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Abstract—Data-driven news articles combine narrative storytelling with data visualizations to inform and influence public opinion
on pressing societal issues. These articles often employ persuasive strategies, which are rhetorical techniques in narrative framing,
visual rhetoric, or data presentation, to influence audience interpretation and opinion formation regarding information communication.
While previous research has examined whether and when data visualizations persuade, the strategic choices made by persuaders
remain largely unexplored. Addressing this gap, our work presents a taxonomy of persuasive strategies grounded in psychological
theories and expert insights, categorizing 15 strategies across five dimensions: Credibility, Guided Interpretation, Reference-based
Framing, Emotional Appeal, and Participation Invitation. To facilitate large-scale analysis, we curated a dataset of 936 data-driven news
articles annotated with both persuasive strategies and their perceived effects. Leveraging this corpus, we developed a multimodal,
multi-task learning model that jointly predicts the presence of persuasive strategies and their persuasive effects by incorporating both
embedded (text and visualization) and explicit (visual narrative and psycholinguistic) features. Our evaluation demonstrates that our
model outperforms state-of-the-art baselines in identifying persuasive strategies and measuring their effects.

Index Terms—Data-driven storytelling, persuasive strategies, taxonomy, computational modeling
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1 INTRODUCTION

Data-driven news articles are data journalistic artifacts that combine
narrative with data visualization [28]. These articles play an increas-
ingly important role in informing the public about pressing social issues,
such as public health (e.g., Covid-19 trends [89]) and environmental
challenges (e.g., climate change [66]), influencing how audiences in-
terpret data and form opinions [25,60]. To strengthen their influence,
storytellers often employ rhetorical devices in the form of persuasive
strategies: communicative techniques in visual rhetoric, narrative fram-
ing, or data presentation designed to guide audiences’ interpretations,
evoke their cognitive or emotional responses, and align them with an
article’s intended message. For example, a New York Times data-driven
news article on the post-pandemic child care crisis, With Pandemic
Money Gone, Child Care Is an Industry on the Brink [83], combines
compelling data visualizations (e.g., a bar chart highlighting that 53%
of providers face staffing shortages) with emotional storytelling (e.g., a
child care provider earning “$2 an hour”). By grounding quantitative
evidence in a clear visual format and tying those visuals to relatable
human struggles, the article implicitly persuades audiences to recog-
nize the urgency of sustained federal funding. Understanding such
persuasive strategies is essential for deciphering how data-driven news
articles shape public discourse as well as advancing responsible data
storytelling that balances persuasion with transparency.

The visualization community has increasingly studied whether and
when data visualizations persuade their audiences. Early research has
investigated whether visualizations persuade more effectively than tex-
tual or illustrative alternatives [25, 54]. For example, Pandey et al. [54]
demonstrated that charts outperform text in shifting attitudes, but only
when aligned with audiences’ prior attitudes. Subsequent work has
explored when visualizations persuade by investigating factors that
modulate their impact, such as prior attitudes [49] and narrative tech-
niques [45,60]. For example, Liem et al. [45] compared personal visual
narratives and structured visual narratives in immigration debates but
found neither strongly influenced attitudes. While the aforementioned
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work has laid a solid foundation for understanding the effect of vi-
sualization on the persuadees, the persuasive strategies employed by
the persuader remain largely unexplored. This gap presents two chal-
lenges: First, no taxonomy currently exists to categorize the persuasive
strategies used by persuaders in data-driven news articles. Given that
these articles involve both text and visualizations, the taxonomy should
consider that strategies can emerge from the interplay both within and
across modalities. Second, extracting and analyzing strategies at scale
requires computational modeling. Thus, a predictive model is necessary
to identify persuasive strategies and evaluate their contributions to the
article’s overall persuasive effect.

Motivated by these challenges, we develop a taxonomy of persuasive
strategies and a predictive model for identifying these strategies and
their persuasive effects. First, we conducted focus group studies to
develop a taxonomy comprising 15 persuasive strategies organized into
five categories, including credibility, guided interpretation, reference-
based framing, emotional appeal, and participation invitation. We
then curated a dataset of 936 data-driven news articles collected from
diverse online sources, annotated with two layers of labeling: (i) ex-
pert coding of persuasive strategies based on our taxonomy and (ii)
crowdsourced labeling of perceived persuasive effects. Building on
this annotated dataset, we developed a multimodal, multi-task learn-
ing model (M2P). Given an article, M2P extracts and synthesizes its
embedded features (text and visualization features) and explicit (vi-
sual narrative and psycholinguistic) features to jointly predict both
the presence of specific strategies as well as the persuasive effect of
the article. We evaluated the performance of our model through a
series of experiments. The results demonstrated that M2P is effective
in identifying persuasive strategies and measuring persuasive effect.
Specifically, M2P improves the Micro F1-score by 4.4% in persuasive
strategy classification and reduces mean absolute error (MAE) by 9.4%
in persuasive effect prediction compared to state-of-the-art baselines.

In summary, the main contributions of this work are as follows:

* We developed a taxonomy of persuasive strategies in data-driven
news articles, informed by psychological theories of persuasion
(e.g., the Elaboration Likelihood Model [55]) and insights from
focus groups. This taxonomy provides a structured framework for
categorizing the communicative techniques used to shape audiences’
interpretations, enabling a deeper understanding of persuasive com-
munication in data storytelling.

* We curated and annotated a dataset of 936 data-driven news arti-
cles, labeling both persuasive strategies and their persuasive effects.
This dataset enables the analysis of persuasion in data journalism,
supporting computational modeling of persuasive communication.
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¢ We proposed a multimodal, multi-task learning model that predicts
persuasive strategies and their persuasive effects in data-driven news
articles. It outperforms state-of-the-art baselines, demonstrating the
essential roles of the proposed cross-attention gated fusion compo-
nent and loss functions. The dataset and code can be accessed at
https://osf.io/8pehf/.

2 RELATED WORK
2.1 Persuasion and Visualization

Persuasion, defined as “communication intended to shape others’ be-
liefs, values, or attitudes” [67], involves two phases: (i) the strate-
gic efforts of the persuader (termed persuasive strategies) and (ii) the
subsequent cognitive or behavioral uptake by the persuadee [2, 85].
Persuasion has been widely studied across social science disciplines
and formalized through frameworks such as the Elaboration Likeli-
hood Model (ELM) [55], which distinguishes between logic-driven
(central route) and emotion-driven (peripheral route) persuasion, and
the Heuristic-Systematic Model (HSM) [11], which explains how audi-
ences rely on cognitive shortcuts to process persuasive messages. Com-
plementary theories, including Hovland’s communication-persuasion
paradigm [31] and social identity theory [73], further contextualize
how message framing and group affiliations shape receptivity to persua-
sion. Building on these foundations, the visualization community has
explored how data visualizations persuade. Early studies focused on
whether visualizations persuade more effectively than other mediums.
For example, Garreton et al. [25] found that data-visualized journalism
amplified reader attitude influence beyond illustration-dependent sto-
rytelling. Subsequent work focuses on factors modulating persuasive
outcomes. Studies have shown that audiences’ prior beliefs significantly
shape their responses to data [35,49]. For example, Markant et al. [49]
demonstrated that people’s belief updating becomes more restrained
when encountering scatterplot visualizations that contradict their prior
assumptions. In addition to audience predispositions, research has
investigated how narrative techniques mediate persuasion [36,45, 60].
Rogha [60] found that while both elicitation and contrasting narratives
did not significantly alter attitudes, they led to increased engagement
in terms of surprise. Similarly, Kong et al. [36] demonstrated that
slanted titles influence how audiences interpret visualizations without
altering their perception of bias. The aforementioned work has pri-
marily focused on the reception phase of persuasion rather than the
persuasive strategies employed by storytellers. Our work addresses the
first phase of persuasion by systematically analyzing and categorizing
the strategies used in data-driven news articles.

2.2 Design of Data Stories

Data stories synthesize visual analytics with storytelling techniques
to effectively present data and convey analytical insights [37]. Re-
cent research in data story design has expanded in multiple directions.
Some studies adopt a holistic approach by exploring various types of
data stories and associated design patterns [62], while others focus on
specific elements such as interaction [64], narrative structure [43,87],
animation [65], and affective design components [40,42]. In addition
to theoretical frameworks, several studies have examined technical
approaches for constructing data stories. For example, researchers have
applied Monte Carlo tree search methods to generate narratives based
on automatically extracted data facts [63,72].

Data-driven news articles, which is a specialized format in data
stories, combine storytelling with visualization to inform public dis-
course [28]. Researchers have explored their design through both
comprehensive frameworks and granular analyses. For example,
Hao et al. [28] introduced a classification framework for data-driven
news articles, identifying design patterns for textual and visual com-
ponents. Fu et al. [24] formulated an ecological framework outlining
priority research topics for visual storytelling in news ecosystems.
Other work has focused on specific design dimensions that impact user
engagement and comprehension. Rahman et al. [57] established a tax-
onomy of annotation strategies in visualizations, while Kim et al. [34]
investigated perceptual factors influencing the efficacy of visualization
thumbnails. Rogha et al. [60] analyzed how narrative elicitation and

temporal salience in visualizations synergistically shape audience en-
gagement. Technical research has also explored methods to automate
data journalism, such as linking data with text [70,91] or leveraging
large language models [13,71]. Inspired by the aforementioned work,
our work focuses on identifying persuasive design patterns in data-
driven news articles that influence how audiences interpret and respond
to the presented information.

2.3 Computational Modeling of Persuasion

Persuasive theories in psychology and marketing are well established,
while computational modeling of persuasive communication remains
in its early stages. Prior work has mainly focused on natural language
processing (NLP) approaches to quantitatively analyze persuasive texts,
which can be categorized into three tasks: the extraction of persuasive
strategies, the analysis of influencing factors, and the measurement of
persuasive effects. The extraction of persuasive strategies aims to iden-
tify rhetorical tactics in text. Early work by Anand et al. [2] explored
the feasibility of classifying blog posts as persuasive or non-persuasive
based on lexical features in the text. This work paved the way for
subsequent studies, such as that of Meng et al. [51], who developed
a hierarchical weakly-supervised latent variable model that utilizes
partially labeled data to predict the associated persuasive strategies for
each sentence. In addition, the analysis of influencing factors examines
contextual variables that modulate persuasion, including argument or-
dering [44], target audience [48], and prior beliefs [21]. Recent work
has also focused on measuring the persuasive effect of communica-
tion. For example, Jin et al. [32] developed a model based on LLMs
through intent-to-strategy reasoning and evaluated its persuasiveness.
In addition to NLP approaches, the computer vision (CV) community
has contributed to computational modeling of persuasive images. Early
work by Joo et al. [33] proposed syntactical and intent-based features,
including facial expressions, gestures, emotions, and personality, which
contribute for creating of persuasive images. Recent work follows two
trends: modality extension [39] and adaptive multimodal fusion [3].
For example, Kumar et al. [39] developed an annotated image corpus
featuring persuasive strategies in advertisements. Bai et al. [3] investi-
gated persuasion in debate videos and introduced an adaptive fusion
learning framework for predicting the intensity of persuasion using
multimodal (acoustic, visual, language) data. The aforementioned work
relies on feature-level fusion, limiting their ability to capture how per-
suasive strategies emerge from cross-modal interactions. We propose a
multimodal, multi-task framework that integrates both embedded and
explicit features, providing a more comprehensive understanding of
how persuasive effects are shaped by different modalities.

3 CHARACTERIZING PERSUASIVE STRATEGIES

To understand how data-driven news articles persuade, we conducted
focus group studies to gather insights from researchers and practitioners.
Based on these discussions, we developed a taxonomy of 15 persuasive
strategies grouped into five categories, which reflect a spectrum of
techniques that engage audiences through varying cognitive pathways,
from careful analysis to intuitive responses.

3.1 Methodology

We initially considered reaching out directly to original authors to
understand their intended persuasive strategies. However, practical
constraints such as the large volume of articles and the lack of clear au-
thorship made this approach unfeasible. In many cases, visualizations
are provided by third parties, which further complicates direct inquiries.
To address these challenges, we turned to elicitation [30] (i.e., interact-
ing with human subjects to gather insights) through focus group studies.
Focus groups are a well-established method for gathering qualitative
insights through structured yet open-ended discussions [38]. In these
discussions, participants with diverse experiences in reading and pro-
ducing data journalism shared their observations on both deliberate
and incidental persuasive techniques. This method can stimulate their
recollections and associations with relevant experiences, enabling us to
identify recurring patterns, consensus, and points of divergence in the
manifestation of persuasive strategies.
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Table 1: Summary of participants’ characteristics

Group D Gender Age  Role/Profession Proficiency
Gl P1 F 20 Data Journalism Student Proficient
Gl P2 F 24 Industrial Design Student Competent
Gl P3 F 30 University Lecturer Expert
Gl P4 M 25 HCI Student Beginner
Gl P5 F 21 Data Journalism Student Proficient
Gl P6 M 23 Government Agency Staff Beginner
G2 P7 F 22 Data Journalism Student Proficient
G2 P8 F 25 Assistant Researcher Expert
G2 PO M 22 Computer Science Student Beginner
G2 P10 F 25 News Reporter Expert
G2 P11 F 23 Data Journalism Student Proficient
G2 P12 M 24 Environmental Design Student  Proficient
G3 P13 F 23 Environmental Design Student ~ Competent
G3 P14 M 24 Electronic Information Student ~ Beginner
G3 P15 M 25 Art and Design Student Beginner
G3 P16 F 28 News Editor Expert
G3 P17 F 31 New Media Operator Proficient
G3 P18 M 27 Product Manager Expert

Participants We recruited participants through an open call on
social media platforms. To ensure diversity and relevance [38], we
selected individuals with experience in data journalism or visualization
who also demonstrated basic understanding of persuasion, enabling
them to identify strategies specific to data-driven news articles. Eligi-
bility was assessed through a questionnaire that collected demographic
information, professional expertise, and self-reported proficiency with
data journalism or data visualization. The questionnaire uses a five-
point Likert scale to evaluate participants’ proficiency, from “novice”
to “expert”. A total of 18 participants aged 20 to 31 were recruited.
Their backgrounds spanned data journalism, computer science, and
design, ensuring a multidisciplinary perspective. All participants had
experience in either producing or engaging with data-driven news arti-
cles (expert: 27.8%, proficient: 33.3%, competent: 11.1%, advanced
beginner: 27.8%, novice: 0%). Participants were assigned to three
focus groups, each consisting of six individuals (Table 1).

Stimuli  To ground discussions in real-world examples, we pro-
vided participants with a curated set of data-driven news articles as
stimuli. These articles were selected from two sources: (i) an existing
corpus of the articles compiled in prior research [28] and (ii) articles
nominated by participants prior to the study. Each participant was
asked to submit a reading list of articles they found highly persuasive.
If fewer than 10 were provided, we supplemented the list with widely
recognized examples and asked all participants to read them before
the discussion. The selection process was guided by three key crite-
ria. First, articles demonstrated strong persuasive elements to ensure
their relevance for analysis. Second, they covered a diverse range of
topics while maintaining neutrality, avoiding issues that might provoke
strong preconceived biases among participants. Third, articles varied
in length, publication sources, and narrative styles to capture a broad
spectrum of persuasive techniques. Based on these criteria, we selected
11 articles as stimuli, with each focus group assigned 3 or 4 articles,
depending on their length. These stimuli served as the primary basis
for discussion, while the participant-submitted reading lists were used
to prompt reflection on broader reading experiences.

Materials To help participants connect persuasive strategies to
underlying psychological processes, we referred to prior research on
persuasive strategies [39] and considered the characteristics of data
journalism to select appropriate psychological frameworks. Specifi-
cally, we introduced three foundational theories: (i) the Elaboration
Likelihood Model (ELM) [55], which distinguishes two persuasion
pathways: central route (analytical evaluation of arguments) and pe-
ripheral route (reliance on heuristic cues and emotional triggers); (ii)
Social Identity Theory [73], which posits that individuals align attitudes
with in-group norms to reinforce self-concept; and (iii) Consistency
Theory [22], which proposes that inconsistencies between beliefs and
actions create psychological tension, motivating efforts to restore con-
sistency. In addition to these theories, we used examples of persuasive

strategies commonly used in various contexts to provide participants
with a reference point for their analysis, such as the foot in the door
and reciprocity techniques often employed in advertising [39,51, 88].

Procedure Each focus group followed a three-session protocol
to systematically identify and refine persuasive strategies: introduc-
tion, discussion, and synthesis. In the introduction session, participants
reviewed the pre-distributed stimuli and were introduced to the psy-
chological theories of persuasion outlined in our materials. To ensure
alignment with the study’s scope, we clarified that the focus was on
examining the persuasive strategies employed by the persuader, rather
than evaluating the effectiveness of those strategies on the persuadee.
The discussion session began with 15 minutes of independent annota-
tion, where participants identified persuasive elements in the stimuli
based on their expertise and the psychological theories introduced ear-
lier. They were required to annotate at the sentence level for text and at
the individual visualization level for graphical content. After this, we
guided a structured discussion divided into two parts. First, participants
mapped the persuasive strategies they identified to the psychological
theories introduced earlier. Second, participants were encouraged to
explore additional persuasive strategies that may not have been im-
mediately apparent in the initial annotations. We also invited them to
share persuasive data-driven news articles they had read (from either
the reading list or personal experience) and describe the strategies used.
This open-ended exploration prompted deeper reflection on more sub-
tle or less overt forms of persuasion. The synthesis session involved
iterative refinement of the findings. We consolidated the proposed
strategies into a preliminary list, encouraging participants to resolve
disagreements, eliminate redundancies, and refine definitions. Each
strategy was then subject to a voting process, ensuring consensus on
the final list of strategies. The three sessions lasted approximately two
hours and were recorded with participants’ consent for later analysis.

Result Analysis The qualitative data from the focus groups was
transcribed and analyzed through thematic analysis [8] to derive a set
of effective persuasive strategies. Two researchers independently per-
formed open coding on the transcripts, tagging segments related to
persuasive strategies. Then, we generated codes from the tagged seg-
ments and grouped similar codes. For example, recurring references to
“using quotes from an economist” and “citing Environmental Protection
Agency” were synthesized into the code authority endorsement. Fol-
lowing this, we met for three sessions to compare codes, merge similar
codes, and discuss disagreements until reaching an agreement. Using
this coding framework, we then re-coded the entire set of transcripts.
During the process, we further grouped low-level codes into the high-
level categories they serve. This synthesis was guided by three inputs:
(1) insights shared by experts in the focus groups, “increasing engage-
ment with data journalism can enhance the likelihood of persuasion”
(P3, P10), (ii) psychological theories of persuasion [22,31,55,73,84],
and (iii) existing taxonomies of persuasive strategies from related do-
mains (e.g., advertisement [39], news editorials [21]).

3.2 Taxonomy

Based on our focus groups, we identified 15 distinct persuasive strate-
gies, of which eight were derived from sentence-level annotations in the
text (text-based strategies) and seven from annotations within individ-
ual visualizations (visualization-based strategies). The 15 strategies are
grouped into five categories (Fig. 1): credibility, guided interpretation,
reference-based framing, emotional appeal, and participation invitation.
Except for emotional appeal, which includes only text-based strategies,
the other categories comprise both textual and visual techniques, re-
flecting a multimodal nature. These categories represent a spectrum
of persuasive techniques that, according to the ELM, function through
two primary pathways. Specifically, credibility and guided interpre-
tation target the central route by providing robust evidence and clear
explanations that encourage careful scrutiny. In contrast, reference-
based framing and emotional appeal rely on peripheral cues, such as
metaphors and affective narratives, to elicit rapid, intuitive responses.
Finally, participation invitation bridges both pathways by engaging
audiences to deepen involvement and promote personal evaluation.
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Fig. 1: Examples of the 15 persuasive strategies identified from the focus groups. These strategies are grouped into five categories, C1-C5. Note

that © denotes text-based strategies while

C1: Credibility. This category is designed to enhance the perceived
trustworthiness of the information presented. As data-driven news arti-
cles often rely on reasoning based on data processing and analysis [58],
the logic chain itself can possibly trigger skepticism. Thus, the category
helps mitigate skepticism by offering rigorous, clear evidence, thus re-
assuring audiences about the reliability of the data and analysis [54,59].
One persuasive strategy for establishing credibility is statistical evi-
dence, which involves presenting specific numerical or statistical data
to substantiate claims. This helps create an impression of objectivity
and authenticity. For example, in Fig. 1-1, a claim about the economic
impact of extreme weather events is supported by the statistic that these
events have caused $3.6 trillion in losses over the past 50 years, con-
verting the intangible climate crisis into a concrete monetary measure.
Another persuasive strategy is authority endorsement, which incor-
porates expert opinions or citing reputable institutions to reinforce the
article’s conclusions. In Fig. 1-2, a news article on an inflation surge
features a quote from economists stating, “bigger inflation forecast
changes became necessary across all regions”. This expert endorse-
ment signals to audiences that the claims are grounded in professional
expertise. Transparent process is another key strategy, which involves
clearly explaining the methods used to collect and analyze the data.
By detailing the research process, as shown in Fig. 1-3 with a study
on deceptive reporting that explains its survey design, audiences can
better assess the integrity of the findings. Finally, data provenance
contributes to credibility by disclosing the origins of the data used in
the visualization, ensuring it can be traced back to reliable sources. In
Fig. 1-4, a visualization of gender-based income disparities includes a
citation of the data source at the bottom.

C2: Guided Interpretation. This category is dedicated to di-
recting how audiences decode and understand complex data through
deliberate visual and narrative cues. In data-driven news articles, vi-
sualizations often serve as key tools for presenting and supporting
arguments [6]. Due to their density and structural complexity, they

denotes visualization-based strategies. Example sources: [16-20, 26,27, 75-82].

may be interpreted in multiple ways. By steering attention toward key
insights, these strategies ensure that data is interpreted in line with
the storyteller’s intended message [54]. One key strategy within this
category is explanation, where the visualization’s central elements are
clarified through accompanying text. In Fig. 1-5, a visualization of the
global food supply crisis is paired with text explaining that food exports
have dropped to two-thirds of their pre-war levels. This explanation
directs audiences to focus on the corresponding drop in exports shown
in the visualization. Another strategy, visual simplification, reduces
complexity by removing visually redundant elements, such as gridlines,
borders, or background decorations, allowing the main data patterns
to emerge clearly. In Fig. 1-6, a simple, clean line graph depicting the
steady growth of U.S. business inventories immediately communicates
the underlying trend. Visual focalization involves directing attention to
specific data points through emphasis and contrast, ensuring that impor-
tant insights can be easily identified. For example, Fig. 1-7 uses a filled
dark blue bar to highlight the Boston Celtics’ 5% increase in playoff
3-pointers, making this key detail stand out among other unfilled bars.
Finally, annotation embeds explanatory notes within the visualization
to provide the context and meaning behind the data. Fig. 1-8 uses anno-
tation to clarify that that while the white-alone population decreased by
8.6%, those identifying as white and another race increased by 316%.

C3: Reference-Based Framing. This category shapes how data
is perceived by anchoring abstract values to familiar comparisons or
analogies. As data in data-driven news articles can involve unfamiliar
units or abstract measures [12], audiences may struggle to interpret
their significance and draw inconsistent conclusions. By establishing
reference points and leveraging the framing effect [84], in which dif-
ferent presentations of the same facts lead to different interpretations
and decisions, this strategy subtly steers audiences toward the intended
evaluation. One key strategy within this category is selective bench-
marks, which anchors data to carefully chosen reference points or
evaluation criteria to emphasize specific data patterns. For example,



Fig. 1-9 compares the proportion of American Christians today with
that of fifty years ago (as opposed to a more recent reference point),
framing the narrative to stress a long-term decline. In another strategy,
visual contrast manipulates visual elements to underscore differences
between data groups. Fig. 1-10, for example, employs differently col-
ored lines to compare college admission likelihoods for students from
different income brackets, despite identical test scores. This visual
contrast highlights the advantage of elite students, guiding audiences’
interpretation of the data in a way that emphasizes social inequality.
Another form of reference-based framing is metaphorical mapping,
which uses culturally or emotionally charged symbols to construct
analogical comparisons, reframing data by embedding it within pre-
existing conceptual associations. In Fig. 1-11, a visualization of a flame
intensifying in heat as the death toll rises from 46 to 118 is used to
depict the Sudanese government’s attempt to conceal the true number
of protester deaths. The metaphor of a “growing flame” invokes associ-
ations with crisis and urgency, guiding audiences to perceive the rising
numbers as evidence of government deceit and escalating danger.

C4: Emotional Appeal. This category leverages emotionally com-
pelling narratives to influence audiences by tapping into empathy and
shared social values. While data-driven news articles are often calm
and objective, those addressing pressing social issues are also expected
to convey human-centered concerns [41]. Accordingly, this category
connects data with emotional experiences to heighten narrative tension.
The experts in our focus groups suggested that when stories evoke per-
sonal emotions (e.g., “I can feel their pain”) and a sense of collective
concern (e.g., “Our future is at risk”), audiences are more likely to
undergo an attitudinal shift. One strategy is micro-narrative, which
focuses on the real-life experiences of specific individuals. Through
detailed, expressive storytelling, this strategy encourages audiences
to emotionally connect and project themselves into the narrative. For
example, Fig. 1-12 illustrates the obstacles Americans face in health-
care through the personal account of a 19-year-old college student in
Nashville, transforming an abstract policy issue into a relatable crisis
that prompts audiences to reflect, “What if I were in their shoes?” An-
other frequently used strategy, macro-impact, emphasizes the broader
implications of individual actions within societal systems. This strategy
fosters a sense of shared destiny and collective responsibility. For exam-
ple, Fig. 1-13 reframes the issue of declining birth rates by emphasizing
its extensive impact on society, linking individual reproductive choices
to broader economic outcomes.

C5: Participation Invitation. This category invites audiences to
actively engage with the content, encouraging participation rather than
passive consumption. As data-driven news articles often involve struc-
turally complex and layered information, a fully author-driven presen-
tation can increase cognitive load [62]. This category seeks a balance
between author-driven and reader-driven approaches, guiding audiences
to think or explore on their own. This helps reduce psychological de-
fenses and encourages deeper processing of information by turning
reading into an interactive experience [52]. One strategy is reflective
inquiry, which uses open-ended questions to stimulate active thought.
In Fig. 1-14, the headline “Australia’s borders were closed and popu-
lation growth stalled — so why are houses so expensive?” presents an
intriguing scenario that encourages audiences to search for answers.
Another important strategy is interactivity, which allows audiences to
filter and manipulate data within the visualization through interaction
methods (e.g., dragging, adjusting a timeline, or using selectors) to
form their own interpretations of the evidence. In Fig. 1-15, a rental
price chart with a city selector enables audiences to explore regional
patterns, test hypotheses, and derive personalized insights.

4 CONSTRUCTING THE CORPUS

Building on our taxonomy of persuasive strategies, we constructed
a corpus of data-driven news articles annotated with both persuasive
strategies and persuasive effect labels, which later served as the training
set for our predictive model. To achieve this, we first collected a corpus
of data-driven news articles. We then engaged experts to annotate sen-
tences and visualizations with these persuasive strategies and employed

crowdsourcing to label the overall persuasive effect of each article.

4.1

We first identified media outlets known for publishing high-quality data-
driven news articles. Four prominent outlets were selected, including
The Economist, Financial Times, The Guardian, and The New York
Times. These outlets were chosen as they (i) maintain dedicated data
sections, attract large global readerships, and are recognized for quality
journalism [28]; and (ii) serve diverse audiences, ensuring a rich and
varied sample [69]. Next, we defined the topical scope of our corpus
by focusing on everyday subjects and excluding topics that are either
overly controversial (e.g., political elections) or inherently complex
(e.g., science popularization) [54]. The final set of subjects comprises
six categories: economy, society, environment, health, sports, and
technology. Our initial collection included 1,166 articles published
between January 4, 2019, and January 14, 2025.

We then applied screening criteria to refine the corpus: (i) each article
must include at least one data visualization and follow a magazine-
style layout [62]; (ii) articles composed of multiple independent sub-
articles or those that simply list facts without conveying a clear narrative
were excluded [1]; and (iii) overly lengthy articles were removed [51].
To implement the third criterion, we calculated the sentence count
(including titles and lead paragraphs) and retained only articles within
the 90th percentile, corresponding to a maximum of 52 sentences per
article. This process yielded a refined corpus of 936 data-driven news
articles, comprising 26,222 sentences and 1,876 visualizations. Fig. 2
shows the distribution of sources and subjects in the corpus.

Data Collection

4.2 Labeling Persuasive Strategies

To capture the persuasive strategies within the curated corpus, we
conducted a detailed annotation of the news articles. Six research
assistants, each with at least three years of experience in visualization
research, independently labeled persuasive strategies at the sentence
level for textual content and at the individual visualization level for
graphical content.

Study Procedure The annotation process was conducted in three
sessions to ensure accuracy and reliability. In Session 1, annotators
received systematic training that covered definitions of persuasive strate-
gies, representative examples, and detailed annotation guidelines. To
gain familiarity with the process, each annotator independently labeled
80 news articles. We then reviewed the annotations, identified incon-
sistencies, and provided clarifications through group discussions. In
Session 2, all annotators independently labeled the same set of 20 news
articles to assess consistency. We measured inter-rater reliability using
Cohen’s Kappa, which yielded average agreement scores exceeding
0.6 for text-based strategies and 0.7 for visualization-based strategies,
indicating moderate reliability [50]. In Session 3, we distributed the
remaining articles among annotators based on article length, with each
annotator labeling approximately 139 articles. Each sentence was as-
signed up to three persuasive strategies to improve the accuracy of
the annotations, while sentences without an identifiable strategy were
labeled “none”. There was no limit on the number of strategies that
could be assigned to visualizations.

4.3 Labeling Persuasive Effect

Following the annotation of persuasive strategies, we assessed the

overall persuasive effect of each article using crowdsourced ratings, to
(e) Economist
Financial Times
Guardian
New York Times

0 10(
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Environment
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Society
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Fig. 2: Frequency of (a) sources and (b) subjects in the 936 articles.



provide training data for the model to learn the contribution of each
persuasive strategy to the overall persuasiveness of articles.

Participants Participants were recruited via Prolific, a platform
known for its diverse and high-quality respondent pool with robust
attention checks [15]. We restricted participation to individuals with
at least a high school diploma, residing in English-speaking countries
(e.g., the United States and the United Kingdom), and fluent in English.
Additionally, only participants with an approval rate of 98% or higher
were included. In total, 1,032 participants (491 females) aged 18-50 (M
=34.69, SD = 8.53) were recruited. Each participant was compensated
£1.5 for reading one to three news articles (approximately 1,200 words
in total) and for rating their persuasive effects.

Study Procedure The online evaluation process was organized
into three sessions. In Session 1, participants were introduced to the
study objectives, key concepts, and the questionnaire structure. In
Session 2, each participant read one to three data-driven news articles
and rated the persuasive effect of each article on a five-point Likert
scale (1: Not at all persuasive; 3: Moderately persuasive; 5: Extremely
persuasive). In Session 3, participants provided a brief explanation (at
least one sentence) for their ratings. Responses lacking satisfactory
justification were discarded, resulting in the exclusion of 12.49% of
submissions. This process was repeated until each article had received
three valid persuasive effect ratings. The final persuasive effect score
for each article was computed as the average of these ratings.

5 MODEL

Based on our annotated corpus, we developed M2P, a Multimodal
Multi-task learning model that Predicts both the presence of persuasive
strategies as well as their persuasive effects. In this section, we first
provide an overview of the model’s objective and architecture, and then
describe the technical details of each module.

5.1 Overview

Problem Definition. Let a data-driven news article be represented
as t = {t1,tp,...,tm}, where t consists of m sentences, and v =
{vi,v2,...,vn}, where v consists of n visualizations. The goal of
the proposed model f is twofold: (i) to identify the persuasive strategy
label Py, for each sentence in t and Py, for each visualization in v, and
(ii) to predict the overall persuasive effect of the article, denoted as y,
ie., [P:,Py,9] =f(t,v).

Two major challenges arise in achieving this goal. First, data-driven
news articles incorporate both text and visualizations, which present
multimodal features. Effectively capturing the cross-modal semantic
relationships, while also evaluating the individual contributions of each
modality to the overall persuasive effect, is a challenging task. Second,
the corpus exhibits imbalanced label distributions, with labels being
both ordinal and discrete. This introduces a challenge in designing task-
specific training objectives that align with these characteristics, which
is essential for improving the robustness of both the persuasive strategy
and effect prediction. To address these challenges, we first employ
bidirectional cross-attention combined with a gated mechanism to align
and fuse the multimodal features. This allows us to capture the interplay
between text and visual elements while dynamically weighting the
features to accurately predict the persuasive effect. Second, to handle
the imbalanced and mixed nature of the labels, we integrate an adaptive
Focal Loss, which adjusts sample weights for different strategies, and
use CORAL Loss to transform the persuasive effect prediction into a
series of ordinal binary classification tasks. This approach improves
the accuracy of both the persuasive strategy and effect prediction.

In summary, we designed a model that is composed of three modules
(Fig. 3): (1) feature extractors, which extract both embedded (text
and visualization) and explicit (visual narrative and psycholinguistic)
features from a given data-driven news article, (2) persuasive strategy
predictors, which use the embedded features to identify the persuasive
strategies applied to each sentence and visualization, and (3) persuasive
effect predictor, which combines the fused features from text and visu-
alization embeddings, embedded and explicit features, and probability
distributions of strategies to predict the persuasive effect of the article.

5.2 Feature Extractors

The feature extractors module serves as the basis for predicting per-
suasive strategy and persuasive effect by extracting embedded and
explicit features from an article. The embedded features capture latent
information through text and visualization embeddings, encompassing
semantic relationships and low-level patterns such as color distributions.
The explicit features, including visual narrative and psycholinguistic
features, provide higher-level insights into the structural aspects and
textual elements that affect cognitive and emotional processing.

Text Features We extract text features using OpenAl’s text-
embedding-ada-002 model [53]. The article’s title, lead, and main text
are concatenated and encoded within the model’s 8192-token context
window. This produces 1536-dimensional embeddings, which we re-
duce to 256 (h; = 256) using an autoencoder, considering the relatively
small size of our corpus. The resulting text features include two parts:
Er € R for the full article and E; = ler.er,..ner,] € R™%M: for
individual sentences, where e;; denotes the i-th sentence’s embedding.

Visualization Features For visualization features, we use the
CLIP framework [56] with the ViT-B/32 encoder. Each visualization
is resized to 224 x 224 pixels, normalized, and divided into 32 x 32
patches. These patches are linearly projected into visual tokens and
encoded by a 12-layer Transformer. A learnable CLS token generates
a global semantic vector. To reduce complexity, we compress the
embeddings to 128 dimensions (4, = 128) using an autoencoder. The
final visualization features are E,, = [ey, ey,,...,ey,,] € R™Mv  where
ey, is the i-th visualization’s embedding.

Visual Narrative Features Visual narrative features include both
text-related and visualization-related features. Text-related features de-
scribe the logical flow of the article (e.g., an inverted pyramid structure
to enhance comprehension), while visualization-related features depict
the types of visualizations and their annotation styles. For example, dif-
ferent annotation methods (e.g., numerical and threshold annotations)
can impact how data is perceived and understood [28]. To do this, we
employ GPT-40 to examine both the text and visualizations, identifying
36 distinct visual narrative features, which are represented as binary
vectors Ey € R (see Supplementary Materials).

Psycholinguistic Features Psycholinguistic features are measur-
able textual attributes (e.g., word concreteness, emotional valence) that
reflect how language shapes cognitive processing and emotional engage-
ment during reading [21]. For example, the use of words like ‘sincere’
can indicate authenticity, while terms like ‘powerful’ may suggest
clout. We use the LIWC-2022 tool [7] to compute six psycholinguistic
metrics, including Clout, Authentic, Big word, Emotional tone, Posi-
tive emotion, and Negative emotion, which are then normalized into a
6-dimensional vector E;, € R® (see Supplementary Materials).

As a result, we obtain the embedded features E7, E; and E,,, and
concatenate the visual narrative features E and psycholinguistic fea-
tures E7, to form the explicit features Eg € R%2,

5.3 Persuasive Strategy Predictors

The persuasive strategy predictors module leverages the extracted em-
bedded features to perform supervised multi-label classification. It
outputs probability distributions that indicate the persuasive strategies
for each sentence and visualization in the article. Specifically, the
embedded features from text E; and visualization E,, fed into separate
text-based and visualization-based strategy predictors. Each predictor
consists of fully-connected layers. These predictors generate probabil-
ity distributions at both the sentence level and the visualization level:
P; e R™*k and P, e R"*kv where k; and k., represent the total num-
ber of text-based and visualization-based strategy classes, respectively.
The probability distribution for the text P; is computed as:

P, =W ReLU(W,VE, +b")) + 5 M

where W; and b; are the parameters of the fully-connected layers in the
text-based strategy predictor. Similarly, the probability distribution P,
generated by the visualization-based strategy predictor is calculated in
the same manner.
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Fig. 3: The architecture of our model M2P, including (1) feature extractors, (2) persuasive strategy predictors, and (3) persuasive effect predictor.

Specifically, (4) illustrates the component of cross-attention gated fusion.

5.4 Persuasive Effect Predictor

The persuasive effect predictor module measures the persuasive effect
of the article through two phases: (i) cross-attention gated fusion and
(ii) heterogeneous weighted fusion.

5.4.1 Cross-Attention Gated Fusion

In the first phase, we combine the embedded features from text E7 and
visualizations E,, to generate fused features E,,, which capture the cross-
modal semantic relationships between these two modalities. We begin
by aligning the semantic information of both text and visualization
through bidirectional cross-attention, resulting in mutually informed
features, E7.,, and E,,._7. This approach mitigates the limitation of a
single modality dominating the fusion, as can occur with unidirectional
attention. Specifically, to transfer information from visualizations to
text, we first align the visualization features E,, with the text dimension
h; using a linear projection, resulting in the transformed visualization
features E/, € R/ Then, using E7 as the Query and E/, as both the
Key and Value, we apply an 8-head attention mechanism to obtain the
visualization-aware text features E7_,,:

Er W (B, Wi)™
Vd

where W, W, and W), are projection matrices and d = 256 is the query
dimension.

A similar procedure is followed for transferring information from
text to visualization, where the text features E7 are projected into
the visualization space to obtain the text-aware visualization features
E, 7, ensuring that both modalities are mutually informed.

Next, we merge these two representations Er._,, and E,,_ 7 using
an adaptive gated mechanism, which helps dynamically capture the
relationships between text and visualizations. Specifically, we first
project E7._,, and E,,_7 into a unified space with dimension 4, =256
via linear transformations, resulting in E%(_V and E/ respectively.

veT"
We then concatenate these features and compute a gated weight g:

1)

where o is the sigmoid function, W, are gated parameters, and &
denotes concatenation.
The final fused features are obtained by:

Er., = MultiHeadAttn(E7, E;,, E;,) = softmax E. W, ()

o (W [E;

T—v
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g= veT ©))
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5.4.2 Heterogeneous Weighted Fusion

In the second phase, dynamic weighting is applied to the extracted
features to predict the article’s overall persuasive effect. Specifically,
we first assign weights wg,,w, to the probability distributions Py, Py,
respectively. This enables us to explore the individual contributions of

text-based and visualization-based strategies to the persuasive effect.
We then obtain the text-based and visualization-based strategy features,
Es, andEg : Eg=Pow;s.

Next, the strategy features Eg, are combined with the fused features
E,, the embedded features E7,E,, and the explicit features Eg to pre-
dict the overall persuasive effect. To account for the varying importance
of each feature, we assign learnable weights w to these heterogeneous
features E, resulting in the weighted features: Eyejghted = E©W. Since
these features have diverse dimensionalities, Eyejghteq is further lin-
early projected into a uniform dimension d = 64. The projected features
are then concatenated to form a joint feature vector Ecopcar. Finally,
we feed Econcat into a 3-layer MLP to predict the article’s overall
persuasive effect .

5.5 Loss Function

The loss function of the model consists of two components: the Fo-
cal Loss for persuasive strategy prediction and the CORAL Loss for
persuasive effect prediction.

Focal Loss For the persuasive strategy prediction task, we employ
the adaptive Focal Loss [46] to address the class imbalance issue, where
some strategies are underrepresented. The Focal Loss dynamically
adjusts class-specific weights « to assign differentiated penalties to
labels with varying prevalence. This prevents the model from overfitting
to majority classes while ensuring that rare classes receive sufficient
attention. Also, the learnable focusing parameter y amplifies the loss for
hard-to-classify samples by applying the modulation factor (1—p.)?,
helping the model focus on these hard samples. Formally, the Focal
Loss for text-based strategy prediction, denoted as L, , and the Focal
Loss for visualization-based strategy prediction, denoted as L, , are
computed in the same manner. Specifically, LF, is calculated as:

m k¢

L5, = 303 [ - (1= pe ) - CE(or(pry )5 )|

i=1 j=1

®)

where the ground truth label sy, ; € {0, 1} represents the presence of the
Jj-th text-based strategy for the i-th sentence. The CE term denotes
the cross-entropy loss, and o (py,;) represents the sigmoid-activated
Jj-th text-based strategy probability of the i-th sentence. The learnable
parameter a; is the class weight initialized according to the text-based
strategy class’s proportion, and the function /(a;) =0.1+0.80 (a;) is
used to prevent loss vanishing. The focusing parameter vy, initialized
as 2, is associated with the modulation factor (1 - p.,)?*, where p¢, is
defined as:
Pcy = {

CORAL Loss For the persuasive effect prediction task, we adopt
the CORAL Loss [10], which is specifically designed for ordinal labels.

(r(Prij ),
1- (r(p,ij) otherwise

if sy =1,

©6)



Table 2: The performance of baseline methods and our model

Text-based Strategy Prediction

Visualization-based Strategy Prediction

Persuasive Effect Prediction

Model

Micro Precision Micro Recall Micro F1 Micro Precision Micro Recall Micro F1 MAE RMSE
ResNet-152 - - - 0.7783 0.8720 0.8223 0.5477 0.7325
EfficientNet-BO - - - 0.7805 0.8775 0.8260 0.5079 0.6947
FastText 0.7157 0.7246 0.7201 - - - 0.5073 0.6811
GBRT - - - - - - 0.5307 0.7339
SVR - - - - - - 0.5481 0.6958
M2P-noFusion 0.7580 0.7793 0.7685 0.7980 0.9124 0.8513 0.5023 0.6588
M2P-noFocalL, 0.7941 0.6913 0.7391 0.8644 0.8620 0.8632 0.5123 0.6773
M2P-noCoralLL 0.7608 0.7787 0.7696 0.7957 0.9145 0.8509 1.5936 1.7475
M2P 0.7604 0.7798 0.7699 0.7921 0.9185 0.8506 0.4883 0.6580

Since the persuasive effect labels are discrete and ordinal, we refor-
mulate the prediction task into a series of ordered binary classification
tasks. This formulation enables the model to effectively capture the
ordinal relationships between the discrete labels. The CORAL Loss is
calculated as follows:

ke—1
Le=) [t,- Jogo(hi)+(1—1;) ~10g(1—0'(h,-))]

i=l1

()

where k. is the number of ordinal categories, h= [A,...,ht,_1] are
the predicted logits, and #; is a binary threshold mask. For sample
belonging to the j-th category, its mask #; is defined as:

L,
ti= 0.

Finally, the combined loss function is as follows:

ifi <j,
TEET i (1,2, ke -1}
otherwise,

L=Lpg +Lp, +uLc )

where p is a hyperparameter balancing the persuasive strategy and
persuasive effect prediction tasks.

6 EXPERIMENTS

To evaluate M2P’s performance, we conducted a series of experiments.

6.1 Methodology

Experiment Setting We randomly split our dataset into training,
validation, and test sets in an 8:1:1 ratio using k-fold cross-validation.
The model was trained using the Adam optimizer with a batch size
of 16 and a learning rate of 1 X 1073, We trained the model for 30
epochs using 10-fold cross-validation with a weight decay coefficient of
1x 1074, All experiments were conducted on an NVIDIA Tesla V100
GPU, and we fixed the random seed to 23 to ensure reproducibility.

Tasks and Measurements We evaluate our model on two tasks:
(i) persuasive strategy prediction, where we assess performance using
the micro-averaged F1 score, precision, and recall; and (ii) persuasive
effect prediction, where we measure prediction accuracy using mean ab-
solute error (MAE) and root mean squared error (RMSE) to determine
how closely the predictions match the ground truth.

Baselines We selected three groups of state-of-the-art methods
as baselines for comparative analysis to evaluate performance on both
persuasive strategy and persuasive effect prediction tasks. The first
baseline group evaluates persuasive strategy prediction:

* ResNet-152 [29] is a deep residual network with an ImageNet pre-
trained architecture that excels in feature extraction and captures
complex visual patterns.

* EfficientNet-BO [74] uses compound scaling to balance depth, width,

and resolution, with fine-tuning of the last five convolutional layers

and a Swish activation function for enhanced nonlinear modeling.

FastText [S]employs character-level n-grams for enriched representa-

tions of low-frequency words, using a hashed n-gram feature space

and hierarchical softmax for efficient classification.

The second baseline group evaluates persuasive effect prediction:

* Gradient Boosted Regression Trees (GBRT) [23] is an ensemble
method that fits decision trees iteratively to the loss gradient, with
feature subsampling to improve robustness.

* Support Vector Regression (SVR) [9] uses structural risk minimization
and an e-insensitive loss to define an error-tolerant interval. We adopt
an RBF kernel and use grid search to tune &,C,y.

The third baseline group includes variants of M2P to evaluate the
effectiveness of our model’s architecture:

* M2P-noFusion removes the cross-attention gated fusion component.
* M2P-noFocalL replaces the Focal Loss with cross-entropy loss.
* M2P-noCoralL replaces the CORAL Loss with MAE loss.

6.2 Results and Findings

‘We present the overall performance results in Table 2 concerning F1
score(micro), precision(micro), recall(micro), MAE, and RMSE. For
persuasive strategy prediction, M2P improved Micro Precision by 3.2%,
Recall by 5.9%, and F1 by 4.4% on average over the baselines. For
persuasive effect prediction, M2P reduced MAE by 9.4% and RMSE
by 7.9%, confirming its outstanding performance in both tasks.

Next, we evaluate M2P against the three variants in the third base-
line group. First, comparing M2P to M2P-noFusion reveals a small
but meaningful improvement in both MAE (from 0.5023 to 0.4883)
and RMSE (from 0.6588 to 0.6580). These gains result from incor-
porating the cross-attention mechanism that facilitates fine-grained,
bidirectional interactions between text and visualization features to
reduce information loss, and the gated fusion mechanism that further
balances modality contributions by suppressing unimodal noise.

When comparing M2P to M2P-noFocalL, we observe a boost in
persuasive strategy prediction. Recall increases from 0.7767 to 8492,
and F1 improves from 0.8012 to 0.8103 on average in visualization-
based and text-based tasks. We attribute these improvements to the
adaptive Focal Loss, which amplifies the loss weights for challenging
samples through a parameterized modulation factor, helping to balance
class gradients via the learnable parameter . However, M2P shows
lower Micro Precision and F1 in visualization-based strategy prediction
compared to M2P-noFocalL. This may be due to the way Focal Loss
reweights classes with @, which could weaken the optimization of the
majority classes and cause overfitting to difficult samples, especially in
noisy data scenarios.

Finally, compared with M2P-noCoralL, M2P shows substantial im-
provement in persuasive effect prediction. M2P achieves an MAE
of 0.4883 and an RMSE of 0.6580, significantly outperforming M2P-
noCoralL (p < 0.01), which has an MAE of 1.5936 and an RMSE of
1.7475. It is likely due to the CORAL Loss, which reformulates the
regression task into ordered binary classification tasks. This transforma-
tion helps enforce monotonic relationships among labels and reduces
prediction errors by confining them to defined intervals.

In addition to evaluating performance metrics, we analyzed the
learned weight of each persuasive strategy to assess its relative con-
tribution to the overall persuasive effect. Our analysis shows that
text-based strategies were assigned a weight of 0.561, slightly higher



than the 0.439 attributed to visualization-based strategies, indicating
that while both modalities play important roles, text exerts a somewhat
larger influence. When considering the context of our dataset, how-
ever, the balance between text and visualizations becomes even more
insightful. A typical data-driven news article in our corpus contains
an average of 28 sentences and 2 visualizations. This suggests that
while text-based strategies dominate in quantity, visualization-based
strategies still perform robustly given their lower occurrence. In other
words, even though visualizations appear less frequently, their influence
remains comparable to that of text. Delving deeper, we observed that
specific text-based strategies, including selective benchmarks, micro-
narrative, and transparent process, received weights of 0.170, 0.133,
and 0.126, respectively (Fig.4 (a)), implying that techniques promoting
cognitive engagement and credibility are particularly effective. Simi-
larly, among visualization-based strategies, annotation (0.182), data
provenance (0.170), and visual focalization (0.156) emerged as the
most influential (Fig.4 (b)), underscoring the important roles of guided
interpretation and credibility in driving persuasive effects. Additionally,
we conducted a statistical analysis of the usage proportions of different
persuasive strategies across various chart types to explore potential re-
lationships between visual features and persuasive strategies. We found
that most charts commonly employ Visual Contrast, Visual Simplicity,
and Data Provenance (0.2~0.3). Moreover, scatter plots also frequently
use Annotation (0.15), which may be attributed to the fact that scatter
plots contain numerous data points, and annotations can enhance users’
understanding of key information [90].

7 DiIsScussSION

The role of visualization in responsive data storytelling. Our tax-
onomy identified visualization-based persuasive strategies like visual
contrast and visual focalization, providing systematic analytical tools
for understanding how data-driven news articles influence audiences.
However, these high-level strategies are actually composed of more
granular visual encoding elements. Appropriate use of these encod-
ings enhances persuasion, but overuse risks information manipulation.
Therefore, understanding how visual encodings shape persuasive effect
at the fundamental level is crucial for balancing journalistic integrity
with communicative efficacy.

Future research can explore the persuasive mechanisms of visual
encodings through directions such as strategy decomposition and en-
coding effect assessment, providing scientific guidance for optimizing
persuasive design. Existing research shows that different saturation
and brightness levels can influence audiences’ information perception
ability [86], and different chart embellishments affect comprehension
accuracy [68]. Furthermore, future research could systematically de-
compose strategies into their constituent visual encodings and explore
how these encodings combine to form high-level strategies (e.g., how
visual variables like color, size, and position in visual contrast work
together to highlight specific data patterns), establishing more precise
models of persuasive mechanisms. Second, research could analyze the
persuasive effect of granular visual encodings (e.g., the relationship
between visual metaphor intensity in metaphorical mapping and read-
ers’ information acceptance), developing tools to quantitatively assess
visual encodings’ persuasive effect.

(a) Statistical Evidence
Authority Endorsement
Transparent Process
Explanation

Selective Benchmarks
Micro-narrative

Macro-impact
Reflective Inquiry

0 0.05 0.1 0.15 0.2

(b) Data Provenance
Visual Simplification

Visual Focalization
Annotation

Visual Contrast
Metaphorical Mapping
Interactivity

0 0.05 01 0.15 02

Fig. 4: The learned weight of (a) text-based strategies and (b)
visualization-based strategies.

However, the influence of visual encodings also raises ethical chal-
lenges. When visual focalization overemphasizes outliers or axes are
truncated to exaggerate differences, it may constitute information ma-
nipulation [47]. Future research should develop methods to detect and
prevent misuse, including establishing visual integrity scoring systems
and formulating data visualization ethical guidelines, ensuring data
journalism maintains credibility while preserving persuasive effect.

Controllable Generation of Persuasive Data Storytelling. We
have extensively examined persuasive strategies in data-driven news
articles and proposed a model capable of both persuasive strategy
and effect prediction, thereby advancing computational modeling of
persuasion in data journalism. While the predictive model helps us
understand the underlying mechanisms in existing articles, the next
essential step involves generative modeling to produce data-driven news
that balances persuasive effect with ethical transparency.

Future research can focus on developing intelligent systems that
reliably generate data news according to specific topics or predefined
persuasive strategies. Such systems could efficiently create high-quality
articles and flexibly adapt persuasive strategies for different audiences.
Recent work on controllable generation [14] introduced the PPLM
framework, which combines a pretrained language model with attribute
controllers. By adjusting the hidden state according to gradient sig-
nals from these controllers, the generated content aligns with target
attributes. Similarly, our persuasive strategy predictors can serve as a
strategy controller, supplemented by other controllers (e.g., sentiment
or topic) to guide generation toward desired attributes. This frame-
work supports multiple attribute combinations without requiring global
finetuning, thereby enhancing efficiency.

Controllable generation should also ensure safety and ethical trans-
parency. Although persuasive articles can promote important social
issues such as environmental protection or public health [25,60], they
also risk enabling disinformation. Building on research that employs
natural-language ethical guidelines for real-time content moderation [4],
future work can similarly identify common malicious strategies and set
strict rules against harmful behaviors like hate incitement. Encoding
these prohibitions into the generation process would enable ongoing
self-assessment and revision, further supporting ethical and transparent
data storytelling.

Limitations. Our work has three limitations. First, when anno-
tating persuasive effects, we didn’t fully account for the influence of
annotators’ prior attitudes. To enhance objectivity, future work should
consider broader annotator diversity and recheck high-variance items.
Second, our framework does not yet capture how multiple persuasive
strategies might interact or reinforce one another, which could be mod-
eled via GNN [61] to illuminate potential strategy clusters. Third,
although tested on 936 data-driven news articles covering diverse topics
and styles, our model’s performance and generalizability across broader
domains or more extensive corpora still warrant further exploration.

8 CONCLUSION

In this work, we introduced a taxonomy of persuasive strategies for
data-driven news articles. Building on this taxonomy and our annotated
corpus, we developed M2P, a multimodal, multi-task learning model
that jointly predicts the presence of persuasive strategies at both the
text and visualization levels, as well as the overall persuasive effect of
the article. Experimental results revealed that our model outperforms
existing baselines in both persuasive strategy and persuasive effect
prediction tasks. Future research should explore how multiple persua-
sive strategies are structured within an article and how they interact
with audience biases. Also, developing methods for the controllable
generation of news articles remains a promising direction, particularly
as it allows for more responsible data storytelling.
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