dataset dif-
ferences are statistically detectable for both content types
(Mann—Whitney U, p < 0.001), but their effect magnitudes
are limited. For retweets, the difference corresponds to a small
effect (6 = 0.222), with median REI values of 0.777 in Brazil
and 0.667 in France. For hashtags, the effect is negligible
(6 = —0.125), with medians of 0.038 and 0.050, respectively.

At the Topic-level (Table 2), repeated exposure also varies
across thematic domains. France exhibits a narrower observed
range of Topic-level REI values (0.104-0.216), whereas Brazil
presents a broader observed range (0.082-0.271). This broader
observed range is illustrated by Bolsonaro Supporters (0.271)
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and Brazilian Politics (0.211), indicating substantial topic-
level heterogeneity in the Brazilian dataset.

Overall, REI reveals heterogeneous patterns across content
types and datasets. Although the User-level cross-dataset
differences are statistically detectable, their effect sizes are
small for retweets and negligible for hashtags.

5.3 Diversity Dimension: Social Exposure
Influence (SEI)

Social Exposure Influence (SEI) characterizes the diversity of
social exposure preceding information adoption. Figures 1(c—
d) show that adoption is preceded by exposure from multiple
social sources in both datasets, with hashtags generally asso-
ciated with broader social exposure than retweets.

At the Item-level, hashtag adoption is preceded by a larger
number of distinct adopting followees in both datasets. This
difference is more pronounced in Brazil, where the aver-
age number of distinct followees preceding hashtag adoption
nearly doubles compared with France (24.96 vs. 13.06), indi-
cating broader observed social exposure preceding hashtag
adoption in the Brazilian dataset.

The User-level distributions (Figure 1d) preserve the same
qualitative distinction between content types. In both datasets,
hashtag adoption is associated with exposure from a larger
fraction of distinct followees than retweet adoption, although
the distributions differ in magnitude across datasets. At
the User-level, cross-dataset differences are also statistically
detectable for both content types (p < 0.001), although ef-
fect sizes remain limited. Retweets exhibit a small effect
(6 = —0.245), with median SEI values of 0.0049 in Brazil and
0.0071 in France, whereas hashtags exhibit a negligible effect
(6 =0.102), with medians of 0.0224 and 0.0195, respectively.

At the Topic-level (Table 2), SEI also varies across thematic
domains and datasets. The observed Topic-level SEI values
range from 0.010 to 0.022 in France and from 0.021 to 0.054
in Brazil. Bolsonaro Supporters (0.054) and Brazilian Politics
(0.042) exhibit the highest Topic-level SEI values, while the
remaining Brazilian topic groups range from 0.021 to 0.028.

Overall, SEI exhibits statistically detectable but limited
cross-dataset differences at the User-level, with a small effect
for retweets and a negligible effect for hashtags. These results
reinforce the heterogeneous character of social-source diver-
sity across content types rather than indicating a uniformly
stronger pattern in either dataset.

5.4 Interaction Dimension: Reinforced Influence
Index (RII)

The previous analyses characterized two complementary prop-
erties of exposure preceding adoption: exposure frequency
through REI and social-source diversity through SEI. The
Interaction Dimension examines the relationship between
these properties by characterizing exposure volume relative
to the number of distinct social sources. RII operationalizes
this relationship as the average number of observed expo-
sure events per distinct adopting followee and is therefore
interpreted as a diagnostic of exposure organization.
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At the Ttem-level, RII distributions differ between the two
datasets. French adoption events exhibit a median RII of 1.50
(IQR = 1.33), whereas Brazilian events present a higher me-
dian of 1.93 and greater variability (IQR = 2.80), indicating
higher and more heterogeneous exposure-per-source ratios in
the Brazilian dataset.

At the User-level, Brazilian users exhibit a higher median
RII than French users (3.207 versus 2.312) and a larger
IQR (3.990 versus 1.417). The cross-dataset difference is
statistically detectable (p < 0.001), with a small effect size
(6 = 0.217). For the same hashtag User-level populations,
the corresponding effects for REI and SEI are negligible (§ =
—0.125 and ¢ = 0.102, respectively). Thus, RII exhibits a more
pronounced cross-dataset difference than either dimension
considered separately, although its effect remains small.

At the Topic-level (Table 2), RII also reveals heterogeneity
in exposure organization. French topic medians range from
1.36 to 1.80, whereas Brazilian topics span a broader interval
from 1.52 to 3.06. For example, Brazilian Entertainment
reaches a median RII of 3.06 (IQR = 5.13), while the highest
French median, observed for Climate, is 1.80 (IQR = 1.12).

Overall, RII complements REI and SEI by characterizing
exposure volume relative to the distinct social sources from
which exposures originate. Differences are observed across
all three aggregation levels, with the Brazilian dataset gener-
ally exhibiting higher exposure-per-source ratios and greater
variability. At the User-level, the statistical comparison fur-
ther shows that the cross-dataset difference is small but more
pronounced for RII than for REI or SEI considered separately.

5.5 Temporal Dimension

The previous sections showed that repeated and diversified
social exposure exhibit distinct patterns across topics and
datasets. The temporal dimension extends this analysis by
examining how these exposure patterns are organized before
adoption through influence sequences, entropy, and last-event
probabilities.

Influence sequences reveal substantially longer exposure
histories in Brazil. At the Topic-level, average sequence
lengths reach 194.2 for Brazilian Entertainment, 193.3 for
Bolsonaro Supporters, and 122.5 for Brazilian COVID-19,
whereas the longest French sequences are observed for Gilets
Jaunes (60.9) and Climate (53.1), with most remaining below
45 exposures (Table 2). These results indicate substantially
longer observed reinforcement sequences preceding adoption
in the Brazilian dataset.

Entropy analysis further reveals differences in the organiza-
tion of these sequences (Figure 2). France exhibits higher av-
erage entropy (Rn = 0.47) and a later entropy peak (n = 30),
whereas Brazil presents lower average entropy (Rn = 0.37)
and an earlier peak (n = 15). French sequences therefore
maintain a more balanced combination of new and repeated
exposures over longer sequence lengths. Brazilian sequences
become less balanced at shorter sequence lengths and exhibit
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greater variability at longer lengths, indicating more hetero-
geneous trajectories in the organization of new and repeated
exposures.

Last-event probabilities provide complementary evidence
about the final stage of adoption. In both datasets, the last
exposure preceding adoption is more frequently a repeated
exposure (Pr =0.76 in France and 0.64 in Brazil), showing
a predominance of repeated over new-source exposures at
the final observed step. However, Brazilian sequences exhibit
a higher probability than French sequences that this final
exposure originates from a newly adopting followee (Py =
0.36 versus 0.24).

From a temporal perspective, these results show that cross-
dataset differences extend beyond the length of exposure his-
tories to their organization before adoption. French sequences
exhibit a more balanced organization of new and repeated
exposures over longer sequence lengths, whereas Brazilian
sequences are substantially longer and exhibit greater het-
erogeneity at longer lengths, while also presenting a higher
probability of a new social source at the final observed expo-
sure before adoption.

5.6 Cross-Context Synthesis

The comparative analysis across the four analytical dimen-
sions reveals both recurring patterns and substantial het-
erogeneity in information diffusion across Brazil and France
datasets. Across the French and Brazilian datasets, repeated
and diversified social exposure are consistently observed pre-
ceding adoption, with retweets generally preceded by fewer
exposures than hashtags and substantial heterogeneity ob-
served across users, topics, and datasets.

Differences between the datasets are observed in the magni-
tude, joint organization, and temporal structure of reinforce-
ment preceding adoption. In the Brazilian dataset, hashtag
adoption is preceded by substantially more repeated expo-
sures, while RII distributions are broader and influence se-
quences are considerably longer. French sequences exhibit
higher average entropy and a later entropy peak, indicating
a more balanced temporal organization of new and repeated
exposures over longer sequence lengths.

These findings show that repeated and diversified social
exposure are observed in both empirical contexts, while their
magnitude, joint organization, and temporal structure dif-
fer across topics and datasets. Rather than reducing these
differences to a single reinforcement mechanism, the four-
dimensional framework shows that comparative diffusion
patterns emerge across multiple complementary dimensions
of exposure preceding adoption.

6 DISCUSSION

Previous studies have predominantly characterized informa-
tion diffusion through global network statistics, probabilistic
models, or aggregate adoption patterns. Building upon a pre-
viously proposed ego-network framework, this work provides a
complementary user-centered perspective by integrating four

195

WebMedia'2026, Lavras/MG, Brazil

analytical dimensions: Frequency (REI), Diversity (SEI), In-
teraction (RII), and Temporal Dynamics. Together, these di-
mensions characterize repeated exposure, social-source diver-
sity, exposure volume relative to distinct adopting followees,
and the temporal organization of reinforcement preceding
adoption.

The comparative analysis reveals both recurring patterns
and substantial heterogeneity. Retweet adoption is generally
preceded by fewer exposures than hashtag adoption in both
datasets, while REI and SEI vary across topics and datasets.
These findings support a multidimensional interpretation of
reinforcement, in which repetition and social diversity are ob-
served across both empirical contexts but vary across content
types, topics, and datasets. Because the datasets also differ
in geographic, temporal, topical, and event-related character-
istics, these differences should be interpreted comparatively
rather than causally.

RII complements these separate perspectives by relating
exposure volume to the number of distinct adopting followees.
At the User-level, RII exhibits a small cross-dataset effect for
hashtag adoption, whereas the corresponding REI and SEI
effects are negligible. Thus, exposure-per-source organization
provides a complementary comparative perspective that is
less apparent when frequency and social-source diversity
are examined separately. Topic-level results further reveal
heterogeneity in this organization across thematic groups.

Temporal analyses extend these findings by showing differ-
ences in how reinforcement unfolds before adoption. Brazilian
sequences are substantially longer and exhibit an earlier en-
tropy peak, lower average entropy, and greater variability
at longer sequence lengths, indicating more heterogeneous
trajectories in how new and repeated social exposures are
organized before adoption. Although repeated exposure is
the most probable final event in both datasets, Brazilian
sequences exhibit a higher probability than French sequences
that the final observed exposure originates from a new social
source (Py =0.36 vs. 0.24). Together, these results indicate
that cross-dataset differences extend beyond exposure mag-
nitude to the temporal organization of new and repeated
exposures preceding adoption.

Overall, integrating Frequency, Diversity, Interaction, and
Temporal Dynamics provides an interpretable multidimen-
sional characterization of information diffusion and supports
systematic comparisons across empirical contexts.

7 CONCLUSION

This work presented a comparative analysis of information
diffusion across two large-scale Twitter (now X) datasets
representing distinct contexts: the 2019 European Parliament
election in France and the COVID-19 pandemic in Brazil.
Building upon our previous ego-network representation of
information adoption, we extended this analytical basis into
four complementary dimensions: frequency, diversity, interac-
tion, and temporal dynamics.

The comparative analyses revealed both recurring pat-
terns and substantial heterogeneity across the four analytical
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Figure 2: Entropy for Item-level.
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Source: Research data.

Interpretation: Average sequence entropy Rn by sequence length; shaded areas represent one standard deviation.

dimensions. Repeated and diversified social exposure exhib-
ited distinct patterns across content types, users, topics, and
datasets, with retweet adoption generally preceded by fewer
exposures than hashtag adoption. RII further revealed differ-
ences in exposure organization across aggregation levels, com-
plementing the comparatively limited User-level cross-dataset
differences observed for REI and SEI. Together, these results
show that cross-dataset differences extend across multiple
complementary properties of exposure preceding adoption
rather than being restricted to a single analytical dimension.

Beyond the empirical findings, this work contributes a uni-
fied analytical framework for studying information diffusion
from individual ego-networks. The framework integrates four
complementary dimensions and introduces the Reinforced
Influence Index (RII) to operationalize the Interaction Di-
mension as a diagnostic of exposure organization, relating
observed exposure volume to the number of distinct adopting
followees. In addition, this work presents the first analysis of
the Brazilian COVID-19 ego-network dataset and revisits the
previously studied French dataset under the same analytical
perspective, enabling their first unified comparison.

Although the proposed framework is independent of a par-
ticular platform or diffusion event, the empirical evaluation
covers Twitter data from two specific contexts. Because the
datasets differ simultaneously in geographic, temporal, topi-
cal, and event-related characteristics, the observed differences
should be interpreted comparatively and cannot be attributed
to any single contextual factor. Nevertheless, because the four
dimensions are defined from user-level exposure properties
rather than platform-specific features, the framework pro-
vides a general basis for investigating information adoption
in other online social systems.

Future work includes validating the framework on addi-
tional social platforms and diffusion scenarios, investigating
whether the recurring and heterogeneous exposure patterns
identified across the four dimensions generalize to other em-
pirical contexts, and developing predictive models that in-
tegrate these dimensions to improve the understanding and
anticipation of information adoption.
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8 FINAL DECLARATIONS
8.1 Data Availability

The datasets analyzed in this study were constructed exclu-
sively from publicly accessible information obtained through
the Twitter Academic Application Programming Interface
(API) [23], in accordance with the platform’s Developer Pol-
icy and Academic Research Terms of Service in effect at the
time of data collection. The collected data comprise publicly
available user profile information, tweets, and follow relation-
ships required to reconstruct ego-networks and information
adoption events.

To promote transparency and reproducibility, the derived
datasets, analytical metrics, and source code supporting the
reported analyses will be made publicly available upon pub-
lication through a dedicated online repository, subject to the
Twitter terms of service and applicable data-sharing poli-
cies. Any released data will consist exclusively of processed,
derived, or aggregated information and will not include un-
necessary user identifiers.

8.2 Ethical and Legal Considerations

This study relies exclusively on publicly accessible social
media data and involves no direct interaction with human
participants. No private communications, restricted-access
information, or sensitive personal data were collected or
processed, and all results are reported in aggregate form
without identifying individual users.

The research complies with the Brazilian General Data
Protection Law (Lei Geral de Protecdo de Dados — LGPD),
the European Union General Data Protection Regulation
(GDPR), and Resolution No. 510/2016 of the Brazilian Na-
tional Health Council. Data collection was limited to publicly
available information necessary to reconstruct information
diffusion processes. The analyses focus on aggregate behav-
ioral patterns and involve no profiling or inference of sensitive
personal attributes. Therefore, the risk of re-identification or
individual harm is considered minimal.
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8.3 Research Transparency

The methodological procedures, including data collection
criteria, ego-network reconstruction, metric definitions, and
analytical workflow, are described in the corresponding sec-
tions of this paper. Additional details are available in the
associated publications. Limitations related to data avail-
ability, platform constraints, and Twitter data should be
considered when interpreting and reproducing the analyses.

8.4 Use of Artificial Intelligence Tools

Generative Artificial Intelligence (GenAl) tools were used
exclusively to support drafting assistance, language revision,
grammar correction, and improvements in textual clarity dur-
ing manuscript preparation. All scientific decisions, including
the research design, data collection procedures, metric defi-
nitions, analyses, interpretation of results, and conclusions,
were developed, validated, and approved by the authors.
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