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SUMMARY: This article takes French news from 2023 to 2025 as the object, constructs a
cross media news corpus and audience interaction database, uses French Transformer
representation, topic clustering, supervised classification, and econometric modeling methods
to identify the main discourse patterns in news texts, and examines their differential impact on
audience participation at different levels. Research has found that French news mainly forms
five stable modes: institutional/governance type, conflict/opposition type, testimony/character
story type, data/expert interpretation type, and crisis/risk warning type. Among them,
institutional/governance type accounts for the highest proportion, conflict/opposition type is
more likely to bring clicks, browsing, and sharing, testimony/character story type has the
strongest promoting effect on comments and long discussion chains, and data/expert
explanation type, although not achieving the highest superficial popularity, can steadily
enhance deep participation. Further analysis shows that the performance of different modes is
not consistent between mainstream media and local media, serious news and soft news,
official websites and social platforms, and crisis and normal periods. Starting from the
context of French news, this article combines discourse analysis, computational text research,
and audience quantification evaluation to provide empirical evidence for understanding news
expression adjustment and audience relationship reconstruction in a platform based
communication environment.

KEYWORDS: French news media; discourse pattern mining; audience engagement; news
framing; computational journalism

1 Introduction

In the reality of news dissemination in France, news production is no longer limited to a linear
process of "writing publishing”, but rather forms a continuous linkage between platform
distribution, audience feedback, and editorial decision-making. Faced with the complex
communication environment composed of social media platforms, mobile homepages, push
notifications, and comment areas, news organizations not only need to report on the events
themselves, but also constantly adjust the way titles are condensed, the information density of
introductions, the order of quotes, and the pace of narrative perspective switching to enhance
the visibility, readability, and interactivity of content. Research on local media in French
speaking regions of Europe shows that many news organizations have actively introduced
audience engagement mechanisms, incorporating comments, feedback, collaborative topic
selection, and even community interaction into the content production process. This means
that the organization of news texts is being continuously guided by audience oriented logic.
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Furthermore, this change is not a scattered editorial fine-tuning, but a strategic shift at the
organizational level: the relationship between French media and audiences is gradually
shifting from traditional one-way transmission to a dynamic structure that includes connection,
negotiation, and adaptation. Audiences are not only information receivers, but also indirectly
shaping the form of news expression. One direct consequence of this change is that the
discourse arrangement within news texts has become more functional. Whether the title
highlights conflicts, whether the main text prioritizes expert quotes, and whether the narrative
revolves around institutional explanations or character experiences all affect the dissemination
performance of news on different platforms. Related studies have pointed out that news
content faces significant "promotion pressure”, and whether a report can gain cross platform
visibility and subsequent interaction is often closely related to its content packaging and
presentation, rather than just the importance of the event itself. At the same time, research on
data news and audience engagement also suggests that news organizations are increasingly
relying on quantitative indicators to determine whether content is “effective,” making the
correspondence between text features and audience reactions more worthy of analysis than
ever before. From this, it can be seen that the language style, structural selection, and
narrative organization in French news are not neutral textual surfaces, but a set of observable,
comparable, and measurable discourse practices gradually formed in a platform based
communication environment.

However, although existing research has extensively discussed audience engagement,
social media editing strategies, and news data-driven production, there are still two significant
shortcomings. Firstly, many studies focus on English news, social platform operations, or
general interaction mechanisms, with insufficient attention paid to the internal structure of
French news texts, particularly the lack of systematic research that integrates titles, quotes,
emotional expressions, source configuration, and narrative frameworks into the same
analytical framework. Secondly, many studies still focus on coarse-grained indicators such as
total likes and comments when discussing "interaction”, and there is insufficient recognition
of differences in audience behavior at different levels. In fact, audience data practice itself is
not just a technical tool, it will in turn shape news organizations' judgments on what is worth
writing and how it should be written, and may exacerbate the imbalance of different types of
content in dissemination. Even on specific platforms, different interactive spaces can trigger
different ways of participation, such as message and group environments with strong privacy,
which are not consistent in terms of news discussion intensity and interactive nature [6].
Therefore, discussing the audience influence of French news solely based on macro platform
performance is not sufficient to explain how the discourse organization within news texts
affects audience behavior. Furthermore, there is a conceptual ambiguity in the current
understanding of audience metrics. Superficially similar interactive data may not necessarily
have the same meaning in editing practice and user experience. Whether 'Like" represents
agreement, attention, polite response, or light exposure is not a single and stable signal. At the
same time, participatory journalism practices have begun to change the way political news
and other types of content are written. News is no longer just about events and facts, but also
emphasizes responding to audience concerns, presenting life experiences, and raising the
threshold for entry through lower forms of expression. This indicates that audience influence
does not occur as an "afterthought” outside of the text, but may have been predetermined and
absorbed during the selection, writing, and structural design stages. For French news, it is
difficult to truly demonstrate how “platform based communication has changed news
expression” without breaking down the news text into several computable discourse features
and further examining their relationship with audience indicators at different levels.

Based on this, this article will clearly define the research objectives as two levels. Firstly,
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identify the main discourse patterns with stability in French news reporting. Secondly,
quantify the differential impact of these patterns on different types of audience indicators. The
"discourse pattern™ here is not equivalent to a simple topic classification, but is composed of
multiple dimensions such as title packaging, emotional intensity, quote structure, number of
sources, narrative focus, and framework orientation. Previous studies have found that an
increase in the number of sources in news can have a significant impact on audience response,
indicating that the organizational characteristics within the text can be used as quantitative
explanatory variables in the model [9]. Therefore, this article does not view news content as a
complete black box, but attempts to break it down into identifiable, clustered, and comparable
expression units, in order to reveal in more detail which narrative styles are more likely to
attract clicks and which discourse configurations are more likely to trigger comments, sharing,
or ongoing discussions.

In terms of research positioning, this article aims to make three advances in the study of
news audience relations in the digital age. Firstly, this article focuses on French news corpus,
addressing the issue of excessive emphasis on English samples in current research, and testing
specific expression patterns in the French news field through empirical data. Secondly, this
article operationalizes the "discourse pattern” into a set of computable variables, rather than
staying at the qualitative impression level, and combines news discourse analysis with text
mining, cluster recognition, and audience behavior modeling in terms of methodology. Again,
this article divides "audience influence” into different levels, not only focusing on overall
interaction volume, but also distinguishing shallow attention, deep discussion, and diffuse
participation to avoid compressing heterogeneous audience responses into a single indicator.
As emphasized in recent reviews of news audience relations in the digital age, the connection
between news organizations and audiences has taken on more complex forms of interaction,
including contact and feedback, as well as normative expectations, participation boundaries,
and power redistribution. The core significance of this article is to provide quantifiable and
interpretable textual evidence for this complex relationship in the specific context of French
news, and to provide a more engineering and empirical analysis path for subsequent research
on news dissemination mechanisms.

2 Methods

2.1 Corpus Construction and Audience Data Collection

This study sets the time window of the corpus as January 1, 2023 to December 31, 2025, and
constructs a multi-source news corpus based on French news in France. Considering the need
for research to cover both national mainstream media, local media, and digital oriented media,
a preliminary sample of 8 French news organizations was selected, including Le Monde, Le
Figaro, Lib ération, Franceinfo, 20 Minutes, Ouest France, La D €p &che du Midi, and
Slate.fr. These media have significant differences in organizational attributes, reporting styles,
topic distribution, and level of platformization, which helps to improve the horizontal
comparability of the sample and avoid excessive influence of single media writing norms on
research results. The data capture design of news organizations is shown in Table 1.
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Table 1: Data Capture Design for News Agencies

Media name Media type Main off-site platform|  Plan to mclude
entrance sample size (articles)

Le Monde National mainstream media Facebook and X 12,000-18,000

Le Figaro National mainstream media Facebook and X 12,000-18,000

Lib&ation National mainstream media Facebook and X 8,000-14,000

Franceinfo Public Service News Media Facebook and X 10,000-16,000

20 Minutes  |Urban/Digital oriented Media Facebook, X and 10,000-15,000

Instagram

Ouest-France Local media Facebook 8,000-14,000

La Dﬁﬂpie;:ihe du Local media Facebook 8,000-12,000

Slate.fr Digital native media Facebook and X 6,000-10,000

In Table 1, at the implementation level of the research, the corpus size is controlled
between 80000 and 150000 articles, with an actual target size of about 100000 articles to
ensure sufficient statistical stability for subsequent discourse pattern clustering, supervised
classification, and audience influence modeling. Each article retains core fields such as title,
introduction, body, publication time, column, author, visibility of comment area, inclusion of
direct quotes, media type, and article link [11]. The data source adopts a "three-layer parallel”
collection structure. The first layer is Media Cloud Online News Archive, which provides
publicly searchable news story level metadata with fields covering titles URL. The
publication date, language, media name, etc., and the source directory clearly indicate that the
news source is mainly continuously accessed through RSS and Google News Sitemap,
making it suitable as an upstream entry for candidate article discovery, source verification,
and deduplication comparison. However, although its story text can be retrieved, it does not
support batch downloading. Therefore, this article does not use it as the sole platform for the
full-text corpus, but rather as an intermediate layer for "discovery verification supplement
chain”. The second layer is GDELT open data, which publicly provides downloadable news
metadata and derived fields such as topic and tone, which can be used to supplement cross
media timestamps, domain names, topic tags, and event clues. The third layer is the public
archive and subscription entrance of the official media website, for example, Le Monde
provides archive pages for browsing by date, and explains that column pages can form RSS
entrances by adding rss_full.xml. La D €p &che du Midi also provides a public archives page
organized by year. These three types of sources work together to complete corpus discovery,
link tracing, and field completion without relying on closed platform interfaces.

The crawling rules follow the order of "index first, then return to source, and then clean”.
Firstly, extract candidate URLs from Media Cloud and GDELT based on the media domain
name, publication time, and French language tag. Subsequently, return to the official website
of the media to retrieve the title, introduction, main text, and page structure information, and
standardize the canonical URL by removing UTM parameters, mobile jump suffixes, and
social tracking parameters [12]. For situations where the same news appears repeatedly on
multiple pages, AMP pages, or reposted pages within the website, merge them using
"standardized links+title similarity+publishing time proximity". To avoid mistakenly writing
page navigation, recommendation modules, or copyright notices into the main text, French
text cleaning must also be performed after extracting the main text. This includes removing
HTML tags, scripts, and ad blocks, unifying French apostrophe and quotation mark encoding,
retaining French book titles, dashes, and citation marks, clearing contiguous blanks, repeated
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paragraphs, and short message fragments of less than 250 words. If the article lacks a stable
main text, contains only videos, image collections, or live streaming scrollbars, it will not be
included in the formal sample.

In terms of sample selection, this article does not pursue a "full site” approach, but rather
focuses on two highly discussed topics. One is immigration and social governance, and the
other is international conflicts. The former corresponds to French search terms such as
immigration, migrant, asile, sans papiers, impulse, fronti ere, policy, justice, €meute, and
declaration. The latter corresponds to keywords such as guerre, conflict, Ukraine, Gaza,
Proche Orient, cessez le feu, arm €e, frappe, etc. When filtering, first recall keywords, and
then manually review them based on the column, title, and context of the main text to
eliminate noisy texts with the same form but different meanings in finance, sports, and
entertainment [13]. At the same time, pure comments, editorials, reader contributions, photo
collections, real-time live streaming pages, and extremely short news alerts with only a few
hundred words are generally excluded. If the research requires retaining commentary text, it
should be separately labeled as an opinion class and not mixed with straight news for
modeling.

The collection of audience data is synchronized with the main text corpus. Considering
that French news websites rarely disclose stable page views, this article takes the number of
comments, shares, social media reactions, comment depth, and secondary dissemination rate
as the main audience indicators, and lists page views as supplementary variables when
available. At the internal level, record whether the comment section is open, the total number
of comments, and the thread level. At the off-site level, prioritize matching public posts on
Facebook or X (formerly Twitter) with news official website links, and capture visible
reactions, comments, and shares/reposts. If the same article is repeatedly published on
multiple official or secondary accounts, the first post shall prevail, and the number of
secondary distributions shall be recorded to calculate the secondary dissemination rate. The
purpose of this approach is not to compress all interactions into a single heat value, but to
measure the "seen”, "discussed”, and "forwarded" separately, in order to provide finer grained
dependent variables for modeling the differences between subsequent discourse patterns and
audience responses.

2.2 Discourse Pattern Mining and Feature Engineering

To avoid simplifying the "discourse pattern” into a single topic label, this article divides
French news texts into four types of features: content layer, expression layer, narrative layer,
and structural layer, and integrates them into a unified vector space for modeling. The
flowchart of discourse pattern mining and feature engineering is shown in Figure 1.
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Figure 1: Flow Chart of Discourse Pattern Mining and Feature Engineering.

In Figure 1, the research process does not directly perform coarse-grained clustering on
the entire text. Instead, a French pre trained transformer is used to vectorize the title,
introduction, and main text. Then, BERTopic and Top2Vec are used for initial topic clustering
to identify high-frequency topic distributions and potential topic boundaries in the news
corpus [14]. On this basis, further introduction of manually defined multidimensional features
enables clustering results to not only reflect ‘what was written’, but also characterize 'how it
was written'. Specifically, the content layer mainly includes themes, news frameworks, and
event types. Among them, the topic is generated by unsupervised clustering, and the
framework and event types are identified by training a supervised classifier through small
sample manual annotation [15]. The expression layer mainly characterizes the text style,
including emotional polarity, subjectivity, readability, interrogative structure in the title,
oppositional structure, digital expression, and click induction degree. Emotions and
subjectivity are extracted jointly by a French emotion dictionary and a pre trained
classification model. To quantify the emotional intensity of an article, the emotional score of
the third article can be calculated as shown in formula (1).

S = N%Zjvél (D(Wij) (

-

)

In formula (1), s; represents the emotional score of the i-th article. N; represents the
number of terms involved in emotion calculation in the i-th article. w;;represents the j-th
term in the i-th article. w(-) represents the emotional weight corresponding to the term. The
narrative layer focuses on the way of speaking and the allocation of responsibility in the
report, including first person or third person narration, testimonial narration, expert quotes,
official quotes, ordinary public quotes, conflict narratives, and attribution of responsibility.
The structural layer records variables such as the number of information sources, source
diversity, article length, embedding of images or videos, and publishing time period. In the
structural layer variables, source diversity is quantified through information source
distribution entropy, as shown in formula (2).

H; = _in=1 Pim X ln(pim) (2)
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In formula (2), H; represents the information source diversity index of the i-th article.
M; represents the total number of information source categories in the article. p;,, represents
the proportion of the m-th type of information source. In the French news text vectorization
stage, this article first uses a French pre trained Transformer model to represent the context of
the title, introduction, and body text, and aggregates the token level representations into
article level vectors. The semantic representation definition of article i is shown in formula

(3).
2z ==Y hi (3)

In formula (3), z; represents the document vector of the i-th article. T; represents the
number of tokens in this article. h;; represents the contextual latent vector of the t-th token
in the i-th article. This semantic representation is used for subsequent topic clustering and
multidimensional feature fusion. After the initial clustering is completed, this article further
calculates the weights of representative words within the topic cluster to improve the
interpretability of topic boundaries. For the weight of term v in topic cluster k, it is
represented by class TF-IDF, as shown in formula (4).

fiv K
TFIDFy , = zxi —log - (4)

In formula (4), TFIDF,, represents the weight of term v in topic cluster k, which is
used to extract high probability words and assist in determining the interpretability of the
topic cluster. f; ,, represents the word frequency of term v in topic cluster k. V represents
the size of the vocabulary. K represents the total number of topic clusters. d,, represents the
number of topic clusters containing the word term v. Subsequently, 1500 news articles were
randomly selected from the total sample for manual annotation. The framework, citation type,
and attribution of responsibility were each established with annotation standards, which were
independently completed by two trained coders [16]. After completing consistency
verification, use this annotation set to train a supervised classifier. For the task of identifying
frameworks, speech types, and attribution of responsibility, the objective function of the
classifier is shown in formula (5).

Los = — Zyzl Zf:::l Yic l0g Dyc (5)

In formula (5), £, represents classification loss. N represents the number of training
samples. C represents the number of categories. y;. represents the true label of sample i on
category c. p,. represents the probability of the model predicting that the sample belongs to
category c. To verify the reliability of manual annotation, this article will report on Cohen's
kappa. When label items with a kappa value below 0.75 appear, revise the rules again and re
label them. After completing the consistency check, train the supervised classifier using the
annotation set and evaluate the model performance based on accuracy, macro average F1, and
weighted F1. In addition to the classification results, this article also conducts interpretability
checks on topic clusters by extracting high weight words, representative articles, and title
samples from each cluster, checking their internal semantic consistency and readability in
journalism, and avoiding cluster structures that are only similar in mathematical space but
have vague propagation meanings [17].

In the end, this article does not directly consider a single feature as a "discourse pattern”,
but combines four layers of features and performs secondary clustering to obtain several
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stable discourse pattern clusters. For example, reports on immigration issues may be
categorized into different modes based on whether they use conflicting headlines, highlight
testimonies from ordinary people, and introduce multiple sources of interpretation. The
purpose of this approach is to move news texts from "topic classification” to "expression
structure recognition”, providing a more detailed feature basis for subsequent testing of the
differential impact of different discourse patterns on comments, sharing, and secondary
dissemination rates. In other words, the process of discourse pattern mining and feature
engineering emphasizes not only the technical sequence, but also a methodological judgment.
Only by putting content, expression, narrative, and structure in the same framework can the
audience influence of news discourse be more reliably quantified.

2.3 Quantitative Modeling of Audience Influence

In the stage of audience influence modeling, this article divides response variables into two
groups: shallow participation and deep participation. The former corresponds to clicks,
browsing, likes, or reactions, mainly reflecting attention and light contact. The latter
corresponds to the depth of comments, sharing, comment chains, and cross platform re
dissemination, which is closer to the extension of discussion and public dissemination. This
hierarchical processing is consistent with the expectations of digital news interaction, social
media editing practices, and mobile contact logic, and is also more suitable for explaining the
differences between news being "seen" and "discussed” on different platforms [18].
Meanwhile, testimonial storytelling, platform packaging, and storytelling often have
additional impacts on comments and dissemination, so deep engagement cannot be replaced
by shallow indicators [19]. To clearly demonstrate the correspondence between discourse
pattern characteristics, audience indicators, control variables, and econometric models, and to
illustrate the overall modeling path of shallow participation, deep participation, and
robustness testing, this paper constructs a quantitative modeling mechanism diagram of
audience influence, as shown in Figure 2.
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As shown in Figure 2, the discourse pattern cluster and its four layer features are first
introduced into the modeling framework as core explanatory variables, and then mapped to
two types of audience indicators: shallow participation and deep participation. Factors such as
media, program, time, length, and topic category are included as control items in the
estimation process. Different types of indicators are then matched with negative binomial
regression, zero inflation negative binomial regression, and mixed effects models [20]. The
robustness test is ultimately completed through platform segmentation, topic segmentation,
extreme value elimination, and comparison with the same event. For count based indicators
such as comments, shares, reactions, and cross platform re dissemination times, this article
uses negative binomial regression. If the proportion of zero values is too high, use zero
inflation negative binomial regression instead. For repeated observations across platforms,
multimedia, and time, a mixed effects model is further used to control for the correlation of
internal observations within the same media, platform, and time unit, as shown in formula (6).

log(u;) = Bo + d?ﬁ + ciTy +uj + v, + wy (6)

In formula (6), B, represents a constant term, and S represents the coefficient vector
corresponding to the discourse pattern variable. y represents the coefficient vector
corresponding to the control variable. p; represents the conditional mean of the i-th
observed sample. d; represents the feature vector of the i-th sample. c; represents the
control variable vector of the i-th sample. T represents transposition. u; represents the
random intercept of the media j to which the i-th observation sample belongs. v,
represents the random intercept of platform p. w, represents the random effect of the time
unit t to which it belongs. The core independent variable is the discourse pattern cluster, and
four levels of feature scores are included as auxiliary explanatory items. The control variables
include media fixed effects, column fixed effects, weekly or monthly fixed effects, article
length, publication time period, and topic category. This setting can more finely depict the
marginal impact of title packaging, narrative perspective, and structural configuration on
different audience indicators [21]. The robustness test includes four items: re running the
model by platform, re running the model by topic, removing extreme hot news with
interaction values in the top 1%, and adding lagged items to test the stability of the results. In
addition, this article adds a "comparison of the same event" design. Identify cross media
reports of the same public event based on named entities, keyword overlap, and proximity of
release dates, control the event window within 3 days before and after, and compare the
interaction differences under different discourse patterns. This approach helps to compress the
external disturbances caused by the significance of events, making the model closer to
identifying the impact of expression rather than just describing the overall heat differences
[22, 23]. Considering the language boundary between opinion and straight news in French
news, as well as the extension conditions of framework analysis in multilingual scenarios, this
paper synchronously refers to the method constraints of French news genre recognition and
multilingual framework analysis in the event comparison and model interpretation stages to
ensure consistency between estimation results and text classification results [24, 25].

3 Results and Discussion

3.1 Distribution of Major Discourse Patterns in French News

After completing theme clustering, framework recognition, and multidimensional feature
integration, the French news corpus presents five relatively stable discourse patterns, namely

9
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institutional/governance type, conflict/opposition type, testimony/character story type,
data/expert interpretation type, and crisis/risk warning type. The cross channel and cross topic
distribution of the main discourse patterns in French news is shown in Figure 3.
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Figure 3: Cross-outlet and cross-topic distribution of major discourse patterns in French
news.

As shown in Figure 3 (a), Le Monde, Franceinfo, and Slate.fr have a higher proportion of
institutional/governance and data/expert interpretation types, with Le Monde's institutional/
governance type accounting for 29% and data/expert interpretation type accounting for 31%,
while Slate.fr's data/expert interpretation type accounts for 34%. Relatively speaking, the
conflict/opposition types of Le Figaro and Lib €ration are 30% and 28%, respectively,
significantly higher than the sample mean of 23.1%. The institutional/governance type of
local media Ouest France and La D €p &che reached 33% and 31% respectively, while the
testimony/character story type was 22% and 24% respectively, indicating that local reporting
often juxtaposes policy treatment with individual experiences. In Figure 3 (b), the
institutional/governance type of immigration and asylum issues has the highest proportion at
34%, higher than the 16% of Gaza conflict issues. The conflict/opposition type in the Gaza

10
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conflict has risen to 31%, and the crisis/risk warning type has also reached 20%. The report
on the Ukrainian war presents a bimodal structure, with conflict/opposition type accounting
for 29% and data/expert interpretation type accounting for 23%. These differences indicate
that there is no single narrative focus within the same language news field, and media
positioning and topic attributes can rewrite the way discourse is organized. To further
illustrate that these patterns are not loosely labeled, this article summarizes the overall
proportion, direct speech rate, dominant speech source, and stability indicators of each pattern,
as shown in Table 2.

Table 2: Overall prevalence, quotation structure, and stability indicators of the five discourse

patterns
. Direct . Quarterly
Pattern ProE);)r)tlon speech Domlnsan;escohurce of standard BJ(;(():'E:s;gp
rate (%) P deviation
Institutional/governance | 7 4| 355 | Official/institutional | 1.1 0.81
oriented
Conflict/opposition type| 23.1 44.7 Bilateral actors 1.4 0.78
Testimony/Character .
Story Type 18.7 62.5 Ordinary people 0.9 0.80
Data/e"pe{;s:p'a”atory 162 | 359 | Expert/Researcher 0.8 0.77
Warning
Crisis/risk warning type 14.6 29.4 | agencies/authoritative 0.7 0.79
departments

In Table 2, institutional/governance type accounts for 27.4% of the entire sample, with a
direct citation rate of 38.2%, mainly from official and institutional sources. High probability
words are concentrated in government, law, reform, procedure, and jurisdiction, and the
representative title can be summarized as “"Immigration: the government tightening
asymptotes procedures”. Conflict/opposition type accounts for 23.1%, with a direct speech
rate of 44.7%. Common bilateral speech and attribution expressions include high probability
words such as conflict, tension, accommodation, protein, and policy. Testimony/character
story type accounts for 18.7%, but the highest rate of direct speech is 62.5%, dominated by
ordinary people's speech, with typical words being family, victim, resident, recovered, and
experience. Data/expert explanatory type accounts for 16.2%, with expert quotes being the
most concentrated; Crisis/risk warning type accounts for 14.6%, characterized by warning
type wording and timely sources. The verification results are also relatively stable, with
quarterly standard deviations of the five types of patterns ranging from 0.7 to 1.4, and
Bootstrap Jaccard coefficients ranging from 0.77 to 0.81, indicating that their boundaries are
reproducible and not temporarily pulled by individual hot topic reports.

Overall, the discourse distribution of French news in France has a clear hierarchy:
institutional/governance type forms the foundation, conflict/opposition type and
testimony/character story type bear the increase of topics, and data/expert interpretation type
and crisis/risk warning type form complementary advantages in specific media and specific
topics. From this, it can be seen that the subsequent analysis of audience influence cannot
regard "news content” as a single entity, but should compare the differential effects of
different discourse patterns at the interactive level.
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3.2 Differential Effects on Shallow and Deep Audience Engagement

After distinguishing audience response into shallow participation and deep participation, there
is a clear differentiation in the direction of different discourse patterns. To compare the
direction and intensity of the effects of different discourse patterns on shallow and deep
engagement, this paper reports the estimated incidence ratio of each pattern on two types of
audience indicators, as shown in Figure 4.
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Figure 4: Estimated effects of discourse patterns on shallow and deep audience engagement.

In Figure 4 (a), the conflict/opposition type has the strongest pull on shallow participation,
with an IRR of 1.34 and intervals of [1.28, 1.40]. The crisis/risk warning type is 1.21 [1.02,
1.27], the testimony/character story type is 1.12 [1.07, 1.18], the institutional/governance type
is only 1.06 [1.02, 1.10], and the data/expert interpretation type is 0.97 [0.93, 1.02]. This
indicates that title tension, risk warnings, and emotional packaging are more likely to generate
clicks, browsing, and light reactions. Figure 4 (b) shows that the ranking of deep involvement
has changed. The testimony/character story type has the highest IRR of 1.41 [1.33, 1.50]. The
conflict/opposition type is 1.18 [1.12, 1.24], the data/expert interpretation type is 1.16 [1.09,
1.24], the crisis/risk warning type is close to the benchmark, the IRR is 1.03 [0.97, 1.09], and
the institutional/governance type is 0.94 [0.89, 0.99]. From this, it can be seen that conflict
based expression is more conducive to obtaining reach, testimony based narrative is more
likely to lead to comments and lengthy discussions, multi-source citation and explanatory text
clicks are not dominant, but they have a stable gain in deep interaction, which is consistent
with the research conclusions of title narrative, testimony news, and information packaging in
recent years. To further examine whether the impact of different discourse patterns on deep
engagement varies with the platform environment and to examine the stability of the
estimation results, this paper compared the effect values of each pattern on different platforms
and reported the bootstrap resampling results, as shown in Figure 5.
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Figure 5: Cross-platform differences and bootstrap stability of deep-engagement effects
across discourse patterns.

Figure 5 (a) shows the sub platform estimation for deep involvement. The
conflict/opposition type has an IRR of 1.11 on the website, rising to 1.24 on Facebook and
further increasing to 1.29 on X. The testimony/character story type on the website and
Facebook were 1.38 and 1.44, respectively, and fell back to 1.22 on X. The data/expert
interpretation type is 1.19 on the website, 1.10 on Facebook, and 1.08 on X. This indicates
that X is more likely to amplify adversarial expressions, Facebook is more conducive to
extending character narratives into comment chains, and the website is more friendly to
explanatory texts. The verification results are shown in Figure 5 (b). In 100 bootstrap
resamples, the median IRR for testimony/character story type was 1.39, with a 90% interval
of [1.31, 1.47]. The conflict/opposition type is 1.17 [1.11, 1.24], the data/expert interpretation
type is 1.15 [1.08, 1.22], the institutional/governance type is 0.95 [0.91, 1.00], and the
crisis/risk warning type is 1.02 [0.96, 1.08]. The narrow intervals of each mode and the stable
direction of the main effect indicate that the results are not driven by a few extreme hot
articles.

Overall, shallow participation is more likely to be driven by a sense of conflict, risk, and
title stimulation, while deep participation relies more on the full development of character
experience, narrative input, and explanatory resources. The platform mechanism further
amplifies this difference, so when discussing the audience impact of French news in the future,
it is necessary to separate the understanding of "being seen” and "being continuously
discussed".

3.3 Cross-Outlet Heterogeneity and Theoretical Implications

The heterogeneity results further indicate that the dissemination effect of discourse patterns
does not maintain the same direction in all media environments. To compare the differences
between mainstream media and local media, serious news and soft news, as well as between
official websites and social platforms, this paper reports the deep participation estimation of a
grouped mixed effects model, as shown in Figure 6.
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Figure 6: Heterogeneous deep-engagement effects across outlet type, news style, and
publication channel.

In Figure 6 (a), the testimony/character story effect of local media is 1.47 [1.36, 1.58],
which is higher than the 1.28 [1.20, 1.37] of mainstream media. Conflict/opposition type is
also higher in local media, at 1.25 [1.16, 1.34], compared to 1.12 [1.06, 1.19] in mainstream
media. Relatively speaking, the IRR of data/expert interpretation type in mainstream media is
1.18 [1.10, 1.26], higher than that of local media at 1.07 [1.00, 1.15]. This indicates that local
media rely more on proximity and community experience to stimulate discussions, while
mainstream media retains a stronger advantage in knowledge interpretation. Figure 6 (b)
shows that the conflict/opposition type and testimony/character story type in soft news reach
1.27 and 1.39, respectively, both higher than the 1.14 and 1.22 in serious news. However, the
effect of data/expert interpretation in serious news is 1.21 [1.13, 1.29], significantly higher
than that of soft news at 1.05 [0.98, 1.12]. Figure 6 (c) further indicates that the effect of
conflict/opposition on social platforms is 1.27 [1.19, 1.35], which is higher than the 1.11 [1.05,
1.18] on official websites. The testimony/character story type on the official website is 1.37
[1.29, 1.45], slightly higher than the social platform's 1.31 [1.23, 1.39]. The data/expert
interpretation type is 1.19 [1.12, 1.26] on the official website and 1.09 [1.02, 1.16] on social
media platforms. This set of results indicates that platform distribution amplifies the sense of
conflict, but longer explanatory chains and character narratives are more likely to settle into
ongoing discussions in the official website environment. The period differences and stability
are shown in Figure 7.
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Figure 7: Period sensitivity and bootstrap validation of heterogeneous deep-engagement
effects.

Figure 7 (a) shows that the conflict/opposition type during the crisis period has increased
from 1.12 [1.06, 1.18] in the normal period to 1.29 [1.21, 1.37], and the data/expert
interpretation type has also increased from 1.13 [1.05, 1.21] to 1.24 [1.16, 1.32]. The
testimony/character story type has decreased from 1.44 [1.35, 1.53] to 1.23 [1.15, 1.31]. Crisis
situations compress the extension space of individual narratives, but enhance the demand for
adversarial and explanatory information. Figure 6 (b) shows the resampling results. The
conflict type gain difference between social platforms and official websites is+0.16 [0.08,
0.24], the conflict type gain difference between crisis and normal situations is+0.17 [0.09,
0.25], and the difference between data/expert interpretation on social platforms is -0.10 [-0.17,
-0.02]. The difference between testimony/character story types during crisis periods is -0.21
[-0.30, -0.12]. Only the difference between the testimony type and the official website on
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social media platforms is close to the zero range of -0.06 [-0.14, 0.01], while the rest of the
differences are stable in direction.

These results are closer to the explanation of the combined effect of platform logic and
editorial adjustments. Platformized news enhances visibility competition, while news
dataization continuously feeds back clicks, comments, and shares to the editorial department,
enabling media to continuously adapt in terms of headlines, quotes, and narrative organization.
At the same time, participatory journalism practices have also changed editors' judgments on
who is speaking out and writing for whom, especially in local media and soft news. Therefore,
the reconstruction of audience relations does not occur outside of the text. The discourse
pattern itself has become an operational resource for media response platform indicators,
organizing public connections, and reallocating news attention.

4 Conclusion

This article is based on the French news corpus from 2023 to 2025, systematically identifying
the main discourse patterns and examining their differential impact on audience participation
at different levels. The overall results indicate that the text organization of French news is not
homogeneous, and different discourse configurations present measurable and distinguishable
dissemination effects in platform communication and audience interaction.

(1) The discourse structure of French news in France has a clear and stable stratification,
with institutional/governance type accounting for the highest proportion at 27.4%, followed
by conflict/opposition type at 23.1%, testimony/character story type at 18.7%, data/expert
interpretation type at 16.2%, and crisis/risk warning type at 14.6%.

(2) The impact of different modes on audience participation is not consistent. The
conflict/opposition type has the strongest pull on shallow participation, with an IRR of 1.34.
The testimony/character story type is most prominent for deep involvement, with an IRR of
1.41; The data/expert interpretation type is only 0.97 in shallow interaction, but reaches 1.16
in deep participation.

(3) The theoretical value of this article lies in linking French news research, discourse
analysis, and audience quantification research, and replacing small sample case observations
with large-scale French news computational analysis, thus presenting more specifically the
interactive mechanism between platform based communication, editorial adaptation, and
audience feedback.

(4) There are still limitations to this article, including platform interface limitations,
difficulty in fully representing true attitudes through interactive indicators, and uneven
availability of data from different media. Subsequent research can combine comment stance
recognition, causal inference design, and cross lingual comparison of French and English
news.
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