DATANARRATIVE: Automated Data-Driven Storytelling with
Visualizations and Texts

Mohammed Saidul Islam‘, Md Tahmid Rahman Laskar*"
Md Rizwan Parvez', Enamul Hoque", Shafiq Joty“

* York University, Canada, ‘Nanyang Technological University, Singapore,

ODialpad Inc., Canada, 'Qatar Computing Research Institute (QCRI), *Salesforce Al
{saidulis, enamulh, tahmid20} @yorku.ca, mparvez@hbku.edu.qa, sjoty @salesforce.com

Abstract

Data-driven storytelling is a powerful method
for conveying insights by combining narrative
techniques with visualizations and text. These
stories integrate visual aids, such as highlighted
bars and lines in charts, along with textual anno-
tations explaining insights. However, creating
such stories requires a deep understanding of
the data and meticulous narrative planning, of-
ten necessitating human intervention, which
can be time-consuming and mentally taxing.
While Large Language Models (LLMs) excel in
various NLP tasks, their ability to generate co-
herent and comprehensive data stories remains
underexplored. In this work, we introduce a
novel task for data story generation and a bench-
mark containing 1,449 stories from diverse
sources. To address the challenges of craft-
ing coherent data stories, we propose a multi-
agent framework employing two LLM agents
designed to replicate the human storytelling
process: one for understanding and describ-
ing the data (Reflection), generating the out-
line, and narration and another for verification
at each intermediary step. While our agentic
framework generally outperforms non-agentic
counterparts in both model-based and human
evaluations, the results also reveal unique chal-
lenges in data story generation.

1 Introduction

Visual data stories have emerged as a powerful
medium for communicating data, effectively com-
bining the strengths of visualizations and text to
convey contextual information and causal relation-
ships (Hullman and Diakopoulos, 2011). Ranging
from data scientists to business analysts to jour-
nalists, people frequently write data-driven reports
that integrate charts and text to present information
to readers in a clear, coherent and visually engag-
ing manner (Otten et al., 2015). The essence of a
visual data story involves identifying compelling
insights within data (“story pieces”), presenting
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Figure 1: An example data story in our corpus extracted
from GapMinder (Rosling, 2023)

them through visualizations and texts, and arrang-
ing these representations into a coherent narrative
that communicates an overarching message (Lee
et al., 2015). Well-crafted visual stories have the
potential to significantly enhance data understand-
ing, even for those without specialized technical
backgrounds. By combining narrative with data
visualization, authors can illustrate trends, high-
light correlations, and uncover hidden insights that
might be lost in dense tables or reports. For exam-
ple, Fig. 1 shows a GapMinder data story (Rosling,
2023) in which renowned storyteller Hans Rosling
explained how birth rates in the world have changed
over time using text and charts.

Data storytelling is widely used across various
companies, including Microsoft and Tableau to ef-
fectively communicate insights and drive decision-
making. In business intelligence, it can help present
sales trends and performance metrics, while in
healthcare, it can help illustrate patient outcomes
and track disease outbreaks. Marketers can lever-
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age it to optimize strategies through customer be-
havior visualization, and financial analysts use it for
investment performance and risk assessments. In
education, it can help track students’ performance
highlighting areas where they excel and where they
might need additional support, and in public policy,
it can communicate the impact of policies on social
issues, for instance, a data story could show how
a new housing policy affected homelessness rates,
providing evidence-based insights to policymakers
and the public alike.

Despite the popularity of data-driven stories,
crafting them remains challenging and time-
consuming, requiring skills in data analysis, vi-
sualization, graphic design, and storytelling. To fa-
cilitate data-driven storytelling, extensive research
has introduced new concepts, theories, and tools.
For instance, Segel and Heer (2010) explored dif-
ferent design spaces from a narrative structure
point of view, while others (Hullman et al., 2013b;
Lan et al., 2022; McKenna et al., 2017; Shi et al.,
2021b,c) focused on visual representations for craft-
ing visual stories, tailoring their approaches based
on specific tasks and communication objectives.
While insightful and coherent, manually created
data stories require significant human effort and
time. In response, efforts have been made to de-
velop automated methods for generating data sto-
ries (Shi et al., 2019, 2021a; Wang et al., 2020b),
but these often produce simple facts lacking in qual-
ity and engaging narratives.

The rise of LLMs has prompted researchers
to explore their effectiveness in tasks like chart
summarization (Kantharaj et al., 2022b; Rahman
et al., 2023), chart question answering (Masry et al.,
2022; Kantharaj et al., 2022a) and natural language
story generation (Zhou et al., 2023; Xie and Riedl,
2024). However, the ability of LLMs to generate
stories from data tables and to understand their
effectiveness remains largely unexplored partly be-
cause of the lack of a benchmark dataset.

To address the research gap, we first develop a
new task and the corresponding benchmark con-
sisting of 1,449 data stories collected from real-
world sources. Motivated by the impressive perfor-
mance of LLM-based agents in various planning
tasks (Ge et al., 2023; Yang et al., 2023a; Wang
et al., 2023a; Modarressi et al., 2023; Chen et al.,
2024; Wu et al., 2023), we then propose an agentic
framework which takes data tables as inputs and
employs two LLM agents — a Generator or Actor

and an Evaluator or Critic — to mimic the human
process of data story generation through writing
and revising based on Critic’s feedback (Figure 2).
The process includes a planning step (reflection and
outline generation) and a story generation step (nar-
ration), with each step verified and revised by the
critic LLM, creating a feedback loop to ensure co-
herence and factual consistency. Experimental re-
sults show that our agentic framework outperforms
non-agentic LLM counterparts in terms of generat-
ing more insightful and coherent stories with better
resemblance to human-written narratives.

Our main contributions include: (i) a new auto-
matic data story generation task and a correspond-
ing benchmark dataset, (if) a multi-step LLM-agent
framework for Data Story Generation. (iii) exten-
sive automatic and human evaluations that demon-
strate the state-of-the-art performance of DATA-
NARRATIVE. We make our code and data story
corpus publicly available at here.

2 Related Work

2.1 Story Generation Tasks

Automated story generation is an open-ended task
focusing on generating a sequence of events based
on specific criteria (Li et al., 2013). Generated sto-
ries can be textual (Kumar et al., 2006), visual (Li
et al., 2019; Cohn, 2020), or multimodal (Bensaid
et al., 2021). Visual stories, often found in comics
and storyboards, present image sequences centered
around main characters (Cohn, 2020). Early visual
story generation models primarily utilized either
global image features (Yu et al., 2017; Wang et al.,
2018; Huang et al., 2019) or local features, which
focus on specific parts of an image, such as objects
(Wang et al., 2020a; Hong et al., 2020; Braude
et al., 2022), to create visually grounded stories.
Data-driven stories differ from visual stories as
they produce multimodal outputs in which charts
communicate patterns, trends, and outliers in data
while text explains such visualizations (Riche et al.,
2018a; Kwon et al., 2014; Segel and Heer, 2010;
Hullman et al., 2013a). Early work focused on ex-
tracting and ranking key insights from data tables
using statistical measures (Ding et al., 2019; Tang
et al., 2017). Tools like DataShot (Wang et al.,
2020b) and Calliope (Shi et al., 2021a) present data
facts with visualizations and captions, while Er-
ato (Sun et al., 2023) and Socrates (Wu et al., 2024)
incorporate user input to guide the story generation
process. In addition, there has been a recent sur-
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vey (He et al., 2024) that explores the utilization of
large models in narrative visualization. However,
the methods used in existing works often use sim-
ple rule-based approaches that may miss critical
insights and lack effective narrative structure.

2.2 LLMs for Story Generation

Recent LLMs such as Gemini (Team et al., 2023),
ChatGPT (OpenAl, 2023), and GPT-4 (OpenAl,
2023a) excel at generating fluent stories by repeat-
edly providing contextual information from both
the plan and the current state of the story to an LLM
prompt (Yang et al., 2022; Wang et al., 2023b). Sev-
eral studies confirm the effectiveness of LLMs in
generating short (Eldan and Li, 2023), coherent and
fluent stories (Peng et al., 2022). However, data
story generation using LLMs is rare; one excep-
tion is DataTales (Sultanum and Srinivasan, 2023),
which uses LLMs for narrative generation from
chart images but is limited to only producing tex-
tual narratives without charts.

Recent studies also explore LLM agents in
decision-making (Yang et al., 2023a), task plan-
ning in video games (Wang et al., 2023a), memory
function configuration (Modarressi et al., 2023),
multi-agent conversations (Wu et al., 2023), and
code generation (Ridnik et al., 2024; Islam et al.,
2024a). Despite the suitability of this approach for
open-ended tasks requiring planning, LL.M agents
for data story generation remain unexplored.

2.3 Chart-related Downstream Tasks

Several downstream tasks associated with charts
have been proposed recently. Masry et al. (2022);
Methani et al. (2020) focus on answering factual
questions about charts that require arithmetic and
visual reasoning, while Kantharaj et al. (2022a)
address open-ended question-answering that gen-
erates explanatory texts. Chart summarization task
involves generating informative summaries from
a chart (Kantharaj et al., 2022b; Tang et al., 2023;
Rahman et al., 2023), while Chart-to-Table (Choi
et al., 2019; Masry et al., 2023, 2024) extracts the
underlying data tables from a chart image. Oth-
ers focus on verifying claims about charts (Akhtar
et al., 2023, 2024). Unlike the above tasks which
produce only text, data-driven stories are multi-
modal as they combine visualizations with texts
and there are no existing benchmarks for this task.

Pew Tableau GapMinder
#of Samples Train Test Train Test Train Test
# of Stories 1,068 321 42 13 - 5
# of Tables 4,729 1,590 340 64 - 42
# of Charts 4,729 1,590 297 64 - 42

Table 1: Distribution of stories, charts, and tables across
the train and test split of three datasets

3 Benchmark Construction

Given the lack of a benchmark for automated data
storytelling, we started by exhaustively searching
across diverse online sources such as news sites, vi-
sualization repositories, and data blog sites. At the
end, we chose three suitable sources that contain
data stories covering a series of visualizations and
texts as we described below.

3.1 Data Collection

e Pew Pew Research (Pew, 2024) publishes data
reports related to social issues, public opinion, and
demographic trends. Often, such reports include
charts and accompanying texts to communicate a
coherent data story. To assemble the Pew corpus,
we crawled articles from the Pew Research website
until March 14, 2024, resulting in 4,532 articles
across 18 topics and 22,760 figures (i.e., charts
and other images). For each article, we extracted
the title, paragraphs, and chart images and their
metadata (e.g., captions and alt-texts).

o Tableau Tableau Public Story (Tableau, 2024)
allows users to create interactive stories through
data visualizations on various topics and make
these stories publicly accessible. Collecting data
from Tableau with web crawlers proved difficult
due to the complicated nature of the story represen-
tation, leading us to manually curate stories from
the website. Specifically, we looked for stories
that presented a paginated view, each page con-
taining text and an associated chart. We searched
by terms like ‘story’, ‘data story’, and ‘narrative-
visualization’ on the Tableau public, which led us
to find over 1,200 dashboards with potential data
stories. From these, we filtered out dashboards that
did not have paginated views with a series of pages
containing both text and charts. This filtering pro-
cess led us to select 100 candidate stories for our
corpus. For each story page, we downloaded the
chart image, data table, title, and text.

e GapMinder GapMinder (Rosling, 2023) of-
fers interactive data visualization tools and educa-
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Pew Tableau GapMinder
Type Train Test Train Test Train Test
Bar 3949 1159 155 46 - -
Line 433 360 69 8 - 31
Pie 191 53 9 2 - -
Scatter 42 10 36 6 - -
Bubble - - 16 1 - 11
Other 114 8 12 1 - -
Total 4729 1590 297 64 - 42

Table 2: Chart type distribution

tional resources on global trends in health, wealth,
and development indicators. Similar to Tableau sto-
ries, GapMinder stories were challenging to crawl
due to the tool’s interactive nature. Additionally,
only a small subset of data articles featured both
a paginated view and a combination of text and
charts, resulting in 11 data stories. For each page
in these stories, we downloaded the chart image
and other associated data.

3.2 Data Processing & Annotation

Data processing and annotations follow three steps:
(i) story filtering, (ii) chart data extraction, (iii)
chart-text pairs identification.

e Story Filtering To ensure the quality of our
corpus, we applied the following exclusion crite-
ria (EC) for filtering data stories from the initial
collection: (i) stories with texts shorter than 500
tokens for Pew and 140 tokens for Tableau and
GapMinder samples, (ii) Stories with fewer than 3
or more than 10 charts. By applying these criteria,
we carefully selected the stories from Pew, Tableau,
and GapMinder, resulting in a total of 1,449 stories.
Also, some Tableau stories included complex and
unconventional visualizations, such as infographics
and treemaps, so we filtered these stories to retain
the ones with common visualizations.

o Chart data extraction Chart data tables are
essential for the story-generation process as we use
them as inputs to the proposed framework. Also,
to identify the text associated with each chart, we
first need to extract the underlying data table of
the chart image. We managed to download some
gold data tables either from the story page (for
Tableau) or from external sources (OWID (2024)
for Gapminder). However, for Pew, we needed to
automatically extract data from chart images as the
original data tables were not available. Specifically,
we utilized the multi-modal large language model

Gemini-1.0-pro-vision (Team et al., 2023) to ex-
tract data from chart images, which has been found
to be effective for this task (Islam et al., 2024b).
On 100 chart images from the ChartQA (Masry
et al., 2022) corpus, where gold tables were already
available, we manually evaluated and found that
the model correctly generated the tables in 77% of
the cases (more details in Appendix A.3).

o Identification of chart-text pairs  Since
data stories usually come with descriptive texts for
charts, it was essential to identify the texts related
to each chart. Given the relatively small sizes of
the Tableau and GapMinder corpus, we manually
extracted the paragraphs associated with each chart
image. For Pew, the chart-text pairs were already
identified in the Chart-to-Text corpus (Kantharaj
et al., 2022b) for 321 articles. However, for the
remaining 1068 articles, we did not have the chart-
text pairs. Due to the large sample size, collecting
chart-text manually would be labor-intensive and
time-consuming. Therefore, we utilized the state-
of-the-art GPT-4-turbo model (OpenAl, 2023b) to
collect relevant paragraphs corresponding to each
of the charts in the training set. On a small sub-
set of human-annotated Chart-to-Text corpus, the
model accurately linked paragraphs to data tables
70% of the time (more details in Appendix A.4).
Data Splits After conducting the filtering process
using the ECs, we selected 1,389 articles from
the Pew Research corpus, 55 stories from Tableau
story dashboards, and 5 stories from GapMinder,
and split them into training and test sets as shown
in Table 1. To create the test set from the Pew
corpus, we selected the articles that also appear in
the Chart-to-Text (Kantharaj et al., 2022b) corpus,
as their chart-summary pairs were identified by
human annotators to ensure the quality of the test
set. For the Pew training set, we used GPT-4 model-
generated annotations as explained earlier.

3.3 Features of DATANARRATIVE

We analyze our corpus statistics to highlight the key
features of DATANARRATIVE. More details of the
corpus analysis are included in Appendix A.5.

Diversity: Our benchmark contains stories cover-
ing a wide range of topics, from ‘Politics & Policy’
to ‘International Affairs,” ‘Education,” and ‘Econ-
omy’ (Fig. 4, and Fig. 7). Topics in GapMinder
and Tableau are more evenly distributed while Pew
is dominated by ‘Politics & Policy’ (57.24%). The
corpus also includes a diverse range of chart types
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Planning Stage

Pew Tableau GapMinder 0
Statistics Train  Test Train Test Train Test lal
Avg. length of Stories 1804 2865 837 1009 - 707
Avg. # of Tokens 353 561 159 194 - 146
Avg. # of Paragraphs 4 5 5 4 - 8
CAve VoTorao(t) 051 046 06 063 - 063 (&)
Avg. # of unique V. (1) 14 23 5 11 - 5
Avg. % of diverse V. (T) 44 47 25 30 - 39
% of Intra 3-gram rep. () 18.38 17.94 12.79 14.24 - 11.30
% of Inter 3-gram rep. () 14.84 11.28 0.64 0.45 - 2.45

Table 3: DataNarrative dataset statistics. Here, ‘V.” de-
notes ‘Verb’, “T. denotes ‘Token’, and ‘rep.” denotes
‘repetition’.

such as bars, lines, pies, and scatter plots (Table 2),
with bar charts being the most common (78.98%),
followed by line charts (13.40%).

Long, multimodal outputs: Unlike existing
chart domain benchmarks that produce short sum-
maries (Kantharaj et al., 2022b) or answers (Masry
et al., 2022) related to charts, DATANARRATIVE
have stories with multiple text paragraphs (Ta-
ble 3), suggesting the open-ended nature of the
task. Among them, Pew stories tend to be longer
with an average story length of 2334.5 characters
and 457 average tokens. Each story contains 4.5
charts and corresponding paragraphs on average,
demonstrating the need for planning a narrative
structure that has a multimodal output covering
several visualizations and related texts.
Semantically rich stories: To assess semantic rich-
ness, we analyzed Vocab: Token Ratio, unique
verbs, diverse verbs per story, and intra/inter-story
trigram repetitions, common metrics for measur-
ing content originality and diversity in story cor-
pus (Goldfarb-Tarrant et al., 2020). As shown in
Table 3, the Tableau corpus has the highest verb-
to-token ratio (0.63), while the Pew has the most
unique verbs (18.5) and the highest percentage of
diverse verbs (45.5%), indicating high semantic
richness. Trigram repetition is also higher in Pew,
likely due to the greater length of Pew stories.

4 Methodology

4.1 Overall Framework

Task Formulation: Given one or more data ta-
ble(s) and associated titles D, a user intent I repre-
senting the main theme of the story, and additional
guidelines GG as inputs, the expected output is a
coherent data story S consisting of multiple tex-
tual paragraphs and corresponding visualization
specifications (e.g., chart type, x-axis/y-axis val-
ues, x-axis/y-axis labels, etc.). These visualization

(Actor) Evaluator (Critic)

Reflection Step

Q Generating Reflection... ...

e Urban areas were the hardest-hit by COVID-19 and
Republican districts had the highest deaths in Jun-Aug
EC Bo® coc coo oco

Verifying and Generating Revision Plan... ...
e The reflection incorrectly mentions that Republican
districts had the highest deaths in Jun-Aug at 5.5...

Q Generating Revised Reflection... ...

e Urban areas were the hardest-hit by COVID-19 and
Republican districts had the highest deaths in Jun-Aug
at 658 L

Outline Generation

Generating Outline... ...

1.Introduction
|$| a.Highlight statistics about Covid deaths in Urban
areas ... ... ...

Verifying and Generating Revision Plan... ...
Correct Misinterpretation of Data :
e Correct highlighted statistics of Covid deaths ... ...

o Generating Revised Outline... ...
1.Introduction
a.Highlight corrected statistics
deaths in Urban areas ... ... ...

about Covid

Narration Stage

Generating Narration... ...

Introduction: Setting the Scene

The onset of the COVID-19 pandemic brought unparalleled
challenges ... ... ...

Verifying and Generating Revision Plan... ...
e Verify all detailed time-stamped average deaths per
day with Table content explicitly.
« Ensure consistent references ... ...

Generating Revised Narration... ...
Introduction: Setting the Scene
The onset of the COVID-19 pandemic brought unparalleled

q ) challenges. ... ... ...
m <visvalization>
title: ...

data: [... ... ... ]
</visvalization> ... ... ...

Figure 2: An overview of the proposed LLM-Agent
framework for data story generation.

specifications are later utilized to generate visual-
izations based on the relevant data tables. Here,
the user intent [ refers to the main idea or message
that the author aims to convey, enabling them to
achieve their communicative goal. In our corpus,
we select report/story titles as user intents.

To this end, our goal is to develop a novel multi-
agent-based approach to effectively generate the
narration of a data story. To achieve this, we pro-
pose a system that uses two LLM agents — a Gener-
ator (Actor) and an Evaluator (Critic) — to mimic
the human process of data story generation. This
process includes a planning step that involves un-
derstanding the data (reflection), creating an outline
(outline generation), and the story generation step
that involves narrating the story (narration), with
each step being verified and revised. We introduce
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a pipeline approach where the response from one
LLM agent serves as the context for the next agent
in the sequence. In each of the stages, the generator
LLM first produces an initial version of the content,
which is then assessed by the critic agent based
on some fixed criteria; the generator then makes a
revision based on the assessment feedback (fig. 2).

4.2 Planning Stage

Planning is crucial for all types of storytelling, par-
ticularly when it comes to data storytelling. The
planning stage is divided into two intermediary
steps: (i) Reflection, and (ii) Outline Generation.

o Reflection The goal of this stage is to un-
derstand and create a comprehensive description
of the data presented in the data tables. First, the
Generator Agent identifies and presents the most
impactful insights, focusing on critical trends, no-
table patterns, and outliers that influence the overall
narrative. The agent assesses the relevance, im-
plications, and significance of the data points to
determine their importance and explains the inter-
connections between different attributes of the data.
After generating an initial reflection, the Evaluator
Agent is called to verify the generation based on the
data tables and asked to prepare a revision plan if
necessary. At the time of verification, the Evaluator
Agent cross-matches the data description with the
data tables and identifies any inconsistencies and
factual inaccuracies in the data description. If it
determines a revision is needed, then the Generator
Agent is called again to revise the initial reflection
based on the revision plan. We present the prompts
used at this stage in Fig. 18 - 20 in the Appendix.
The whole process can be summarized as follows:

Input: Data tables with titles (D), and Additional Guide-
lines (G).

Process:

(a) The Generator Agent generates initial reflections ( R )
in bullet points.

(b) Verification: The Evaluator Agent reviews the reflec-
tion, producing a revision plan (R,,,) if necessary.

(c) Revision: The reflection is revised by the Generator
Agent based on (R,,,), resulting in final reflection (Ry).

\ J

e Outline Generation Once the ‘reflection’ is
generated, the next step in the Planning stage is
outlining the data story. In this step, the Genera-
tor Agent constructs an outline following a linear
narrative structure (Riche et al., 2018b; Segel and
Heer, 2010), consisting of a beginning, middle,
and end, to ensure a coherent flow of the story. It

also breaks down each major point into smaller
sub-points, highlighting specific aspects of the data
such as key figures, patterns, notable exceptions,
and comparisons over time and including simple
visualization specifications to enhance the narra-
tive. Additionally, the user provides an ‘intention’
that depicts the overarching theme of the data story,
and the agent is instructed to ensure that the theme
is consistently emphasized throughout the outline.
After generating an initial outline, the Evaluator
Agent is deployed to verify the generation based
on the data tables and the reflection and asked to
prepare a revision plan if necessary. The agent eval-
uates the initial outline in two aspects, (a) whether
the insights, trends, or outliers included in the ini-
tial outline are consistent with the data presented
in the tables or not, and (b) whether the outline is
coherent with the ‘intention’ or not. If it determines
a revision is needed, then the Generator Agent is
called again to revise the initially generated out-
line accordingly. We present the prompts used at
this stage in Fig. 21 - 23. The whole process is
summarized as follows:

Input: Final reflection ( R;) from the previous step, data
tables with titles (D), and user intention (I).

Process:

(a) The Generator Agent generates an initial outline (O, )
following the narrative structure.

(b) Verification: The Evaluator Agent reviews the outline,
producing a revision plan (O,,) if necessary.

(c) Revision: The outline is revised based on (O, ), re-
sulting in the final outline (O).

4.3 Narration Stage

The final stage of the framework is the Narration
stage. The aim of this step is to generate the actual
narrative text and associated visualizations. The
goal is to generate a coherent data story that adheres
to the narrative structure and user intention. The
agent is also instructed to emphasize key statistics
essential to understanding the theme, presenting
them in a way that balances technical precision
with accessibility thereby ensuring the story is ap-
proachable for both non-specialists and experts.
Additionally, the agent is instructed to outline de-
tailed specifications for visualizations, including
chart titles, types (e.g., line, bar, pie, scatter plot),
and axis data, where required by the outline. Af-
ter the initial narration is generated, the Evaluator
Agent assesses it to confirm its alignment with the
input outline. The agent also verifies that the in-
sights, trends, and patterns discussed are substan-
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tiated by the data tables and that the visualization
specifications are factually correct. Finally, if revi-
sions are necessary, the agent produces a revision
plan. The Generator Agent then uses this plan to
further refine the narration. We present the prompts
used at this stage in Fig. 24 - 26. In summary:

Input: Final outline (Oy), data tables with titles (D), and
user intention (7).

Process:

(a) The Generator Agent generates the initial narration
(Ninit), incorporating relevant story texts and vis-specs.
(b) Verification: The Evaluator Agent reviews the narration
for factual accuracy and consistency, producing a revision
plan (NV,,) if necessary.

(c) Revision: Finally, the narration is revised based on
(Nyp), resulting in the final narration ().

In each step of the framework, the LLMs are
employed three times: twice for generation and
once for critique. With three steps, this totals nine
LLM calls. We summarize the overall working
principle of the proposed agentic framework in the
algorithm provided in the Appendix B.

5 Evaluation

5.1 Evaluation Methods

We employed GPT-40 (OpenAl, 2024), LLaMA-
3-8b-instruct, and LLaMA-3-70b-instruct (Meta,
2024) models as the Generator and Evaluator
Agents for story generation. GPT-40 was cho-
sen for its exceptional performance across various
NLP downstream tasks (OpenAl, 2024). Addition-
ally, we utilized the leading open-source model
LLaMA-3-70b-instruct and the smaller-scale op-
tion LLaMA-3-8b-instruct (Chiang et al., 2024). To
generate the stories, we used the data tables from
our test set which has 339 stories. To assess the effi-
cacy of the agentic framework for story generation,
we used two rigorous evaluation methods: (i) auto-
matic evaluation using Gemini-1.5-pro (Team et al.,
2024) as an LLM-judge and (ii) human evaluation.

5.2 Automatic Evaluation

Method  Previous studies have found that
reference-based evaluation metrics like the BLEU
score often do not align with the attributes of text
quality as perceived by humans (Smith et al., 2016;
Liu et al., 2023). In addition, given the inherently
objective nature of the story generation task, es-
pecially in data story generation, we established
comprehensive methods for both automatic and hu-
man evaluations. Following the work of Zheng et al.

Agentic  Direct  Tie
Model Win (%) Win (%) (%)
GPT-4o 7817 2005 1.78
LLaMA-3-70b-instruct ~ 58.70  39.82 148
LLaMA-3-8b-instruct ~ 41.59  54.57 3.84

Table 4: An overview of the results from automatic
evaluation with pairwise comparison.

(2023) and Yuan et al. (2024), we implemented an
automatic evaluation method i.e., pairwise compar-
ison of the stories generated by the agentic frame-
work versus direct prompting. The evaluation crite-
ria included ‘Informativeness’, ‘Clarity and Coher-
ence’, ‘Visualization Quality’, ‘Narrative Quality’,
and ‘Factual Correctness’.

Results As illustrated in Table 4, the agentic
framework significantly outperformed the direct ap-
proach, as demonstrated by GPT-40, which attained
an average win rate of 75.93% across three test sets,
compared to the direct approach’s 23.47%, high-
lighting a substantial difference of 52.46%. Simi-
larly, LLaMA-3-70b-instruct using the agentic ap-
proach attained an average win rate of 58.7%, while
the direct approach only achieved 39.82%. These
results indicate a clear preference by the LLM
judge (Gemini-1.5-pro-001 in our case) for stories
generated with the agentic approach over direct
prompting. However, the LLaMA-3-8b-instruct
model demonstrated balanced performance with
our agentic approach outperforming its counter-
part in only 40.59% of cases. This outcome may
be attributed to its relatively smaller size, and its
limited 8k context length. These factors indicate
that there is still potential for improvement through
task-specific fine-tuning. Overall, these findings
underscore the superior efficacy of the LLM-agent
framework in producing coherent data stories.

5.3 Human Evaluation

Method For human evaluation, in line with simi-
lar research in story generation (Wang et al., 2023b;
Yang et al., 2023b), we assess the stories produced
by the LLMs using various subjective metrics.
These metrics include ‘Informativeness’, ‘Clarity
and Coherence’, ‘Visualization Quality’, ‘Narrative
Quality’, and ‘Factual Correctness’. We conducted
a human evaluation on 100 story samples gener-
ated by the top-performing model (GPT-40). For
each sample, two annotators performed a pairwise
comparison between the two versions, one gener-
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Voter Enthusiasm Trends
Observing voter enthusiasm from 2006 to 2018 reveals ...
... peak for Republicans was in October 2010 when 57%
of their supporters felt more enthusiastic ... .. by
September 2018, a remarkable surge in enthusiasm was
recorded among Democrats, with 67% feeling more eager
to vote...

Focus on Empathy, Honesty, and Ethics
Beyond enthusiasm, there's a telling narrative in how the
public perceives the values of both parties. Democrats
are widely viewed as more empathetic, honest, and
ethical. For instance, 56% believe the Democratic Party is
more concerned with people like themselves, a staggering
25-point lead over Republicans ... ...

Concerns Over Democratic
Oversight In examining concerns around Congressional
focus, .. Republicans about excessive Democratic
investigations into the Trump administration. This
concern skyrocketed from 58% in June to 80% in
September among Republican-aligned voters. However,
Democratic voters showed minimal fluctuation... ...

Voter Enthusiasm Over the Years
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Figure 3: An example of a GPT-40-generated story using the agentic framework: The text in

color denotes

hallucinated fact, while the red circled value is factually incorrect according to ‘Table_0’ of Fig. 13.

GPT-40 (Agentic vs. Direct)

Metrics Agentic  Direct Tie  p-value
Win (%) Win (%) (%) (sign test)
Informativeness 74 11 15  1.29e-12
Clarity and Coherence 73 11 16 2.25e—12
Visualization Quality 59 15 26 2.55e-07
Narrative Quality 75 12 13 2.71e-12
Factual Correctness 75 11 14 7.37e-13

Table 5: Human evaluation results of the story genera-
tion setup: GPT-40 (Agentic) vs. GPT-40 (Direct)

ated by the agentic framework and the other one
by the direct prompting method, and the agreement
between them for these comparisons was 85.0%.
Results The results from Table 5 indicate that the
stories generated by the agentic approach are of
significantly higher quality compared to those pro-
duced by the non-agentic version. This is demon-
strated by an impressive average win rate of 71.2%
across all five evaluation criteria. Furthermore, we
compared the human-evaluated stories with our
automatic evaluation and found that our human an-
notators agreed with the LLM judge in 67.0% of
the cases, suggesting that human annotators’ scores
are roughly consistent with the LLM judge.

5.4 Ablation Studies

To assess the efficacy of the agentic approach, we
perform ablation experiments on a randomly se-
lected subset of 100 stories and evaluate them auto-
matically by the LLM judge (Gemini-1.5-pro-001).
These experiments focused on excluding different
steps (see Table 6) and comparing the generated sto-
ries with those produced by the agentic approach.
From Table 7, we observe that The most signif-
icant decline occurred when all steps, especially

Planning Stage Narration Stage
Refl. Refl. ver. Out. Gen. Out. ver. Narr. Narr. ver.
v v v v v v
v v v v
v v v v
v v
v v v

Table 6: Ablation Strategy. Here, ‘Refl’, ‘Out.’, ‘Narr.’,
and ‘Ver’ denotes ‘Reflection’, ‘Outline’, ‘Narration’,
and ‘Verification’ respectively

Strategy Loss (%) Win (%) Tie (%)
w/o ‘Reflection’ 64% 35% 1%
w/o ‘Outline’ 64% 32% 4%
w/o ‘Reflection’ and ‘Outline’ 79% 18% 3%
w/o “Verification’ 73% 22% 5%

Table 7: The results from our ablation experiment in four
different setups. We report the ‘Loss’, ‘Win’, and ‘Tie’ of
different setups against the Agentic framework.

when the Planning stage (Reflection and Outline
Generation), were skipped (79% loss). Skipping
either the Reflection or Outline Generation step
also led to a decline in performance, though less
severe, with a 64% loss in both cases. This demon-
strates that the agentic framework’s performance is
roughly twice as effective as other approaches, un-
derscoring its importance and value. Finally, omit-
ting the verification step resulted in a 73% loss,
compared to a 22% case of win, emphasizing the
crucial role of the ‘Critic’ agent in the framework.

5.5 Error Analysis and Challenges

We manually analyzed 100 sample data stories gen-
erated by the agentic framework to understand the
key challenges in addressing our new task.
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Factual errors: Despite the verification steps at
each stage, factual errors sometimes occur during
the narration phase. For instance, the red circle in
slide (1) of Fig. 3 highlights a factual error where
the actual value is 59% instead of 42%, as per ‘Ta-
ble_0’ of Fig. 13.

Hallucination errors Although hallucinating
facts is a rare occurrence in the GPT4o-generated
stories using the agentic approach, some cases ap-
pear where the model is prone to hallucinating facts.
For example in Fig. 3, the model mentions that ‘the
peak of Republican enthusiasm was in ‘October
2010, whereas according to ‘Table_0’ of Fig. 13 it
was ‘September 2018’ at 59%.

Ambiguous visualization specifications In some
cases, the model generates ambiguous chart speci-
fications such as ‘side-by-side bar chart,” ‘multi-
dimensional infographic,” ‘summary chart,” or
‘combined’ as chart types. Such ambiguous specifi-
cations make it difficult to render charts correctly,
illustrating the limitations of existing models in
generating multimodal outputs with charts.

Lack of coherence and verbosity issue A key
challenge faced by the open-source LLaMA-3 mod-
els is maintaining a coherent narrative structure,
particularly when using the agentic approach which
tends to produce more verbose text. On average,
the length of stories generated by the LLaMA-3-8b-
instruct model is approximately 610 tokens, while
those generated using the non-agentic approach
contain about 500 tokens. Fig. 14 shows that de-
spite the story’s theme being the ‘EU’s response
to COVID-19, the third slide features unrelated
statistics, and the fourth slide repeats text from the
third. This highlights the limitations of relatively
smaller open-source LLMs (8B) in producing long,
multimodal stories with complex narratives.

6 Conclusion and Future Work

We present DATANARRATIVE, a new benchmark
for multimodal data story generation that combines
text generation, data analysis, and information vi-
sualization. Our benchmark includes 1,449 diverse
data stories with open-ended multimodal outputs,
each featuring various charts and related texts. We
then propose an LLLM-agent-based story genera-
tion framework that mimics the human process
of creating data stories by using a generator and
an evaluator agent. Our experiments show that
this framework generally outperforms the direct
method in both automatic and human evaluations.

The study also highlights unique challenges in
multimodal long-form data story generation, such
as the difficulty of building open-source models
that generate long, coherent stories with rich nar-
ratives. To address this, we release a training cor-
pus for the community to explore fine-tuning open-
source models for this task. Additionally, our agen-
tic framework can serve as a foundation for human-
in-the-loop co-authoring of data stories with LLMs,
where humans act as critics, collaborating and co-
editing with the LLM to create coherent and in-
formative stories. We hope our research inspires
further work in multimodal data storytelling.
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Limitations

Despite the fact that the proposed agentic frame-
work is capable of producing coherent and infor-
mative data stories, there are instances where the
model may generate factually inaccurate statements
within the text. Furthermore, in certain rare cases,
the visualization specifications might be sufficient
to create a chart image but may still lack critical
information. Furthermore, because of the expense
associated with API access, we were unable to
assess other state-of-the-art proprietary LLMs simi-
lar to GPT-40, such as Claude-3 (Anthropic, 2024).
Due to resource constraints, we were unable to fine-
tune an open-source model within the limited time
available. However, we plan to release a fine-tuned
model as part of our future research. Addition-
ally, we will make the training corpus available to
the community to facilitate further exploration of
fine-tuning open-source models for this task.

Ethics Statement

At the time of the dataset collection process,
we carefully considered various ethical aspects.
The three sources of our data story corpus (Pew
Research Center (Pew, 2024), Tableau Public
(Tableau, 2024), and GapMinder (Rosling, 2023))
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approve publication rights for academic utilization
of their content. We plan to make the whole corpus
and all the collected metadata publicly available.

To ensure our chart images are free of harmful
content, we utilized Google search, benefiting from
its rigorous content policiesl. Moreover, during the
data extraction process, the chart images were ana-
lyzed using the Gemini API, which is specifically
designed to filter out unsafe contentz, thereby en-
suring an additional degree of certainty concerning
the appropriateness of the content included in our
dataset.

The human evaluation was conducted by the au-
thors and their collaborators associated with this
research. Since the primary aim was to assess the
models’ capabilities, effectiveness, and limitations
in generating stories across various experimental
conditions, the evaluation by the authors does not
introduce any ethical concerns or unwanted biases.
The instructions given to the human evaluators are
provided in Fig. 10. There were no paid partici-
pants in the human evaluation study. For the human
evaluation study, we selected two human evaluators.
The first evaluator has more than three years of in-
dustry experience (also has a graduate degree in
computer science) in data science and information
visualization. The second evaluator comes from an
academic background (and has an undergraduate
degree in computer science) and has one year of ex-
perience in information visualization. Additionally,
since the evaluators were volunteers, there were
no paid participants in the human evaluation study.
Lastly, the evaluation did not involve any informa-
tion that could be used to identify individuals.
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Appendices

A Dataset Construction Process

In this section, we provide further detail on our
dataset curation process.

A.1 Data Sources

The corpus for DATANARRATIVE consists of sto-
ries collected from three different platforms: Pew
Research Pew (2024), Tableau Public Data Story
Tableau (2024), and Gapminder (Rosling, 2023).
Pew Research releases articles based on data that
focus on social issues, public opinion, and de-
mographic trends. These articles frequently in-
clude various charts and are complemented by high-
quality descriptions from professional editors. Gap-
minder is a Swedish foundation dedicated to fight-
ing misconceptions about global development by
promoting a fact-based worldview. They provide
interactive data visualization tools and publish edu-
cational resources, such as data stories, and interac-
tive visualizations that emphasize global trends in
health, wealth, and other development indicators.
On the other hand, Tableau Public Story, a feature
of Tableau Public, is a platform that enables users
to create interactive presentations through a series
of data visualizations. It makes data stories pub-
licly accessible, covering a wide range of topics
including economy, social issues, and international
affairs. Therefore, the corpus benefits from this
diversity by providing stories with varying topics,
styles, and themes.

A.2 Raw Data Collection

To assemble the Pew corpus, we created a web
crawling script that initially stores research topics
and their corresponding URLs. This script system-
atically processes the HTML elements from these
URLs to collect all links, categorizing them un-
der general topics while excluding irrelevant ones
like “Methodological Research” and “Full topic list”
that do not link to any meaningful article webpage.
Subsequently, another script is employed to visit
all the article pages for each topic, extracting and
parsing HTML content to gather various data such
as article texts, titles, and image links. These im-
age links are then filtered by specific criteria (e.g.,
‘ipg’, ‘jpeg’, ‘SVG’, or ‘png’ formats) to ensure
data integrity, eliminating duplicates. A secondary
script downloads these images in ‘PNG’ format.
We gathered articles from the Pew Research web-

site until March 14, 2024, resulting in 4532 articles
across 18 topics. Additionally, we collected meta-
data related to the images, including captions and
alt-texts.

A.3 Chart Data Extraction

We utilize the multi-modal large language model
(MLLM) Gemini-1.0-pro-vision (Team et al., 2023)
to extract data from chart images. In order to ver-
ify the factual correctness of the generated data
tables, we conducted a small experiment using 100
chart images from the ChartQA (Masry et al., 2022)
corpus, where gold tables were already available,
allowing for direct comparison between the gold
tables and the generated tables. We performed a
human evaluation of the generated data tables and
found that the model correctly generated the tables
in 77% of the cases. Most errors occurred when the
model either produced incomplete tables (missing
one or two values or an entire row) or failed to gen-
erate any output at all. Fig. 5 presents an overview
of the chart data extraction process.

A.4 Chart-text pair Collection

As the Pew corpus is larger than the other cor-
pora, collecting paragraphs associated with the
data tables manually is labor-intensive and time-
consuming. Therefore, for the Pew training set, we
adopted an automatic approach using the GPT-4-
turbo model (OpenAl, 2023b). The model selected
relevant paragraphs from articles based on data ta-
bles for the chart images that we extracted automat-
ically. In addition to collecting the original para-
graphs, we also generated the paraphrased version
of the paragraphs using the GPT-4-turbo model as
well. To evaluate the effectiveness and accuracy of
this approach, we compared human-curated para-
graphs from Pew articles with those selected by
GPT-4-turbo. By examining 50 randomly selected
samples from the Chart-to-Text corpus, we found
that GPT-4-turbo accurately linked paragraphs to
data tables 70% of the time. As a result, we decided
to use GPT-4-turbo-generated paragraphs for the
Pew training set. To create the test set from the Pew
corpus, we selected the articles and the paragraph-
table pairs from each of the articles that appear in
the Chart-to-Text (Kantharaj et al., 2022b) Pew cor-
pus. Fig. 6 illustrates an overview of the chart-text
collection process.
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Figure 4: The figure demonstrates the distribution of Story Topics in the Train set.

A.5 Detailed Corpus Analysis

In this section, we present a more fine-grained anal-
ysis of the proposed dataset for DATANARRATIVE.
e Pew The Pew training corpus includes 1,068
stories, encompassing a total of 4,729 tables and
4,729 charts. On average, the length of these stories
is 1,804 characters, consisting of an average of 353
tokens and organized into on average 4 paragraphs
per story. The vocabulary-to-token ratio averages
0.51, with each story typically featuring 14 unique
verbs, and 44% of these verbs are diverse. Trigram
repetition within stories stands at 18.37%, while
between stories it is 14.83%. From Table 2 we ob-
serve that in the Pew train set, a significant majority
of the charts are bar charts (both simple as well as
stacked and group bar charts) (83.51%), followed
by line charts (9.16%), and pie charts (4.04%), etc.
Regarding topic variety, 51.84% of the stories focus
on ‘Politics & Policy’, 7.17% on ‘Religion’, and
5.79% on ‘Internet & Technology’, among other
categories.

The Pew test corpus comprises a total number
of 321 stories, with a total of 1590 tables and 1590
charts. The average length of stories in the train
set is 2865 characters, the average token count
is 561 and there are 5 paragraphs in each sam-
ple story on average. Additionally, the average
vocabulary-to-token ratio is 0.46, with an average
of 23 unique verbs per story, and 47% of the verbs
used are diverse. The intra-story trigram repetition
rate is 17.94%, while inter-story trigram repetition
is 11.28%. Similarly, Table 2 indicates that in the

Pew test set, the majority of the charts are bar charts
(simple, stacked, and group) at 77.79%, followed
by line charts at 17.45%, and pie charts at 3.56%.
Regarding topic diversity, about 71.96% of the sto-
ries are related to ‘Politics & Policy’, 8.09% to
‘International Affairs’, and 5.29% to ‘Internet &
Technology’.

e Tableau The training corpus for Tableau con-
sists of 42 stories with a total of 340 tables and
297 charts. Each story in the training set averages
837 characters, 159 tokens, and 5 paragraphs. The
vocabulary-to-token ratio averages 0.64, and each
story typically includes 5 unique verbs, with 25%
of them being diverse. The percentage of intra-
story trigram repetition is 12.79% and inter-story
trigram repetition is 0.64%. The Tableau test cor-
pus consists of 13 stories, with 64 tables and 64
charts. From Table 2 we can see that bar charts
are the most common chart type in the Tableau
train set, accounting for 52.19% of all charts. They
are followed by line charts (23.23%) and scatter
plots (12.12%). In terms of topic diversity, ap-
proximately 16.67% of the stories are about the
‘Economy’, followed by ‘Education’ (16.67%) and
the ‘Environment’ (11.9%), among others.

In the test set, the average story length is 1009
characters, the average token count is 194, and
each story contains an average of 4 paragraphs.
Additionally, the vocab: token ratio is 0.63, the av-
erage number of unique verbs per story is 11, and
30% of the verbs in a story are diverse. The per-
centage of intra-story trigram repetition is 14.24%,
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[User Prompt]
##t# Task Description:

You will be given a chart image as an input. Your task is to logically deduce the
data table from data presented in the chart. This process should involve:

1. Structuring a data table with column headers and rows that directly support
the chart's visual representation, considering factors such as scale,
categorization of variables, and the relationship between data points.

3. Your output should only contain a data table corresponding to the chart image.
### Additional Guidelines:

- Generate the data table in between two '$' signs.

- The output should only contain the data table in the format mentioned above,
without any additional explanation.

### Note: Only return the output in the format mentioned above without further
explanation.

### INPUT:

Similar Interest in Plane Downing,
Border Crossings, Israel/Hamas Conflict
% following eachstory very closely

Downingof plans in

Ukraine 3

Children from Central

33
Americe crossing border

Fighting between lzrael

and Hamas 32

Court rulings on o5
Affordable Care Act

2014 midterms 14

Gemini-1.0-pro-vision

=

$ | News Story
Very Closely |

| % Following

Downing of plane in Ukraine | 33

Children from Central America crossing border | 33

|

|

|

|

| Fighting between Israel and Hamas | 32
|

| Court rulings on Affordable Care Act | 25
|

|

|

2014 midterms | 14
$

Figure 5: The figure presents an overview of the Chart data extraction process using the Gemini-1.0-pro-vision

(Team et al., 2023) model.

and the percentage of inter-story trigram repeti-
tion is 44.67%. Similarly, regarding the charts in
the Tableau test set, Table 2 shows that bar charts
(simple, stacked, and grouped) comprise the major-
ity (71.88%), followed by line charts (12.5%) and
scatter plots (9.37%). In terms of topic diversity,
approximately 30.77% of the stories are about the
‘Economy’, followed by ‘Education’ (15.38%) and
the ‘Environment’ (7.69%), among others.

e Gapminder The GapMinder test corpus con-
sists of five stories, with a total of 42 tables and 42
charts. The average length of stories in the train set
is 707 characters, and there are 8 paragraphs in each
sample story on average. The average token count
is 146. Additionally, the average vocab: token ra-
tio is 0.63, the average number of unique verbs
per story is 5, and there are 39% of diverse verbs
present in a story. Furthermore, the percentage of
intra-story trigram repetition is 11.3% and inter-
story trigram repetition is 2.45%. From Table 2 we
observe that the Gapminder dataset mainly focuses
on topics such as “World Population’, “World Econ-
omy’, and ‘Population Birthrate’. The dataset only
consists of line charts (73.81%) and bubble charts
(26.19%).

In addition, Fig. 4 and Fig. 7 detail the overall
topic distribution in the train and test set respec-
tively. Furthermore, Fig. 8 and Fig. 9 show the
distributions of Charts / Tables per Story in the Pew
train and test set respectively.

B LLM Agent Framework

We summarize the whole working process of the
proposed agentic framework in the Alg. 1:

C Additional Results and Evaluation
Details

In this section, we detail our human evaluation ap-
proach and present a detailed result analysis (see
Fig. 10)

Human Evaluation Our human evaluation met-
rics include ‘Informativeness’, ‘Clarity and Coher-
ence’, ‘Visualization Quality’, ‘Narrative Quality’,
and ‘Factual Correctness’. Below we present the
description of the metrics:

(a) Informativeness: The extent to which the data
story provides substantial and useful information.
(b) Clarity and Coherence: The logical organiza-
tion, ease of understanding, and connectivity be-
tween different parts of the data story.

(c) Visualization Quality: The effectiveness of vi-
sualization, i.e., charts in enhancing understanding
of the data.

(d) Narrative Quality: The ability of the narrative
to engage the reader and provide deep insights.

(e) Factual Correctness: The accuracy of the data
and information presented.

We assessed each story using two human anno-
tators for each evaluation criterion. For every story,
we presented two versions—one generated using
the Agentic framework and the other using the Di-
rect prompting method—without disclosing which
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[User Prompt]

### Task Description:

Given alist of paragraphs of an article and multiple data tables in the INPUT, your task s to identify and output the paragraph and a
paraphrased version of the paragraph that are relevant with each table.

Below is a summary of the criteria for determining whether a paragraph is relevant to a data table:

### Relevant Information:

- Data that can be found or computed from the data table

- Trends that can be derived from the table (e.g. increasing, decreasing)

### Irrelevant Information:

- Background information (e.g, past results, survey methodology, historical information)

### Instructions:

1. Examine each data table provided in the input.

2. Determine which paragraph(s) from the article contains information most relevant to the data in each table based on the criteria
outlined above, and ignore any irrelevant information.

3. Paraphrase the identified paragraph(s) succinctly while maintaining the fidelity of the original information.

4. 0utput the paragraph 1D along with the paragraph and the paraphrased version of the paragraph

5. Ensure all important aspects of the paragraph are retained in the paraphrased version to provide informative and helpful
content

Note: The paragraphs must be from the article itself.

An example of the task s provided below:

#4# INPUT:

### Example:

#it# List of paragraphs of the article:

‘Paragraph_#2: Social media platforms have served as venues for political engagement and social activism for many years,
especially for Black Americans. This was evident again in 2020, when the killing of an unarmed Black man, George Floyd, by a White
Minneapolis police officer resulted in widespread protests that demonstrated the reach and power of these platforms., ....]

### Table_o:

<Table_0>

### Table_1:

<Table_1>

### Table_2:

<Table_2>

### OUTPUT:

##4 Table_0_paragraph:

Paragraph_#14: Their views also closely align ...

Paraphrased_Paragraph_#14: Their perspectives mirror ...

#4# INPUT:

### List of paragraphs of the article:

['Paragraph_#0: Majorities of adults see decline of union membership as bad for the U.S. and working people’, ‘Paragraph_#1: By
Ted Van Green', 'Paragraph_#2: Majorities of Americans see the large reduction in the share of workers represented by unions over
the past several decades as a bad thing for both the country and working people in the United States.’ .. .....]

### Table_o:

<Table_0>

### Table_X:

<Table_X>

### OUTPUT:

[ouTpUT]
### Table_0_1_paragraph:
Paragraph_#7: Views about the decline in union membership have changed only modestly since last year,
when 58% said it was bad for the country. There has been no change in views about its impact on working
people.
Paraphrased_Paragraph_#7: Perspectives on the decline in union membership have slightly shifted since

GPT-4-turbo

last year, with 58% previously reporting it as negative for the country. Opinions on its effect on workers
; ; have remained constant.
['Paragraph_#0: Social media continue to be important political outlets for Black Americans’, ‘Paragraph_#1: By Brooke Auxier’, ### Table_0_2_paragraph

Paragraph_#8: There are modest demographic differences in the perceived impacts of the decline in
union membership. However, partisan differences are much more pronounced, according to a Pew
Research Center survey conducted Jan. 1621, 2024

Paraphrased_Paragraph_#8: Perceptions of the impacts from the reduction in union membership show
minor demographic variances but exhibit significant partisan disparities, based on a survey by Pew
Research Center during Jan. 1621, 2024.

Figure 6: The figure presents an overview of the Paragraph table pair generation using the GPT-4-turbo (OpenAl,

2023b) model.

Input: Data tables with titles DD, Additional
Guidelines GG, Intention [

Output: Final narration Ny

Ry < Generate(D,G); // Generate

initial reflection

Vi <« Verify(D, Ry) ;

reflection

Ry « Revise(Ry, Vg) ;

reflection

Op « Generate(Ry, D, T) ;

// Generate initial outline

with intention

VO « Verify(D, Rf, Oo) )

outline

Oy « Revise(Oy, Vo) ;

outline

Ny < Generate(Oy, D, I) ;

// Generate initial

narration with intention

Vi <—Verify(D,Of,N0) ;  // Verify

narration

Ny « Revise(Ny, O, Vv, I) ;

// Revise the narration (if

and generate the

// Verify

// Revise

// Verify

// Revise

necessary)
final version
Algorithm 1: Data Story Generation Frame-
work

version was which. The annotators were then asked
to determine which version was superior based on

each criterion. In cases where the annotators dis-
agreed, we considered the result as a tie. We mea-
sured Krippendorft’s alpha (Krippendorff, 2011) to
determine inter-annotator agreement and found a
moderate level of agreement (0.505%) between the
annotators.

Results In this section, we present a detailed
breakdown of the performance of the agentic frame-
work against the direct prompting strategy across
the different test sets. Table 8 presents the detailed
results from the experiments. We also present our
ablation study strategy in Table 6.

D Additional Error Analysis

In this section, we present examples of errors that
occurred in the generated stories. For instance,
Fig. 12 illustrates a story generated by the LLaMA-
3-8b-instruct model where factual errors are in
‘Section 2’ where it mentions ‘average approval
rating for presidents in the third year is 55%’ ac-
cording to the ‘“Table_#0’ in the figure, however,
it is actually less than 55% (the average is 53.8%).
Furthermore, we found that most factual error oc-
curs in the ‘Visualization Specifications’ as ex-
emplified by Fig. 15. Additionally, hallucinating
data values is another concern at the time of nar-
ration generation, even though verification steps
are included at each stage of the agentic frame-
work. One such case is illustrated in Fig. 12, where
the LLaMA-3-8b-instruct model hallucinated facts
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Percentage of Topics in Pew Test set Percentage of Topics in Tableau Test set

Cher Internet & Technology

Economy
International Affairs

Education

4.7% 53%
Immigration & Migration 30.8%
8.1% :
15.4%
4.0% Economy & Work
3.1%
e Age & Generations
Entertainment T.7%
1.7%
7.7% Sports
72.0% Environment B 15.4%
Politics & Policy Other
Health
(a) Pew (b) Tableau

Figure 7: The figure demonstrates the distribution of Story Topics in the Test set.

Pew Tableau Gapminder
Model Samples V‘?,f[(‘;; \’»]’)13?;/2) Tie (%) Samples @f‘(’fy‘g‘; “lzgji/z) Tie (%) Samples @i‘:r(‘;c) Vg;re(f;u) Tie (%)
GPTdo - 725252() 19;.23 1.(5);7 - 69(.)23 30;177 g s 80;.100 20i00 ?)
LLaMA3ShI 301 40;3: 5]5;;5 3i724 . 53%85 38546 7.169 s (;0 420 g
I O

Table 8: Automatic Evaluation results of generated stories (Agentic vs. Non-agentic) with pairwise additive
prompting. Here, ‘I’ in ‘LLaMA-3-Xb-I" stands for Instruction tuned versions, and ‘Agentic’ and ‘Direct’ stands for
Agentic framework and Direct prompting strategy respectively. We calculate the % of wins for these two different
strategies and report them in this table. The Gray text indices the number of samples for each case.

such as ‘Trump’s presidency has been marked by
low approval ratings throughout his term’, whereas
the data in the table only gives a picture of first
three years. Similar to the factual errors, most of 437
the hallucinations are prevalent in the ‘Visualiza- w00~
tion Specifications’ like Fig. 15.

Distribution of Charts / Tables per Story

E Examples 300~

Count

200 -

100 -

0-

165
5
58
40
25 20
_ L e
5 6 7 8 9 10
# of charts / tables per story

Figure 8: Distribution of # of charts / tables per story
(Pew Train).

19270



Distribution of Charts / Tables per Story
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Figure 9: Distribution of # of charts / tables per story
(Pew Test).
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Human Evaluation Instruction:

Review the provided two versions of a data story based on the evaluation criteria mentioned
below:

Evaluation Criteria:

1. Informativeness: The extent to which the data story provides substantial and useful
information.

2. Clarity and Coherence: The logical organization, ease of understanding, and connectivity
between different parts of the data story.

3. Visualization Quality: The effectiveness of visualization, i.e., charts in enhancing
understanding of the data.

4. Narrative Quality: The ability of the narrative to engage the reader and provide deep
insights.

5. Factual Correctness: The accuracy of the data and information presented.

For each of the abovementioned criteria, rate the data story on a scale of 1 to 5, where 1 is
the worst quality and 5 is the best quality. Here, user “intention’ refers to the title of the
story

User Intention: <Input intention The article title of sample the gold test set>

After reviewing both data stories (Story A and Story B), evaluate which version of each story
excels in the specific criteria. Conclude by providing a final verdict on which story is
overall superior.

Informativeness: [story version]

Clarity and Coherence: [story version]

Visualization Quality: [story version]

Narrative Quality: [story version]

Factual Correctness: [story version]

Final Verdict: [story version]

Figure 10: Instruction for our Human Evaluation settings.
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Automatic Evaluation Prompt:

### Task Description:

You will receive:

- A plausible gold data story as a reference

- A user intention representing the overarching theme of the story

- Data tables used to generate the data story

- Two model-generated stories

Ignore any extra white spaces and newlines in the stories. Your task is to evaluate the quality
of the LLM-generated stories based on the criteria listed below:

### Evaluation Criteria:

1. **Relevance and Informativeness:** The extent to which the data story addresses the given
user “intention’ and provides substantial and useful information.

2. **Structure and Coherence:** The logical organization such as a linear narrative structure
(a beginning, a middle and a conclusion), ease of understanding, and connectivity between
different parts of the data story.

3. **Visualization Specification Quality:** The visualization specifications defined within
“<visualization>" tags are well-suited for «creating visualizations that enhance the
understanding of the data.

4. **Narrative Quality and Insightfulness:** The ability of the narrative to engage the reader,
provide important insights, and follow the “intention” provided by the user.

5. **Factual Correctness:** The accuracy of the data and information presented considering the
input data tables.

### Point Allocation Criteria:

1. For each evaluation criterion, give 1 point to 'Story A' if it is better than 'Story B', or
vice versa.

2. If both stories perform equally well in a criterion, give 1 point to both.

3. Evaluate the stories based on their total points.

### Additional Guidelines:

- Systematically attribute points to “Story A° and “Story B based on the “Point Allocation
Criteria’.

- Make sure total accumulated points for each story is within a range of 1 to 5.

- Briefly justify your total score, up to 100 words.

- Avoid any position biases and ensure that the order in which the stories were presented does
not influence your decision.

- Do not allow the length of the stories to influence your evaluation.

- Be as objective as possible.

- Remember to assess the data story from the perspective of relevance, clarity, coherence,
informativeness, and factual correctness, taking the plausible gold story as a reference.

- After providing your explanation, output your final verdict based on the total points each
story received by strictly following this format: '[[A]]' if the story A is better, '[[B]]' if
the story B is better, and '[[C]]' for a tie.

### INPUT:
<intention>
### Gold Story:
<gold_story>
### Story A:
<story_a>

### Story B:
<story_b>

Figure 11: Pairwise automatic evaluation prompt.
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###t Table_0:
At start of Trump's third year in office, his job approval lags most of his recent predecessors
Presidential job approval at beginning of third year in office (%)
| President | Approval Rating (%) |

| |
G.W. Bush ('01-Jan. '03) | 58 |
G.H.W. Bush ('89-Jan. '91) | 63

|

Reagan ('81-Jan. '83) | 58 |
Obama ('09-Jan. '11) | 46 |
Clinton ('93-Feb. '95) | 44 |

| Trump ('17-Jan. '19) | 37 |

Source: Survey data from Pew Research Center (Trump through Clinton) and the Gallup organization (G.H.W. Bush and Reagan). Current data on Trump approval from survey of
U.S adults conducted Jan. 9-14, 2019.
PEW RESEARCH CENTER

Trump Begins Third Year With Low Job Approval Trump's Job Approval Rating Lags Behind Most
and Doubts About His Honesty Recent Predecessors
Trump's approval rating at the start of his third year in It is important to consider the historical average of job
office stands at 37%, lower than most of his recent approval ratings for presidents in their third year in office.
predecessors (Table_0). This is not a new phenomenon, According to Gallup, the average approval rating for
as Trump's presidency has been marked by low approval presidents in their third year is 55%. Trump's approval Conclusion
i i i % : , : g
ratings throughout his term. rating of 37% ... ... In conclusion, Trump's third year in office has
Trump's Job Approval Rating Compared to His Predecessors Trump's Job Approval Rating Compared to His Predecessors been marked by low job approval ratings and
& 6
60, ss ss 60, ss s8 @ e e  doubts about his honesty. ... ... ... Trump faces
significant challenges in his presidency, and that
50, 50,
g . a g 4 a he will need to find ways to overcome these
£ 37 £ 37 challenges in order to achieve his policy goals.
£ S
H H
220 220
10 10
GW.Bush _GHW.Bush  Reagan  Obama  Clinton Trump GW.Bush GHW.Bush  Reagan  Obama  Ciinton Trump
President President

Figure 12: Examples of Factual and Hallucination errors in LLaMA-3-8b-instruct generated story using the Agentic
framework. Here, color denotes hallucinated text, and Red color denotes text containing factual errors.

##t#t Table_0: Voter Enthusiasm Rises - Especially Among Democrats
% of registered voters who say they are more enthusiastic than usual about voting:

| Year | Support Rep. Candidate | Support Dem. Candidate |

|-=====--- |===mmmm e | === |
| Sept 2006 | 42 | 33 |
| Oct 2010 | 57 | 42 |
| Sept 2014 | 36 | 36 |
| Sept 2018 | 59 | 67 |

##t#t Table_1: Democrats lead the GOP on empathy, honesty and ethics; neither party has edge on managing govt.
% saying the phrase ___ better describes the...

| Phrase | Democratic Party | Republican Party | Difference |

| === e e | === |===mmmmmm e | === |

| Better manage government | 43 | 40 | D+3 |

| More willing to work with political leaders from the other party | 45 | 33 | D+12 |
| Governs in more honest & ethical way | 46 | 32 | D+14 |

| Concerned with people like me | 56 | 31 | D+25 |

| More extreme in its positions | 39 | 48 | R+9 |

#i#t#t Table_2: % of registered voters who say they are concerned that...

| Concern / Group | very | Somewhat | Not too | Not at all |

| === e e |====-= [ | === | === |

| **If Democrats take control of Congress,#** |
| they will focus too much on investigating the Trump administration
|

| ALl voters (June) | 41 | 34 | 15 19 |

| A1l voters (Sept) | 44 | 31 | 15 |9 |

| Rep/Lean Rep (June) | 58 | 22 | 12 | 7 |

| Rep/Lean Rep (Sept) 18 |9 |7 | 4 |

| Dem/Lean Dem (June) | 20 | 27 | 35 | 18 |

| Dem/Lean Dem (Sept) 119 | 21 | 34 | 25 |

| **If Republicans keep control of Congress,** |

| they will not focus enough on oversight of the Trump administration
|

| ALl voters (June) | 40 | 31 | 12 | 16 |

| A1l voters (Sept) | 40 | 34 | 11 | 15 |

| Rep/Lean Rep (June) 122 | 20 | 27 | 29 |

| Rep/Lean Rep (Sept) 120 | 26 | 24 | 29 |

| Dem/Lean Dem (June) 159 120 19 19 |

| Dem/Lean Dem (Sept) |1 66 | 13 | 10 | 10 |

Figure 13: The tables corresponding to Fig. 3.
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EU's Handling of COVID-19

As shown in Table 0, a significant majority of
respondents ... ... ... EU's handling of COVID-19. Germany,
the Netherlands, and Denmark stand out with the highest
percentages, at 68%, 68% and 66%, respectively. In
contrast, France and Italy have lower percentages, at 57%
and 54%, respectively.

Favorable Opinion of EU's Handling of COVID-19

) 3

Comparison with the UK
When compared to the UK, the EU's handling
of COVID-19 receives a signifi more

Demographics and Public Opinion
Breaking down the data by demographics reveals
i patterns. g to Table_3, younger

favorable opinion. As shown in Table_2, 64%
of respondents have a favorable opinion of
the EU's handling of COVID-19, compared to
46% for the UK.

Comparison of EU and UK's Handling of COVID-19
(3

66

57

3
2
g
3
g
5
@
g
g

Netherlands  Denmark

Country

Germany

0

H
§
H
g
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H
H
g
e
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Country

Britons (ages 18-29) have a significantly more favorable
opinion of the EU, at 71%, compared to 49% among those
aged 50+. Similarly, those with more education (77%) and
those who identify as liberal or left-leaning (78%) ... ... ...

Favorable Opinion of EU by Demographics.

.
o b‘:’,«;",ﬁf,‘f’"}u";‘a"‘“ o

Demographics and Public Opinion
Breaking down the data by demographics reveals
interesting patterns. According to Table_3, younger
Britons (ages 18-29) have a significantly more favorable
opinion of the EU, at 71%, compared to 49% among those
aged 50+. Similarly, those with more education (77%) and
those who identify as liberal or left-leaning (78%) ... ... ...

Comparison of EU's Handling of COVID-19

o

Percentage of respondents
5 8 8 85 8 8

South Korea

Japan

Figure 14: A figure demonstrating the ‘Coherence’ issue of the LLaMA-3-8b model.
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[Data Tables]

Table_#1:

Public widely views cyberattacks as a major threat to the United States: % who say that each isa___ to the well-being of the
United States | Threat | Major threat | Minor threat | Not a threat | | | | |
--------- | | Cyberattacks from other countries | 74 |21 | 4| | Iran's nuclear program | 57 | 31| 8 | | Global climate change | 5723118 |
| China's power and influence | 54 | 32 | 11 | | The Islamic militant group, known as ISIS | 53|35 | 8 | | North Korea's nuclear
program | 53|36 | 9 | | Russia's power and influence | 50 | 38 | 10 |

Table_#4:

Far more Republicans than Democrats say Russia is 'not much of a problem' % who think of Russia as... Total | Adversary | Serious
problem | Not a problem July 2019 | 26 | 44 | 26 May 2018 | 28 | 42 | 24 Jan 2017 | 29 | 44 | 24 Oct 2016 | 23 | 46 | 23 April 2016 | 23 |
44130 Among Rep/Lean Rep | Adversary | Serious problem | Not a problem July 2019 | 20 | 41 | 38 May 2018 | 25| 39 | 33 Jan
201712045132 0ct2016 | 25|42 |28 April 2016 | 27 | 41 | 29 Among Dem/Lean Dem | Adversary | Serious problem | Not a
problem July 2019 | 34 | 49 | 14 May 2018 | 30 | 47 | 17 Jan 2017 | 38 | 42|17 Oct 2016 | 25 | 51| 18 April 2016 | 20 | 47 | 29 Note:
Don’t know responses not shown. Source: Survey of U.S adults conducted July 10-15, 2019 PEW RESEARCH CENTER

[LLM Generated Story]
Climate Change and Russia Are Partisan Flashpoints in Public’s Views of Global Threats
The Pew Research Center conducted a survey of U.S. adults from July 10-15, 2019, ... ...

Visualization 1: Cyberattacks as a Major Threat to the United States

* Chart title: Cyberattacks as a Major Threat to the United States

* Chart type: Line chart

* X-axis: Years (2009-2019)

*Y-axis: Percentage of Americans viewing cyberattacks as a major threat

* Data values: 2009 (34%), 2011 (34%), 2013 (35%), 2015 (35%), 2017 (35%), and 2019 (74%)

<visualization>

{"chart_title": "Cyberattacks as a Major Threat to the United States",
"chart_type": "line",

"x_axis": "Years (2009-2019)",

"y_axis": "Percentage of Americans viewing cyberattacks as a major threat",
"data_values": [34, 34, 35, 35, 35, 741}

</visualization>

Partisan Divide
The data in Table_2 shows a significant partisan divide in ... ... ...

<visualization>

**\/isualization 2: Partisan Divide on Russia**

* Chart title: Partisan Divide on Russia

* Chart type: Bar chart

* X-axis: Political party (Dem/Lean Dem, Rep/Lean Rep)

* Y-axis: Percentage of Americans viewing Russia as a serious problem or adversary
* Data values: Dem/Lean Dem (49%, 47%), Rep/Lean Rep (41%, 39%)
<visualization>

{"chart_title": "Partisan Divide on Russia",

"chart_type": "bar",

"x_axis": "Political party (Dem/Lean Dem, Rep/Lean Rep)",

"y_axis": "Percentage of Americans viewing Russia as a serious problem or adversary",
"data_values": [[49, 47], [41, 3911}

</visualization>

Figure 15: Examples of Factual and Hallucination errors in LLaMA-3-8b-instruct generated story using the Agentic
framework. Here, color denotes hallucinated text, and Red color denotes text containing factual errors.
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Modest Changes in Views of Impeachment Proceedings Since Early September

54% currently approve of the House's decision to conduct
an impeachment inquiry, while 44% disapprove. Neither
party engenders a great deal of confidence that they will
be “fair and r ble” during the impeach inquiry,
the survey finds. About four-in-ten (43%) expect that the
Republicans in Congress will be fair in handling the
inquiry, while slightly more (47%) say the same.

Majority of public approves of House
decision to begin impeachment inquiry

About four-in-ten (43%) expect that the Republicans in
Congress will be fair and reasonable in handling the
inquiry; 57% say they are not too confident or not at all
confident. Nearly half (47%) are at least somewhat
fid that congr | D ats will be fair,
while 52% have little or no confidence in the
Democrats. These views are deeply divided by party.

Ameticans express slightly more confidence in
Democrats in Congress to be fair in impeachment

While 93% of Democrats say Trump has definitely or
probably done things that are grounds for
impeachment - including 70% who say he has
definitely done such things - a smaller majority of
Republicans (80%) say he has not. Fewer than half of
Republicans (46%) say Trump has definitely not done
things that are grounds for impeachment.

A 58% majority says Trump definitely or probably has
done things that are ‘grounds for impeachment’

% who are__ confident that Republicans in Congress will be fair and % who of the House of Representatives’ decision to conduct an
% who of the House of Representatives’ decision to reasonable during the impeachment inquiry impeachment inquiry into Donald Trump
begin an impeachment inquiry Not at all Very Approve
Approve Total 57 a3 Total aa e s
44 54 Rep/Lean Rep =[] 22 ) Rep/LeanRep 84 M s
. ) ] Dem/Lean Dem 81 [JIZEIN N1e Dem/Lean Dem 10 I s
How confident are you that in Congress will be
fair and reasonable during the impeachment 9% who are__ confident that Democrats in Congress will be fair and 9% who think Donald Trump has done things that are grounds for
A reasonable during the impeachment inquiry impeachment
inquiry? (%)
Not at all Very Not at all Very De':::e" I
Total s2 [ 10 Y] :
Republicans 57 m 43 Tatal 4 400N s8
Rep/Lean Rep 0 |29
Rep/LeanRep 80 |GG 6 20
Democrats 52 19 B4 Dem/Lean Dem 18 [ N e Demy/Lean Dem 7 1 70 93
Figure 16: An example data story in our corpus collected from Pew (Pew, 2024).
Are big earthquakes on the rise?
These megaquakes have drawn a lot of attention. The Indian Ocean earthquake and tsunami of 2004: The Jap eartt ke and i of 2011:
Recent | of le 8.0 have often The 2004 Indian Ocean eartt ke was an und The 2011 quake off the coast of Téhoku was a
caused significant damage and loss of life. Recent megathrust earthquake that occured on December magnitude 9.0 (Mw) undersea megathrust

Ind

undersea near and Japan have
also caused tsunamis that have killed many thousands
of people.

¢
®
.. L4 %, . «
°
é
8
4 W i— -

26, 2004. It is the third largest earthq ever
recorded and had the longest duration of faulting
ever observed, between 8.3 and 10 minutes.

Magritudes Loffhe wes

st o nrtharn Sumatra

h f

ear It was the most powerful known
earthquake ever to have hit Japan, and the 5th most
powerful earthquake ever recorded.

Wagnitud 0 e the astcoss of Hanshu, Japan

More and more earthquakes are getting detected.
Since 1973, there's been a steady increase in the
number of earthquakes recorded. Since 2003, the
trend has accelerated.

Numberof earthauakes

Especially on the eastern side of the Pacific Rim. A
rough of eartt | into
geographic regions (by longitude) shows that the
most significant increase in recorded earthquakes
has occurred around the Pacific Rim.

ization

Hagnitude
a3

But the trend in big quakes is not clear. It appears
that big earthq i i lightly. There

are g slightly
should be more i igation, h , on wheth

this trend is real or the result of a small number of
exceptionally strong recent earthquakes.

Figure 17: An example data story in our corpus collected from Tableau (Tableau, 2024).

19277




[System Prompt]

As an intelligent data analyst and insight extraction specialist, your role is to generate a ‘reflection’ from data tables that must
cover every important detail that can be observed in the data tables. Pay attention to small details and nuances as well as any
trends or outliers in the given tables.

[User Prompt]

### Task Description:

Given the data tables corresponding to a data story in the input, your task is the following:

1. Generate a coherent ‘reflection’ on the data tables given in the input, in bullet points. Here, ‘reflection’ is defined as the
systematic examination and interpretation of data tables to narrate a coherent story, involving a comprehensive understanding
of the data structure, identification of key variables, analysis of data distribution and trends, and understanding of the data’s
broader context.

2. Identify and discuss the most impactful insights from the data tables. Focus on elements that significantly influence the
narrative or findings, such as critical trends, notable patterns, and significant outliers.

3. Factual accuracy in the data description is of utmost importance, so review the data tables carefully and thoroughly.

4. Determine the importance of details based on their relevance to the overall story, potential implications, and their statistical
significance.

5. Explain how different attributes of the data tables are interconnected. Highlight any causal relationships, correlations, or
patterns that emerge from the data.

6. Discuss any observed trends or outliers, explaining their potential implications or causes.

### Additional Guidelines:
- The output must be in plain text and structured in bullet points.
- Think step by step and generate the response ‘reflection’ in between two <reflection> tags.

### INPUT:
#i#t# Tables:
<Tables>

Figure 18: The figure presents the prompt used to generate the initial ‘Reflection’.

[System Prompt]

As an analytical critic, your role is to meticulously examine the alignment between data presented in tables and the narrative
provided in a reflection. Focus on identifying any discrepancies and factual inaccuracies in the details. Consider not just the
numbers but also the context and implications of the data.

[User Prompt]

### Task Description:

Given the data tables and a reflection corresponding to a data story in the input, your task is the following:

1. Carefully analyze the data tables and the reflection. Identify any discrepancies or inconsistencies, focusing on numerical data,
contextual interpretations, and the reflection’s fidelity to the data. Discrepancies might include but are not limited to incorrect
data interpretation, or overlooked details.

2. Factual correctness of the data is of utmost importance, so review the data tables and the given ‘reflection’ carefully and
thoroughly, and include instructions for necessary corrections.

3. Based on your analysis, draft a revision plan to refine the reflection if needed, and output the revision plan. Otherwise just
output: ‘No revision needed’.

4. The revision plan if needed must coherently and logically relate to the attributes of the data.

5. Be as specific as possible.

### Additional Guidelines:
- The output must be in plain text and structured in bullet points.
- Think step by step and generate the response ‘reflection’ in between two <reflection> tags.

### INPUT:
### Tables:
<Tables>

### Reflection:
<reflection>

Figure 19: The figure presents the prompt used to generate the ‘Reflection’ revision plan.
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[System Prompt]
As an intelligent data analyst and insight extraction specialist, your role is to generate a ‘reflection’ from data tables that must

cover every important detail that can be observed in the data tables. Pay attention to small details and nuances as well as any
trends or outliers in the given tables.

[User Prompt]

### Task Description:

Given the data tables corresponding to a data story and a revision plan for reflection in the input, your task is the following:
1. Revise the reflection according to the revision plan. Pay attention to small details and nuances and any trends or outliers in
the given tables.

2. Factual accuracy in the data description is of utmost importance, so review the data tables carefully and thoroughly.

3. The generated reflection must coherently and logically relate to the attributes of the data.

4. Be as specific as possible.

### Additional Guidelines:
- The output must be in plain text and structured in bullet points.
- Think step by step and generate the response ‘reflection’ in between two <reflection> tags.

### INPUT:

#i#t# Tables:

<Tables>

### Previous Reflection:
<reflection>

### Revision Plan:
<reflection_revision_plan>

Figure 20: The figure presents the prompt used to generate the revised ‘Reflection’.

[System Prompt]

You are an expert at generating outlines for data stories. The generated outline should cover every important detail that can be
observed in the data tables. Pay attention to small details and nuances as well as any trends or outliers in the given tables.

[User Prompt]

### Task Description:

Given a reflection and the data tables corresponding to a data story in the input, you have the following tasks:

1. Generate an outline of the story following a linear narrative structure considering the reflection and the data presented in the
tables. A linear narrative structure is defined as the narrative structure that contain a start (introduction), a middle, and an end
(conclusion). Think of it as setting the scene, unveiling the adventure, and wrapping up with a satisfying conclusion.

2. The data story’s overarching theme should focus on <intention>. Make sure this theme is consistent throughout the outline.
3. Each of the points in the outline, break it down into sub-points that spotlight specific aspects of the data. This could include:
significant figures or patterns, noteworthy exceptions or deviations, comparisons or changes over time. Add instructions for
visualizations, i.e., charts, where necessary.

4. Remember, the essence of a compelling data story is not just in the numbers but in how you tell the tale, so inclusion of
visualization instruction is of utmost importance.

5. The generated outline must coherently and logically relate to the attributes of the data and rigourously follow the theme. Be
as specific as possible.

### Additional Guidelines:
- The output must be in plain text and structured in bullet points.
- Think step by step and generate the response outline in between two <outline> tags.

### INPUT:

##i# Tables:
<Tables>

### Reflection:
<final_reflection>

Figure 21: The figure presents the prompt used to generate the initial ‘Outline’.
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[System Prompt]
You are an intelligent critic, whose job is to identify inconsistencies between data presented in data tables, and a reflection and
an outline. Pay attention to small details and nuances as well as any trends or outliers in the given tables.

[User Prompt]

### Task Description:

Given the data tables, a reflection and an outline corresponding to a data story in the input, your task is the following:

1. Identify inconsistencies and factual inaccuracies in the outline considering the data in the tables, and the reflection. The
information in the outline must be factually correct.

2. Adjust the narrative flow if needed, to keep this theme central to the story, ensuring that each section contributes
meaningfully to the theme.

3. Based on your analysis, draft a revision plan to refine the the outline if needed, and output the revision plan. Otherwise just
output: ‘No revision needed’.

4. Make sure the revision plan is consistent with the intention or the main theme of the story: <intention>, and is completely
aligned with the theme.

5. The revision plan must coherently and logically relate to the attributes of the data. Be as specific as possible.

### Additional Guidelines:
- The output must be in plain text and structured in bullet points.
- Think step by step and generate the response outline in between two <outline> tags.

### INPUT:

### Tables:
<Tables>

### Reflection:
<final_reflection>
##4# Outline:
<outline>

Figure 22: The figure presents the prompt used to generate the ‘Outline’ revision plan.

[System Prompt]

You are an expert at generating outlines for data stories. The generated outline should cover every important detail that can be
observed in the data tables. Pay attention to small details and nuances as well as any trends or outliers in the given tables.

[User Prompt]

### Task Description:

Given the data tables, the revision plan and the outline corresponding to a data story in the input, your task is the following:

1. Apply the changes suggested in the revision plan to the existing outline.

2. Ensure Theme Consistency: The data story’s overarching theme, defined as <intention>, should be clearly reflected
throughout the revised outline.

3. The revised outline should be detailed in plain text, with each bullet point clearly articulating the specific aspect of the data
story it addresses.

4. Be specific, be clear, and most importantly, be engaging. The generated outline must coherently and logically relate to the
attributes of the data and rigourously follow the theme. Be as specific as possible.

### Additional Guidelines:
- The output must be in plain text and structured in bullet points.
- Think step by step and generate the response outline in between two <outline> tags.

### INPUT:

#i## Tables:

<Tables>

### Previous Outline:
<outline>

### Revision Plan:
<outline_revision_plan>

Figure 23: The figure presents the prompt used to generate the revised ‘Outline’.

19280




[System Prompt ]
You are an expert at generating engaging data stories. The generated data story should cover every important detail that can be
observed in the data tables. Pay attention to small details and nuances as well as any trends or outliers in the given tables.

[User Prompt]
### Task Description:

Given a outline and the data tables corresponding to a data story in the input, you have the following tasks:

1. Follow the outline rigorously to generate a "data story" that is highly informative and engaging to the audience.

2. The overarching theme, denoted as <intention>, should be the narrative’s backbone. Ensure that this theme resonates
throughout the story, tying together different data points and insights into a coherent whole.

3. Highlight key statistics that are critical to understanding the theme. Explain these elements in a way that balances technical
accuracy with accessibility, ensuring that your narrative is approachable for a non-specialist audience while still offering depth
for those more familiar with the subject matter. Think about the narrative flow and how each piece of data contributes to the
overall story arc.

4. In the outline, if it is mentioned to include a visualization, then include a ‘visualization’ placeholder. Each visualization
placeholder should also suggest a narrative element that the visualization supports or explains.

5. Ensure that each paragraph in the story is in between two ‘<paragraph>" tags.

6. Ensure that each of the paragraph headers is in between two ‘<head>" tags.

7. The visualization placeholder must contain detailed information about the visualization, such as:

- chart title

not include any complicated visualizations or infographics.

- x-axis and y-axis

- x-axis data values and y-axis data values, etc.

8. The visualization specifications must be sufficient to generate informative visualizations. Make sure the specifications are in
‘json’ format and put in between two <visualization> tags.

9. Make sure that the story is highly informative and engaging to the audience.

10. Ensure coherence and clarity, connect information with proper synthesis and make connection to the overall narrative.

### Additional Guidelines:
- The output must be in plain text.
- Generate the response narration in between two <narration> tags.

### INPUT:

### Tables:
<Tables>

### Outline:
<final_outline>

Figure 24: The figure presents the prompt used to generate the initial ‘Narration’.
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[System Prompt]
You are an intelligent critic, whose job is to identify inconsistencies between data presented in data tables, and an outline and a
data story. Pay attention to small details and nuances as well as any trends or outliers in the given tables.

[User Prompt]

### Task Description:

Given the outline, the data tables and a data story in the input, you have the following tasks:

1. Examine the data presented in the tables, the story’s outline, and the narrative itself. Look for discrepancies, factual
inaccuracies, or any details that do not align.

2. Provide a step-by-step analysis, highlighting specific data points and narrative elements that contribute to these
inconsistencies.

3. Make sure the story fully aligns with the intention or the main theme: <intention>. Ensure that this theme resonates
throughout the story, tying together different data points and insights into a coherent whole.

4. Based on your analysis, draft a revision plan to refine the data story. Your plan should address identified inconsistencies and
enhance theme alignment. Otherwise output: ‘No revision needed’.

5. The output must be coherent, logically structured, and detailed, aiming for constructive feedback that enhances the data
story’s impact.

### Additional Guidelines:
- The output must be in plain text and in bullet points.
- Generate the response narration in between two <narration> tags.

### INPUT:

#i## Tables:
<Tables>

### Outline:
<final_outline>
#i## Data Story:
<narration>

Figure 25: The figure presents the prompt used to generate the ‘Narration’ revision plan.
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[System Prompt]
You are an expert at generating engaging data stories. The generated data story will cover every important detail that can be
observed in the data tables. Pay attention to small details and nuances as well as any trends or outliers in the given tables.

[User Prompt]
### Task Description:

Given the data tables, the outline, the revision plan, and the data story in the input, your task is the following:

1. Revise the data story according to the revision plan. Use the provided outline as your guide, adjusting the narrative according
to the revision plan.

2. The overarching theme, denoted as <intention>, should be the narrative’s backbone.

3. Ensure that this theme resonates throughout the story, tying together different data points and insights into a coherent
whole.

4. In the outline, if it is mentioned to include a visualization, then include a ‘visualization’ placeholder. Each visualization
placeholder should also suggest a narrative element that the visualization supports or explains.

5. Ensure that each paragraph in the story is in between two ‘<paragraph>" tags.

6. Ensure that each of the paragraph headers is in between two ‘<head>" tags.

7. The visualization placeholder must contain detailed information about the visualization, such as:

- chart title

- chart type (such as, ‘line’, "bar’, ‘pie’, 'scatter plot’, etc.). Keep the chart types simple and appropriate to present the data. Do
not include any complicated visualizations or infographics.

- x-axis and y-axis

- x-axis data values and y-axis data values, etc.

8. The visualization specifications must be sufficient to generate informative visualizations. Make sure the specifications are in
‘json” format and put in between two <visualization> tags.

9. Make sure that the story is highly informative and engaging to the audience.

10. Ensure coherence and clarity, connect information with proper synthesis and make connection to the overall narrative.

### Additional Guidelines:
- The output must be in plain text and in bullet points.
- Generate the response narration in between two <narration> tags.

### INPUT:

### Tables:

<Tables>

### Outline:
<final_outline>

### Previous Data Story:
<narration>

### Revision plan:
<narration_revision_plan>

Figure 26: The figure presents the prompt used to generate the revised ‘Narration’.
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H g,

The COVID-19 pandemic has undeniably left a deep imprint
across the globe, yet many Europeans still perceive climate
change as the most prominent threat to their countries.
Understanding public perception is crucial in shaping
effective policy and governance amid such unprecedented
times. This narrative delves into the array of perceived
threats, examining variations by demographics and nations
to gamer a comprehensive view of public concerns amidst
the pandemic.

ions: lysis

Based on data gathered from 14 countries, climate

Diving into demographic nuances, older individuals (50+)
i anxiety towards traditional

change takes the lead as the most threat, with
70% of respondents marking it as a major concern.
Closely following is the spread of infectious diseases at
444444 that citizens grapple with, beyond the
immediate health crisis.

security threats. This cohort shows 72% ... ... lower
anxiety levels, indicating generational discrepancies in

i these age-specific concerns
can aid in tailoring communication and policies more
effectively.

Thveat Perceston by Age Group

i imi and _Global

Concerns

Economic sentiment strongly influences the perception
of global economic threats. A significant 66% of
respondents viewing their national economy to
deteriorate, with 67% projecting heightened fears. Such
data emphasizes the intertwined nature of local and
global economic apprehensions.

Economic and Poverty Concerns Across Countries
Economic adversity and global poverty are perceived

ly across countries. South Korea (83%) and

ic_Insights: Climate Change and Ci and Nuclear by
eases
There is notable variability in the perception of major of terrorism, and nuclear

threats across countries. In Europe, Spain, France, and ltaly
report the highest concern for climate change, each sitting
at 83%. ... ... national responses to these multifaceted
issues.

weapons also exhibit notable cross-national variations.
France leads with concerns about terrorism (80%) and
nuclear weapons (71%), Such insights highlight
differing geopolitical contexts that shape public anxiety,
necessitating varied national security strategies.

Pcestons o vt pbertcs s s ospors vy oy

Spain (76%) demonstrate substantial concern about the
global economy, while Sweden (36%) and Denmark
(38%) ... ... that resonate with the public's inmediate and
long-term economic concerns.

Key Insights and Interconnections

Despite the overshadowing pandemic, climate change
remains the predominant threat perceived by many
Europeans
Call to Action

A concerted effort towards informed policy-making is
essential to align with public threat perceptions,
ensuring that concerns about climate change and
infectious diseases are adequately addressed. This
entails fostering a global dialogue on climate action and
pandemic preparedness, ultimately securing a safer and
more resilient future for all

Figure 27: The figure demonstrates an example data story generated by GPT-40 using the agentic framework. Here,

3

* indicates abbreviated text for brevity.
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Example Data Story Generated by GPT-40 w/ Agentic Framework
Introduction: Setting the Scene
The COVID-19 pandemic has undeniably left a deep imprint across the globe, yet many Europeans still perceive climate change as the most prominent threat to
their countries. Understanding public perception is crucial in shaping effective policy and governance amid such unprecedented times. This narrative delves into
the array of perceived threats, examining variations by demographics and nations to garner a comprehensive view of public concerns amidst the pandemic.

Global Threat Perceptions: A Comparative Analysis

Based on data gathered from 14 countries, climate change takes the lead as the most significant threat, with 70% of respondents marking it as a major concern.
Closely following is the spread of infectious diseases at 69%, showcasing an escalating focus on health amid the ongoing pandemic. Detailed threat rankings
further reveal terrorism (66%), cyberattacks from other countries (65%), and the spread of nuclear weapons (61%) rounding out the top five threats. These
insights underscore the intricate tapestry of fears that citizens grapple with, beyond the immediate health crisis.

<visualization>
{

"chart_title": "Global Threat Perceptions",
"chart_type": "pie",

"data": {

"labels": ["Global climate change', "The spread of infectious diseases", "Terrorism", "Cyberattacks from other countries", "The
spread of nuclear weapons"],

"values'": [70, 69, 66, 65, 61]
}
}

</visualization>

Age-Related Differences in Threat Perception
Diving into demographic nuances, older individuals (50+) demonstrate heightened anxiety towards traditional security threats. This cohort shows 72% concern
about terrorism, 70% regarding cyberattacks, and 68% over nuclear weapons spread. Conversely, younger populations (18-29) display relatively lower anxiety
levels, indicating generational discrepancies in perception. Understanding these age-specific concerns can aid in tailoring communication and policies more
effectively.
<visualization>
{
"chart_title": "Threat Perception by Age Group",
"chart_type": "bar",
"x_axis': "Age Group",
"y_axis": "Percentage",
"data": {
"labels": ["Terrorism", "Cyberattacks from other countries”, "The spread of nuclear weapons"],
"18-29": [53, 52, 501,
"30-49": [57, 62, 56],
"50+": [72, 70, 68]
}
}

</visualization>

Call to Action

A concerted effort towards informed policy-making is essential to align with public threat perceptions, ensuring that concerns about climate change and
infectious diseases are adequately addressed. This entails fostering a global dialogue on climate action and pandemic preparedness, ultimately securing a safer
and more resilient future for all.

Figure 28: The figure demonstrates an example data story generated by GPT-40 in natural language text. Here, *...
indicates abbreviated text for brevity.
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Example Data Story Generated by LLaMA-3-8b-Instruct w/ Agentic Framework

Despite the ongoing COVID-19 pandemic, many Europeans still consider climate change as the greatest threat to their countries. According to a recent survey,
70% of respondents across 14 countries polled consider climate change a major threat to their country. This data highlights the importance of considering the
global context in understanding local concerns and threats, and the interconnectedness of global economies and the spread of infectious diseases can have
significant implications for national security and economic stability.

<visualization>

**Chart Title:** Global Threats to Countries

**%*Chart Type:** Bar Chart

**X-axis Label:** Countries

**Y-axis Label:** Percentage of Respondents

**X-axis Data Values:** 14 countries (US, Canada, Belgium, Denmark, France, Germany, Italy, Netherlands, Spain, Sweden, UK,
Australia, Japan, and South Korea)

**Y-axis Data Values:** 70% (climate change), 28% (infectious diseases), 66% (global economy), 53% (terrorism), 30%
(cyberattacks), 61% (nuclear weapons), 58% (poverty), and 40% (long-standing conflict)

</visualization>

The survey also found that the spread of infectious diseases is a significant concern, with 28% of respondents considering it a major threat to their country. This
data highlights the importance of global cooperation and collective action to address the spread of infectious diseases, which can have devastating
consequences for individuals and communities. Older people (ages 50+) are more concerned about traditional security threats, such as terrorism, cyberattacks,
and the spread of nuclear weapons, with 72%, 70%, and 68% of respondents considering these threats major concerns, respectively. This data suggests that
traditional security threats are still a significant concern for many Europeans, particularly older generations.

Pessimism about national economies is tied to concerns about the global economy, with 66% of respondents who say the economic situation in their country is
bad also considering the condition of the global economy a major threat. This data highlights the interconnectedness of global economies and the impact of
global economic trends on individual countries and communities. Majorities across all countries surveyed see climate change and infectious disease transmission
as major threats, with some countries showing higher levels of concern. This data suggests that climate change and infectious disease transmission are global
issues that require collective action and cooperation to address.

In conclusion, despite the pandemic, many Europeans still see climate change as the greatest threat to their countries, highlighting the importance of considering
the global context in understanding local concerns and threats. The data suggests a need for collective action and cooperation to address these global
challenges and ensure a more secure and prosperous future for all.

<visualization>

*%*Chart Title:** Global Threats to Countries

**Chart Type:** Bar Chart

**X-axis Label:** Countries

**Y-axis Label:** Percentage of Respondents

**X-axis Data Values:** 14 countries (US, Canada, Belgium, Denmark, France, Germany, Italy, Netherlands, Spain, Sweden, UK,
Australia, Japan, and South Korea)

**Y-axis Data Values:** 70% (climate change), 28% (infectious diseases), 66% (global economy), 53% (terrorism), 30%
(cyberattacks), 61% (nuclear weapons), 58% (poverty), and 40% (long-standing conflict)

</visualization>

The survey found that 70% of respondents across 14 countries polled consider climate change a major threat to their country. This is a significant finding that
highlights the importance of climate change as a global threat. Older people (ages 50+) are more concerned about traditional security threats, such as terrorism,
cyberattacks, and the spread of nuclear weapons. This is an important finding that highlights the importance of considering the perspectives of different age
groups when addressing global challenges.

Pessimism about national economies is tied to concerns about the global economy. This is a critical finding that highlights the interconnectedness of global
economies and the impact of global economic trends on individual countries and communities. The data suggests that climate change and infectious disease
transmission are global issues that require collective action and cooperation to address.

Figure 29: The figure demonstrates an example data story generated by the LLaMA-3-8b-instruct model in natural
language text.
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